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Written by experts who have trained global audiences in finance and 
designed real-life solutions, this book provides exactly what financial 
decision-makers need: a survival kit for disruptive times.

The increasing use of AI has posed challenges and brought benefits at 
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are often not equipped with the necessary skills and may even feel threatened 
by the speed at which AI is automating the decision-making process. This 
book takes a balanced look at how AI and ML are applied across operations, 
finance, and risk management. It is not meant to turn finance professionals 
into coders; instead it shows clearly how these tools can be used to tackle 
real business problems. This will help financial decision-makers actively 
engage with projects involving the implementation of ML tools in their 
organizations. Beyond simple ML tool identification, the book goes one 
step further and provides representative codes that the reader can use by 
tweaking information to make it relevant to their own situation. To keep 
up with the rapid developments in AI and ML, this book is accompanied 
by a website where tools and codes will be regularly updated as standards 
change.

Anyone involved in financial decision-making will find this book to be an 
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Chapter 1

Introduction

Artificial Intelligence (AI) and Machine Learning (ML) are transforming 
financial decision-making. Join us as we demonstrate that advanced ana-
lytics no longer requires complex coding knowledge or high-end systems. 
With Lo-code tools and accessible Python libraries, finance professionals 
can now apply powerful techniques using just their laptops. This chapter 
sets the stage for the application of AI/ML in financial decision-making.

The convergence of financial decision-making,  
AI, and ML

Financial decision-making involves a structured process where financial 
resources controlled by an entity are utilized to maximize wealth. This 
wealth ultimately belongs to the shareholders. The decision-making pro-
cess has evolved over the years, becoming quicker, more efficient, and 
broader in scope. Automation and the use of advanced analytics in the 
decision-making process have gained prominence in recent years.

AI and ML are two major developments that have influenced the finan-
cial decision-making process. AI broadly refers to the capability of systems 
to perform tasks that typically require human intelligence. These would 
include reasoning, problem-solving, understanding language, perceiving 
environments, and other similar tasks. ML, on the other hand, is a subset 
of AI that involves training algorithms to learn patterns from data and 
make predictions or decisions without being explicitly programmed for 
each task. This does not mean that there is no programming involved. The 
main computational complexities are built into system resources.

Coding is simply limited to invoking the resource and feeding it with 
data. The performance of these models improves over time as they process 
more and more data.

The integration of AI and ML with financial decision-making is trans-
forming the industry. It allows faster, more informed, and often more ac-
curate assessments of risk, opportunity, and market behavior. Lo-code 
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2  AI in Financial Decision Making

platforms are making these advanced analytical techniques accessible to 
finance professionals without programming expertise. They are lowering 
the knowledge barrier by providing intuitive drag-and-drop interfaces, 
pre-built models, and automated workflows. This has allowed finance pro-
fessionals to move away from rigid, rule-based processes to more flexible, 
data-driven decision-making.

In this book, we will closely examine business issues that can be ad-
dressed by various AI and ML tools. Do not worry, you do not need to 
be an expert coder to use these tools, and as long as you have a thorough 
understanding of the domain, you are good to go.

AI and ML in the evolving landscape of financial 
decision-making

The finance industry has a lot to gain by adopting transformative tech-
nologies such as AI and ML. The more relevant data we analyze, the more 
refined our decision is. AI and ML can apply advanced analytical methods 
on large datasets, thereby improving decision-making. The fusion of tradi-
tional financial acumen and technological capabilities is making it possible 
for us to analyze large data sets and get better insights into trends, risks, 
and opportunities. AI is already providing more accurate strategic insights 
into the value-generation process, making it more efficient. It is reshaping 
the financial decision-making process.

Corporate finance is where most financial decisions are made. The fi-
nancial decision-makers frequently make decisions involving forecasting, 
resource allocation, cost optimization, and allied matters. AI tools analyze 
historical patterns, seasonal trends, and economic data to provide real-time 
insights, perform complex scenario modeling, and predict future require-
ments in the company. They can perform continuous monitoring and 
identify red flags and variances to support a more proactive and dynamic 
decision-making process.

In addition to supporting standard financial decisions, AI and ML 
tools now allow financial decision-makers to include dimensions that 
were difficult to consider earlier. For example, financial decisions can 
now include a dimension of sentiment analysis, customer segmentation, 
or fraud analysis. Activities like credit scoring, which used to remain in 
the hands of select experts, can now be led by financial decision-makers. 
One can compute customer lifetime value (CLV) by integrating such tools 
with domain expertise. Capital budgeting decisions can now consider 
multiple scenarios before selecting an investment. The possibilities are 
almost unlimited.

The evolving landscape at the intersection of financial decision-making 
and AI/ML technologies is characterized by increased accuracy, efficiency, 
and strategic depth. By combining domain expertise with AI-driven 



Introduction  3

insights, organizations can navigate complex financial environments more 
effectively. This transformation is not just about the adoption of technol-
ogy but also about redefining the role of finance professionals. They now 
emerge as strategic enablers with an enhanced portfolio of data-driven 
tools at their disposal.

Technology-driven transformation of traditional  
financial decisions

Traditional financial decision-making shifts from being manual and reactive 
to a more strategic, proactive, and insight-driven process. Embracing tech-
nologies like AI and ML is leading to a frontier where the decision-maker 
can consider multiple dimensions that were not considered earlier. This el-
evates the role of finance professionals to strategic advisers. They interpret 
data insights and guide business decisions to make better use of resources. 
Let us have a look at some of the decisions where technologies are reshap-
ing the financial decision-making process.

Enhanced f inancial forecasting and budgeting

AI and ML improve financial forecasting accuracy by analyzing vast 
amounts of historical and real-time data. Time series forecasting, auto-
mated variance analysis, and scenario planning are dramatically improving 
strategic decisions. Predictive analytics using ML models are enhancing 
revenue forecasting, cash flow projections, and market analysis. ML-driven 
simulations for scenario analysis allow professionals to assess the financial 
impact of different business scenarios. For example, a retail company may 
use ML models to predict seasonal demand trends, which optimizes inven-
tory and budget planning.

Strengthened risk management

Traditionally focused on historical data analysis, AI has transformed risk 
management into a dynamic function interpreting real-time data. The 
use of ML models for credit risk, detection of fraud, and more has made 
the risk management process proactive. AI systems analyze thousands of 
variables simultaneously to assess creditworthiness, moving beyond tradi-
tional credit scores. ML models detect fraud patterns and flag suspicious 
transactions more effectively than manual review. AI models continuously 
monitor financial transactions and market conditions, identifying poten-
tial risks. Even expert functions like model validation, scenario planning, 
and handling complex cases that require human judgment can now be ac-
complished by ML tools. The decision-makers can now focus more on the 
interpretation of model output rather than on the computation.
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Strategic insights and f inancial decisions

With AI and ML tools taking over data-heavy and repetitive tasks, finance 
professionals can focus on strategic decision-making. Tools like robotic 
process automation perform invoice processing, reconciliation, and data 
entry. AI-powered dashboards provide real-time support and instant in-
sights. Finance professionals can get cross-functional information and 
collaborate with marketing, operations, human resources, and other de-
partments to support enterprise-wide strategies. AI can be also used to 
provide real-time updates and scenario analysis during executive meetings, 
improving decision-making speed and quality.

Compliance and ethics

AI and ML also significantly impact compliance and ethical considera-
tions. Finance professionals are required to be updated with regulations 
like GDPR, IFRS, ISO standards, local laws, and allied. AI systems can 
assist finance professionals by reviewing documentation for fairness, trans-
parency, and bias to ensure compliance with internal and external policies 
and regulations.

Effective operations and management

Robotics, the Internet of Things, and AI have become integral to various 
internal processes. They provide real-time data that can be used for fi-
nancial decisions. Cost management may be optimized by using ML to 
implement activity-based costing (ABC), identify cost drivers, and allocate 
resources optimally. Performance measurement tools such as interactive 
dashboards, balanced scorecards, and employee performance analytics can 
also utilize these techniques. AI and ML help to forecast demand, opti-
mize supply networks, and classify inventory. Capital budgeting can also 
be furthered by automating financial calculations, valuing real options, and 
optimizing investment portfolios.

Client-centric solutions

Using AI and ML enables companies to offer more personalized and inno-
vative solutions to customers. They help to predict CLV, segment customers 
effectively, reduce churn, and potentially increase customer profitability. 
A financial adviser can use AI-generated insights to propose customized 
investment strategies. AI can also help us innovate new financial products, 
such as dynamic pricing models or tailored investment portfolios.
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Portfolio management and trading

ML algorithms now handle complex portfolio optimization, analyzing vast 
amounts of market data to identify patterns and opportunities that human 
traders might miss.

Automated trading systems execute transactions at speeds and frequen-
cies impossible for humans, while AI monitors market conditions to adjust 
strategies in real time. This has shifted the role of portfolio managers from 
direct trading to strategy oversight and risk management.

We have seen above that AI and ML are bringing in a paradigm shift 
and transforming traditional financial decision-making roles into dynamic, 
strategic, and technology-driven functions. By automating routine tasks, 
enhancing decision-making accuracy, and enabling real-time insights, these 
technologies empower finance professionals to focus on strategic leader-
ship and innovation. As these roles evolve, the ability to harness AI and 
ML effectively will become a cornerstone of financial expertise in the mod-
ern workplace.

Importance of embracing AI/ML for strategic 
decision-making

Organizations face increasingly complex challenges that demand precise, 
agile, and forward-looking financial strategies. By integrating AI and ML 
tools in the decision-making process, organizations can better adjust to 
the ever-changing environment. Some of the reasons why this technology 
should be leveraged for strategic decisions in finance are given here.

Transforming data into actionable insights

AI and ML tools can provide a clearer picture of trends, customer behav-
ior, and operational performance from a large dataset. These can be fed 
forward to the strategic decision-making process. Data integration, pat-
tern recognition, and predictive modeling are some of the tools that un-
cover hidden insights. Using these tools reduces the risk of decision-making 
based on anecdotal evidence or personal biases. For example, a company 
may predict seasonal demand fluctuations, enabling data-driven inventory 
management and pricing strategies.

Enhancing decision-making speed, agility, and adaptability

We can analyze data in real time and provide relevant insights into chang-
ing circumstances using AI and ML tools. Real-time analytics provide in-
stant updates and forecasts, which enable leaders to make timely decisions 
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and reduce the decision cycle. Most AI and ML models continuously learn 
and update themselves, which allows them to dynamically adjust as new 
data is available. For example, a manufacturing company may use AI to 
monitor supply chain disruptions and dynamically adjust sourcing strate-
gies, minimizing downtime and costs.

Driving competitive advantage

Better data analysis results in more actionable insights, which eventually 
lead to businesses being able to anticipate and respond more effectively 
to changing market conditions. This will help in identifying opportunities 
and risks faster, and factor them into the decision-making process. Market 
differentiation, new product development, increased operational efficiency, 
optimized resource allocation, and streamlined processes, are some of the 
areas that will emerge stronger with the use of AI and ML tools. For ex-
ample, banks employing AI-powered customer analytics are likely to spot 
cross-selling opportunities faster.

Strengthening risk management and resilience

Strategic decisions often hinge on understanding and mitigating risks. AI 
and ML tools, besides quantification of different types of risk, can also 
run simulations to have a better view of the exposure. For example, an 
investment company may evaluate portfolio risks under different economic 
conditions, optimizing returns while minimizing exposure.

Encouraging innovation

The use of AI and ML tools brings forth insights that encourage innova-
tion. These innovative ideas can be tested using simulated scenarios be-
fore deciding on whether to implement them. These tools also promote 
cross-functional interaction to facilitate comprehensive evaluation of new 
ideas. For example, the finance and operational team of a logistics com-
pany can use AI-powered route optimization tools.

A strategic imperative

Embracing AI and ML is critical for organizations to enhance their strate-
gic decision-making capabilities. By transforming data into insights, these 
technologies support leaders to make smarter, faster, and more effective de-
cisions. This advantage will allow organizations to navigate the challenges 
of the present along with being prepared for the future.
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Overview of Lo-code AI/ML tools in Python

Terms like “data analytics,” “computing technologies,” “programming,” 
and “information technology” often create a perception of complexity. AI 
and ML are viewed as tools that require top-class programming skills and 
powerful computers. While that is partly correct, it does not do justice 
to the advancements in technology and better accessibility. Many tools 
are available that can run on standard laptops. Cloud-based services make 
computational power available without investing in expensive hardware. 
Let us explore this shifting landscape where finance professionals can ac-
cess advanced data analytics for decision-making.

The first challenge is in accessing new technology. Finance profession-
als have always been comfortable using spreadsheets like MS Excel due 
to their simplicity. Excel has evolved significantly over time and now has 
advanced data analytic capabilities. At the same time, no-code and Lo-code 
platforms like Power BI, Tableau, and others have made it easier than ever 
to build dashboards and models to analyze trends and generate insights 
without requiring extensive coding skills.

Similarly, there are many user-friendly libraries in Python like Pandas, 
NumPy, Scikit-learn, TensorFlow, and others, which have made 
complex processes easy to use. We will discuss and use these libraries ex-
tensively in this book. In fact, Python now comes integrated with Excel al-
lowing the user to access powerful libraries within a familiar environment.

The next challenge is the cost of computing power. The good news is 
that the computing power requirements for many of these tools are avail-
able even on a standard laptop. Wherever there is a need for larger power 
and capacity, it is addressed by various cloud computing platforms that 
provide affordable, scalable computing power. Users pay for only the re-
sources they need, making advanced analytics accessible to small organiza-
tions and individuals.

Another challenge is the perceived skill gap. Though it is undeniable 
that finance professionals need to have some additional skills to be able 
to use these tools, those are far from being complex. This book leverages 
the domain expertise of finance professionals and leads them to a Lo-code 
environment where the amount of customization requirement is amazingly 
little. Many software libraries that provide solutions to finance profession-
als require little to no technical expertise. The challenge is to plug the val-
ues in and play with the results. That being said, the role that data science 
and coding teams play is undeniable, especially where complex solutions 
are involved. In those cases, the awareness of finance professionals about 
the capabilities of these advanced AI and ML tools would allow them to 
contribute positively to the solution design and building process.
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Accountants and finance professionals do not need to become program-
mers! With the right tools and some basic skills, they can do a lot using 
their domain expertise. Data scientists have done a commendable job in 
making the tools accessible to non-coders.

Lo-code tools and financial decision-making

Many AI and ML tools use Lo-code-driven libraries to generate AI-based 
output to allow users to build and deploy applications with minimal 
to no coding capability. Custom applications and workflows are cre-
ated using minimal coding. In this book, we have provided standard 
application-focused templates with customizable components that make 
financial analysis a plug-and-play exercise. In some cases, these processes 
can even run entirely on their own or include minimal human involvement. 
In a nutshell, Lo-code AI is an approach to building AI-powered applica-
tions and analyses that just require basic coding. It enables finance profes-
sionals to utilize the power and capabilities of AI-powered applications. 
Finance professionals can generate insights without writing complex algo-
rithms. It enables them to independently explore data and build models, 
away from complete reliance on IT teams or data scientists.

This book would enable finance professionals to use Lo-code tools to 
generate real-time analytics and have predictive capabilities. These applica-
tions can be used in financial forecasting and budgeting, including variance 
analysis and scenario planning. There are tools that would help in imple-
menting cost-optimization methods such as ABC, cost driver analysis, and 
resource optimization.

Issues of performance measurement and management can be addressed 
by developing smart KPI dashboards, balanced scorecards, and other ana-
lytics. Strategic financial decisions like investment appraisal involve an un-
derstanding of market trends and sentiments. Various tools are addressing 
these competencies. There are AI- and ML-based tools addressing inven-
tory and supply chain management, such as demand forecasting, supply 
chain optimization, inventory classification, and management. Capital 
budgeting and investment analysis have always been important to financial 
professionals. AI and ML can be used to automate computing for capital 
budgeting and investment analysis even in uncertain environments. Valu-
ation of real options and optimization of the portfolio are supported by 
specific tools. Finance professionals are always concerned with the bot-
tom line being profitable. Revenue and cost optimization, customer profit-
ability and segmentation tools, predictive analytics, and other applications 
help finance professionals address operational issues. Lo-code approach to 
risk modeling, fraud detection, and compliance monitoring models would 
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Table 1.1  Overview of Python libraries

Area Libraries Functions

Data Handling Pandas, NumPy Loading, filtering, transforming, 
aggregating data

Visualization Matplotlib, Creating charts, plots, 
Seaborn, dashboards
Plotly

Model Building Scikit-learn, Training machine learning and 
TensorFlow, deep learning models with just a 
Keras, XGBoost few lines of code

NLP NLTK, Tokenization, stemming, 
transformers language models

Model Evaluation sklearn.metrics, Confusion matrix, ROC curve, 
Yellowbrick feature importance

Deployment Joblib, Flask, Saving/loading models, creating 
Streamlit web apps or APIs

facilitate finance professionals in enhancing their oversight and monitoring 
capabilities and enable real-time responses. We have discussed all these in 
this book, both through examples and case studies.

These Lo-code tools provide cost-effective pragmatic solutions with re-
duced involvement of specialized programming resources while utilizing 
the core capabilities of finance professionals.

Overview of Python libraries

Before we start discussing this module, let us be very clear. The purpose 
of this module is to help you understand the codes that we have provided 
across the book. The goal is not to become a coder but to have enough 
understanding to use the code effectively. We should be able to tweak the 
code to customize it to our input files and parameters.

Python is a high-level programming language known for its simplicity 
and readability. Python’s popularity in AI and data science is largely due 
to its extensive ecosystem of libraries including NumPy, Pandas, SciPy, 
Matplotlib, and TensorFlow. These tools provide robust functionali-
ties for numerical computation, data manipulation, visualization, and ma-
chine learning, making Python a great base for using AI and ML.

Table 1.1 gives an overview of how libraries help.
At the initiation of the code, we will import the necessary libraries from 

the environment. If the library is not installed in the environment, we will 
have to install the same. Note that library names and their import names 
in Python may differ.



10  AI in Financial Decision Making

Table 1.2  Components of a library function

Component What It Is Description
A Variable A 2D NumPy array (matrix) passed 

as input to the inv() function
A_inv Variable The result (inverse of matrix A) 

stored in this variable
np Alias Short for numpy, used as import 

numpy as np
linalg Module Stands for Linear Algebra, a 

submodule in NumPy (numpy.
linalg) that contains functions 
for matrix operations

inv Function Stands for inverse, a function 
inside the linalg module that 
computes the inverse of a matrix

Refer to the official documentation or search online for the correct syn-
tax for importing specific libraries. Traditionally we assign an alias to a 
library while importing. An alias is just a shorter name which makes it 
easier to reference the library later in the code. For example,

import numpy as np

Here we have given numpy an alias np. Whenever we need to refer to 
the numpy library we will use np.

A library is a collection of modules packaged together. For example, 
numpy is a library and it contains modules like numpy.linalg for linear 
algebra. This module provides functions, such as matrix multiplication, 
solving systems of linear equations, and so on.

Within the module are stored functions that do the actual computation. 
For example, within the linear algebra module, we have a function to com-
pute the inverse of a matrix. It is denoted by inv. If we want to compute the 
inverse of an array named A, we will have the following code:

A_inv = np.linalg.inv(A)

Let us now understand the components summarized in Table 1.2.
So, the complete code means, use NumPy’s linear algebra module to 

compute the inverse of matrix A and store it in A_inv. You can even import 
specific functions. Look at the following code:

from numpy.linalg import inv
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This code imports the inverse function without importing the complete 
numpy library or linalg module. In this case, you can compute the inverse 
of A, directly.

A_inv = inv(A)

You can also import a specific module like the following

from numpy import linalg

If you want to have an alias you can use

from numpy import linalg as la

In that case, you will compute the inverse with the following code:

A_inv = la.inv(A)

A word of caution here; the programming world is continuously evolv-
ing. Python versions and libraries keep getting updated. These updates may 
not be simultaneous or compatible, which may result in the code not work-
ing as it was. It is important to be aware of such potential changes.

Hopefully, you are now comfortable with how Python libraries, mod-
ules, and functions are used in the code. Let us now see how to create an 
environment in which we use these powerful libraries.

Setting up AI/ML tools

As mentioned earlier, Python and its various libraries have increased the 
accessibility of AI and ML to financial decision-makers. They can now 
implement sophisticated analytics and modeling tools directly on their lap-
tops. Below, we discuss some key tools and how they can be effectively 
implemented on your laptop.

Python and its ecosystem

When financial decision-makers want to prototype AI/ML solutions on 
their laptops, without depending heavily on IT infrastructure, JupyterLab 
or Jupyter Notebook is an ideal starting point. Both of these are web-based 
platforms which allow you to write and run Python code. You can use 
any platform that runs Python code. However, JupyterLab and Notebook 
have some advantages over plain Python scripts. For example, they can 
run parts of code in cells, which is useful for debugging, have better inline 
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documentation features, and have better visualization tools. JupyterLab 
can be installed as a part of a suite or individually. We will discuss the in-
stallation of JupyterLab using the Anaconda suite.

We can use Anaconda, which is a popular Python distribution that 
comes bundled with several data science tools. To get started, visit the 
Anaconda website (https://www.anaconda.com/) and follow the on-screen 
instructions to install the Anaconda Distribution. It comes with both Ju-
pyterLab and Notebook. Once installed, open Anaconda Navigator and 
click on JupyterLab or Notebook. It will open on your web browser using 
a local server.

JupyterLab offers an interactive computing environment where you can 
combine executable code, rich text, visualizations, equations, and other 
media in a single document. It is a powerful tool for data analysis, machine 
learning, and scientific research. Jupyter Notebook also performs the same 
functions, but JupyterLab is more user-friendly. We will be using Jupyter-
Lab in this book, but you can use Jupyter Notebook too using the same 
instructions.

Once JupyterLab opens in your browser, you will see a folder tree on 
the left for easy navigation. On the right side of your screen, you will find 
the “Launcher” tab, with options like Notebook, Console, Terminal, Py-
thon, and more. Select the “Notebook” option to open a new notebook. 
The notebook will be titled “Untitled” by default. You can rename it by 
right-clicking on the “Untitled” tab and selecting “Rename Notebook . . . .” 
The notebook will automatically be saved in the folder from which Jupy-
terLab was launched. Note that both JupyterLab and Jupyter Notebook 
save code fields as .ipynb (notebooks). The notebook is composed of cells. 
Each cell can be one of three types: code, markdown text, or raw text. To 
add more cells, click the “+” sign. To execute a cell, either press Shift + 
Enter or click on the play (►) sign on the notebook window. This will only 
execute the selected cell. On the toolbar, you will find options for saving 
the file, inserting or deleting cells, copying or pasting content, starting or 
interrupting execution, restarting the kernel, running all cells, and selecting 
cell type from a dropdown menu. You can read more about Anaconda, its 
installation, and various guides on how to navigate its interface on many 
websites.

Let us take a quick look at a few of the options.

•	 Restart kernel: A kernel is the computational engine that runs the code. 
When you write Python code in a cell and press Shift + Enter, the code 
is sent to the kernel, which executes it and returns the result. On the ex-
treme right corner of the toolbar, you will see a circle. This is the kernel 
status. A black circle () indicates that the kernel is processing, and a 
white circle () indicates that the kernel is idle. Sometimes, the kernel 

https://www.anaconda.com/
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becomes unresponsive, and you are required to restart the kernel. After 
restarting the kernel, you have to process the code from the beginning.

•	 Restart kernel and run all cells: This option restarts the kernel and pro-
cesses all cells in the notebook.

•	 Cell type: You can specify what the cell contains. There are three options: 
Code, Markdown, and Raw. Code executes Python code, Markdown is 
used for formatted text, such as headings, or lists, which are used for in-
line documentation, and Raw contains plain text that is not interpreted.

You might have already realized that the power of AI/ML tools comes from 
the libraries. Many libraries are already present at installation. However, 
at times we may find that a particular library is not present, or their ver-
sion needs updates. You will get error messages that notify you. To install/
reinstall a library, simply run the following command in the command 
line. You will find the command line under the Terminal option in the 
Launcher tab.

pip install “library name”

For example, if we want to install Pandas, we would write:

pip install pandas

You can also install any library from the code cell in the notebook. 
However, you will need to have only that code in the cell and precede the 
code with “!” sign.

!pip install pandas

Once we are ready with the libraries and of course the code, we need to 
know if the code is being executed. The kernel status will indicate this. We 
also need to know which cells have been processed. To the left of each cell, 
you will find a square bracket []. Whenever a cell is selected, a colored bar 
will appear on the left margin of the cell. When the cell is being processed, 
an asterisk will appear within the square brackets, as [*]. Once the cell has 
been processed, the asterisk will be replaced with a number that indicates 
the order in which the cell was executed. The colored bar will also move to 
the next cell. Remember, in Jupyter Notebook, cells are processed individu-
ally, unless specifically instructed.

If you want to clear all the output of a processing run, you can right-click 
anywhere on the notebook and click on “Clear Output of all Cells” to reset 
the code devoid of all output. You can also select “Clear Cell Output” to 
clear the output of only the selected cell.
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Note that correct syntax is crucial. Just like grammar is important in 
language, syntax is important for coding, perhaps even more so. While the 
difference between “Let’s eat grandma” and “Let’s eat, grandma” is under-
stood by humans, computers may end up doing something catastrophic! 
Even a small mistake like a missing colon, incorrect indentation, wrong 
capitalization, or unmatched parentheses and quotation marks can cause 
a logically perfect code to crash. For example, writing print as Print, or 
writing print (“Hello) instead of print (“Hello”). Do not worry, because if 
there is a mistake, Python will usually give you a helpful error message to 
guide you.

With this basic understanding and a prepped environment, we are now 
set to harness the power of AI and ML for financial decisions. By combin-
ing lightweight Python libraries and Lo-code tools, we can now perform 
advanced analytics, automate processes, and make data-driven decisions 
without requiring enterprise-level infrastructure. These tools democratize 
AI/ML capabilities, making them accessible to professionals with varying 
technical expertise.

Key Python libraries for AI/ML applications

Python-based libraries provide a robust framework for implementing 
AI and ML models. These libraries simplify complex processes like data 
analysis, visualization, and algorithm development, making them ac-
cessible for beginners and experts alike. Below, we introduce some fun-
damental Python libraries and real-world cases to increase familiarity. 
You will find practical use cases that you may use yourself for financial 
decision-making.

These have been provided under various chapters of the book. Codes, 
wherever needed, have been provided to you, and all you will need to do is 
to customize the input data file and run the codes provided.

Following is an overview of some key Python libraries that are particu-
larly useful for finance professionals venturing into AI/ML.

•	 NumPy, which stands for Numerical Python, is essential for numerical 
and mathematical computations and serves as the foundation for many 
other libraries. Its array-oriented computing capabilities make it an es-
sential tool for fields such as linear algebra, statistical analysis, and ML. 
It may be used to calculate portfolio returns and risks and perform ma-
trix operations for quantitative finance models.

•	 Pandas are used for data manipulation, cleaning, and analysis. It has 
data frames, designed like spreadsheets, for structured data handling. 
It has various functions for merging, grouping, reshaping, and ag-
gregating data. Pandas can be used for handling missing data and 
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time series analysis. It is a useful tool for preparing financial datasets 
for analysis, generating financial reports, and performing exploratory 
data analysis.

•	 Matplotlib and Seaborn are data visualization tools. Matplot-
lib is used for creating static, animated, and interactive visualizations. 
It can be used to create various charts and make plots for data analysis 
and presentation. Seaborn is a library built on Matplotlib that cre-
ates statistical graphics for high-level functions for complex visualiza-
tions like heatmaps and pair plots.

•	 Scikit-learn is a library for implementing ML algorithms. It is an 
ML library that provides tools for data mining and analysis. It includes 
lots of ML algorithms for different tasks. It consists of tools for both 
supervised learning, like regression, or classification, and unsupervised 
learning, like clustering. It has preprocessing, model evaluation, and val-
idation capabilities. It can be used for building models for credit scoring, 
fraud detection, or churn prediction. It can also be used for forecasting 
models for revenue or expenses.

•	 TensorFlow is used for deploying deep learning models. They are par-
ticularly used for training and inference of deep neural networks. Mod-
els for financial forecasting and anomaly detection may deploy these 
libraries. It is used for financial analytics and training models for natural 
language processing (NLP) like sentiment analysis.

These are some of the common Python libraries above. We would be intro-
ducing others as we discuss different applications under various chapters in 
the book while illustrating specific financial decision applications.

Setting expectations for the use of Python  
tools in this book

We know that integrating AI and ML into financial workflows enables pro-
fessionals to make more informed and efficient decisions. This book aims 
to empower financial decision-makers with the knowledge and skills to use 
Python libraries for AI and ML with rudimentary programming knowl-
edge. The focus of the book is not to make financial decision-makers write 
codes but to get codes to assist financial decision- makers. Different AI and 
ML tools will be used to address real-world financial challenges introduced 
in the respective chapter.

No prior knowledge of Python programming or ML capabilities is re-
quired. The cases and codes wherever used are self-explanatory. As stated 
earlier, the focus of the book is to improve your financial decision-making 
skills and not to make you a coder or an ML expert. Our focus is to help 
you to get your job done using appropriate tools.
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You may even be able to take on challenges that you had to avoid earlier 
because of a lack of available tools.

Some of the other useful features you will find in the book include the 
following:

•	 Step-by-step guidance: Each chapter provides easy-to-understand 
step-by-step instructions and guidance for using Python tools to make 
financial decisions. Hands-on real-world examples, such as forecasting 
revenues or identifying fraud, demonstrate the practical application of 
the tools described. It will be a gradual development keeping in mind 
that our focus audience excels in financial decision-making.

•	 Application of tools to real-world scenarios: The book connects Python 
libraries directly to real-world decision-making with chapters using ex-
amples and case studies that replicate real life. We will use Pandas and 
NumPy to clean, manipulate, and analyze financial datasets, such as bal-
ance sheets, transaction logs, and cash flow statements. Scikit-learn 
and XGBoost would be used to build predictive models for tasks like 
credit scoring, customer churn prediction, and risk classification. We 
will explore deep learning applications, such as time series forecasting 
for stock prices or sales data. You may find us using the same tool in 
multiple business cases. Our focus is to show how these tools can be 
used in different business cases and not merely how they work.

•	 Lo-Code solutions: For finance professionals with no or limited coding 
experience, the book provides highly customizable, ready-to-use code 
templates. You can easily adapt it by simply plugging in your data. This 
hands-on approach will help you understand, modify, and apply these 
tools directly to your business. While we do not claim it to be a turnkey 
software solution, the book is designed to show you the computational 
power of AI and ML.

•	 Gradual introduction to advanced concepts: The book is designed with 
a progressive learning structure in mind. Both the overall flow and each 
individual chapter move from easy concepts such as simple forecasting 
to more complex ML tools like neural networks, NLP, and ensemble 
learning. All along you will find clear explanations of what is being done.

•	 Alternative approaches: We have not stuck to a unique style or the same 
approach in solving similar problems. You will find us solving the same 
task in multiple ways. This is done deliberately to introduce you to alter-
native approaches. We have mostly followed a similar coding structure 
throughout the book to improve readability.

By the end of the book, you will understand the basics of Python tools 
and how they apply to financial decision-making. You will gain practical 
experience by customizing and running the code yourself. You will also 
be ready to use Python tools for tasks like forecasting, risk analysis, and 
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fraud detection and feel confident in deploying AI/ML solutions to address 
real-world financial challenges.

Key areas covered by this book

The book covers a wide range of problems faced by finance professionals. 
Once you complete the book, we expect you to be able to use Python to 
do the following:

•	 Financial forecasting and budgeting: Improve accuracy and efficiency 
using time series forecasting, automated variance analysis, and scenario 
planning.

•	 Cost management: Implement ABC, identify cost drivers, and allocate 
resources optimally.

•	 Performance measurement: Develop interactive dashboards, implement 
balanced scorecards, and examine employee performance.

•	 Strategic planning: Analyze market trends, perform investment simula-
tions, and evaluate strategic options with decision trees.

•	 Inventory and supply chains: Forecast demand, optimize supply net-
works, and classify inventory for better management.

•	 Capital budgeting: Automate financial calculations, value real options, 
and optimize investment portfolios.

•	 Customer profitability: Predict CLV, segment customers effectively, and 
reduce churn.

•	 Risk management: Model credit risks, detect fraud, and monitor com-
pliance using advanced analytics.

Hope you are all set to start your journey into the exciting world of using 
AI and ML in financial decision-making!
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Chapter 2

Financial forecasting and 
budgeting

In today’s fast-paced financial environment, forecasting and budgeting 
have evolved from periodic planning tools into dynamic, data-driven pro-
cesses. Finance teams can make better forecasts and budgets just by using 
simple ML tools. In this chapter, we refresh our knowledge on the basics of 
budgeting and forecasting and then use tools like Prophet for predicting 
revenues and expenses. We also automate budget variance analysis and run 
different financial scenarios using ML. In addition, this chapter introduces 
us to a few key concepts related to AI and ML that we need to know to 
navigate the rest of the book.

Introduction to forecasting and budgeting

In this segment, we will understand the importance of forecasting in finan-
cial decisions, including budgeting. We have already seen how ML and AI 
are changing the way we make financial decisions. Let us dive into their 
applications, starting with forecasting and budgeting. Though both are in-
dependent activities by themselves, budgeting uses forecasting as one of the 
critical building blocks. Despite these activities being closely linked, they 
are not the same. Let us have a quick look at some of the unique features 
of budgeting and forecasting.

The process of budgeting involves planning and allocating financial re-
sources to meet an organization’s strategic and operational goals over a 
defined period. Budgeting broadly means expressing in numerical measures 
the achievements that the entity is seeking to achieve. These achievements 
are mostly the key result areas, control areas, and line items on financial 
statements. Budgeting involves multiple focus areas. Thus, we can have 
profit budgets, sales budgets, personnel budgets, marketing budgets, and 
allied budgets.

Forecasting is a method, often statistical, deployed to make a reason-
able estimate of the future value of an object of interest. This may include 
sales for the next year, inflation rates in the next five years, the number of 

https://doi.org/10.4324/9781003619628-2
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employees likely to retire in the next two years, and others. Often these 
forecasted values become the starting point of the budget.

Let us now move into the essential steps of budgeting and forecasting.

Basic process of budgeting

Budgeting is a structured, multi-layered system that follows a series of 
predefined steps. At the highest level or the outermost layer is the master 
budget, which aligns with the top-level goals of the organization. For ex-
ample, the master budget outlines how much the entity plans to earn and 
spend during the budget period. To effectively communicate these plans, 
a standardized reporting format is essential. Most organizations use the 
structure of financial statements to present budgeted figures, resulting in 
a budgeted balance sheet, budgeted income statement, and budgeted cash 
flow statement. In addition to these core statements, organizations also 
prepare specialized budgets to support financial decision-making, such as 
capital expenditure budgets, investment budgets, and more.

The master budgets at the outer layer are supported by more detailed budg-
ets at the inner layers. This means that detailed computations are not pre-
sented at the top level. Instead, the top layer forms part of the management 
dashboard, offering a high-level overview. The detailed calculations are carried 
out within the lower layers, which consist of supporting budgets that feed into 
the master budget. For example, the revenue figure in the master budget will 
reflect a consolidated value, while the inner layers will break this down, speci-
fying the products or services included, along with the quantities and prices 
considered. The same applies to expenses, where supporting budgets will de-
tail the expected volume and unit cost of raw materials consumed.

Surely, you have not missed that this is where assumptions have started 
playing a role. These are also precisely the values that forecasting tech-
niques would help us arrive at. So instead of assumptions, we will have 
values supported by unbiased techniques based on past data. We will dis-
cuss this in the next section.

If the entity operates a single factory, the budgeting structure will typi-
cally consist of just these two layers. The inner layers may get more compli-
cated as the budgeting entity increases the levels at which they control the 
budget. The budgeting entity may have multi-country operations with one 
production facility in each country. If the control is exercised at the coun-
try level, before being aggregated at the global level, we will have an addi-
tional layer. We will have the outer layer reporting the budgeted financials 
at the global level – the master budget. The immediate next layer will now 
have the top-level values of each country – the first point of aggregation. 
The next level will now have the detailed computation using quantities and 
prices for each country.
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If we add multiple production facilities under a country, the layers will 
remain the same. However, if we add another level of aggregation, splitting 
each country into zones, we will add another level. We see how it looks in 
Table 2.1.

The detailed computations are being done at the lowest level. The inter-
mediate levels are essentially aggregating points for management control. 
This is an important decision as budgetary control will be implemented at 
these levels. These are the levels where variances will be computed after the 
budget is made functional. We will talk about variance computation later 
in this chapter.

The lowest layer shows the breakup of each of the budgeted figures. 
As admitted earlier, these data are described in terms of budgeted units 
and budgeted costs. In addition to the role of assumptions and forecasts 
in determining these values, the inherent behavior of the items plays an 
important role here. For example, a cost can be variable or fixed. This will 

Table 2.1  Number of layers in the budget

Top layer: Global Layer 1: Country Layer 2: Zones Layer 3: Factory

Total sales: 10,000 USA Sales: 2,400
This is the base India Sales: 4,100

This is the level of budgetary 
UK Sales: 2,500outermost layer control. This is the 

where we are UAE Sales: 1,000 computing level 
accumulating the Total Sales: 10,000 data describing 
budgets from  India Zones each figure into its 
all other budgeting unit cost and unit 
units across the This is next East India: 750 consumption.
entity. This is  highest level of North India: 850
the topmost level budgetary control

South India: 1,200of controlling 
the budget. – in this example, West India: 1,300 East India Factories

the country level. Total India: 4,100
Here we have
aggregated
budgets for each Factory 1: P × Q country.

This level breaks 150 × 3: 450
up the country at Factory 2: P × Q 
the zonal level.

75 × 4: 300This is also an
aggregated control
level. Total East India: 750
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influence the value at different levels of activity. The demand for a product 
or service may be price-sensitive. Consequently, we may need to reduce 
the price if we wish to achieve a higher sale. All these business rules are 
reflected at the lowest level.

Forecasting techniques for financial decision-making

We have recognized the critical role that forecasting plays in budgeting. But 
the role of forecasting is not limited to budgeting alone. Many financial 
decisions require the support of forecasting. All decision-making involving 
uncertainty uses forecasting as a starting point. Forecasting would provide 
the decision-maker with choices, and the decision-maker may select one of 
the options or may even use a range of options.

For example, we are making a financial decision that requires the value 
of expected sales in the next three years. We can use a forecasting tool 
and assess this value. The tool may provide us with a singular or a range 
of values, viz. sales under an optimist view, under a pessimist view, and a 
most-likely view. We may, depending on our objective, use either the sin-
gular value or suggest a range of possibilities.

How do we know whether we will get a single value or a range of val-
ues? This would depend on various factors such as our needs, the nature 
of the data, the forecasting technique used, among others. Let us make an 
overview of some of the common forecasting techniques that we may use 
for financial decision-making. The techniques include the following:

•	 Expert judgment (qualitative forecasting)
•	 Time series analysis
•	 Regression analysis
•	 Neural networks and Random Forests

Expert judgment (qualitative forecasting)

This is a qualitative technique where we gather opinions from experts in 
the field to make predictions. This approach is very useful when there is 
little or no historical data or during forecasting under highly uncertain 
environments.

Two popular techniques under expert judgment-based forecasting in-
cludes Delphi method and market research. Let us have a quick look at 
these two techniques.

•	 Delphi method: A group of experts is consulted, and they provide their 
forecasts anonymously. These responses are then shared, and the ex-
perts provide another round of forecasts based on the new information 
provided. This loop continues till a consensus is reached.
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•	 Market research: Under this method, surveys are conducted and fo-
cus groups help to gather qualitative and quantitative data. These 
collected data may be used forecast estimates or may be used as in-
puts to forecasts.

Time series analysis

This method uses historical data to predict future values. Time series data 
is specifically used when the data is dependent on time. The data points are 
collected or observed at regular intervals, viz., daily, monthly, or yearly. 
The key characteristic of time series data is that each data point has a time 
component associated with it, and the value at each point is usually influ-
enced by previous values in the series.

Time series data can be decomposed into different components – trend, 
seasonal pattern, cyclicality, and random noise. We will explore these in 
detail when we use ML tools to perform the decomposition. For now, let 
us have a quick look at them:

•	 Trend: This is the long-term direction or pattern in a time series of data. 
It shows whether the data is generally increasing, decreasing, staying 
constant over time, or behaving in any different way. It is a component 
of the time series and is typically a smooth curve or line that reflects the 
underlying growth or decline. Trend analysis assumes that past trends 
will continue, making it useful for financial planning and budgeting. 
Trends can be linear or non-linear. Various techniques can be used to 
predict future trends.

•	 Seasonal patterns: These are the regular and predictable fluctuations 
that occur at regular intervals within a year, month, week, or day. These 
fluctuations are usually tied to external factors like weather, holidays, 
or societal events that repeat at the same time each period. For example, 
retail sales usually peak during the holiday season, or demand for icy 
drinks tends to be higher during the summer months.

•	 Cyclic patterns: These are long-term fluctuations that are not fixed to 
specific intervals like seasonal patterns but occur over irregular, often 
multi-year, cycles. These patterns are typically driven by broader eco-
nomic or market forces. Cycles usually last longer and do not have a 
fixed, predictable period like seasonal patterns.

•	 Random noise: These represent the unpredictable and unexplained 
variations in a time series that cannot be specifically attributed to 
a specific trend, seasonality, or cyclic patterns. Once we have ac-
counted for these components, it is the residual variability in the data. 
Random noises are irregular fluctuations that are not systematic or 
predictable. They cannot be explained by any identified pattern or 
external factor.
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A time series analysis may use different techniques for forecasting. It may 
use the singular time-linked data or moving averages for forecasting. The 
moving averages seek to smooth the movement of base data using some 
kind of average. These may be simple moving average (SMA), weighted 
(WMA), or exponential (EMA). There are more complex models like Au-
toregressive Integrated Moving Average (ARIMA), but we usually do not 
have many applications of the same in financial decision-making. Since 
we may need to specify these when we do a time series analysis, let us first 
understand these terms.

•	 Simple moving average (SMA): This is one of the most basic types of 
moving averages used in time series analysis. It is calculated by taking 
the arithmetic mean of a set of data points over a specific period. Let 
us look at Table 2.2 with the price of crude futures and compute its 
four-day SMA. Each SMA is the average of the preceding four prices 
ending with the value of the day for which we are computing the SMA. 
So, the first value is (68.59 + 70.29 + 70.02 + 71.29) / 4 = 70.05.

Table 2.2  Computation of simple moving average

Day Dec-10 Dec-11 Dec-12 Dec-13 Dec-16 Dec-17 Dec-18 Dec-19 Dec-20

USD 68.59 70.29 70.02 71.29 70.71 70.08 70.58 69.91 69.46
SMA – – – 70.05 70.58 70.53 70.67 70.32 70.01

Table 2.3  Computation of weighted moving average

Day Dec-10 Dec-11 Dec-12 Dec-13 Dec-16 Dec-17 Dec-18 Dec-19 Dec-20

USD 68.59 70.29 70.02 71.29 70.71 70.08 70.58 69.91 69.46
WMA – – – 70.44 70.70 70.51 70.53 70.23 69.88

•	 Weighted moving average (WMA): A WMA is similar to the SMA, but 
instead of giving equal weight to all values, more weight is given to re-
cent data points. The weights are specified by the user. Let us consider 
that in the same example, we give a weight of 4 to the latest data and 
a weight of 1 to the earliest data (Table 2.3). The last WMA has been 
computed as [(69.46 × 4) + (69.91 × 3) + (70.58 × 2) + (70.08 × 1)] /  
(4 + 3 + 2 + 1) = 69.88.

•	 Exponential moving average (EMA): This is a type of moving average 
that gives more weight to recent data points, like WMA. However, it 
does so in a smooth, exponentially decaying way.

	 EMA is computed as EMAt = αXt + (1 − α)EMAt−1 

	 where, α = 2 / (n + 1) is the smoothing factor (n is the period length),  
	 Xt is the current data point, 
 	 EMAt−1 is the previous EMA value.
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	 Let us use the same data set of the prices of crude futures on select dates 
and compute a four-day EMA. This will give us a smoothing factor (α) 
of 2 / (4 + 1) = 0.4. We will also need a value for the first day, and we 
take it as the SMA for the day, i.e., USD 70.05 on Dec-13. We can use 
other values also, like the actual price on that day. This is used for seed-
ing the subsequent EMA.

	 EMA for the next day is computed as (0.4 × 70.71) + (1 – 0.4) × 70.05. 
You can see how the exponential works – it is giving a weight of 0.4 on 
the latest data and 0.6 on the moving average of all prior period data 
(Table 2.4).

•	 Autoregressive Integrated Moving Average (ARIMA): ARIMA expresses 
the current value of a series as a linear combination of its previous val-
ues and a stochastic error term. Simply put, this model assumes that the 
current observation is influenced by a weighted sum of its past observa-
tions, with the error term accounting for randomness.

	 The model explains a time series using three components:

○	 Autoregressive (AR): In an AR model, the value of the time series at a 
given time depends linearly on its previous values (lags). The number 
of previous values used is denoted by p. Thus, an AR(p) model pre-
dicts a value based on a weighted sum of the previous p-values.

○	 Integrated (I): Integrated refers to a differencing process used to make 
a time series stationary. Differencing is a transformation applied to 
the time series data to remove trends and seasonality, and this is what 
makes the series stationary. Simply put, this involves subtracting the 
previous observation from the current observation and continuing 
the process till the underlying trend is removed. Consider a time se-
ries with increasing values: 50, 55, 60, 65, 70. We can see a clear 
upward trend. To make it stationary, we apply first differencing:  
(55 − 50), (60 − 55), (65 − 60), (70 − 65) = 5, 5, 5, 5. Now we can see 
that this series does not have any trend; it is stationary.

○	 Moving Average (MA): In an ARIMA model, the Moving Average 
component adjusts for any short-term dependencies in the data that 
are not captured by the AR part. This is critical when there are irreg-
ularities or sudden shocks in the data. Just to clarify, the AR compo-
nent captures the relationship between the current observation and 

Table 2.4  Computation of exponential moving average

Day Dec-10 Dec-11 Dec-12 Dec-13 Dec-16 Dec-17 Dec-18 Dec-19 Dec-20

USD 68.59 70.29 70.02 71.29 70.71 70.08 70.58 69.91 69.46
EMA 70.05 70.31 70.22 70.36 70.18 69.89
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its past values, while the MA component captures the relationship 
between the current observation and past errors. But do not worry, 
the software takes care of the same. We will show you how ML tools 
can be used for time series forecasting using various techniques.

Regression analysis

When we discussed time series forecasting in the last section, the underly-
ing consideration was that the past value of an observation influences the 
future value. We did not have any other consideration. But what happens 
if other factors influence the future value? This is where regression analysis 
steps in.

To use regression analysis, we need two kinds of variables – the vari-
able whose value we wish to predict and the variable(s) that influence the 
predicted value. The former is known as the dependent variable, since it de-
pends on other values. The latter is known as an independent variable since 
there are no dependencies for them in this instant application. Say, the cost 
of a hotel room depends on the number of tourists arriving, their average 
stay duration, and the outdoor temperature. In this case, the cost of a hotel 
room is the dependent variable, while others are independent variables.

The process of arriving at the values of these independent variables may 
involve another regression analysis, wherein these variables may be the 
dependent variables. Essentially, when we speak about dependent or in-
dependent variables, we are speaking about a specific application. In our 
example, the number of tourists arriving may depend on the cost of flights, 
the issuance of tourist visas, etc. That could be another regression analysis. 
Are you wondering why we do not include these variables in the original 
model instead of using the variable number of tourists arriving? Possibly, 
the decision may depend on how complex it could make a model, the level 
at which you are making the forecast, the availability of the data at your 
level, among others.

As we have noted, the choice of independent variables is up to us. How-
ever, this choice carries the risk of errors. While regression analysis in-
cludes tools to assess how well the selected variables explain the dependent 
variable, mistakes in variable selection can still occur even when guided by 
data-driven methods.

Regression analysis can be of various types. Here are the most com-
mon ones.

•	 Linear regression: This is used to predict the value of a dependent vari-
able using a linear relationship with one or more independent variables. 
If it uses more than one independent variable, we call it multiple linear 
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regression. Estimating hotel revenue based on the number of nights is an 
example of simple linear regression, and estimating hotel revenue based 
on the number of nights stayed, visits to the spa, and usage of the res-
taurant is an example of multiple linear regression. A linear regression 
relation, where Y is the dependent variable and X is the independent 
variable(s), will be described as

𝑌 = 𝑎 + 𝑏1𝑋1 + 𝑏2𝑋2 + ⋯ + 𝑏𝑛𝑋𝑛

where,
a: This is known as the intercept which is not influenced by any 
values of the independent variables. For example, the booking fee 
on a hotel booking website is the same irrespective of the number of 
nights booked.
bn: The rate of change in value of Y for each unit of X, say room rate per 
night, unit cost of each spa visit, etc.
Xn: Units of independent variables consumed, say number of nights 
stayed, the number of spa visits, etc.

•	 Multiple regression: Different from multiple linear regression, multiple 
regression also uses multiple variables but does not assume a linear rela-
tion. For example, the price of a house may depend on the floor area 
and the age of the house. The price of the house will increase with the 
floor area, but with an increase in the floor area, the value will increase 
at a slower rate. Similarly, the value of the house will diminish with 
increased age of the house, but the rate of decrease will increase as the 
age increases. These are non-linear relations, and we often use exponen-
tial or lognormal values to express the non-linear relations. A multiple 
non-linear regression may be expressed as

𝑌 = 𝑎 + 𝑏1 log(𝑋1) − 𝑏2𝑋2
2

where,
a: Value of the house irrespective of any factor, may be the base value of 
the land on which it is built
bn: The rate of change in value of the house for the floor area and the 
age of the house
X1: The floor area of the house
X2: The age of the house

	 You can see here that we have used a log value of floor area to reduce the 
rate of increase in price with an increase in floor area. Similarly, we have 
used an exponential of age to cause an accelerated rate of decrease in 
the price of the house as the age of the house increases. We generally do 
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not see much use of non-linear regression in financial decision-making, 
except in cases of valuation.

•	 Logistic regression: Often in financial decision-making, our dependent 
variable is not a value but a classification. For example, if we are try-
ing to predict whether a borrower will repay based on age and amount 
outstanding, logistic regression would be used. This statistical method 
models a relationship between one or more independent variables and a 
binary dependent variable. Simply put, it helps to predict the probability 
of an event happening, where the outcome is one of two possible catego-
ries, often conveniently described as 0 or 1. Let us consider our example. 
We will have records of payments or defaults of a borrower, along with 
the corresponding age and amount outstanding. In the model, we may 
designate 0 to express default and 1 for repayment. A logistics regres-
sion model, will give an output, say “p” where:

𝑝 = 1/(1 + 𝑒−(𝑏0+𝑏1𝑋1+𝑏2𝑋2))

where,
p: Probability that the borrower will repay the loan (Y = 1).
b0: The intercept (bias term) represents the baseline or starting point of 
the prediction when all independent variables are set to zero.
b1: How the repayment probability is influenced by the age of the 
outstanding.
b2: How the repayment probability is influenced by the loan amount.
X1: The age of the borrower.
X2: The amount of the outstanding loan.

	 Based on the probability, we categorize the borrower as likely to pay or 
likely to default. We decide on a cutoff value for the probability, and any 
observation above the value will be categorized as “likely to default.”

While using an ML tool, we will just identify the dependent and independ-
ent variables, and the software will take care of the rest.

Neural networks and Random Forest

Neural networks and Random Forest are two ML tools that are used 
for financial forecasting. They are powerful tools for decision-making in 
dynamic and complex environments. These techniques use algorithms 
to model complex, non-linear relationships and patterns found in large 
datasets. ML and AI algorithms “learn” from historical data and adapt to 
changing patterns over time.

Neural networks, particularly deep learning models, are designed to rec-
ognize complex patterns in large datasets. They consist of layers of nodes 
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(neurons) simulating the way the human brain processes information. Neu-
ral networks are often used for prediction of stock prices, fraud detection, 
credit scoring, and others. Random Forest algorithms are used for both 
classification and regression tasks. It belongs to a family of models known 
as ensemble learning methods, which combine multiple models to improve 
prediction accuracy and reduce overfitting.

ML methods can be classified into supervised, unsupervised, and re-
inforcement learning, each having specific applications in financial 
decision-making. Let us understand these terms:

•	 Supervised learning: This is used for predicting outcomes based on la-
beled historical data, meaning the input data is paired with correspond-
ing output labels. Supervised learning learns a mapping from inputs to 
outputs, enabling the model to make predictions or classifications on 
new, unseen data. In finance, supervised learning algorithms can fore-
cast stock prices, economic indicators, or credit risk by learning from 
historical trends and patterns. Regressions and classifications are tools 
used under supervised learning.

•	 Unsupervised learning: This is a type of ML method where the model 
is trained using unlabeled data. Unlike supervised learning, there are 
no predefined output labels associated with the input data. Unsuper-
vised learning tries to find hidden patterns, structures, or relationships 
within the data, which can then be used to make financial decisions. For 
example, it can be used to identify groups of similar financial assets or 
transactions, assisting in portfolio management and anomaly detection. 
Clustering, associations, and principal component analysis are some 
techniques used under unsupervised learning.

•	 Reinforcement learning: This type of ML involves training a model to 
make a sequence of decisions by rewarding it for taking actions that 
lead to desirable outcomes like profitable trades. Unlike supervised or 
unsupervised learning, reinforcement learning learns through trial and 
error. The model takes actions, receives feedback in the form of rewards 
or penalties, and adjusts its behavior to optimize performance over time.

Let us now review neural networks and Random Forests further.

•	 Artificial neural networks (ANNs): ANNs are computational models in-
spired by the human brain. These networks can learn complex relation-
ships between inputs and outputs, making them effective for tasks like 
forecasting financial time series. They simulate the way the human brain 
processes information to make predictions, which is especially useful for 
complex financial markets and customer behavior forecasting. ANNs 
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have three layers – input layer, hidden layer, and output layer. Let us 
have a quick look at them.

•	 Input layer: This is the first layer of the network that receives the 
input data. Each node in the input layer represents a feature of the 
data, for example, a variable in a dataset.

•	 Hidden layers: These are intermediate layers between the input and 
output layers. Each hidden layer consists of neurons that perform 
computations on the input data and pass the results to the next layer 
till these are ready to be sent to the output layer. There can be one 
or more hidden layers, depending on the complexity of the model.

•	 Output layer: The final layer produces the output, which could be a 
prediction or classification result. For example, in a binary classifica-
tion problem, the output could be a value of 0 or 1 (for false or true).

	   Once the data is fed into the input layer, it passes through the hid-
den layers to the output layer. This process is called forward propa-
gation. After the data passes through the network, the predicted 
output is compared to the actual target value, and the difference is 
the error or loss. The loss function measures the difference between 
the network’s prediction and the actual value. To minimize the error, 
the network backpropagates the data, i.e., from the output layer to 
the input layer, to adjust the weights and biases. As the ANN un-
dergoes multiple iterations of forward propagation, error calcula-
tion, and backpropagation, the weights and biases get fine-tuned. 
This allows the network to make more accurate predictions. The 
learning process continues until the loss function converges to a 
minimum value or reaches a predefined stopping criterion.

•	 Random Forests: Random Forest is an ensemble learning technique that 
creates multiple decision trees and then combines their predictions to 
improve accuracy and robustness. Ensemble learning is an ML technique 
that combines the predictions from multiple models. These are often 
referred to as learners or base models, and they help to improve overall 
performance, typically by reducing errors and increasing accuracy. Ran-
dom Forest models are primarily used for classification and regression 
tasks. The main idea behind Random Forest is to build a collection (or 
“forest”) of decision trees, where each tree is trained on a random subset 
of the data. Multiple subsets of data are created by randomly sampling 
the original dataset with replacement. This means some data points may 
appear multiple times in a subset, while others may be omitted.

	 To understand how Random Forests work, we need to understand how 
the decision tree works. A decision tree splits the data into branches 
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based on feature values. Nodes represent decision points where the data 
is split. The root node is the first node in the decision tree representing 
the entire dataset. The first decision about how to split the data is made 
here. At each node, the data is split into subsets based on a feature, for 
example, age, income, etc.

	 This process continues recursively until the data points are assigned to 
a leaf node. The leaf nodes are the final nodes in the decision tree where 
the final prediction is made. Predictions are made by following the path 
from the root to the leaves. Internal nodes are the decision points that 
lie between the root node and leaf nodes. The decision tree is built to 
minimize impurity, which is a measure of how mixed the data is at each 
node. We will discuss impurity when we start working on the models. 
Consider that you are building a decision tree for loan approval. Here is 
how it may go.

•	 Root Node: The root node might split the data based on credit score. 
For example, a branch for customers with a credit score exceeding 
700 and another branch for others.

•	 Internal Node 1: This is the branch where the credit score is greater 
than 700. Now we split them based on a threshold income of say 
$50,000. Those with a credit score of more than 700 and income of 
more than $50,000 will proceed further, others will be excluded at 
this stage.

•	 Internal Node 2: In the branch where the credit score is less than 700, 
we may have a criterion based on the debt-to-income ratio. If the 
ratio is below 20%, they may proceed to the next stage, while others 
will be rejected.

•	 Leaf Node: Eventually, the data would reach a leaf node where the 
final decision is made, that is, either the loan is approved or denied.

	 Now, let us understand the concept of bootstrapping, a key concept in 
Random Forests. In bootstrapping, random subsets of the training data 
are created by sampling with replacement. This means that the data 
used in the first subset is available for selection in the second subset. 
This would ensure that each tree is trained on a slightly different set of 
data, with some data points appearing multiple times in a subset, while 
others may not appear at all. Since not all features will be present in all 
subsets, there is expected to be a low correlation between the subsets. 
Each tree is trained independently on a different bootstrapped subset of 
the training data, and each tree makes predictions based on a random 
subset of features at each node.

We are going to see these techniques in greater detail when we discuss the 
related ML tools used. The challenge now is how to select a forecasting 
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tool, and after the selection, how to know that the model is working 
satisfactorily.

Use cases for various forecasting techniques

Let us have a quick look at the most common appropriate use for the tech-
niques discussed earlier.

Use cases for expert judgment-based forecasting

This tool is best used when:

•	 Historical data is unavailable or insufficient, for example, in the case of 
new product launches or emerging trends.

•	 The available data is qualitative, subjective, or difficult to model 
numerically.

The advantage of this technique is that it is quick to implement, cost-effective, 
and based on real-world domain expertise. However, subjectivity and indi-
vidual biases can influence the forecasts derived using this technique.

Use case for time series-based forecasting

We have various approaches under this technique, and their best use cases 
are stated here:

•	 Simple Moving Average (SMA) is best used for stable data without 
trends or seasonal patterns. This technique is simple and easy to imple-
ment and interpret. However, this cannot handle trends or seasonal vari-
ations effectively.

•	 Weighted Moving Average (WMA) is best used when recent observa-
tions are more important than older ones. This technique is more re-
sponsive to recent changes than SMA, but is exposed to the risk of the 
choice of the weights being subjective.

•	 Exponential Moving Average (EMA) is best used on data with trends, es-
pecially when more recent observations should be given a higher weight 
as compared with the earlier data. This method reduces lag compared to 
SMA. At the same time, this model can be sensitive to the choice of the 
smoothing parameter.

•	 Autoregressive Integrated Moving Average (ARIMA): This is best used for 
time series data that exhibit trends and/or seasonality. This technique can 
handle both trends and seasonality with appropriate adjustments. How-
ever, it requires stationary data and can be complex to implement and tune.
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Use case for regression analysis-based forecasting

We have discussed three types of regression analyses. Their best use sce-
narios are stated here.

•	 Simple Linear Regression is best used when the relation between the 
dependent and independent variable(s) can be reasonably approximated 
linearly. This is easy to understand and interpret, though the assump-
tion of a linear relationship may not always hold in real-world data.

•	 Non-Linear Regression, as the name suggests, is best for data with a 
non-linear relationship between independent and dependent variables. 
This model can fit more complex data patterns but are computationally 
intensive and harder to interpret.

•	 Logistic Regression is used when the dependent variable is categori-
cal – binary or multinomial. In binomial, there will be only two choices, 
while in multinomial, there will be more than two choices. The model 
can handle binary or multinomial classification problems effectively, 
something that the other regression models cannot. However, the model 
assumes linearity in the log-odds of the dependent variable.

Use case for neural network- and Random Forest-based 
forecasting

Let us now discuss when we should use the two ML techniques described 
earlier.

•	 ANN are used for complex, non-linear data patterns that traditional 
methods cannot handle. This technique can capture intricate patterns in 
data but requires large datasets and computational resources. However, 
it can be too tailored or overfitted to the training data and lose its ability 
to generalize to other datasets.

•	 Random Forest is ideal for high-dimensional datasets with numerous 
variables and non-linear interactions. It is robust, and can handle large 
datasets, and is less prone to overfitting through ensemble learning. At 
the same time, this is less transparent and harder to interpret compared 
to linear models.

Selecting a forecasting tool and assessing its quality

Forecasting is a critical aspect of decision-making for various purposes. 
Selecting the appropriate forecasting technique and assessing its quality 
is essential for making informed decisions. We must however remember 
that forecasting is a technique that will process a set of data and generate 
an output, irrespective of the quality of data and fitness for the purpose. 
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Whether the input and the output are appropriate for the purpose would 
require a separate assessment methodology.

Assessing the quality of the forecasting model

A forecasting tool will use a set of inputs and generate a set of outputs. 
As users, we need to assess the performance and quality of the forecast. 
This assessment ensures that the model’s predictions are reliable and 
valid. We use different approaches to make this assessment. Some of 
those approaches are discussed here. We have not discussed the com-
putational framework of the measures as they will be computed by the 
software.

•	 Forecast Accuracy Metrics: To evaluate the performance of a forecasting 
model, several accuracy metrics are commonly used:

•	 Mean Absolute Error (MAE): This measures the average of the abso-
lute errors between forecasted and actual values.

•	 Mean Squared Error (MSE): This measures the average of the squared 
errors, penalizing large errors more than MAE.

•	 Root Mean Squared Error (RMSE): This is the square root of MSE, 
which brings the error metric back to the original units of the data.

•	 Mean Absolute Percentage Error (MAPE): This metric measures the 
error as a percentage, providing a scale-independent measure.

•	 R-squared (R²): Measures the proportion of variance in the depend-
ent variable that is predictable from the independent variables.

•	 Cross-Validation and Training/Testing Split: To evaluate how good the 
training and testing process was when the model was being designed.

•	 Cross-Validation: Dividing the dataset into multiple subsets to test 
the model on different parts of the data to ensure robustness. A good 
model will perform efficiently across different parts of the data.

•	 Training/Testing Split: Splitting the data into a training set and a test-
ing set to avoid overfitting and ensure that the model generalizes well 
to unseen data. An improper split can make the model susceptible to 
overfitting.

•	 Residual Analysis: Residuals are the differences between the actual and 
forecasted values. If residuals show patterns like trends, it suggests the 
model has not captured all the information in the data, and calibration 
may be necessary. The residuals should ideally resemble white noise that 
is random and uncorrelated.

•	 Out-of-Sample Testing: The model should be tested on unseen data to 
assess how well it generalizes to future data.
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•	 Model Comparison: This can be achieved through benchmarking. We 
can compare the performance of the chosen model with simpler models 
like moving averages to ensure that the model provides a genuine im-
provement over a simple approach.

•	 Overfitting versus Underfitting: We must check that the model is not 
overfitting or underfitting. Overfitting arises when a model fits the train-
ing data too well, capturing noise rather than the underlying pattern. 
This leads to poor performance of the model on new, unseen data. Un-
derfitting arises with models that are too simple to capture the underly-
ing patterns in the data.

Every time a model is designed, we must check, using an appropriate tech-
nique, whether the model is fit for the purpose. It is not only the correct 
computation that matters here. The model must be conceptually appropri-
ate to use. We will revisit this issue when we discuss specific techniques for 
forecasting.

Time series forecasting with ML tools

In this section, we will learn how to use ML tools to forecast revenues and 
expenses with high accuracy using historical data.

Challenge of accurate financial forecasting  
in a dynamic environment

Any forecasting tool bases its application on a set of assumptions. Under a 
dynamic environment, these assumptions face a continuous threat of being 
outdated.

Consequently, the model is also threatened with the risk of being unfit 
for the purpose it was designed. We need to take note of these challenges 
and, wherever possible, seek to mitigate them. However, it may not be pos-
sible to mitigate the risk exposure arising from all these challenges. In such 
circumstances, we should use the model output with additional caution. 
We should preferably seek confirmation of the output by using alternative 
models or approaches. We have listed some of the aspects that we should 
be wary of to face the challenge arising from a dynamic environment.

•	 Market volatility: Markets, in general, and financial markets specifi-
cally, are subject to changes due to various factors that may include 
geopolitical events, economic shifts, and market sentiment. This volatil-
ity poses a challenge for ML models to provide consistent and accurate 
forecasts. Under a dynamic scenario, past patterns may no longer hold 
true beyond the short term. Consequently, models trained on historical 
data may fail to account for significant external shocks, leading to poor 
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predictions. We may need to use approaches that would give greater 
weightage to data from the recent past over earlier data. We may also 
need to explore more deeply to assess if we can identify the indicators 
of such change and incorporate them in our modeling. At the least, we 
should disclose the limitations of the model to the user.

•	 Data quality and availability: The accuracy of ML models depends 
heavily on the quality and completeness of data. The data may be noisy, 
incomplete, or biased. Some data, like news items, may need preprocess-
ing before being used. Unless we are careful about the data, we may end 
up overfitting, where the model would capture irrelevant patterns that 
are not features of real-world scenarios.

•	 Feature selection: The performance of a model depends greatly on the 
right selection of the input variables or attributes that will be used to 
make a prediction. In ML terms, these are called features. A dynamic 
environment will require models that can adapt to changing conditions, 
which means selecting the right variables that would reflect the changing 
scenario every time the model is run. Use of inputs that do not contribute 
to prediction quality is unnecessary, and at the same time, selection of 
wrong inputs or missing a right input can degrade model performance.

•	 Overfitting and underfitting: Overfitting is common when an ML model 
captures too many details from historical data, including noise. This 
makes the model too dependent on the past data, making it inefficient 
to generalize to future conditions. On the other hand, when the model is 
too simplistic and fails to capture essential patterns in the data, we have 
a chance of underfitting. Striking the right balance between these two 
extremes is necessary. Under a dynamic scenario, this becomes more 
challenging as the nature of the data keeps changing, making it difficult 
to separate the trend from noise.

•	 Model interpretability: Many ML models, such as deep learning, offer 
high predictive power. However, they often operate as “black boxes,” 
where it is difficult to understand the reasoning behind the predictions. 
This lack of transparency can not only be a barrier to trust and accept-
ance but also make it difficult for model validation. Under a dynamic 
environment, it becomes difficult to guess the marginal impact of the 
changes in the environment on the model output. We therefore need a 
comprehensive model literature to avoid any interpretation error.

•	 Training and retraining: As the environment changes, a model that per-
forms well today may not continue to be effective. This problem is ad-
dressed by frequently retraining the model. We also need to ensure that 
the model is adapting to the new data and emerging trends.

•	 Behavioral impact: Human behavior often influences market values. Be-
havioral biases like overconfidence, loss aversion, herd mentality, and 
like, often cause erratic market movements. ML models rely primarily 
on historical data and mathematical relationships rather than on the 
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underlying emotive decision-making processes. Models find it difficult 
to account for these behavioral factors.

•	 Regulatory changes: A forecasting model can be subject to regulatory 
frameworks. If we are developing or using the same, we need to ensure 
that the models comply with these regulations. As regulations change, 
we must be vigilant that the models developed earlier remain compliant 
with the altered regulations.

•	 Market structure: Markets are often complex systems with intercon-
nected players operating under different operating and regulatory 
structures. Each of these players may have different motivations, risk 
appetites, and strategies. ML models must account for these complexi-
ties, which may be difficult due to the diverse and sometimes conflicting 
behaviors of market participants.

This discussion not only holds good for forecasting using time series but 
is also useful while designing models developed for various purposes using 
different techniques in this book and in real life.

ML tools library for time series forecasting

There are various ML libraries that are useful in time series forecasting. Let 
us learn about one of the most popular libraries for time series forecast-
ing – Prophet.

Prophet is an open-source time series forecasting tool developed by 
Facebook. It works on time series data including those that exhibit strong 
seasonal patterns, holiday effects, and potential missing values. It requires 
minimal data preprocessing, and it is robust to outliers and missing data. 
Prophet automatically detects seasonal trends and allows users to include 
custom holiday effects for more accurate predictions.

In the next section, we will see the application of this library for forecasting 
revenue, expenses, or cash flows. The detailed code can be found in the code 
repository. This library may not be installed in your development framework, 
and you may have to install the same by running the following command:

pip install prophet

We can also do basic forecasting by using standard functions in  
Pandas and NumPy. Libraries like sklearn and statsmodels can be 
used for regression analysis and ARIMA-based models. We will show you 
their use in the next section. We must note that new libraries keep coming 
up, and existing ones get updated. So please feel free to experiment with 
other libraries too, keeping in mind the cautions and the purposes of use 
that we have discussed earlier.
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Forecasting revenue, expenses, and cash flows

Three of the most common candidates for forecasting are revenue, ex-
penses, and cash flows. However, for any forecasting tool these are mere 
numbers. Change of the label of the number like revenue, expenses, or 
cash flows does not affect the program methodology and its output. Fore-
casting them also forms an important pillar for budgeting. We will now 
discuss how Prophet and other library functions can be used for financial 
forecasting.

Forecasting using Prophet

This code (prefix 0201) can be used to forecast revenue using the Prophet 
model. You can download the code from the repository and customize it 
without rewriting any code. However, to be able to customize and use the 
code, we need to understand the code structure. Please note that the mini-
mum requirement of data is that it must have a date and corresponding 
values.

The code is split into the following six sections:

•	 Import libraries: In this section, the required libraries are being 
loaded. You will find we are loading pandas, Prophet, matplot-
lib, sklearn, and NumPy libraries. Prophet is the forecasting 
model, matplotlib has been used to plot forecast values, and 
sklearn has been used for computing model validation metrics. 
Pandas is used for data management, while NumPy is used for nu-
merical operations.

•	 Customize: In this section, we will specify our customization details. We 
will provide the following:

○	 Name of our data file in CSV format.
○	 Names of the columns that contain the date and values that we will 

forecast.
○	 Value for the uncertainty interval. A  Prophet forecasts a range 

within which the forecast values are likely to lie. This suggests that, 
given the data and the model, 95% of the future forecast values 
(across many samples) are likely to lie within the interval. The higher 
the value, the wider the range will be.

○	 Name of the file under which we will save the forecast values.
○	 Name of the JPG file to save the plot.

	   Apart from this, there is another customization option available under 
the section where we prepare data for Prophet. The relevant lines from 
the code are given here with the values we need to provide italicized.
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# Customize your application

#name of the file where you have historical data  
myfile = ‘0201 Revenue_day.csv’

#Identify the columns in the data file which has the date 
and values

date_column = ‘Date’  
value_column = ‘Revenue’

# Specify the uncertainty interval  
my_interval = 0.95

#Name the file where you want to store the forecast values
forecast_file = ‘0201 forecasted_revenue.csv’

#Name the jpg file where you want to save the plot  
myplot = ‘0201 forecast_plot.jpg’

•	 Load data and preprocess: This section loads the data for further pro-
cessing. At this stage the code also converts the date format used in the 
spreadsheet to datetime format used by Python. The date field in the 
historical data is in DD-MM-YYYY format. Any changes in this date 
format may require modification of the code.

•	 Prepare data for Prophet: The date and value columns are renamed 
to ds (date) and y (value), which are the required column names for 
Prophet. The Prophet model is then initialized, model fitted, and 
a forecast made. In this section, you will find an option to specify the 
number of days you want the forecast. We have kept a default value. 
You may change as per your requirement. Please note that the duration 
of the forecast will depend on the volume and quality of the histori-
cal data provided. If the data is highly volatile, it is better to choose a 
shorter duration for forecasting.

# Create a future dataframe for predictions  
(e.g., next 50 days)

future = model.make_future_dataframe(periods=50)

•	 Plot the forecast: This section plots the forecast and historical values, 
clearly demarking the date from which the forecast starts. It shows the 
historical values, forecast values, and uncertainty interval. If you want, 
you can change the legends that appear on the chart by replacing them 
in the code with the ones you prefer.

•	 Evaluate the model: Here, we compute two metrics to measure the mod-
el’s performance, which are MAE and RMSE.
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Once you run the model, you will have two outputs. One is a spreadsheet 
containing the forecasted values, and the other is a graphics image of the 
plot. The spreadsheet will have four columns: ds – the date, yhat – the fore-
casted values, yhat_lower and yhat_upper – the lower and upper bounds 
of forecasted values.

The forecast plot is a visual representation of these data along with the 
historical values till wherever available (Figure 2.1).

Please note that Prophet has different functionalities for addressing 
non-linear trends, seasonality, and cyclicality. In this book, we have used a 
different tool to measure them.

Forecasting using moving average

This code (prefix 0202) will use different moving averages to forecast val-
ues of revenue. Let us understand the code and see what the customization 
requirements are. There are eight sections in this code. Let us have a look at 
the sections and understand their functions. The complete code is available 
in the code repository.

•	 Import libraries: This section will load the necessary libraries. The li-
brary that we have not used earlier is statsmodels. This model is 
used to estimate different statistical models, as well as for conducting 
statistical tests, and statistical data exploration.

Figure 2.1  Plot of historical and forecast values generated by Prophet
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•	 Customize: In this section, we will specify our customization details. We 
will provide the following:

○	 Name of our data file in CSV format.
○	 Values/periods of two moving averages we plan to compute. We have 

used default values, which you can change.
○	 Name of the file where the forecast will be saved in CSV format.
○	 Name of the JPG file where you want to save the plot.

	   The relevant lines from the code are given here with the values we 
need to provide italicized.

#name of the file where you have historical data  
myfile = ‘0201 Revenue_day.csv’

#days in first moving average ma1_day = 30

#days in second moving average ma2_day = 90

#Name the file where you want to store the forecast values
forecast_file = ‘0202 forecasted_revenue_ma.csv’

#Name the jpg file where you want to save the MA plot  
myplot = ‘0202 ma_plot.jpg’

#Name the jpg file where you want to save the plot of the 
forecast and actual

predplot = ‘0202 pred_plot.jpg’

	   If your historical data set is very large and you want to use only a 
portion of it, you can specify it under the “Load data and preprocess” 
section. You can also specify the type of moving average you want to 
compute in the “Calculate moving average” section. Another customi-
zation option is available in the section “Forecast using moving aver-
ages,” where we can specify how many days of historical data we should 
use to forecast.

•	 Load data and preprocess: This section loads the specified data for pro-
cessing. The code ensures that the date format is in line with the require-
ments of Python. In addition, it sets up the date as an index field. This 
chronologically organizes the data, a necessary condition for computing 
moving averages. If we want to use a part of the data to compute the 
moving averages, we can specify it in this section. Look out for the fol-
lowing code:

#If we want to use some limited number of days  
#df=df.tail(200)
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	   We will remove the hash {#} sign from the code line and specify the 
latest number of days we want to use in the model. If we want to use the 
latest 200 days, the code will look like

df=df.tail(200)

	   If we want to use the complete data set, please ensure that the # sign 
is not removed from the beginning of the line of code.

•	 Calculate moving averages: This section computes moving averages, 
and we can specify if we want to compute a SMA or an EMA. In the 
code, you have three sections, A, B, and C, for computing simple aver-
ages, exponential moving averages, and weighted moving averages. Let 
us have a look at the structure of the code. The arrow signs are not a 
part of the code.

# Calculate moving averages

#Section A: Simple moving average 
#‘‘‘
# Computing two simple moving averages
df[‘MA_1’] = df[‘Revenue’].rolling(window=ma1_day).mean() 
df[‘MA_2’] = df[‘Revenue’].rolling(window=ma1_day).mean()
#‘‘‘
# End of section A

#Section B: Weighted moving average  
‘‘‘
<Detailed code>
‘‘‘
# End of section B

#Section C: Exponential moving average  
‘‘‘
<Detailed code>
‘‘‘
# End of section C

	   You must have noticed that there are three sections – A, B, and C. 
Each section is marked by a heading “#Section” and a footer “#End of  
section.” Just following the header and preceding the footer, there are 
three single quotes (’’’), identified by the arrow sign. Naturally, these 
arrow signs are not part of the code. You will find that in the first sec-
tion, these three single quotes at the beginning and end of the section 
are preceded by a # sign. This means that this section will be processed. 
The sections where these single quote series are not preceded by the # 
sign will not be processed. All you need to do is put the # sign in front of 
the header and footer single quote sequences of the section you want to 
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process. Please ensure that the sections you do not want to process are 
without the # sign in front of the header and footer sequence of single 
quotes. A common error is not having the # sign in both the header and 
footer, so be careful.

•	 Plot moving averages: This section will plot the moving averages along 
with the plot of the original data. You will be able to visualize the extent 
to which the moving averages could smooth the original data. If you 
want to change any legend that appears on the plot, you can simply 
replace it in the code. This plot is also saved in a graphics file.

•	 Forecast using moving averages: This is an interesting section where we 
train a selected model using past data and make forecasts. The first step 
here is defining the data we plan to use. If we are fine with the entire 
data set, we do nothing here, we specify the number of days of data we 
intend to use. This is common when the entire data set is not representa-
tive of the current situation. The relevant code here is

# Use only the last specified days of data  
df_pred = df.tail(100)

	   We will provide a numerical value representing the amount of the 
latest data we will use. If we want to use the entire data set, replace this 
line with

df_pred = df

	   Now we need to specify what part of the data will be the basis for 
training the forecasting model. Before we come to the code, let us un-
derstand what training means. This is the process where an ML model 
learns patterns from a dataset. During training, the model is provided 
with input data (features) and corresponding output data (target or la-
bels). Once the model is ready, we predict the values using the balance 
part of the data, that is, the historical data that was not used for train-
ing. The model has not seen this data before.

	   However, this is also historical data, and we know the real values. 
The model would predict the values, and we will compare those with 
the actual values to see how good the model is working. This is called 
testing. If the model performs well on the training data but poorly on 
the test data, that may be a case of overfitting, memorizing the training 
data but failing to generalize. Let us look at the code now.

# Split the data into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, 
test_size=0.2, random_state=42)

	   You can see the parameter “test_size=0.2.” This means that 20% 
of the historical data will not be used for training and is reserved for 
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testing. Inquisitive about the next component – random_state=42? Well, 
providing a value here means that the split will be consistent any time 
you run the code.

	   The split randomly shuffles and splits the dataset into training and test 
data. We have provided the random number generator with a seed value 
of 42. This would ensure that every time the code runs, we will get the 
same split of the training and test data. This is necessary as we want the 
model to be replicable. However, you can use any integer value instead 
of 42. We will come across this “train and test” approach in some of the 
other applications.

	   This code uses a linear regression model for forecasting. We can also 
use other models. In that case, we will have to ensure that the appropri-
ate model library is loaded, and the code is changed to use that model. 
Here are some examples:

	   Using decision tree to capture non-linear relationships.

from sklearn.tree import DecisionTreeRegressor  
model = DecisionTreeRegressor()  
model.fit(X_train, y_train)

	   Using Random Forest, a more robust model, averages results from 
individual trees to reduce overfitting.

from sklearn.ensemble import RandomForestRegressor
model = RandomForestRegressor()  
model.fit(X_train, y_train)

	   Using K-nearest neighbors (KNN), a non-parametric method that 
uses the average of the nearest data points to make predictions.

from sklearn.neighbors import KNeighborsRegressor  
model = KNeighborsRegressor()
model.fit(X_train, y_train)

	   Using Prophet for forecasting with daily or seasonal data.

from fbprophet import Prophet  
model = Prophet()  
model.fit(df_train)

•	 Plot actual and predicted: In this section, we are plotting the actual  
values with the values predicted by the model. The plot is also saved to 
the file named in the “Customize” section. You are free to change the 
legends appearing on the chart by replacing them in the code.

•	 Evaluate the model: This section computes two performance metrics for the 
model – MSE and R2. We will be discussing these metrics in a later section.



44  AI in Financial Decision Making

The model computes moving averages and generates plots for the actual 
value of revenue and the moving averages.

Surely, you can observe that the plot has become smoother as the num-
ber of days used to compute the moving average increases (Figure 2.2). 
However, smoothing does not always mean the prediction based on these 
moving averages will be more accurate. Moving averages can be very use-
ful where the data is stationary or we are looking at short-term trends. 
Note that moving averages are lagging indicators; they are slow to respond 
to recent changes.

You might have observed that the predicted value is different from the 
actual value (Figure  2.3). It is extremely unlikely that these values will 
coincide. Prediction models seek to reduce the gap, but in reality, cannot 
remove the same. The model performance metric gives us an idea about 
how good the model is for use.

Decomposing time series into trend, seasonality, cyclicality, and others

This code (prefix 0203) can be used to decompose time series data into 
trend, seasonality, cyclicality, and random noise. The code has sections 
performing different functions.

•	 Import libraries: We have loaded the necessary libraries in this section. 
The new libraries used here are warnings, datetime, and SciPy. 
The warnings module issues warning messages in Python, datetime 
allows the code to handle date and time functions in different formats 
and perform mathematical operations, while SciPy is used for scientific 
and technical computing.

Figure 2.2  Plot of actual values with two moving averages
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•	 Customize: As earlier, we will be providing the customization param-
eters here. We will be customizing the following:

○	 Name of our data file in CSV format.
○	 Names of graphics files for saving the plots of decomposition, trend, 

seasonality, cyclicality, and residuals.

	 Here are the relevant codes with the parameter values italicized.

#customize your application

#name of the file where you have historical data  
myfile = ‘0203 Revenue_month.csv’

#Name the jpg file where you want to save the  
decomposition plot

my_decomp_plot = ‘0203 decomp_plot.jpg’

#Name the jpg file where you want to save the trend plot  
my_trend_plot = ‘0203 trend_plot.jpg’

#Name the jpg file where you want to save the seasonality 
plot
my_season_plot = ‘0203 season_plot.jpg’

Figure 2.3 � View of the plot of actual values with values predicted based on 
moving averages
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#Name the jpg file where you want to save the cyclicality 
plot
my_cycle_plot = ‘0203 cycle_plot.jpg’

#Name the jpg file where you want to save the residual 
plot
my_residue_plot = ‘0203 residue_plot.jpg’

•	 Load data and preprocess: In this section, we have loaded the data. We 
have also ensured that the date is in a Python-compliant format and 
indexed on the date column. In case you do not want to use the full 
dataset, you can use a portion of the same by tweaking this code here.

#If we want to use some limited number of days  
#df=df.tail(200)

	   You must remove the hash (#) sign from the beginning of the second 
line and provide the numerical value of the latest number of data points 
you want to use. The revised code will look like

df=df.tail(200)

	   Please remember to restore the # sign if you want to use the full 
dataset.

•	 Time series decomposition: This section decomposes the time series into 
trend, seasonality, cyclicality, and residual, and presents a comprehen-
sive plot of those. The plot is also saved for your use. The dataset may 
have annual data, but not all days may be working days. Considering 
365 or 366 days in the dataset to make a year would be erroneous. In 
this code, you can provide the number of working days in a year or sim-
ply put approximately how many consecutive records make up one year.

# Decomposing to find seasonality with a yearly  
periodicity (Annual working days)
result = seasonal_decompose(base_values,  
model=‘additive’, period=252)

	   Provide the number of days to denote an annual dataset against the 
period parameter.

•	 Plot and understand trend: In this section, we are separating the trend 
element from the time series data. It gives us the direction of the data 
points over time. The trend is visually represented, and the plot is saved 
in a graphics file for future use.

•	 Plot and understand seasonality: The seasonality component of the time 
series data is separated and plotted in this section. The plot is also saved 
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as a graphics file. The plot helps in identifying the regular seasonal be-
havior in the data, which is important for forecasting, making decisions 
related to market trends, or developing predictive models. The seasonal 
component represents the recurring cycle, and it can be averaged or 
normalized to show the periodic pattern across years.

•	 Plot and understand cyclicality: Cyclicality is also a component of 
time series. This section computes cyclicality from the data, plots the 
same, and saves it for future use. We have used the Fourier transform 
to assess cyclicality (or periodicity) in time series data. It transforms 
the data from the time domain to the frequency domain, thus helping 
identify dominant periodic patterns, trends, or cycles that may not be 
immediately apparent. The plot uses frequency and amplitude as two 
axes. The horizontal axis represents frequency, indicating how often 
certain cycles or periodic movements occur in the data. The higher the 
frequency, the more rapidly the changes are repeated in the time series. 
The vertical axis shows the amplitude or strength of each frequency. 
The larger the amplitude, the more significant that frequency compo-
nent is in the time series. A strong low-frequency component would 
mean that values are largely driven by long-term trends rather than 
short-term fluctuations.

•	 Plot and understand residuals: The final component of time series is the 
residuals. This section computes residuals, then plots and saves them as 
a graphics file. Residuals are the differences between the model’s pre-
dicted values and the actual observed data. Positive residuals (above 
zero) indicate that the model’s prediction is lower than the actual ob-
served value, signifying that the model underestimated the value. Nega-
tive residuals (below zero) indicate that the model’s prediction is higher 
than the actual observed value, a case of overestimation. The vertical 
axis measures the magnitude and direction of prediction errors (residu-
als) over time. Ideally, the residuals should resemble white noise, which 
is characterized by random fluctuations with no discernible pattern. 
This would happen when the model captured the underlying patterns 
in the data. A pattern or non-random fluctuations or the presence of 
large outliers or clustering would indicate that the fit of the model is not 
optimal. This may call for a review of the model and the consideration 
of the use of other explanatory variables.

Interpreting forecast outputs and linking  
with budgeting processes

Now we have various models that we can use to forecast. We have also 
seen how to decompose time series data to better understand the underly-
ing trends, seasonality, cyclicality, and residuals. The question now arises 
on how to interpret the output and put it to use.
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We have seen visual representations of the forecast using Prophet and 
moving averages. These plots are easy to understand and give us a better 
grasp of the nature of the underlying data. Let us discuss some of the out-
puts and how they can be used to improve the budgeting process.

•	 Forecast plot: The plot of forecasted and actual values gives us an idea 
about how well the model is performing, which will be useful in the 
context of using forecasted data. If the differences between forecasts 
and actuals are too wide, it may not be useful for budgeting. This would 
mean we will have to look for alternative models for forecasting.

•	 Trend and seasonality: While trend is a long-term phenomenon, sea-
sonal components in the data may require us to adjust the budget based 
on anticipated fluctuations within the budget period. Trends will bring 
out the inherent direction, while seasonal elements will allow us preci-
sion within the period.

•	 Uncertainty interval: For a financial decision-maker, the uncertainty in-
terval represents the area where most of the forecast is likely to lie. This 
can be used for scenario planning or defining what could be treated 
as extreme events. Please do not confuse this with probability. An un-
certainty interval of 0.95 means that 95% of the values that may be 
drawn from various samples of forecast values are likely to lie within 
that boundary. Probability, in this case, is related to uncertainty about 
the model parameters, which is confirmed by past values; here we are 
using predicted values to define the range. If you have heard the term 
confidence interval, it typically refers to the probability that the true 
value of a forecast (or parameter) will fall within a given range based on 
repeated sampling.

•	 Moving averages: They help in smoothing out short-term volatilities, 
making them useful for long-term prediction. Moving averages can 
help us in forecasting trends, but they would not give us values to base 
our budget on. This trend would be useful for guiding future spending 
allocation.

•	 Model performance metrics: We have used the following model perfor-
mance metrics in our code.

○	 Mean Absolute Error (MAE): Measures the average magnitude of 
errors between predicted values and actual values, providing insight 
into the accuracy of the model. It calculates the average of the abso-
lute differences between predicted and observed values. For example, 
if the MAE is 7, it means that on average, the predictions are off by 7 
units from the actual values. But note that MAE is scale-dependent. 
Hence, before you comment on two different MAEs, please consider 
the scale, or you may even normalize it by dividing it by the range or 
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mean of the target. This turns MAE into a relative error, making it 
easier to compare across different problems or scales.

○	 Mean Squared Error (MSE): It measures the average of the squared 
differences between the actual and predicted values. MSE penalizes 
larger errors more heavily than smaller ones because the errors are 
squared. While squaring solves the problem of positive and nega-
tive deviations being set off against each other, it also makes MSE 
very sensitive to large discrepancies in predictions. Larger errors get 
more weightage, which makes it sensitive to outliers. If you have 
a cost forecast and the price was extremely high in one period be-
cause of scarcity, MSE will give that a higher weight. MSE is also 
scale-dependent, and the squaring makes it difficult to relate the value 
to the base figures. To interpret MSE in the same unit as the original 
data, you can use RMSE, which is the square root of MSE.

○	 R-squared: This is also known as the coefficient of determination. 
R-squared is a widely used model performance metric, especially for 
regression models. It provides a measure of how well independent 
variables explain the variation in the dependent (the target) variable. 
The value may range from 0 to 1. R2 = 1 means a perfect fit – the 
model explains 100% of the variance in the target variable. A zero 
value means that the model explains none of the variance in the target 
variable. R2 can be negative if the model is worse than even a simple 
mean model. No fixed cutoff value of R2 can be used for model ac-
ceptance. It will depend on the nature of the data. For example, R2 in 
social science may be low, while in business forecasting, it could be 
higher.

○	 Mean Absolute Percentage Error (MAPE): This is a widely used 
metric for evaluating the accuracy of a predictive model, including 
forecasting. It measures the average absolute percentage difference 
between the actual values and the predicted values. Unlike MAE 
or MSE, which are expressed in the same units as the target vari-
able. MAPE expresses errors as a percentage of the actual values. 
It directly indicates how much off the predictions are in terms of 
percentage.

	   This makes it easier to understand and compare across different 
datasets or models.

The quality of forecasting models will decide whether we can use the pre-
dicted values as the basis of our budgeting. We should remember that the 
use of forecasting tools is not limited to budgeting. There are forecasting 
models that focus on states – for example, will the borrower repay, will 
the customer buy, customer churn, extreme weather events, fraud detec-
tion, and so many more. We will introduce some of these tools later in 
this book.
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Automated budget variance analysis

Budgets are often known as a tool for both planning and control. We have 
seen the planning component in the earlier section. Let us now review the 
control aspect.

Once a budget is accepted and implementation starts, the budgeted fig-
ure becomes a benchmark for control. One of the great tools of budgetary 
control is variance analysis – the difference between the budgeted values and 
actual values for the same level of activity and environmental characteristics. 
We need to remember that the budgets are based on some sets of assump-
tions. If those assumptions change, the performance values will not be the 
same as the budget. At this stage, we must be clear about one thing. Budget 
variance does not necessarily mean someone is accountable. The changes 
may be because of macroeconomic events, changes in customer preference, 
and many other factors that are often beyond the control of those involved in 
developing the budget. We need to identify and analyze the budget variance.

To compute budget variance, we will need to decompose the accounted 
values into two components – quantity and unit values. Thus, in the case 
of revenue, we need unit price and units sold; in the case of cost of power, 
we need units consumed and cost per unit, and similar.

Traditionally, financial control is mostly made at the level of total cost 
or total revenue, that is, at the highest aggregated level. While at this level, 
we may be able to detect variance; there can be situations where this may 
go undetected.

Consider the following situation faced by a small pizzeria in New York:

Budgeted revenue: $11,000, comprising 1,000 units to be sold at $11 each
Actual revenue: $11,000, comprising 1,100 units to be sold at $10 each

You can see that at the aggregated level, there is no variance – budgeted 
value has been achieved. But a closer look shows there are variances at the 
component level. If the pizzeria could have sold at a budgeted price of $11, 
it would have earned $12,100. But before we proceed to discussing budget 
variance, let us take a quick look at some other major concepts and termi-
nology in the budgeting process:

•	 Standard: These are the base figures on which the budget is developed. 
The process of variance analysis is built around these values. Different 
organizations adopt different measures to decide on the standard. Some 
adopt what has been achieved in the past as standard, others regard the 
engineering standard as the base, while some may even base the stand-
ards on the advice of experts. The core focus should be a basis which is 
optimal for the circumstances and does not entertain underperformance.

•	 Tolerance: Budgets are financial estimates, while actuals are business 
performances. These two values would rarely match, and there will 
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always be some variance. These variations are only normal and do not 
signify any excellence or failure in performance. In some cases, normal 
deviation may be 5%, and, in some cases, it may be 0.1%. This depends 
on the nature of the industry. For example, in the case of the jewelry 
business, the deviation must be the minimum possible, considering the 
high cost of the material. The same may not be true for an ice cream par-
lor, where a variation of two scoops may not be material. In most cases, 
normal deviation will be factored into the price, and hence, reporting the 
same would not perform any control function. Thus, in decision-making, 
variance will be defined as only those beyond the tolerance limit.

•	 Standard for actuals: This is an important component of variance analysis. 
This is where we convert the budget or the standard for estimates to the 
standard for actuals. We use the quantity achieved and the standard prices 
to arrive at the standard for actuals. This signifies what could have been 
the revenue or cost if we had the budgeted price or cost at the actual vol-
ume achieved. This allows us to have the first sub-level of variance analy-
sis. Let us use the earlier example of the pizzeria and compute variances.

	 A: Budgeted revenue: $11,000, comprising 1,000 units to be sold at 
$11 each 

	 B: Actual revenue: $11,000, comprising 1,100 units to be sold at $10 each
	 C: Standard for actual: $12,100 – actual quantity (1,100) × standard 

price ($11)

	 Budget variance (The outer layer): A – B = 0; No variance
	 Now we break this into price and quantity variance, the first sublayer. 

Price variance: B – C: (11,000 – 12,100): (1,100) Adverse
	 Quantity variance: C – A: (12,100 – 11,000): 1,100 Favorable

	 At this level, we can see that the sales team did a good job by selling 
more than expected. But the pricing team did not get the price correct. 
If we want to reconcile this method with a detailed formula approach, 
here we are.

	 Price variance:

  = (Actual Price – Standard Price) × Actual Quantity
  = (Actual Price × Actual Quantity) – (Standard Price × Actual Quantity)
  = Actual Revenue – Standard for actuals

	 Quantity Variance:

  = (Actual Quantity – Standard Quantity) × Standard Price
  = (Actual Quantity × Standard Price) – (Standard Quantity × Stand-

ard Price)
  = Standard for actuals – Budgeted
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	 Total variance:

  = Price Variance + Quantity Variance
  = (Actual – Standard for actuals) + (Standard for actuals – Budgeted)
  = Actual – Budgeted

	   So, there we are! Both formula-based and rule-based approaches lead 
to the same values for budget, price, and quantity variances. Computa-
tionally, the standard for actual value allows us to classify total budget 
into price variance and quantity variance.

Inefficiencies in manual variance analysis

When performing a variance analysis manually, we restrict ourselves to the 
top level and in the earlier example, we have seen a serious limitation of it. 
However, as we go down to the next level, the computations become com-
plex. Every layer we add, the computations will become more complex.

In the example used, we considered one product that contributed to the 
total revenue. In any business, we are likely to have multiple products that 
will add up to the total revenue. Let us consider a café selling coffee and 
cookies in Edinburgh.

The budgeted revenue of the café is £70,000, comprising:

Coffee: 10,000 cups at £4: £40,000  
Cookies: 10,000 pieces at £3: £30,000
If we compute the unit revenue, it will be £70,000 / 20,000 = £3.5

Let us consider the actual sales were £71,000, comprising:

Coffee: 11,000 cups at £4: £44,000  
Cookies: 9,000 pieces at £3: £27,000
If we compute the unit revenue, it will now be £71,000 / 20,000 = £3.55

Note that the unit price and total volume have not changed; what has 
changed is the mix. The budgeted mix of coffee and cookies was equal; the 
actual mix was 11:9.

This mix has caused the difference. In this case, we can argue that we will 
compute the variance separately for coffee and cookies. That is possible be-
cause both are independent products, and we can add the product-wise price 
and quantity variance to show the total product and total quantity variance.

The price variance is zero for both coffee and cookies, as the prices have 
remained the same. We will only have quantity variance.

Quantity Variance (Coffee): (11,000 − 10,000) × £4 = £4,000  
Quantity Variance (Cookie): (9,000 − 10,000) × £3 = (−) £3,000

Total budget variance of £1,000 (£71,000 – £70,000) is explained by favora-
ble price variance of £4,000 and adverse quantity variance of (−) £3,000.
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Let us now look at an example where the mix variance computation 
becomes complex. Consider an ice cream parlor in Dubai selling sundaes, 
with the following cost estimate:

The Dubai ice cream parlor expects to sell 10,000 sundae cups. To make 
them, they need 20,000 scoops of ice cream costing AED 6 per scoop and 
10,000 spoonsful of nuts costing AED 3 per spoon. So, the total budgeted 
cost is = (20,000 × 6) + (10,000 × 3) = AED 150,000.

The parlor sold 12,000 cups of sundae in the budgeted period. It records 
that they have used 23,500 ice cream scoops costing AED 152,750 and 
12,200 spoonsful of nuts costing AED 35,380. The total cost of making 
those 12,000 cups of sundae was AED 188,130.

We can now see that the computation is becoming more complex be-
cause the standard quantity is also linked to the mix.

This situation becomes more complex as the number of items increases. 
Manual computation, using tools like spreadsheet, becomes arduous. It be-
comes difficult to compute the detailed level. Let us see the computational 
steps.

Step 1: Collect the budgeted and actual values (Table 2.5).
Step 2: We will now compute the standard cost for actuals and the stand-

ard mix for actuals (Table 2.6). Standard cost for actuals is computed by mul-
tiplying the actual quantity by the standard price. Standard mix is obtained 
by distributing the actual total quantity across all materials in the ratio that 
each raw material enjoys with the total raw material quantity in the budgeted 
cost. The standard mix for actuals for ice cream is given by (12,000/18,000) 
× 35,700 = 23,800. In both tables, we will be using the budgeted unit cost.

Table 2.5  Budgeted and actual costs for producing 12,000 sundaes

Costs in AED A: Budgeted Cost B: Actual Cost

Units Cost/Unit Total Cost Units Cost/Unit Total Cost

Ice-cream 24,000 6 144,000 23,500 6.5 152,750
Nuts 12,000 3 36,000 12,200 2.9 35,380

36,000 180,000 35,700 188,130

Table 2.6  Computation of standard for actuals and standard mix for actuals

Costs in AED A: Standard for actuals B: Standard mix for actuals

Units Cost/Unit Total Cost Units Cost/Unit Total Cost

Ice-cream 23,500 6 141,000 23,800 6 142,800
Nuts 12,200 3 36,600 11,900 3 35,700

35,700 177,600 35,700 178,500
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Step 3: At this stage, we have enough information to compute the vari-
ance for the top and the next immediate layer. Here they are:

•	 Budget Variance: Budgeted cost (Table 2.5 A) – Actual cost (Table 2.5 
B) = AED 180,000 – AED 188,130 = AED 8,130.

•	 Material Price Variance: Standard for actual cost (Table 2.6 A) – Ac-
tual cost (Table 2.5 B) = AED 177,600 – AED 188,130 = AED (–) 
10,530

•	 Material Usage Variance: Budgeted cost (Table 2.5 A) – Standard 
for actual cost (Table  2.6 A)  = AED 180,000 – AED 177,600   
= AED 2,400

Step 4: We will now go down one further layer and compute material 
mix and yield variance (Table 2.7). This is a segmentation of material us-
age variance. Material mix variance is computed by multiplying the unit 
consumption under the standard mix for actuals (Table 2.6 B) less the unit 
consumption under the standard for actuals (Table 2.6 A) by the standard 
price. The yield variance is computed by multiplying the unit consumption 
under the Budget (Table 2.5 A) less units consumed under the standard mix 
for actual (Table 2.6 B) by the standard price.

The material mix variance is AED 900; the material yield variance is 
AED 1,500, adding up to the total material usage variance of AED 2,400 
computed in Step 4.

We can see how challenging it may be to compute the third level manu-
ally. One would need some extent of automation, be it by using a spread-
sheet or by coding the same. A copy of the spreadsheet is available in the 
code repository.

ML tools to automate data manipulation and variance 
calculations

Application of ML in variance analysis can be made in a few ways:

Table 2.7  Computation of material mix and yield variance

Costs in AED A: Material Mix Variance B: Material Yield Variance

Cost/ Cost/ Total Cost
Units Unit Total Cost Units Unit

Ice-cream 300 6 1,800 200 6 1200
Nuts –300 3 –900 100 3  300

  0  900 300 1500
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Computing variance

This would involve using a Python code to automate the variance compu-
tation process. We do not need any major libraries for the computation. 
This would naturally be a post-mortem activity, as we will need data on ac-
tual performance. Depending on the number of elements of variance analy-
sis, we may find it convenient to compute variance using the spreadsheet 
provided in the code repository. We may need to insert rows for additional 
components in the spreadsheet. We have also provided sample Python code 
in the code repository (prefix 0204). The code and the spreadsheet use the 
same data. Let us discuss various sections of the Python code:

•	 Import libraries: In this section, we are loading the necessary libraries. You 
will notice that the libraries are standard ones that we have used earlier.

•	 Customize: In this section, we will provide the values for customizable 
parameters. We have considered two types of material here. The code 
needs to be amended slightly if you have more than two materials. Cus-
tomization includes the basic information about budget and actual per-
formance, and the following other parameters.

○	 The currency of transactions
○	 Names of the files to save variance reports, stacked bars, and pie 

charts of computed variances
○	 Names of the materials
○	 Cost information, often known as a cost sheet
○	 Production unit that is the unit produced under the standard cost 

sheet and the actual units produced
○	 Budgeted and actual values of usage and costs

	   The relevant lines from the code are given here with the values we 
need to provide italicized.

# Define the variables for budgeted and actual data

# Which currency are you using  
mycurrency = ‘AED’

# name the file to save the variance report  
myfile= ‘0204 variance_report.csv’

# name the file to save the stacked bar chart  
mybarchart = ‘0204 variance_stacked.jpg’

# name the file to save the pie chart  
mypiechart = ‘0204 variance_pie.jpg’
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# Provide the names of the materials  
material_1 = ‘Ice-cream’
material_2 = ‘Nuts’

# Provide standard cost information  
base_production_unit = 10000
base_material_1_usage = 20000
base_material_2_usage = 10000

# Provide budgeted usage and cost information about the  
materials
budgeted_production_unit = 12000
budgeted_material_1_cost_per_unit = 6
budgeted_material_2_cost_per_unit = 3

# Provide actual usage and cost information about  
the materials
actual_material_1_units = 23500
actual_material_1_cost_per_unit = 6.5
actual_material_2_units = 12200
actual_material_2_cost_per_unit = 2.9

•	 Compute base data for variance analysis: This is the initial computation 
section. Here we compute the necessary values for the budget and actual 
performance using the data provided.

•	 Compute additional data for variance analysis: In this section, we are 
computing the standard values for actual capacity along with the stand-
ard material mix for the actual production level. That information will 
allow us to go deeper than the top layer of variance analysis in the 
next step.

•	 Compute variances at the top and first layer: The top-level variance, that 
is the budget variance, is computed at this level. Then it goes ahead to 
split into price and usage variance.

•	 Compute variances at detailed layers: This section decomposes the us-
age variance into mix and yield variance. Mix variance focuses on the 
proportion of materials used compared to the standard material mix. 
Yield variance focuses on the input–output ratio and compares the ac-
tual material productivity against the budgeted output expected from 
those inputs.

Forecast variance

We can also use forecasting techniques to predict variance. We can identify 
variables which we feel can influence the variance and then forecast future 
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variance. If we can observe from past variances a pattern matching time 
series, we can use time series forecasting tools to predict variance. We have 
discussed these techniques in the earlier section of this chapter.

Creating scenarios

We can also try to forecast a range of values of components of variance 
analysis like price and quantity. Various scenarios can be created, and we 
can use those values to predict a range for likely variances. We have dis-
cussed scenario creation in a subsequent section of this chapter.

Generate variance reports and visualizations

The final three sections of the code (prefix 0204) generate the variance 
report and visualize the same. These sections are:

•	 Saving the variance values in a CSV file: In this section, we save the 
variances computed at the top layer and inner layers in a specified file 
in CSV format. We store the values of budget variance, price variance, 
usage variance, material mix variance, and material yield variance for 
all materials.

•	 Visualize variance – Stacked bar: We design stacked bar chart for each 
material as well as aggregate material. The bars are stacked with val-
ues of price variance, mix variance, and yield variance. The plot is also 
saved in a specified graphics file for use with other reports.

•	 Visualize variance – Pie chart: This section plots the total variance as 
a pie chart to understand the relative importance of the three vari-
ances – price, mix, and yield. We need to note that the pie chart is drawn 
using absolute values of the variances. The negative values are denoted 
in red. In case there is more than one negative value, all will be in red. 
The actual values are stated in the legend. This plot is also saved in a 
specified graphics file for use in various reports.

The charts and the spreadsheet file would act as a base for variance re-
ports and visualization requirements. The variance values can be drawn 
from the spreadsheet and incorporated into management reports. One can 
even automate the management report for variance analysis, but that may 
not be a great value addition since the variance report would also contain 
management action points. These action points need not necessarily have 
a standard format.

The format in which the spreadsheet stores the variance reports is shown 
in Figure 2.4.
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Enhanced real-time monitoring of financial performance

Use of the ML-based techniques discussed in the context of forecasting, 
budgeting, and variance analysis would allow modern businesses to achieve 
more accurate and quicker reports. It will assist in dynamic monitoring 
of financial performance, providing real-time insights into financial health 
and aiding the decision-making processes. ML algorithms can process vast 
amounts of historical financial data, identify patterns, and generate accu-
rate predictions for future financial performance. This enables forecasting 
revenue, expenses, and cash flows objectively and accurately. Normaliza-
tion of data and continuous learning ability of ML models are extremely 
useful under changing market conditions. This ability improves forecasting 
reliability over time using relevant past data.

In case of the budgeting process, ML tools can automate the alloca-
tion of resources based on predictive analytics. These tools use historical 
financial data, market trends, and other relevant inputs to provide more 
accurate and flexible budgeting outcomes. It can also incorporate the in-
fluence of relevant factors while predicting financial performance and de-
veloping budgets. Real-time monitoring also allows businesses to adjust 
their budgets dynamically, making them more responsive to changes in 
the business environment. ML-based tools can conduct variance analysis 
in real time, comparing actual financial performance against forecasted or 
budgeted figures. Early identification of variances allows organizations to 
address issues promptly, leading to better financial control. Detailed vari-
ance analysis can also assist in determining the root causes of variances. 
In addition, these tools allow forecasting of variance after factoring in the 
influences of relevant market variables.

We must note that ML-based tools are not the only way to achieve these 
betterments, but they are indeed a fast, adaptable, proactive, data-driven 
and user-friendly approach.

Figure 2.4  Spreadsheet report of variance analysis
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Scenario planning using ML tools

Scenario planning involves considering different future states of the base 
assumptions. These may include demand, price, inflation, non-recovery of 
dues, and many more. Scenario planning is based on various uncertainties, 
helping organizations prepare for potential outcomes.

ML tools can be used to improve the efficacy of scenario planning. These 
tools can potentially enhance this process by analyzing large volumes of 
historical data, identifying patterns in them, and generating predictive 
models. These outputs can then be grouped in combinations to simulate 
different scenarios.

In addition to creating inputs to define scenarios, ML models can keep 
learning from new data and adjust the scenarios accordingly. This dynamic 
scenario adjustment capability is very useful in a volatile environment 
when conditions change rapidly.

Simulation capability of ML tools can create multiple scenarios which 
can improve awareness of potential pitfalls.

Let us now see how scenario planning can be used in conjunction with 
ML tools.

Scenario planning in uncertain business environments

Businesses are always exposed to uncertainty, and most business organi-
zations prepare for it. Scenario planning enables organizations to antici-
pate and prepare for plausible futures, strengthening their readiness for 
scenarios they understand best. If there are potential scenarios that the or-
ganizations may not be able to sustain, they need to take a call on whether 
to continue their operations in that sector. Scenario planning assists the 
business in several other ways.

•	 Identifying risks and opportunities: Multiple scenarios allow organizations 
to identify risks and opportunities that they might not have faced in their 
regular operations. Creation of scenarios involves experimentation with 
different possible values of inputs, and ML tools come in useful for it.

•	 Strategic flexibility: Without comprehensive understanding of the range 
of possibilities, strategies are most likely to be biased to known possibil-
ities. Once the management is exposed to a wider range of possibilities, 
the strategies are expected to be flexible to a larger range of scenarios.

•	 Resource allocation: Knowledge of what may happen promotes prag-
matic allocation of resources, including capital, human resources, and 
time. A  review of scenarios would lead us to the common elements 
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across different scenarios. This will promote better resource allocation 
in areas that are likely to yield benefits across most scenarios. It would 
also allow us to set aside reserves for unexpected downturns.

•	 Encourage long-term thinking: When the management is exposed to a 
range of possibilities, the decision-making process tends to gravitate to-
ward a long-term perspective. The various scenarios make the manage-
ment appreciate what is more likely in the long run, rather than focusing 
on the short run. If you toss a coin ten times, it is not unlikely that the coin 
will turn out seven heads and three tails. But as you keep on tossing, this 
gap will start reducing, and the number of instances of heads and tails will 
be on a path of convergence. This is exactly what ML tools do to scenario 
planning. With a larger number of scenarios, the pattern that emerges 
would mostly converge to the one that has the highest likelihood.

•	 Improved resilience: The real challenge arises when a business is una-
ware of potential scenarios that could threaten its survival. Knowledge 
of a range of possibilities would allow an organization to be better pre-
pared for improbable but possible scenarios. Mitigation decisions may 
take various forms, but awareness of potential scenarios and their risks 
ensures the organization is not caught off guard.

•	 Mitigate cognitive bias: Scenario analysis challenges static assumptions, 
and the study of multiple outcomes helps to mitigate cognitive biases 
like overconfidence or status quo bias. This is likely to lead to more 
objective strategic planning rather than having a subjective opinion on 
future possibilities.

Consider budgeting decisions. This involves assumptions relating to the 
price of raw material and finished goods, volume of raw material and fin-
ished goods, yield of raw material, possible mixes of raw material as well 
as finished goods, and similar. If we have even three possible values of each 
of these eight parameters, we can have 38 or 6,561 possible combinations. 
If the number of possible values increases to four for each of those eight pa-
rameters, the number of possible combinations will increase to 48 = 65,536. 
ML makes it easy for us to enhance the range of scenarios.

Using ML models to simulate various financial scenarios

Let us continue with the last example of variance analysis and apply an 
ML-based tool for conducting scenario planning on the same. The relevant 
code (prefix 0205) is available in the repository. The code has the follow-
ing sections:

•	 Import libraries: As earlier, we load the libraries in this section. You will 
find a new library named “random” that has been used here. As the 
name suggests, this library is used to generate random numbers.



Financial Forecasting and Budgeting  61

•	 Customize: In this section, we provide value for the following parameters.

○	 Name of the currency
○	 Names of files to save the scenarios, frequency distribution table, and 

tornado chart
○	 Names of the two materials
○	 Total number of scenarios to be generated and bin size for the fre-

quency distribution table
○	 The original budgeted total cost
○	 The upper and lower quantity range of the materials
○	 The upper and lower price range of the materials

	   The relevant lines of code are reproduced here with the parameter 
values italicized.

#Customize

mycurrency = ‘AED’
mysavedfile = ‘0205 scenarios.csv’  
myfrequencyfile = ‘0205 frequency_dist.csv’  
mytornado = ‘0205 tornado_plot.jpg’

material_1_name = ‘Icecream’  
material_2_name = ‘Nuts’

num_scenarios= 10000
bin_size = 5000
budgeted_total_cost = 180000

material_1_use_lower = 20000
material_1_use_upper = 25000
material_2_use_lower = 15000
material_2_use_upper = 10000
material_1_price_lower   = 5
material_1_price_upper   = 8
material_2_price_lower   = 2
material_2_price_upper   = 3

•	 Define random number generator: This section of the code generates 
random numbers for the parameters for which we provided the lower 
and upper values. We will call this function to generate random values 
for each parameter when we develop scenarios.

•	 Generate random numbers and scenarios: We have provided the num-
ber of scenarios we will develop. Random values will be generated for 
each specified parameter for every scenario. The code generates random 
values for each parameter independently. We will end up having several 
scenarios comprising randomly generated values for each parameter.
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•	 Compute total cost and variance in the dataframe: Now we have the 
scenarios and values for each parameter. Though generated randomly, 
these values are all possible and, being generated independently, are 
likely to create unique combinations. We compute the total costs and 
variance from the budget for each scenario and store them alongside 
each scenario.

•	 Change column names and save scenarios in CSV: We change the col-
umn names in the data set to recognize them easily with each material 
and then save the entire data set in CSV format. This file can now be 
used externally for further processing. We have used this file for creating 
reports that are useful for strategic decisions.

Impact of changes in key variables on financial outcomes

Assessing the impact of changes in key variables on financial outcomes is 
a critical area of concern in financial decision-making. Understanding how 
different values of key variables influence financial results would help in 
anticipating potential risks and making more informed decisions. These 
key variables would include interest rates, exchange rates, inflation, eco-
nomic growth, consumer confidence, government policies, geopolitical 
events, and a host of other factors.

In our case, we will find these critical inputs in the values we provide for 
parameters. In addition, the underlying assumptions would also influence 
financial performance. Scenario analysis allows us to assess the impact of 
changes in key variables on financial outcome. As seen in the example, we 
can simulate a number of possible scenarios based on real-life observations 
and compute their impact on financial performance measures.

The impact of the changes can be measured in two ways, either indi-
vidually or collectively as part of a scenario. We have already discussed the 
latter. When we change one parameter and observe the outcome, we can 
also measure the sensitivity of that input on the key financial performance. 
This is essentially done by dividing the percentage change in the value of 
the performance indicator by the percentage change in the value of the in-
put. The inputs with the highest sensitivity are monitored closely, as a little 
change in their cost or consumption is likely to have a significant impact on 
the performance. ML tools can be used to automate this exercise, besides 
generating a series of values for each input.

Strategic planning with data-driven insights

The purpose of using ML is not merely to have better data processing ca-
pability. We need to use the data for our decisions, particularly strategic 
decisions. The actionable insights provided by ML tools facilitate seamless 
integration with the strategic decision-making process.
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Let us continue with our example of creating scenarios for the variance 
analysis and see how this integration happens. The last three sections of the 
code are devoted to this purpose. They are essentially reports on various 
aspects of scenario planning and use the scenarios generated earlier.

•	 Frequency distribution of variance scenarios: You may remember that 
we have simulated several scenarios, each distinguished by a combina-
tion of values of parameters generated randomly. We have computed the 
total cost and variances for each of these scenarios. In this section, we 
take the lower and upper values of variance observed across scenarios. 
We have specified the bin size, which will be the size of each bin for 
creating a frequency distribution table. Please note that the best way to 
decide the bin size is to decide the number of bins you want to create. 
Then divide the difference between the upper and lower values of simu-
lated variances by this number. The result will be the bin size, which you 
may round off. This frequency table is also saved under a specified name 
for future use. This is how the table is saved (Figure 2.5).

	 We can see that each bin has specified the lower and upper bound en-
veloping 5,000 values between them. The frequency values show the 
number of observations that come within the range. The total of all 
frequencies would add up to the number of scenarios we had specified.

•	 Tornado chart of variance scenarios: The frequency distribution data can 
be presented in the form of a tornado chart, as shown here (Figure 2.6). 
The Y-axis shows the upper and lower limits of each bin, while the 
X-axis shows the frequency values. This gives a visual representation of 

Figure 2.5  Excerpt of the frequency distribution table



64  AI in Financial Decision Making

the frequency distribution, and the decision-makers would get a better 
idea of how likely a specific variance is.

•	 Positive and negative variance scenario: Variance is computed as the 
difference between actual and budgeted. Hence, for cost analysis, nega-
tive values are unfavorable and positive values are favorable. This will 
be the opposite for revenue. This report finds out the highest and lowest 
variances from the variance scenarios created. The report states the vari-
ance value along with the corresponding values of units and unit prices 
that have led to the value of the variance. Please note that all these are 
simulated scenarios and not the actual performance.

•	 Percentile analysis and report: Once we have simulated various scenar-
ios and computed the values for variance in each case, we can now make 
a percentile analysis of the same. In a percentile analysis, we find the 
percentage of total observations that are either above or below a certain 
value. This gives us an intuitive understanding of the probability of a 
value showing up in real life. This report shows the variance values at 
various percentile levels – 1%, 5%, 10%, 90%, 95%, and 99%. The 
value corresponding to the 1st percentile suggests that there is less than 
1% chance that the variance will be lower than the corresponding value. 
Similarly, the 99th percentile suggests that there is less than 1% prob-
ability that the variance will exceed the corresponding value.

We can see how these reports add the strategy dimension to the 
decision-making process. Not only can we simulate the number of scenarios, 

Figure 2.6  Tornado chart of frequency distribution generated from scenarios
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but we can also use those to assess the probability of a variance value com-
ing up in real life. This will allow the management to keep different plans 
ready to face different levels of variance. This will allow variance analysis 
to elevate from a reactive exercise to a proactive management function.

Key takeaways

We have seen that forecasting and budgeting are essential for financial plan-
ning, each playing a distinct but complementary role in decision-making. 
While budgeting translates organizational goals into financial terms for 
planning and control, forecasting provides the forward-looking insight 
necessary to build those budgets on a realistic and data-driven basis. We 
have explored how traditional statistical methods and emerging ML tools 
can be applied to enhance forecasting accuracy.

We also saw how forecasts can be integrated into the budgeting pro-
cesses and used to support proactive variance analysis and performance 
monitoring. We will be using some of these tools in many places in the 
book and will refrain from giving a detailed description each time we use 
them. The value of any of these tools depends not just on technical imple-
mentation but also on thoughtful model selection, validation, and an un-
derstanding of their limitations. Ultimately, these tools empower financial 
professionals to make better-informed, quicker, and accountable decisions. 
The focus of the book is to use the tools to make our expertise in finance 
more effective.
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Chapter 3

Cost management and 
optimization

Managing costs wisely is at the heart of every strong financial strategy. 
In this chapter, we explore how finance professionals can go beyond tra-
ditional methods to gain deeper insights into cost behaviors and how to 
control them. You will be introduced to using ML tools to perform ABC, 
cost driver analysis, and resource optimization. Whether you are pricing a 
product, analyzing overheads, or planning under tight budgets, this chap-
ter will guide you in making smarter, data-driven decisions.

Understanding and using activity-based costing

The sustainability of an organization hinges significantly on, among others, 
cost management and resource optimization practices. Cost management is 
not only about reducing expenses by identifying cost-saving opportunities. 
It also entails aligning resource allocations with the overall business priori-
ties. Inaccuracy in matching costs with the products may lead to distorted 
profitability analyses and inappropriate strategic decisions. Similarly, poor 
resource allocation may lead to the failed implementation of strategic plan-
ning and the failure to capitalize on opportunities.

Over the years, the faculty of cost management has developed tools 
and techniques to allow managers to make better decisions. These include 
techniques that optimize profitability under business constraints, allocate 
resources to support strategy, and adopt an activity-driven approach for 
better cost management. Of these, ABC has caught the fancy of practition-
ers and has been found useful. In this chapter, we explore what ABC is and 
how it can guide finance professionals to allocate costs more accurately. 
This would lead to better resource allocation and financial planning. We 
will also look at how to apply ML tools to make the ABC process faster 
with enhanced scope of application.

Businesses have innovated and modified the way they operate. Custom-
ers have also changed their preferences and look for variety. All this has 
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led to the emergence of a complex product process. Engineers have put in 
their efforts trying to develop common processes for varied projects, to the 
extent that it is technically possible.

These common processes perform specific activities, but not all products 
go through all activities. The question follows: How do we fairly allocate 
these costs to products? We should not charge products with unrelated 
costs.

ABC provides a framework to solve this problem. It lays out a method-
ology to charge products only with relevant overheads. Please note that this 
problem arises only with overheads since direct costs are charged based on 
the direct consumption of resources. The objective is that products that use 
a resource, whether shared or not, should seek to recover the related cost. 
One may argue, what is the harm if another product, which is in a better 
position to recover the cost, recovers a higher share?

Absolutely no harm, if that is a management decision after understand-
ing the full picture. ABC provides the information that financial managers 
may utilize while making strategic decisions. A decision without a proper 
basis may end up in a high-performing product appearing unprofitable as 
it subsidizes a lower-performing product.

To appreciate how ABC improves our decision-making process, let us 
review why traditional costing systems often fail to allocate costs prop-
erly. This problem is accentuated in a multi-product or multi-process 
environment.

Limitations of traditional costing methods

Costs are broadly classified as direct and indirect. Direct costs are clearly 
linked to producing a specific product or service. Indirect costs are shared 
across multiple areas of the business. Direct costs are easy to charge as they 
can be traced back to the product. The challenge arises with indirect costs. 
Businesses have historically relied on absorption costing, also known as 
full costing, to allocate indirect costs.

They are allocated based on a predetermined overhead recovery rate. 
However, this often leads to severe distortion in reported costs and, con-
sequently, profitability. This may eventually lead to designing a poor com-
petitive strategy.

Consider two companies that produce bottled water. Both have factories 
of the same size and use similar machinery. One produces only mineral 
water, while the other has a product portfolio composed of 70% mineral 
water, 20% low-sodium water, and 10% vitamin-enriched water. The 
annual output in units of bottled water is 200,000 for both companies, 
and they both require the same direct labor hours and machine hours.
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A bird’s eye view of the production process looks like this: source water, 
purify it, and package it. The process for mineral water is identical for 
both companies. However, in the second company, further processing is 
required, such as assessment of sodium content, separate labeling, compli-
ance with the regulatory norms for low-sodium water, and others. Simi-
larly, additional processes are required for the vitamin-enriched water, 
including research, vitamin enrichment, testing, labeling, branding, adver-
tisement, and compliance with regulatory norms.

Let us now look at the overhead cost distribution for both companies. 
Note, we have not considered any direct costs here, however, they would 
form part of the total cost of the product.

The total production volume is 200,000 units. Since the first company 
has only one product line, all the costs are allocated to it (Table 3.1).

Let us now look at the overheads calculated for the second company 
which has a larger and more complex operation (Table 3.2).

Since this is a company with multiple product lines, we need to allocate 
overheads. For this, we calculate the overhead absorption rate per unit. 
Let us consider that it uses labor hours as the base for allocating overheads 
(Table 3.3).

We find the overhead absorption rate of 4.53 by dividing the total over-
heads of 560,000 by the total labor hours of 123,500. It is then allocated 
to each of the production lines by multiplying the total volume of that line 
with the overhead absorption rate.

Let us compare the profit per unit of mineral water with that of 
vitamin-enriched water. The profit is much higher (Table  3.4). Now let 
us contrast the overheads per unit with the first company. The first com-
pany shows a higher profit margin on mineral water and a lower overhead 

Table 3.1  Overhead costs for the first company

Overhead costs for the company producing mineral Amount
water only

Machine Setup and Maintenance 30,000.00
Secondary Packaging 15,000.00
Marketing and Advertising 50,000.00
IT Systems 60,000.00
Distribution and Delivery 25,000.00
Labor Recreation 100,000.00
Total overheads 280,000.00
Profit Before Overhead Recovery 1,000,000.00
Net profit 720,000.00
Overhead/unit 1.40
Profit/unit 3.60
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Table 3.2  Overhead costs for the second company

Overhead costs for the second company  Amount
producing mineral water, low-sodium water, and 
vitamin-enriched water

Machine Setup and Maintenance 60,000.00
Secondary Packaging 34,000.00
Marketing and Advertising 200,000.00
IT Systems 85,000.00
Distribution and Delivery 60,000.00
Labor Recreation 121,000.00
Total overheads 560,000.00

Table 3.3  Production volume and labor hours

Items Mineral  Low–sodium  Vitamin-enriched Total
water water water

Production volume (units) 150,000 30,000 20,000 200,000
Indirect labor hours/unit 0.35  1.20  1.75 –
Total indirect labor hours 52,500 36,000 35,000 123,500

Table 3.4  Overhead and profit allocation for the three product lines

Mineral  Low–sodium Vitamin-enriched Total
water water water

Overhead allocation 238,056.68 163,238.87 158,704.45 560,000.00
Profit before overheads 750,000.00 210,000.00 240,000.00 1,200,000.00
Profit 511,943.32 46,761.13 81,295.55 640,000.00
Profit/unit 3.41 1.56 4.06 –
Overhead/unit 1.59 5.44 7.94 –

per unit. Consequently, it may reduce its price but remain competi-
tive. In this scenario, the second company may decide to invest more in 
vitamin-enriched water and less in mineral water to remain competitive. 
However, this decision is based on an incomplete understanding of the cost 
behavior. While absorption costing does assign overheads in a structured 
way, it does not consider how resources are consumed across product lines. 
While this may work well for single-product production environments, it 
struggles to handle business complexities. The key limitations of absorp-
tion costing are:

•	 Overhead misallocation: Absorption costing assumes that overheads are 
primarily driven by a singular factor like labor hours or machine hours, 
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and allocates the costs based on that. However, many overhead costs 
arise from batch-level, product-level, or facility-level activities. These 
are unrelated to any unique factor like labor hours or machine hours. 
For example, in our case, the advertising and marketing costs are not 
related to the labor hours.

•	 Inaccurate product costing: Products consuming disproportion-
ate resources may receive incorrect cost allocations. For example, 
vitamin-enriched water with low volume and higher complexity may be 
under-costed under absorption costing.

•	 Poor decision-making: Naturally, if costs are incorrectly allocated, busi-
nesses may adopt ineffective strategies. They may even end up discon-
tinuing profitable products or overinvesting in unprofitable ones.

•	 Unsuitable for multi-product business: Absorption costing works best 
for high-volume and standardized production systems, where the entire 
overhead cost is allocated to one product base. Introducing a more com-
plicated method is unlikely to improve the quality of decision-making. 
However, for a multi-product company, absorption costing may be too 
simplistic and end up giving an unfair product cost.

So how can a multi-product company allocate its costs to get better quality 
information? ABC is one such approach.

Use of ABC in financial decision-making

ABC is a way of assigning overhead costs based on the activities that 
directly contribute to such costs. An activity can be anything in the pro-
duction process required to produce each unit, even where it is not directly 
traceable to the final product. ABC was introduced in the late 1980s by 
Kaplan, Cooper, and Johnson. It is a modern alternative to absorption 
costing. It provides a better way of assigning costs by identifying the 
activities that trigger costs and assigning them to the products based on 
their consumption of the activities. Under ABC, managers would be able 
to make more informed decisions because of a thorough understanding 
of each cost.

Activities in ABC are related to overheads and indirect costs. Direct 
costs, like direct materials or direct labor, can be traced back to a product 
and charged. In our example, activities like machine setup and mainte-
nance, advertising, research, and similar are candidates for ABC-based 
allocation. To produce one bottle of mineral water, the direct costs of 
the bottle, label, and water can be traced to the final product, but not 
costs like office rent or administrative staff salaries. How do we know 
what percentage of the money spent on quality and assurance pertains to 
mineral water, and what percentage pertains to vitamin-enriched water? 
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Such overheads cannot be traced to a specific product, and ABC comes 
into play here.

Understanding ABC follows a sequence akin to ABC in the alphabet! It 
is a series of continuous steps, like the sequential letters in the alphabet as 
described here:

•	 Identify activities and assign cost pools: The first step is to identify the 
activities involved in the production process. These include machine setup, 
office rent, advertising, research, and allied. The next step is to identify the 
overhead costs relating to each activity. These are known as cost pools.

•	 Determine cost drivers: A cost driver is what triggers the cost. For exam-
ple, in the cost pool of advertising and marketing, the cost driver may be 
the number of advertisement campaigns run per product line.

•	 Calculate the cost per unit of the cost driver: Once we have the cost 
pools and cost drivers, we will divide the cost pool by the total number 
of cost drivers.

•	 Allocate the costs to the individual products: In this step, we will multi-
ply the cost per unit of the cost driver found in the previous step by the 
cost driver usage per product. Once we add all the figures up, we get the 
allocation based on ABC.

This process is illustrated below. The cost pools and the cost drivers have 
been detailed in Table 3.5.

Table 3.5  Cost pools and drivers

Cost pools Amount Cost driver Mineral Low–sodium Vitamin- Total
water water enriched 

water

Machine 60,000.00 Number of
Setup and Production 700 400 250 1,350
Maintenance Runs
Secondary 34,000.00 Units 150,000 30,000 20,000 200,000
Packaging packaged

Marketing 200,000.00 Number of
and marketing 20 60 90 170
Advertising campaigns 

run
IT Systems 85,000.00 System usage 650 500 350 1,500

hours
Distribution 60,000.00 Number of 450 300 200 950
and Delivery deliveries
Labor 121,000.00 Total indirect 52,500 36,000 35,000 123,500
Recreation labor hours
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We now calculate the recovery rate of each cost pool (Table 3.6).
In the final step, we allocate the overheads to each product (Table 3.7).
It is important to note that while the method of allocation has changed, 

the total overhead remained the same. Therefore, the total overheads and 
profit would remain the same in both absorption costing and ABC. The dif-
ferences arise in how much of the cost has been allocated to each product. 
ABC allocates the costs based on the actual consumption of each activity, 
rather than on a single basis, like machine hours or labor hours. Thus, ABC 
can trace individual costs back to the product in a better way than absorp-
tion costing. The key differences in both these methods are summarized in 
Table 3.8.

Table 3.6  Recovery rate

Recovery rate of cost pool Amount

Cost per machine set up 44.44
Cost per indirect labor hour 36,667.67
Cost per unit packaged 0.17
Cost per marketing campaign 1,176.47
Cost per system usage hour 56.67
Cost per delivery 63.16

Table 3.7  Overhead and profit allocation for the three product lines

Cost Pool Mineral  Low–sodium Vitamin-enriched Total
water water water

Machine Setup 31,111.11 17,777.78 11,111.11 60,000.00
and Maintenance
Secondary 25,500.00 5,100.00 3,400.00 34,000.00
Packaging
Marketing and 23,529.41 70,588.24 105,882.35 200,000.00
Advertising
IT Systems 36,833.33 28,333.33 19,833.33 85,000.00
Distribution and 28,421.05 18,947.37 12,631.58 60,000.00
Delivery
Labor Recreation 51,437.25 35,271.26 34,291.50 121,000.00
Overhead 196,832.16 176,017.97 187,149.87 560,000.00
allocation
Profit before 750,000.00 210,000.00 240,000.00 1,200,000.00
overheads
Profit 553,167.84 33,982.03 52,850.13 640,000.00
Profit/unit 3.69 1.13 2.64 –
Overhead/unit 1.31 5.87 9.36 –
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As you can see, ABC is capturing the essence and complexity of the 
costs better than the absorption costing system. In the case of mineral 
water, ABC shows it as more profitable due to lower assigned overheads, 
possibly reflecting fewer or simpler resource-consuming activities. In the 
case of low-sodium water, overheads are higher under ABC, reducing 

Table 3.8  Differences between ABC and absorption costing

Metric Type of water Absorption ABC Takeaway
costing

ABC assigns lower 
Mineral 238,056.68 196,832.16 overheads to  

mineral water
ABC assigns higher 

Low-sodium 163,238.87 176,017.97 overheads to  
Overhead low-sodium water
allocation ABC assigns  

significantly higher Vitamin- 158,704.45 187,149.87 overheads to enriched vitamin-enriched 
water

Mineral water is 
more profitable Mineral 3.41 3.69 under ABC due to 
lower overheads
Low-sodium water 

Low-sodium 1.56 1.13 is the least profit-
Profit/unit able under ABC

ABC significantly 
reduces the per-Vitamin- 4.06 2.64 ceived profitability enriched of vitamin-enriched 
water

ABC assigns lower 
Mineral 1.59 1.31 overheads to min-

eral water
Low-sodium water 
has a higher per-Low-sodium 5.44 5.87 centage of costs 

Overhead/unit under ABC
ABC assigns sig-
nificantly greater Vitamin- 7.94 9.36 overheads to enriched vitamin-enriched 
water
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profitability, indicating that this product uses more costly activities. In the 
case of vitamin-enriched water, ABC uncovers hidden costs, revealing that 
vitamin-enriched water is far less profitable than assumed under absorp-
tion costing. By using ABC costing, financial decision-makers get deeper 
and more realistic insights into the overhead cost allocation. It helps them 
to make informed decisions on pricing, product mix, and cost control.

Importance of cost drivers

A cost driver is a factor that causes or influences the cost of an activity. Any 
factor or event that causes a change in the cost is called a cost driver. It has 
a causal relationship with the total cost of an activity. As mentioned previ-
ously, any distinct part of the production process can be termed an activity. 
For example, for the electricity bill, electricity consumption is the activity, 
and the number of units of electricity consumed would be a cost driver.

Recognition of cost drivers came into existence only around the late 
twentieth century. Before that, the chosen basis of cost allocation criteria 
could have been non-causal. There might not have been any defined rela-
tion between the indirect or shared expenses to the activities or objects that 
triggered the cost. These cost drivers were broad factors such as units pro-
duced, labor hours, and similar. Any change in the quantity of these cost 
drivers was not necessarily reflected in the final cost. It was not until ABC 
was introduced by Kaplan, Cooper, and Johnson that cost drivers emerged 
as an important concept.

Although there are no standards that prescribe how to select a cost 
driver, there are a few criteria to keep in mind. The effectiveness of ABC is 
dependent on the correct recognition of the cost drivers:

•	 Causal relationship: There should be a demonstrable cause-and-effect 
relationship between the cost driver and the activity cost. For example, 
the marketing spend depends on the number of advertising campaigns 
run. It is important to note that there may not be a unique cost driver 
for an activity. If there are multiple drivers, it is up to us to decide which 
is the most appropriate. The cost driver for marketing spend could also 
have been the size of the target audience or the number of advertising 
media chosen. It may have also been the number of celebrity endorse-
ments or the number of people involved in the advertising campaigns for 
each product.

•	 Measurability: The cost driver should be quantifiable. We must assign 
a number to it. For example, a cost driver for marketing expenses can-
not be how much people liked it, or how cool or creative the advertise-
ments were.

•	 Behavioral consideration: The cost driver should adequately reflect the 
way the cost behaves. For the marketing spend, although the number of 
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advertising media may serve as a cost driver, it may not best reflect the 
changes in the actual cost. Factors like the intensity of advertisement, 
types, and quality may also be contributing to the total cost. Using a flat 
count would ignore these factors.

•	 Cost-benefit balance: Last but not least, the benefits of using a perfect 
cost driver should not outweigh the costs of identifying and measuring 
it. For example, while the number of people involved in the advertising 
campaigns for each product could serve as a cost driver, tracking this 
may be costly and complex. It may be debatable as to what constitutes 
being involved in the campaign. Will it be the people who researched the 
demographics, the people who reached out to the celebrities, the people 
who created the campaign, or all of them? Sure, we can take all of them, 
but there is likely to be an overlap between each of these activities; the 
people who created the campaign may also be the ones who researched 
the demographics. Would we be double- counting them, or should we 
start calculating the hours spent on each activity? To do all this, a robust 
IT system is required for people to clock in and out and maintain an 
activity log. It is much more reasonable and fairer to use the total num-
ber of campaigns run for each product.

Recognition of cost drivers has many benefits for an organization. First 
and foremost, it improves decision-making. Insight into cost behavior helps 
develop better cost-optimization strategies. It can provide guidance on 
resource allocation. If resources are allocated optimally, it would lead to bet-
ter performance (more on that later!). All these give businesses a competitive 
edge. If we know what costs go behind a product, we can not only make bet-
ter pricing decisions but also make better cost management decisions. In our 
example, the second company will be able to sell mineral water at a lower 
price, thus benefiting from their strategic decisions that led to the cost lead-
ership. It also increases understanding of costs throughout an organization. 
Both managers and executives will be aware of the impact that cost drivers 
have on costs and are likely to be more mindful of the activities.

However, that is not to say that ABC does not come with its challenges. 
Identifying cost drivers is a complex process, and for organizations with 
highly complex operations, pinpointing specific cost drivers may be diffi-
cult. Additionally, it requires detailed data collection, making the process 
costly. Adding to its complexity, such data may also not be readily availa-
ble. Moreover, business processes are dynamic and evolve constantly, caus-
ing cost drivers to change, necessitating continuous updates and reviews.

Working under resource constraints

While identifying the right cost drivers leads to better cost allocation, 
that alone does not influence operational efficiency. It needs resource 
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optimization. Optimization is the process of making the most efficient 
use of available resources to achieve strategic goals mostly under resource 
constraints. The strategic goal could be to maximize profitability, mini-
mize costs, or even improve market presence. Businesses face resource con-
straints regularly. Resource constraints can be both internal and external. 
The most common types of constraints include workforce, time, budget, 
and material. These constraints can delay and disrupt project initiation, 
progress, and completion. These may ultimately lead to underperformance, 
missed deadlines, dissatisfied shareholders, and reputation loss, among oth-
ers. One of the best techniques for resource optimization is linear program-
ming (LP). It is a modeling technique in which a linear function, usually cost 
or profitability, is minimized or maximized, under various constraints. To 
remain competitive in the long term, a business needs to focus on resource 
optimization rather than cost reduction or profit maximization.

Cost reduction, or as it is informally known, cost-cutting, are strate-
gies to reduce expenses directly. This is achieved often through layoffs, 
using cheaper raw materials, or by cutting non-essential activities. How-
ever, these often come out as shortsighted moves. Consider a company 
producing smartphones which is experiencing declining profit margins due 
to rising raw material and labor costs. Its primary concern is to improve 
profitability as the stock prices are going down and the shareholders are 
becoming discontent. However, they are undecided on what strategy to 
implement. On one hand, cost-cutting may lead to improved margins; 
while on the other hand, resource optimization could be a long-term 
solution. To cut costs, the company may lay off 20% of the production 
workforce to reduce labor costs, switch to lower-quality display panels for 
smartphones, and reduce the number of quality inspections to save on test-
ing costs. While these would reduce costs in the short term, there may be 
unfavorable long-term consequences.

Production efficiency is likely to reduce due to smaller workforce. War-
ranty claims may rise due to using lower-quality display panels. This will 
harm the brand reputation, which in turn could lead to lower sales and 
higher customer complaints. Eventually, product reliability will be ques-
tioned, its competitive advantage will decline, and it will suffer revenue 
losses over the long term.

If we look at the second option, which is resource optimization, the 
company would attempt to efficiently allocate resources without compro-
mising quality. The tools to achieve this could be a combination of ABC 
and LP. ABC will help identify which activities drive the highest costs, 
while LP will optimize the production schedules, reducing overtime and 
idle machine hours. The company may automate quality control checks, 
reducing labor costs but keeping the standards high. An annual purchase 
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contract can get volume-based discounts and reduce input costs without 
lowering the quality. As a result, the production efficiency would improve 
while maintaining its standard, satisfying both customers and sharehold-
ers. Using resource optimization, the company may be able to improve its 
profit margins without harming its reputation and brand.

Cost reduction is primarily a reactive approach that ends up focusing 
on reducing expenses, but often at the cost of quality and sustainability. 
On the other hand, resource optimization is a proactive strategy that maxi-
mizes efficiency without lowering quality and profitability. We will see in 
later sections how ML tools allow us to apply these techniques.

ABC automation

With the growing availability of operational data and digital transforma-
tion in finance, automating ABC using Python has become both feasible 
and highly beneficial.

Python’s powerful libraries for data manipulation, statistical analysis, 
and visualization make it an ideal tool for building efficient, scalable ABC 
models. These modules can be regularly updated and integrated into man-
agement dashboards.

Using Python to automate ABC

The entire code is available at the repository (prefix 0301), and you can 
download the same. The code is divided into the following four major 
sections:

•	 Import libraries: As you know by now, Python uses libraries to extend 
its functionality so that we do not have to write code from scratch. 
The libraries that we have used for automating an ABC report are 
pandas, matplotlib, and openpyxl. The openpyxl library is 
used to format Excel output, such as applying fonts, colors, and charts.  
Matplotlib is a visualization tool. If any library is not installed, you 
will get a ModuleNotFoundError. We can run the ! pip install 
command to install the required library from the Jupyter notebook.

•	 Customize: This is the only section of the code you need to make changes 
to. Here we provide the name of the input file, output files, files to save 
the plot, and the names of columns in the input file. You will also enter 
the currency you are dealing with. Your input CSV must have a column 
for cost pools, total overheads, and cost drivers. You must also keep 
the production volume and profit before overheads cells as it is posi-
tioned in the CSV. Note that the column names are in lowercase. This is 
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required for the code to run correctly. The relevant part of the code with 
the customizable parameters in italics is shown below:

# Customize parameters 
file_path = “0301 Raw data.csv”
my_allocation_pie=“overhead_allocation_pie_chart.png”  
my_cost_pool_allocation=“overhead_allocation_bar_chart.
png”

# Provide the output file names  
my_abc_report = “0301 ABC_Report”
my_cost_pool_info = “0301 cost_pool_info”  
my_cost_driver = “0301 cost_driver_breakdown”

costpools = “cost pools”  
totaloverheads = “total overheads”  
costdrivers = “cost drivers”  
productionvolume = “production volume”
profitbeforeoverheads = “profit before overheads”  
currency_symbol = “USD”

•	 Develop functions for ABC analysis: In this section, we develop a function 
to load data, clean it, and run various validations. We read the CSV file 
into a dataframe and drop all empty rows. To ensure continuity, we have 
converted all column heads to lowercase and trimmed whitespaces. We 
validated the columns, ensuring that essential columns “cost pools,” “total 
overheads,” and “cost drivers” are present. If any is not present, an error 
alert is displayed. The necessary columns are identified to the system in 
the code required_columns = {costpools, totaloverheads, 
costdrivers}. We search for the row labeled “productionvolume” 
and extract the values for each product that is Mineral, Low-sodium, and 
Vitamin from that row. We look for the row labeled “profit before 
overheads.” These values are adjusted later by deducting the overheads 
to get the final profitability. We proceed to remove the special rows, “pro-
ductionvolume” and “profitbeforeoverheads,” from the main 
cost pool data so they do not interfere with cost allocation. We have finally 
created a dictionary where each cost pool is mapped to its total overheads 
and cost drivers. We move ahead and build a nested dictionary with prod-
uct names as keys and the usage of each cost pool’s activity as values.

•	 Cost, allocation, and profit computation: In this section, we begin by 
calculating the cost per unit of activity by dividing total overheads by 
the total activity across all products. We repeat this process for each cost 
pool. Next, for each product, we multiply its usage of each activity by 
the cost per unit of that activity. This provides us with the total overhead 
allocation per product. We subtract overheads from the pre-overhead 
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profit to determine the actual profit. Finally, we calculate each product’s 
share of the total profit and profit per unit.

•	 Allocation based on ABC methodology: In this section, we create a 
final table showing overhead allocations and percentages, profitability 
analysis both in total and per unit, and related values. All values are 
rounded for readability. We add a total row at the bottom for over-
head and profit. From the housekeeping angle, we capitalize product 
names for a clean presentation. A dataframe with cost pool informa-
tion is created. This dataframe lists each cost pool, its corresponding 
cost driver, and the calculated recovery rate, which is the cost per unit 
of activity.

•	 Use of the cost driver: In this section, we display each product’s use of 
every cost driver. This is transposed for readability and kept ready for 
export to various files. A pie chart showing the allocation of total over-
heads across the product line is displayed and saved here.

•	 Display and save chart: We have created a pie chart and a grouped bar 
chart to show different dimensions of allocation. The charts are dis-
played and then saved for future use. We save the ABC report, cost pool 
details, and product-wise use of cost driver in CSV format. This can be 
used for further analysis and reporting.

•	 Save report in CSV format: We save all the reports generated in the pre-
vious sections to the specified CSV files.

•	 Save to a formatted Excel file (Optional): In this section, we have 
ventured out to show you that these reports can be formatted and 
offered as a comprehensive Excel file. The file will have different 
worksheets, including all the reports we saved in CSV format. In 
addition, we have created and saved some output charts in another 
worksheet of the same workbook. The Excel file has been formatted 
for readability and presentation. The openpyxl library has been 
used to color headers and totals rows, align text, and format percent-
ages and currency. We have included this to demonstrate the capabil-
ity of the code to create a comprehensive report, though we have also 
created CSV files that can be used in the future for decision-making 
and audit. This section concludes by confirming that the results have 
been saved in various files.

The output of the code is essentially the CSV and Excel files that contain 
the report of the ABC analysis. The ABC report shows the overhead allo-
cation under ABC against each product along with other values like share 
of overhead, total overhead per unit, profit before and after allocation of 
overhead, and allied. The cost driver breakdown shows the value of differ-
ent overheads allocated to each product line.

The file with cost pool information shows for each cost pool the recov-
ery rate against each cost driver.
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Assigning costs based on activities and resource usage

Let us revisit our example. Under absorption costing in the second com-
pany, mineral water was allocated higher overhead costs, making it seem 
less profitable. ABC helped to assign overheads based on actual overhead 
consumption. It resulted in the reallocation of the overheads, and mineral 
water overhead allocation was reduced, resulting in unit profit increasing 
from 3.41 to 3.69. The adoption of ABC helped the company to remain 
competitive. Additionally, under ABC, the unit overhead cost for mineral 
water is 1.31, which is lower than the first company’s unit overhead cost 
of 1.40. Thus, now the second company may potentially be able to charge 
less for mineral water, giving it a competitive edge. ABC also highlights the 
hidden costs of low-sodium and vitamin-enriched water. Both have higher 
marketing campaigns and more regulatory and quality control checks. 
Absorption costing is unable to identify these nuanced costs. For instance, 
vitamin water appeared very profitable under absorption costing, show-
ing a unit profit of 4.06, as opposed to a lower 2.64 under ABC. This 
demonstrates that vitamin-enriched water is far less profitable than ini-
tially thought, and managers need to reevaluate the pricing and strategic 
efficiency.

Cost transparency and pricing strategies

The transparent cost information provided by ABC is not just an accounting 
improvement but a strategic necessity. The cost information has been aligned 
with the actual resource consumption. This detailed visibility enables better 
pricing strategies, product mix decisions, and resource allocation based on 
cost and benefits. This leads to a sustainable competitive advantage.

We saw that ABC traces overheads and indirect costs to the specific 
activities and products that consume them. It avoids allocating costs on 
simplistic metrics like labor hours or machine time. This leads to accurate 
product costing, especially in complex, multi-product environments. In 
addition, it brings out visibility into non-value-adding activities and helps 
to highlight areas for cost reduction and process improvement.

Understanding cost behavior keeps the financial decision-maker aware 
and exposed to fewer surprises, a more achievable budget, and data-driven 
justifications for cost management initiatives.

Pricing strategies often rely on understanding the true cost of a prod-
uct or service. ABC enables this by identifying high-cost products that 
may not be profitable even if they generate significant revenue. It enables 
value-based pricing, where prices are aligned not only with market demand 
but also with resource costs and availability.

The cost break-ups support creating differentiated pricing models such 
as premium pricing for high-service products.
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ABC reveals the true profitability of individual products and services. 
This helps with product portfolio strategies such as eliminating or repricing 
unprofitable offerings, reallocating resources toward high-margin or strate-
gically critical products, and managing cross-subsidization risks.

ABC also strengthens scenario analysis by allowing “what-if” simula-
tions. A financial decision-maker can model the cost impact of launching 
a new service line, outsourcing a non-core activity, changing batch sizes or 
delivery schedules, and so on. This leads to more resilient pricing and cost 
strategies, particularly important in volatile or highly competitive markets.

Cost driver analysis using regression models

Understanding what drives costs lies at the foundation of being able to 
manage them. The understanding would not be restricted to the identifica-
tion of the drivers. It would also include an understanding of how these 
drivers influence cost. Commonly, we use our domain knowledge or even 
engineering design to explain the relation between the cost drivers and the 
cost without testing the validity of the same. This may be an acceptable 
approach in cases of direct costs, their relation being demonstrated by the 
production process. However, in the case of overheads, this approach may 
result in using assumptions that are far from reality.

ML provides tools to establish a relationship between cost drivers and 
overhead costs, regression being one of them. This is a powerful approach 
to uncovering these relationships by analyzing historical data and reveal-
ing patterns. These patterns are often overlooked in traditional methods 
because they rely on expert opinion. The use of algorithms to capture pat-
terns from large datasets allows us to move away from an intuition-driven 
approach to an evidence-driven one. ML tools using regression and other 
analyses can be useful in identifying critical cost variables and building 
predictive models. We can interpret these models effectively and eventually 
optimize operations by using resources judiciously to significantly impact 
the bottom line.

Identification of significant cost drivers

Let us use a case study to better understand how we can use regression 
analysis to identify significant factors that can affect costs and profitabil-
ity. Our example will focus on the identification of cost drivers, which 
can be useful in allocating costs under both absorption costing as well 
as ABC.

Consider a mid-sized precision component manufacturer. They have 
relied on traditional costing techniques, allocating overheads based on a 
fixed percentage of direct labor costs. However, management feels that this 
method no longer reflects the actual consumption of overhead resources 
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because of the changed nature of the business. The company produces sev-
eral complex components that require frequent machine setups and sub-
stantial material handling. These activities are not accurately captured in 
the labor-based allocation system. As overheads continue to rise, senior 
finance executives decide to adopt ABC. However, to do so, they need to 
identify the significant cost drivers contributing to overhead costs.

To support the management, the finance team proposes using multi-
ple linear regression to analyze historical operational data. This will also 
uncover the relationship between overhead cost and possible cost drivers 
like labor hours, machine hours, number of setups, batch size, and material 
movements. The team believes that a regression model will better estimate 
overhead costs based on cost drivers. The use of statistical measures will 
provide better insight into which drivers significantly impact overheads. 
The recovery rates per cost driver derived using regression coefficients 
could be used in the ABC cost assignment.

Let us have a look at the important components of the code (prefix 
0302).

•	 Import libraries: We have loaded all necessary libraries in this section. 
The statsmodels library is used for statistical analysis as well as 
data exploration and hypothesis testing. Regression analysis can also 
be done using this library. Earlier, we had shown how to do linear 
regression using a different library called sklearn in Chapter 2. The 
Matplotlib library is used to generate static, animated, and inter-
active visualizations. Seaborn is a high-level interface for statistical 
graphics built on top of Matplotlib. Docx library creates Word 
documents, including the formatting of the same. If you do not have 
any of these modules installed, please install them by using the pip 
install command.

•	 Customize: In this section, we have specified the input file containing 
the cost data and identified the dependent and independent variables. 
Please ensure you use the exact name of the columns in the code and use 
square brackets and quotes. In addition, we have specified the names of 
the spreadsheet, document, and graphics output files. The relevant part 
of the code with customizable parts in italics is shown here.

# Customization parameters
my_input_file = “0302 input_cost_data.csv”  
#specify variables
dependent_var = ‘Overhead_Cost’

independent_vars = [‘Labor_Hours’, ‘Machine_Hours’,  
‘Number_of_Setups’, ‘Batch_Size’, ‘Material_Movements’]
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#specify output files
my_residual_plot = “0302 residuals_vs_fitted.png”  
my_actual_vs_predicted = “0302 actual_vs_predicted.png”  
my_model_output = “0302 regression_results.csv”  
my_word_output = “0302 Regression_Overhead_Cost_Report.
docx”

•	 Load and prepare data: In this section, we are loading the input file 
and preparing the data for regression analysis. We have introduced the 
dependent and independent variables defined in the earlier section to the 
regression model. We have also defined whether the regression model 
will have an intercept.

•	 Fit and display regression equation: Once we have loaded and prepared 
the data, we load the regression model. In this section, we run the regres-
sion model and print the regression equation and the model fit summary 
metrics. These include R-squared, Adjusted R-squared, and F-statistic. 
The equation shows us how the intercept and values of the independent 
variables influence the values of the dependent variable.

•	 Diagnostic plots: The code in this section creates and displays two plots. 
The first one is a plot of fitted and residual values, while the second one 
is a plot of actual versus the predicted cost. Let us have a quick overview 
of these plots:

○	 In the case of the plot of residual versus fitted, the residuals should 
ideally be randomly scattered around zero, showing no pattern. The 
red line here is the Lowess (Locally Weighted Scatterplot Smoothing) 
curve. This helps visualize the trends in residuals across the range 
of fitted values. If the model is well-specified, the red Lowess curve 
should be close to horizontal at zero, meaning no pattern in residuals. 
If the Lowess line curves upward or downward or intermittently, it 
suggests potential non-linearity or heteroscedasticity. Non-linearity 
means the relationship between the predictors and the overhead 
cost might not be purely linear. The model might be missing some 
non-linear patterns. Heteroscedasticity refers to the non-constant 
variance of the residuals. This means that the spread of residuals 
increases or decreases as fitted values increase. A good model assumes 
homoscedasticity.

○	 In the plot of actual versus fitted overhead costs, the blue dots are 
individual observations comparing actual and predicted costs. The 
red line is a hypothetical line that would have been plotted if the 
predicted values and fitted values were the same. If the blue dots are 
close to the red line, the model is predicting well. Points scattered 
widely from the red line indicate the model may not have much pre-
dictive capability.
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•	 Export results: This part of the code starts by exporting the regression 
equation to a CSV file. The file contains three columns: variable name, 
coefficient, and P-value. A Word file is also prepared and saved, high-
lighting the major values of the model. The file contains distinct sections 
on regression equation, model fit statistics, variable significance, and 
business interpretation.

•	 Confirm output generation: This section of the code merely confirms on 
screen that the output files have been created and saved.

The output from the code includes a screen display of the regression equa-
tion and model fit metrics, which are saved in a file. The plots are also 
saved as specified file. The regression equation is saved in a CSV file, and 
it contains the names of the independent variables, their coefficients, and 
p-values.

Using regression to identify influencers of cost

Regression analysis can be used by finance professionals to model the rela-
tionship between overhead cost and cost drivers like labor hours, machine 
hours, number of setups, batch size, and material movements. Instead of 
relying on subjective rules or outdated allocation bases, regression uses 
historical data to objectively determine which activities drive cost behav-
ior and by how much. Let us understand the results of the code from the 
regression example.

The equation in this context is a standard multiple linear regression 
equation. This means that multiple independent variables can explain the 
behavior of the dependent variable, the overhead cost. The equation takes 
the following form:

𝑂𝑣𝑒𝑟ℎ𝑒𝑎𝑑 𝑐𝑜𝑠𝑡 = 𝛽0 + 𝛽1. 𝑋1 + 𝛽2. 𝑋2 + ⋯ + 𝛽𝑛. 𝑋𝑛 + 𝜀

where,
β0: Intercept – baseline overhead cost when all drivers are zero.
βn: Coefficients – cost incurred per unit change in driver Xi.
ε (epsilon): Random error, capturing noise or unmeasured factors
The intercept represents the estimated overhead cost when all independent 
variables are zero. This has important business implications:
β₀ > 0 Indicates a fixed component of overhead incurred regardless of 
activity level.
β₀ ≈ 0 Implies nearly all overheads are variable and driven by operational 
activity.
β₀ < 0 Unusual and rare. This may be caused by model misspecification, 
multicollinearity, or poor driver choice.
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A large positive intercept alerts management that a fixed portion of 
overhead persists even when activity is low. This would usually push up 
the break-even point. Such an occurrence may force the management to 
think over alternative strategies, technical or financial, that can bring this 
component down.

A question follows: What if there are no fixed costs? There could be a 
scenario where no activity means no overhead. Even in those cases, the 
standard regression analysis will show an intercept. In such cases, we must 
force the regression not to have an intercept by modifying the code used in 
the earlier section. In the code, we have a line.

X = sm.add_constant(X)

We have to comment out this line to force a zero intercept. Please 
remember that forcing the intercept to zero can bias coefficients if a true 
fixed component exists. It can also reduce model accuracy if unjustified. 
Hence, only force a zero intercept when it is conceptually sound. Always 
test model fit and interpret residual plots for validation.

Regression analysis gives financial decision-makers strategic insights 
into the cost drivers and their influence on cost. Among others, regression 
will have the following usage.

•	 Quantifies cost behavior: It allows us to understand how much each 
activity contributes to total overhead.

•	 Justifies allocation base: The tool allows us to use statistically significant 
cost drivers instead of those based on arbitrary assumptions.

•	 Predict costing: We can use the regression equation to forecast over-
heads for budgeting and what-if analysis.

Another important addition to the analysis would be to understand the 
relation between the variables, that is, how they move in comparison 
with each other. This would give us a better insight into their behavior. 
We can visualize this by creating a heatmap. Let us quickly go through 
this code (prefix 0303). The main components of the code are the 
following:

•	 Import library: As with the earlier section, we will load the necessary 
libraries in this section. We have already been introduced to these 
libraries.

•	 Customize: We need to define the name of the input data file and 
the name of the file to save the heatmap and correlation result. The 
relevant part of the code with the customizable section italicized is 
shown here.



86  AI in Financial Decision Making

# Customize parameters
my_input = “0302 input_cost_data.csv”  
my_correl = “0303 correlation.csv”  
my_heatmap = “0303 correlation_heatmap.png”

•	 Load data and select columns: We read the input file in this section. 
Since a heatmap can be drawn only for numeric fields, we select the 
numeric fields from the input.

•	 Create, plot, and save heatmap: This section creates the heatmap, which 
is essentially the correlation matrix of the numeric fields selected from 
the input file.

•	 Save correlation matrix and plot: We save the heatmap and the correla-
tion matrix using the specified file name for subsequent use.

The output of the code is the heatmap, which is the correlation matrix. You 
will find the same field names across the rows and columns. The diagonal 
of the matrix is the correlation of a variable with itself, which is 1. The cells 
to the right of the diagonal are a mirror image of the cells to the left. The 
heatmap is color-coded to provide visual guidance about the strength of the 
correlation. As we know, the value of the correlation will range between –1 
and 1. The color code will visually signify the strength of the correlation.

This analysis serves an important purpose. Before fitting the regression 
model, it is useful to compute a correlation matrix among the independent 
variables. High correlations between drivers, for example, machine hours 
and labor hours, may introduce multicollinearity. Multicollinearity poten-
tially inflates standard errors of coefficients, makes interpretation unreli-
able, and may even result in incorrect driver elimination. In such cases, a 
small change in data can cause a major shift in coefficients.

If two independent variables are highly correlated, we can safely drop 
anyone from the regression model. This is likely to add model stability 
without compromising the predictive power.

Interpret model results

When we run a regression model in Python, we get a detailed output con-
taining model diagnostics, coefficients, and p-values. Let us see how to 
interpret these (Table 3.9):

Let us consider that a regression gave the output:

•	 R-squared: 0.94
•	 Adjusted R-squared: 0.93.
•	 F-statistic: 56.7 (p < 0.001)
•	 Machine_Hours: Coefficient = 20.5, p-value = 0.003
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Table 3.9  Regression analysis metrics explained

Parameters Meaning

R-square It tells us how well the regression model explains the 
variation in the dependent variable. A value closer to 1 
means that the model explains a high proportion of the 
variance in the dependent variable, while a value closer 
to 0 means the opposite.

Adjusted R-squared Adjusted R² modifies R² to account for the number of 
independent variables in the model. It penalizes the 
addition of irrelevant predictors. This helps in model 
comparison: if you add a new variable and the adjusted 
R² increases, it likely improves the model. If adjusted 
R² decreases, the added variable is likely not helpful.

F-statistic The F-statistic tests the joint significance of all the 
independent variables in the model. It checks whether 
our regression model is better than a model with no 
predictors. A higher F-value indicates that the model is 
statistically meaningful. The F-value itself is less impor-
tant than its p-value.

p-value (F-stat) The p-value associated with the F-statistic tests 
whether the model as a whole is statistically signifi-
cant. It tests if at least one independent variable has a 
non-zero coefficient. A low value (< 0.05) means the 
model is statistically valid. The value 0.05 holds for a 
95% confidence level and will change at other levels. 
For example, at a 90% confidence level, it will be 0.10, 
and for a 99% confidence level, it will be 0.01.

Coefficients (β) Each coefficient shows the change in cost for a unit 
change in the driver, considering no other changes. 
Positive β indicates a direct relationship with cost, and 
a negative β indicates an inverse relationship.

p-value (Variable) Indicates whether the individual variable is statistically 
significant. In other words, a p-value tests whether the 
specific coefficient is significantly different from zero. If 
the value is less than (1 – Confidence level), it will be 
considered statistically significant.

This means:

•	 The model explains 94% of the variation in overhead costs. It is a 
strong fit.

•	 Even after adjusting for the number of predictors, the model remains 
robust.

•	 The overall model is statistically significant (as shown by the F-statistic).
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•	 Every additional machine hour increases overhead cost by 20.50, not 
considering other factors. Further, since p < 0.05, this is a statistically 
significant cost driver and can be confidently used as an allocation base 
in ABC.

As financial decision-makers, we can eliminate irrelevant drivers with 
insignificant p-values to simplify costing. Once significant drivers are iden-
tified, their coefficients can be used as cost recovery rates. Overhead can be 
assigned to cost objects based on their consumption of these drivers and 
the recovery rate ascertained.

Optimize operation by focusing on key cost drivers

Now that we have identified the main cost drivers, let us move ahead to 
optimization. Optimization with an objective of profit maximization or cost 
minimization has been covered in the next section. In this section, we will 
focus on understanding the impact of movements on the recovery rates given 
by coefficients in the regression equation. We will change these values, one 
cost driver at a time, and see what happens to the total cost. This study will 
allow us to understand the sensitivity of the cost to changes in recovery rates 
of each cost driver. Let us have a look at the business problem.

The company has developed a regression model to understand the 
behavior of overhead costs with respect to various operational cost drivers. 
These cost drivers include labor hours, machine hours, number of setups, 
batch size, and material movements. The company now wants to find out 
the impact of movement of operational variables like labor or material 
movements on total overhead cost. This will eventually affect recovery rate.

The finance team has decided to perform a sensitivity-driven simula-
tion using the regression equation. The simulation involves movement by 
5%, 10%, and 15% on either side. Unlike traditional optimization, this 
approach recognizes that operational variables are often correlated, and 
thus, changing one variable can affect others. We saw this on the heatmap. 
The change in predicted cost is compared to the base case (0% change) to 
compute potential cost savings or increases. To avoid circular reference, 
only one driver is changed at a time. The correlated drivers are adjusted 
but not re-propagated.

Let us have a look at the important components of the code (prefix 
0304).

•	 Import libraries: As with earlier cases, we will load the necessary librar-
ies here. We are familiar with the libraries that we are using here.

•	 Customize: In this section, we will initially specify the file with the input 
values. This is the same file we have used in the earlier section. We will 
also load the values of the regression equation that we have saved earlier. 
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If you want, you can run the code (prefix 0302) and get those values 
here again. We have moved on to define the levels of changes we want 
to test for. Please note the use of square brackets. You can define your 
range here. Finally, we have to define the name of the variable we want 
to work with. This is the variable whose values we will change by using 
the data provided and see how it influences the value of the dependent 
variable. The relevant section of the code with the customizable values 
in italics is given here.

# Customize parameters  
my_input_file=“0302 input_cost_data.csv”
my_regression=“0302 regression_results.csv”

#Define % change levels
percent_changes = [-15, -10, -5, 0, 5, 10, 15]

# User-specified variable to analyze  
selected_driver = ‘Labor_Hours’

•	 Load database and model: The input file and the components of the 
regression equation will be loaded here. You will have the names and the 
values of the coefficients displayed on screen for you to verify if these are 
correct. You can also double-check the name of the variable you want to 
change the values of.

•	 Build correlation matrix: In this section, we first calculate the correla-
tion matrix. This is the same as we have done in the earlier section. 
The names of all variables are loaded from the regression results file, 
except for the constant or the intercept designated as ‘const’. If the 
field is named differently, please use the name in the code segment 
driver_vars = [k for k in coefficients.keys() if k 
!= ‘const’]. The average values of these variables are computed 
from the input data file.

•	 Run sensitivity: Now we come to the core computation engine. We have 
selected a variable to be modified, and we modify its value by the ranges 
provided. We have defined this as selected_driver. Other variables 
are modified based on their correlation with the selected driver. These 
values are available from the correlation matrix. These altered values 
are then used in the regression equation to compute the predicted over-
head cost. The movement in the total overhead cost from the base sce-
nario, the zero change, is also computed. It is important to note that the 
regression model is not being refitted with each simulation. The simula-
tion uses the mean values of the input variables and changes the value 
of the selected driver. Values of other variables are adjusted according to 
their correlation with the selected variable.
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•	 Create output, plot data, save results: We store the output of the modi-
fication in a dataframe. Remember, a dataframe is like a table in a 
spreadsheet with rows and columns. These are saved to the specified 
CSV file. The code plots the percentage change in the driver against 
the change in predicted overhead cost. The plot is also saved in a file 
specified by you.

The output of the code includes the plot of changes in overhead cost 
against changes in the cost of a driver. This plot is displayed on the 
screen, besides being saved in a file. The slope and the intercept of the 
plotted line are also displayed on screen. You are likely to find the plot 
to be a straight line if the regression is a linear regression. The intercept 
need not necessarily be zero, but that cannot be ruled out. You may often 
see a value of zero being displayed with or without a positive or nega-
tive sign. If you want to see the underlying value which is causing the 
signage, increase the number of places displayed after the decimal by 
tweaking the code print (f”Intercept of the plotted line: 
{intercept:.4f}”). The value preceding “f” is the number of dig-
its after the decimal point that will be displayed. The slope shows the 
change in output cost for every unit percentage change in the values of 
the selected driver. Hope you have noted that we are not plotting total 
overhead cost in the Y-axis, we are plotting the change in the overhead 
cost, a value that we have computed earlier.

We can compute this value for all independent variables, and that 
will give us their sensitivity to the changes in the total overhead cost. 
It will make it easier to decide where to focus to achieve better cost 
management.

Resource optimization with linear programming

Organizations constantly face the challenge of allocating limited resources 
like capital, labor, or inventory, over competing demands from internal 
stakeholders. This allocation is done while keeping in mind objectives like 
maximizing profit or minimizing cost. LP provides a powerful, structured 
approach to address these optimization problems. LP models formulate 
business objectives and constraints mathematically to determine the most 
effective resource allocation strategies under defined conditions. Integration 
of LP with predictive analytics, automation, and decision systems offers 
new dimensions of speed, scale, and adaptability. This section explores the 
principles of resource optimization through LP. It discusses how ML-based 
tools can provide better insight into cost behavior, an understanding criti-
cal for optimization.
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Linear programming as a method for optimal  
resource allocation

Resources that an organization uses are finite, and that leads to the need for 
optimal allocation to support strategic objectives. LP is a powerful math-
ematical tool we can use to address this challenge. LP has become a preferred 
solution to resource optimization problems in many organizations because 
of its ease of use. A typical LP model has the following components:

•	 Decision variables: These are the unknown quantities that the model 
is designed to solve. For example, in the case of a company wanting to 
determine its production levels for the next operating cycle, the decision 
variable is the production level. The number of products or facilities is 
known; the quantity for each is unknown. You will mostly find decision 
variables as non-negative values, that is, they should be greater than or 
equal to zero. However, one can make these values unrestricted, and 
they can assume a negative value in those cases. For example, an incen-
tive scheme with an inbuilt penalty system will have an unrestricted 
value; it can be positive or negative.

•	 Objective functions: This is a linear equation that defines what needs 
to be achieved, for example, cost minimization, profit maximization, or 
use of a specific quantity of resources.

•	 Constraints: Constraints are the business case limitations that need to be 
considered while solving a given problem. For example, constraints may 
be that only a certain number of labor hours are permitted in a day, or 
restricted availability of a raw material, or the maximum volume that 
can be exported, and likewise.

LP offers a clear advantage over cost allocation based on simple alloca-
tion models using either static assumptions or working out trial-and-error 
scenarios. It offers a scalable and replicable way of identifying the best 
resource optimization solution. It can be used in financial decision-making 
for a variety of purposes, including but not limited to the following:

•	 Cost minimization: Identifies the lowest possible cost structure to meet 
the predetermined decision variable.

•	 Budget allocation: Determines the optimal distribution of resources 
across departments or projects.

•	 Product mix optimization: Selects the optimal product mix that maxi-
mizes profit within the constraints.

•	 Capacity planning: Ensures finite resources such as labor, equipment, 
capital, raw material, and others are deployed optimally.
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LP can be very easily applied using built-in libraries for Python. Let us now 
explore how a manufacturing company can use LP to determine the opti-
mal mix of products to manufacture, given the constraints on labor hours, 
machine capacity, and material availability.

Utilizing PuLP for optimization

Let us consider a company that manufactures chairs, tables, and book-
shelves. As part of a strategic restructuring, the management is trying to cut 
down on costs while protecting its profit. They want to determine the pro-
duction levels for the next accounting period for each product to minimize 
their costs. However, they have the following constraints, summarized in 
Table 3.10.

Additionally, they only have 45,000 labor hours available throughout 
the year across the three product lines. The factory is operational 250 days 
a year, and the management is keen to ensure that a profit margin of 
$8,000,000 is maintained. The total available wood for use in production 
is 1,300,000 board feet. The labor hour rate is $12, and the raw mate-
rial cost per board foot is $13. Other relevant information is provided in 
Table 3.11.

Using Python for LP is extremely simple with its open-source library 
called PuLP. While you can solve optimization problems in Excel through 
its Solver add-in, matters become complicated when dealing with complex 
models and dynamic inputs. PuLP allows users to use optimization mod-
els that can be easily maintained, replicated, and scaled across different 
scenarios.

Table 3.10  Constraints for furniture manufacturer

Constraints Chair Table Bookshelf

Minimum demand 10,000 7,000 6,000
Maximum demand 17,000 13,000 11,000

Table 3.11  Other information about the furniture manufacturer

Chair Table Bookshelf

Profit per unit ($) 228 306 482
Total cost per unit ($) 272 544 668
Labor hours required per unit 1 2 1.5
Wood required per unit in board feet 20 40 50
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Let us move on to the code (prefix 0305). The entire code is available at 
the repository, and you can download the same. The code is divided into 
the following five major sections:

•	 Import libraries: The libraries that we have used for solving LP models 
are pandas and pulp. You know that if any library is not installed, you 
will get an error, and we must install it in the environment.

•	 Customize: This section enables you to customize your parameters, 
which includes the product attributes and constraints. We will provide 
values for products, profit per unit, cost per unit, minimum demand, 
maximum demand, labor hours, and wood used per unit for the pro-
duction of each product. We will also provide value for total available 
labor hours, total available wood, and minimum profit required. Please 
note the use of square brackets while providing values. Make sure you 
write the information in the same order as you have written the name 
of the products. We will further specify the names of output files in CSV 
format. The relevant part of the code with the customizable parameters 
italicized is stated here.

products = [“Chair”, “Table”, “Bookshelf”]  
profit_per_unit = [228, 306, 482]
cost_per_unit = [272, 544, 668]
min_demand = [10000, 7000, 6000]
max_demand = [17000, 13000, 11000]
labour_hours = [1, 2, 1.5]
wood_units = [20, 40, 50]
total_labour_available = 45000
total_wood_available = 1300000
minimum_profit = 8000000
my_output = “0305 optimal_production_plan.csv”
my_currency = “$”

	   In Python, we can use “_” as a thousand separator to improve read-
ability for larger numbers. So, the minimum profit of 8000000 may also 
be written as 8_000_000; it makes no difference in the numerical value!

•	 Define LP problem: In this section, you need to define the LP problem.

model = pulp.LpProblem(“Cost_Minimization”,  
pulp.LpMinimize)

	   This line is initializing the LP problem. “Cost_Minimization” is 
just the name of the model. It has no impact on the solution. However, 
you cannot have any space in the model’s name and will get an error 
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if you do. pulp.LpMinimize indicates the type of optimization to 
Python. In the event that you want to maximize something instead, you 
could use pulp.LpMaximize.

x = [pulp.LpVariable(f”x_{i}”, lowBound=0, cat=“Integer”) 
for i in range(n)]

	   This line defines the decision variables. Here, the decision variables 
are the production levels for each product. It ensures that the produc-
tion quantity is a non-negative whole number, rounding off any deci-
mals, as one cannot produce 21.3 chairs! You can play around with this 
in real life and can modify the code to support more complex scenarios 
as well.

model += pulp.lpSum([cost_per_unit[i] * x[i] for i in 
range(n)])

	   This line defines the objective function of the LP model. From the ini-
tializing line, Python already knows that it is a minimization problem. 
This line indicates what to minimize, in this case, the total cost.

# Common constraints
model += pulp.lpSum([labour_hours[i] * x[i] for i in 
range(n)]) <= total_labour_available
model += pulp.lpSum([wood_units[i] * x[i] for i in 
range(n)]) <= total_wood_available
model += pulp.lpSum([profit_per_unit[i] * x[i] for i in 
range(n)]) >= min_profit

#Demand constraint  
for i in range(n):

model += x[i] >= min_demand[i]  
model += x[i] <= max_demand[i]

	   For the demand constraints, this same expression has been looped since it 
must circle through each of the specific demand constraints for each product.

•	 Solve LP problem: In this section, the LP model is saved according to 
the instructions above. Note that this cell will give an output of 1. This 
means that the model has found an optimal solution to the problem. It 
may also return 0, –1, –2, or –3, which would mean that your model has 
not been solved, it is infeasible to solve it, it is unbounded, or undefined 
respectively. Naturally, the objective is to get a 1 here.

•	 Prepare summary and save results: After the LP program is solved, the 
output of the code is the optimized mix. This is displayed on screen and 
also saved in a CSV file for subsequent use.
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Relevant model constraints and objectives

When implementing an LP model for resource optimization and allocation, 
it is imperative to recognize that constraints and objectives vary signifi-
cantly from company to company and within different business contexts. 
As such, users must ensure a custom approach tailored to specific circum-
stances. The objective function usually focuses on the maximization or 
minimization of value. Maximization algorithms may be applied to profit, 
production levels, revenue, and similar, while minimization may be applied 
to cost, resource usage, labor hours used, and similar. The constraints must 
be consistent with the company’s resources, which yields far better results 
than a one-size-fits-all solution. Constraints can normally incorporate the 
following components:

•	 Strategic financial constraints
○	 Capital expenditure thresholds according to the approved annual 

budget.
○	 Operating expense budget by department and cost center.
○	 Liquidity requirements and cash flow timing considerations.
○	 Debt covenant restrictions, which may limit certain financial ratios.
○	 Working capital requirements across business units.
○	 Contribution margins by product line or service offering.
○	 Fixed and variable cost structures across different production or ser-

vice volumes.
○	 Depreciation schedules and asset utilization rates.
○	 Tax implications of different resource allocation strategies.
○	 Transfer pricing considerations for multi-divisional organizations.

•	 Operational constraints
○	 Manufacturing capacity limits (equipment throughput).
○	 Storage and warehouse capacity constraints.
○	 Transportation and logistics limitations.
○	 Lead time requirements for production or procurement.
○	 Minimum batch sizes for efficient production.
○	 Setup time considerations between product changeovers.

•	 Market and risk constraints.
○	 Return on investment (ROI) requirements for new initiatives.
○	 Risk-adjusted hurdle rates for different business segments.
○	 Foreign exchange exposure limitations.
○	 Commodity price hedging parameters.
○	 Regulatory capital requirements for financial services.
○	 Risk exposure limits across different scenarios.

•	 Human resource constraints
○	 Skilled labor availability by department or function.
○	 Training requirements for new processes.
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○	 Overtime limitations and cost thresholds.
○	 Shift scheduling requirements and limitations.
○	 Productivity rates and learning curves for new processes.

•	 Supply chain constraints
○	 Raw material availability and procurement limitations.
○	 Supplier capacity constraints and minimum order quantities.
○	 Supply chain reliability factors and safety stock requirements.
○	 Geographical sourcing restrictions or requirements.
○	 Import/export limitations and tariff considerations.

•	 Environmental and regulatory constraints
○	 Emissions limits and environmental compliance requirements.
○	 Waste disposal limitations and costs.
○	 Regulatory approval timelines for new products.
○	 Industry-specific compliance requirements.
○	 Environmental, Social, Governance (ESG) policy requirements.

•	 Time-based constraints
○	 Project timeline requirements and milestones.
○	 Seasonality factors affecting both supply and demand.
○	 Product life cycle considerations.
○	 Technology obsolescence timelines.
○	 New product introduction schedules.

This is not an exhaustive list; however, it provides us with an idea of the 
type of constraints that may form part of the decision-making process.

Consider the furniture manufacturer. Their constraint on wood is not 
arbitrary; it stems from tangible business challenges like procurement dif-
ficulties or limited supplier capacity. Similarly, their labor hour limitations 
reflect real operational boundaries, probably shaped by workforce regula-
tions in their jurisdiction. Their production boundaries, both minimum 
and maximum, are grounded in careful market analysis and historical sales 
data. Producing beyond market demand ties up capital in unsold inven-
tory, while underproducing means forfeiting possible sales and their associ-
ated profits. The company also has a minimum profit constraint to ensure 
financial viability. This enables them to meet debt obligations, satisfy 
shareholders’ expectations, and fund future investments. Each constraint 
in their model relates to a specific business reality, and their objective of 
cost minimization reflects their overall business objective.

Enhance efficiency by determining the best mix  
of resources

Financial implications of suboptimal resource allocation are often not very 
evident as it takes time for a small misallocation to compound over time 
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and be significant. This may lead to costs that do not necessarily appear 
explicitly as a separate item on the financial statements. Over time, this 
compounding of small costs may result in compressed margins, reduced 
ROI, and diminished stakeholder returns. LP works by systematically 
evaluating all combinations based on the given inputs and instructions. 
Therefore, it can identify truly optimal solutions. Optimal resource mix 
may differ substantially from historical patterns, which eventually improve 
performance using the same resource base.

In our example, the final production levels were 13,009 chairs, 7,000 
tables, and 6,000 bookshelves. You may notice that tables and bookshelves 
are produced just enough to satisfy minimum demand, while chairs com-
prise the majority of the output. This is because the chair has the lowest 
cost per unit. Therefore, despite bookshelves having the highest profit mar-
gin, the LP model decided that producing chairs would have the lowest 
costs while maintaining the given profit margin. The focus on optimization 
of the LP model is better revealed for this case study if you attempt to max-
imize profit. The code for that is available at the repository. For the profit 
maximization model, the production levels were 14,500 chairs, 7,000 
tables, and 11,000 bookshelves. Bookshelves are being produced at their 
maximum demand limit, which is very simple due to it having the highest 
profit margin. However, notice something interesting here. Tables are still 
being produced to only satisfy the minimum demand, although the per-unit 
profit from them is higher than the profit from chairs. LP considers all con-
straints dynamically, something that is impossible to do manually.

While using LP, we should consider these four factors:

•	 Comprehensive constraint mapping: The accuracy of any LP model 
depends on how well it can reflect the actual constraints facing the 
organization. In addition to identification of the constrained resource, 
other factors may have to be articulated. This would include factors like 
nature of constraint (absolute or flexible), interdependencies between 
constraints, variability in constraint parameters, and allied.

•	 Financial parameter calibration: The financial parameters used in an LP 
model must be continually validated to reflect full economic costs and 
benefits. Recalibration of these parameters would lead to better resource 
allocations. Further, other techniques like ABC, contribution analysis, 
and others, can be used in parameter calibration.

•	 Constraint relaxation valuation: Shadow price is a very important con-
cept in LP. It represents the marginal value of relaxing a constraint by 
one unit. For example, say raw material is a constrained resource and 
has a shadow price of $50. This means that having one additional unit 
would improve the objective function of maximizing profit or minimiz-
ing costs by $50.
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•	 Change management: Successfully implementing LP for optimal resource 
allocation is not only a concern for strategic management. It requires the 
presence of a robust management culture throughout the organization.

LP can be applied across all industries, to any application of resource 
allocation. It can be used for financial portfolio optimization, marketing 
resource allocation, human capital optimization, and capital optimization, 
to name a few.

Key takeaways

Effective cost management and resource optimization are essential for stra-
tegic financial decision-making. Traditional costing methods often misrep-
resent product-level profitability in complex environments, whereas ABC 
offers more accurate insights by linking overheads to actual resource con-
sumption. When combined with regression analysis, financial leaders can 
identify and quantify key cost drivers, leading to more informed budgeting 
and pricing decisions. Additionally, LP enables optimal allocation of con-
strained resources, supporting cost minimization or profit maximization 
goals. We have demonstrated in the examples, how to leverage these tools 
with ML. This integration enables financial decision-makers to implement 
data-driven, efficient, and sustainable solutions.
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Chapter 4

Performance measurement and 
management

Measuring performance goes beyond just tracking numbers. It is about 
understanding how well the organization is moving toward its goals. In 
this chapter, we look at ways to define and monitor both financial and 
non-financial performance, with key performance indicators (KPIs) and 
balanced scorecards. We will see how ML can help build interactive 
dashboards, analyze employee performance, and turn complex data into 
actionable insights. We will also integrate real-time data to get the latest 
information. With the right tools and techniques, finance professionals can 
play a key role in guiding effective strategy across the organization.

Performance analysis and financial decisions

Performance measurement is an important component of financial deci-
sions. It may precede as well as succeed a decision. Accurate and timely 
measurement is likely to create a competitive advantage through opera-
tional efficiency and resource optimization. Traditionally, we use various 
financial metrics like ROI, profit margins, or earnings per share. Though 
these are essential for financial management, they often fail to capture the 
full spectrum of influencing factors.

Organizations aim to adopt strategies that consider non-financial fac-
tors like customer satisfaction, operational excellence, innovation capac-
ity, human capital development, and so on. These, along with financial 
measures, create a complete ecosystem that is necessary for the sustainable 
growth of an organization.

Management studies have responded to these requirements and have 
come up with different solutions. These include balanced scorecards, 
integrated reporting, and other tools that look beyond traditional finan-
cial reporting. Those reports also sensitize financial leadership on how 
non-financial activities can influence corporate growth and performance. 
That is the precise reason why these tools have been included in this book.

https://doi.org/10.4324/9781003619628-4


100  AI in Financial Decision Making

In this section, we will explore some financial and non-financial perfor-
mance measures and how financial decision-makers can leverage them for 
better strategies. We will also see how financial decision-makers can cre-
ate their dashboard, which they may choose to keep private or let others 
access.

Performance indicators for decision-making

Performance indicators allow financial decision-makers to evaluate the 
impact of their decisions. Computation of the measures is one aspect of 
the process; the other aspect involves defining the measure. Traditionally, 
we seek to measure performance by quantifying the impact of the decision 
on the resources used. For example, return on capital, inventory turnover, 
among others.

However, as the business works, the impact of the decision may not 
necessarily be driven by the resources we directly allot to the activity. ML 
tools allow us to determine more precisely what influences performance. 
This additional input is likely to lead to better decision-making.

Performance indicators can broadly be classified into two categories:

•	 Lagging indicators: These measures follow performance like profit, mar-
ket share, and allied. They are great indicators of past performance but 
have limited predictive value.

•	 Leading indicators: These indicators try to predict performance. For 
example, a high customer satisfaction score indicates potentially higher 
sales. These often double up as an early warning sign. For example, 
slowing sales is likely to cause higher inventory.

ML tools take these indicators to another dimension. For instance, regres-
sion models can identify key drivers of profitability by analyzing historical 
sales, cost behavior, and customer data. Similarly, unsupervised learning 
techniques like clustering can help segment customers based on profitabil-
ity patterns. This additional information would allow more informed deci-
sions on cost management or resource allocation. They can broadly be 
classified into the following groups of performance indicators:

•	 Correlation analysis: ML algorithms can identify non-obvious relation-
ships between operational metrics and financial outcomes. This will 
assist the management in prioritizing metrics with the strongest influ-
ence on outcomes.

•	 Anomaly detection: ML systems can automatically flag performance 
deviations and alert users. This can help organizations take early action 
to prevent loss or profit from an opportunity.
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•	 Dynamic thresholds: ML enables dynamic performance thresholds that 
adjust to contextual factors. This takes care of performance measure-
ment distortions arising from seasonality, market conditions, and others.

Let us consider an example. A mid-sized manufacturing firm wants to iden-
tify which operational indicators are most strongly associated with a profit 
margin over the last three years. We can use regression analysis to assess 
the impact of variables like machine downtime, supply chain delays, raw 
material prices, and labor efficiency.

The output helps management prioritize areas with the highest impact 
on financial outcomes.

Let us have a look at the Python code showcasing this application (pre-
fix 0401).

•	 Import libraries: The necessary libraries are being imported in this 
section.

•	 Customize: In this section, we are specifying the names of the file with 
input data, the name by which plots will be saved, and the variables for 
the regression model. For the regression model, we are specifying the 
names of the independent and dependent variables. Ensure that these 
fields are in the input data. Here is the relevant code with the customiz-
able parameters in italics.

# Customize parameters  
my_input_file = ‘0401 my_input.csv’
my_plot_prefix = “0401 my_plot_file”  
my_x_columns=[‘Machine_Downtime’, ‘Supply_Delays’, 
‘Raw_Material_Cost_Index’, ‘Labor_Efficiency’] 
my_y_column=[‘Profit_Margin’]

•	 Load data, prepare, and run regression: In this section, we load the 
input data and then define the input for the regression model. We have 
specified that there will be a constant, that is, the intercept term in the 
model. If you do not want an intercept, replace the code X = sm.add_
constant(X) with model = sm.OLS(y, X).fit().

•	 Generate regression output, display, and save plot: The code generates 
and displays various metrics of the regression model, regression equa-
tion, and scatter plot of the dependent variable with each independent 
variable. These plots are also saved individually for later use.

The output of the model is a detailed result of the regression model fit. This 
includes audit data containing the specification of the dependent variable, 
date of model run, method of fit, number of observations, and allied. It also 
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gives the model fit metrics, including the oft-used R2 and p-values. Values 
of the constant and coefficient of each independent variable are also stated. 
The code also displays the regression equation for better understanding. 
The scatter plots are very useful in visually understanding the nature of the 
relationship between the dependent and independent variables.

How the balanced scorecard works

The Balanced Scorecard (BSC) provides a structured framework for inte-
grating financial and non-financial performance measures. The measure-
ment is done across four key perspectives: financial, customer, internal 
processes, and learning and growth. By linking performance indicators to 
strategic objectives, it fosters alignment across all organizational levels. 
The core components of BSC are the following:

•	 Strategic objectives: These are clear, concise statements of what the 
organization aims to achieve within each perspective.

•	 Performance measures: These are metrics that track progress toward 
strategic objectives.

•	 Targets: These are specific performance levels to be achieved for each 
measure. Performance is measured against these targets.

•	 Strategic initiatives: These comprise projects and programs designed to 
help achieve targets.

A balanced scorecard recognizes the cause-and-effect relationship between 
perspectives. For example, improvement in employee skills is expected to 
result in improved internal processes. Identifying cause-and-effect relations 
makes balanced scorecards a powerful tool in the hands of decision-makers. 
ML is likely to enhance the effectiveness of BSC in many ways, including 
the following:

•	 Causality validation: Every management has its view on the 
cause-and-effect relation between metrics across perspectives. ML 
algorithms can analyze historical data to validate these hypothesized 
cause-and-effect relationships. This validation ensures that the root 
cause accurately reflects organizational realities.

•	 Predictive performance modeling: ML models are great tools to forecast 
changes in leading indicators. This, in turn, will influence lagging finan-
cial metrics, enabling more accurate financial planning.

•	 Automated insight generation: At another extreme, NLP can continu-
ously analyze performance data. They can automatically generate nar-
rative insights highlighting critical trends, correlations, and anomalies 
across the scorecard.
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Let us have a look at an example. A  financial services company uses a 
BSC to evaluate branch-level performance. It builds an ML dashboard that 
tracks KPIs like revenue growth, customer satisfaction score, average ser-
vice time per customer, and training hours. ML models identify patterns in 
underperforming branches and predict future service delivery risks. This 
integration not only provides real-time visualization but also supports pro-
active interventions.

Let us have a look at the main components of the code (prefix 0402).

•	 Import libraries: We load the necessary libraries in this section. You 
will find three new libraries being used here. Let us have a quick look at 
these.

•	 Plotly: The Plotly library in Python is a powerful, interactive 
graphing library. This is used to create high-quality visualizations for 
data analysis and dashboards. It supports both static and interac-
tive charts and is extremely useful for browser-based, zoomable, and 
clickable plots. You can download the plots, zoom, pan, select a part, 
and do much more with Plotly.

•	 Dash: The Dash library in Python is an open-source framework 
developed by Plotly for building interactive web applications in 
Python. It is commonly used to create data dashboards, visual ana-
lytics, and ML model interfaces. The library has interactive compo-
nents like sliders, dropdowns, graphs, and allied. Dash runs a web 
server internally when we launch a Dash app. This server can be 
accessed by others who know the IP address of the server. Please 
note that external access is subject to network rules. It is always 
available on the local machine and by default on port 8050, that is, 
on 127.0.0.1:8050. This will make it accessible on your machine. 
127.0.0.1 is also known as the localhost. Note that we have used 
localhost in multiple places in this chapter. If you have an IP address 
that has already been used, you will need to modify the “0.0.1” part 
of the address. For example, change “127.0.0.1” to “127.0.2.0” or 
to “127.0.0.5.” You will also observe in the later sections that we 
have done the same. Your IT department can advise you on how to 
close a running server.

	 However, if you restart your machine, these servers will get reset.
•	 Socket: The socket library provides a low-level interface for net-

work communication. It allows Python programs to send and receive 
data over TCP/IP or UDP protocols. This enables communication 
between different devices or applications over a network. We have 
used this library to identify the IP address where the Dash dashboard 
can be accessed.
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•	 Customize: This code uses two customizable parameters – name of the 
input file and a list of features that will be used for clustering. The rel-
evant section of the code with the customizable sections italicized is 
given here. Please be careful about the syntax of providing the names of 
the feature fields, and ensure that all these fields are present in the input 
file. Strictly speaking, there are other areas of the code that you would 
need to change while using input with different fields. We have identified 
them at appropriate places.

# Customize parameters  
my_input_file=‘0402 my_input.csv’
my_x_fields = [‘Revenue_Growth’, ‘Customer_Satisfaction’,
‘Service_Time’, ‘Training_Hours’]

•	 Load data and run clustering: In this section, the input data is 
loaded into the model after normalization. The StandardScaler is a 
data preprocessing tool that standardizes features by removing the 
mean and scaling to unit variance. This sets the mean to zero and 
the standard deviation to 1. It avoids features with larger scales 
dominating the model, like salary in thousands versus age in years. 
We have used the K-means clustering tool. This is an unsupervised 
ML algorithm that groups data into K distinct clusters based on 
similarity. Its goal is to organize data such that points within the 
same cluster are more similar to each other than to those in other 
clusters. It is known as unsupervised learning, as we do not pro-
vide any labels or predefined categories. The tool finds structure or 
patterns in the data on its own. The code snippet n_clusters=3 
asks the tool to group data into 3 clusters. The number of clusters 
can be an executive decision, but we have measures like the Elbow 
Plot or the Silhouette Score to decide on the number of clusters that 
best suit the data. Setting the random_state to a specific num-
ber ensures that the random choices made during the algorithm are 
reproducible. Consequently, we will get the same results every time 
you run the code.

•	 Launch dashboard: We launch the dashboard to display interac-
tive results, which can also be viewed on a browser running on a 
local web server. We can view the results displayed on the screen by 
going to the IP address where the web server is running. In the lay-
out section, we have defined the dropdown options and what values 
they would display. These are marked as ‘label’ and ‘value’. 
The corresponding name of the field is provided against ‘value’. 
The function will be called later by the ID given in the code snippet 
id=‘metric’. Here is part of the code with the customizable parts 
in italics.
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dcc.Dropdown(
id=‘metric’,  
options=[
{‘label’: ‘Revenue Growth (%)’, ‘value’: 
‘Revenue_Growth’},
{‘label’: ‘Customer Satisfaction’, ‘value’: 
‘Customer_Satisfaction’},
{‘label’: ‘Service Time (min)’, ‘value’: 
‘Service_Time’},
{‘label’: ‘Training Hours’, ‘value’: 
‘Training_Hours’}
],
value=‘Revenue_Growth’,  
clearable=False

),

You can change the type of graph also, but that would not qualify as Lo-code, 
and so we have given it a pass. The function is called back by the app.callback 
section. The display gets updated depending on the selection made by the user.

If you want the dashboard to be accessible to the external world, use host 
0.0.0.0 in the app_run. You will have app.run(host=‘0.0.0.0’, 
port=8050, debug=True) as the code. However, this will create a 
problem when Jupyter Notebook processes the code, as 0.0.0.0 is not an 
accessible address. You will get a processing error, though the dashboard 
will be accessible from the network. We have both options provided in the 
code. Please note that these are dependent on how your network has been 
designed and what permissions you have. You may need to involve your IT 
department to help you out here.

The output of the code has two parts. The first part displays a bar 
chart depending on the selection made by the user. These charts are 
self-explanatory. The second part renders a cluster diagram. The code has 
defined the cluster to be made around the dimensions of revenue growth, 
customer satisfaction, and training hours. The clusters are represented by 
different colors and numbered 0, 1, and 2. If you hover your cursor on any 
cluster dot, the branch ID, values of the dimensions, and the cluster num-
ber are displayed at the mouse tip. If you hover your cursor anywhere over 
the image, a menu will appear in the top-right corner of the image box. You 
can view the image in many ways by using the menu options.

You need to remember that the web server is not terminated when you 
quit the code or finish running it. The server continues running in the back-
ground. That is why if you complete using a code with the Dash library 
and move to another code with the same library, you may not find the 
dashboard being populated. The web server is still running the last code, 
and the IP address is not free for the new code. Either you have to stop the 
server running or change the destination IP address in the later code.
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We have used Dash in several other codes in this chapter and have not 
repeated these explanations. Whenever you need to remember how Dash 
works, please come back to this section.

Identify employees with better potential

An effective employee performance measurement system will look beyond 
metrics like output generated or sales made. These systems will gener-
ate data-driven insights to influence talent development investments and 
organizational structure issues. A  comprehensive performance measure-
ment framework should incorporate, among others, the following:

•	 Objective output metrics: These record the quantifiable results achieved, 
such as sales targets or production volumes.

•	 Behavioral competencies: These recognize observable workplace behav-
iors that contribute to organizational success. These include collabora-
tion, innovation, adaptability, and so on.

•	 Skills assessment: These are the basic technical and soft skills that are 
relevant to current and future organizational needs.

•	 Growth trajectory: Another critical area of focus is the rate of perfor-
mance improvement over time. These metrics indicate the learning agil-
ity and development potential of employees.

What are the aspects of employee performance measures where ML tools 
can contribute? Well, there are quite a few, including the following:

•	 Performance pattern recognition: ML algorithms can identify complex 
patterns in employee performance data. This ability can be useful in 
recognizing potential behavior. Traditional analysis may not be able to 
identify such patterns.

•	 High-potential identification: Analysis of multiple performance patterns 
would allow ML tools to recognize signatures of high-potential employ-
ees. This can be useful in succession planning.

•	 Development path optimization: Analysis of performance patterns 
would allow ML tools to recommend individualized development plans 
for different employees. These interventions will be based on identified 
skill gaps, growth opportunities, and potential.

•	 Bias mitigation: One of the major threats of traditional performance 
evaluation systems is the biased view of assessors. The situation is even 
worse if the bias is unconscious. A  well-trained ML system can help 
reduce unconscious bias in performance evaluations.

Multiple ML tools and approaches can be useful in this case. Supervised 
classification algorithms like Random Forests, decision trees, and logistic 
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regression can be trained on historical employee data. They can use varia-
bles such as project delivery times, training participation, feedback ratings, 
absenteeism, and other relevant variables to predict future performance. 
These tools can also help identify high-potential talent.

Let us see how such tools can be used in business. Let us take the 
case of a multinational company that wants to identify employees with 
above-average growth potential. It can compile data from internal HR sys-
tems and use a Random Forest Classifier. This classifier will predict high 
performers based on historical patterns.

This will help HR teams design focused mentorship and development 
plans for the right individuals. The underlying assumption is that we know 
which factors point to a person potentially being a high performer. Now 
you know this is a supervised model, as we know both features and target 
labels. Talent analytics will aid better strategic workforce decisions, which 
are likely to improve the retention of top performers.

Let us see the main components of the code that exemplify the business 
case. The main components of the code (prefix 0403) are the following:

•	 Import libraries: We are loading all libraries in this section. We have 
imported new modules like train_test_split and Random-
ForestClassifier, from sklearn. We will discuss these a little later.

•	 Customize: There are five parameters that we are customizing in this sec-
tion. They are the name of the input file, the file to save the confusion 
matrix and feature plot, and a list of dependent and independent variables 
to be used in the model. The extract of the code with a customizable sec-
tion in italics is given here. Ensure that these fields are present in the input.

# Customize parameters  
my_input_file =‘0403 my_input.csv’
my_x_values = [‘Project_Score’, ‘Training_Hours’,  
‘Absenteeism_Rate’, ‘Peer_Feedback’]
my_y_value = ‘High_Performer’  
my_confusion_plot=‘0403 confusion_matrix.png’  
my_feature_plot=‘0403 feature_plot.png’

•	 Load data and fit classifier: In this section, we load the data from the 
input file. We define the features and the target. After that, we split the 
input data into two sections. The first section will be used to train the 
model, and the second section will be used to test the trained model. 
For the model, the test section will be unknown. You can change the 
value of test_size=0.3 to decide the percentage of total data that 
will be reserved for testing. 0.3 means 30% of the data will be used for 
testing. Once we have readied the input data, we will fit the Random 
Forest Classifier. As we have seen earlier, a Random Forest Classifier is 
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an ensemble ML algorithm that builds multiple decision trees during 
training. The model identifies the class a data point belongs to. The 
model classifies the data point into the class that the majority of the 
decision trees have indicated. It improves accuracy and reduces overfit-
ting as compared to a single decision tree. You can specify the number of 
decision trees you want to work with by providing the value in the code 
snippet n_estimators=100. A value in the random_state ensures 
that we get the same results in every run. Armed with these values, the 
code starts fitting the model to the data provided.

•	 Predict, evaluate, and report: In the final section, the model predicts the 
values using the data from the section reserved for testing. The confu-
sion matrix to map the extent of correct prediction is created and dis-
played. The model computes the respective importance of each feature 
and plots the same. Both plots are also saved for future use. The code 
also shows the predicted performance status against each employee ID 
and indicates whether the employee was a high performer.

The output includes the classification report, plot of the confusion matrix, 
and feature importance. The classification report evaluates the quality of 
prediction and uses the following terms.

•	 Precision and Recall (Sensitivity): Precision is the proportion predicted 
to be positive that turned out to be positive for each classification, 1 or 
0. Recall or sensitivity is the proportion of actual positives that were 
correctly predicted.

•	 F1 Score: This is the harmonic mean of precision and recall. This is used 
instead of the arithmetic mean because it gives more weight to lower 
values. This sensitizes users about models that perform well on one met-
ric but poorly on another.

•	 Support: The number of true instances for each class in the dataset.
•	 Accuracy: Number of predictions that were correct overall.
•	 Macro average: Average of the metrics treating all classes equally.
•	 Weighted average: Average weighted by the number of instances in each 

class.

A confusion matrix is a summary table that evaluates the performance of a 
classification model (Table 4.1). It plots the predicted values with the actual 
values in the test data and presents the same in a 2×2 matrix.

There are no universal threshold values of these metrics for the model 
to be accepted. It would vary from case to case, as well as the behavior of 
the industry.

The feature importance plot shows how important each feature is. The 
relative importance of a feature is computed based on how much the fea-
ture contributes to reducing impurity across all trees in the forest. We have 
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four features in this case, and the relative importance of each of them is 
plotted here. This information will allow us to focus on the more critical 
features.

Developing KPI dashboards with ML tools

Dashboards are a popular way of communicating key performance results 
with the stakeholders. Often, finance professionals supply them to the data 
team, and they populate the dashboard either in an automated process or 
manually. The dashboard remains static till the next update. ML tools can 
convert static dashboards into dynamic ones by combining performance 
analysis with reporting. The best part is that the finance professionals can 
now create their mini dashboard, which can be used by a close team or 
even for a short duration. ML tools allow them to do that without being 
dependent on the data team.

There are visualization platforms in ML that can be integrated with the 
ML algorithms to create intelligent dashboards. These dashboards can not 
only display historical data but can also uncover trends, detect anomalies, 
and forecast likely future outcomes.

In this section, we will examine the possibilities of creating our 
dashboard.

Visualizing KPIs for quick insights

Visualization enables faster comprehension and more effective 
decision-making. Relationships like correlation, trends, and anomalies are 
more easily understood through a visual depiction rather than through 

Table 4.1  Confusion matrix
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text. ML tools are not only capable of identifying and highlighting signifi-
cant trends, correlations, and outliers, but they can also identify important 
factors from multi-dimensional KPIs.

Visualization works in tandem with ML techniques. For example, 
dimensionality reduction or clustering techniques can group related KPIs 
or departments exhibiting similar performance behaviors. These insights 
are then fed into visualization libraries to generate easy-to-comprehend 
renderings.

Let us consider that a retail chain wants to visualize daily sales, profit 
margins, inventory turnover, and customer footfall across 20 stores. Using 
K-means, the system groups the stores with similar performance trends. 
The code can then visualize them using an interactive bar and scatter chart. 
Outliers can be flagged for review.

Let us have a look at the main components of the code (prefix 0404).

•	 Import libraries: Apart from the regular ones, we have imported a new 
library for this code. mpl_toolkits.mplot3d is a submodule of 
Matplotlib. It provides 3D plotting capabilities.

•	 Customize: There are four input parameters that we have customized 
here. These are the names of the input file, the features we will use for 
clustering, and the names of files to save the plots. Here is the relevant 
code with customizable values in italics.

# Customize parameters my_input_file=‘0404 my_input.csv’
my_features = [‘Daily_Sales’, ‘Profit_Margin’,  
‘Inventory_Turnover’, ‘Customer_Footfall’]  
my_scatter_plot=“0404 cluster_3d_scatter.png”  
my_bar_prefix =“0404 bar_chart”

•	 Load and prepare data, apply K-means: We proceed to load data from 
the input file. Note that the features that have been entered above are 
names of fields in the input file. We standardize the data and then fit 
a K-means clustering model. We have specified in the code n_clus-
ters=3, which means we are instructing the code to have three clusters. 
Remember, this is an unsupervised learning model where we have not 
provided any cause-and-effect relation within the input data. We fit the 
model and then go ahead with generating the clusters.

•	 Visualize and save cluster: We have created clusters and rendered them 
in 3D. In addition, we have created bar charts of each feature against all 
stores. We have saved both plot files for future use.

This code shows an advanced visualization against a business case similar 
to the one used earlier. Let us understand the cluster output (Figure 4.1).



Performance Measurement and Management  111

The stores have been classified into 3 clusters as per our requirement. It 
had three features for clustering, and we have 3 axes. The features are daily 
sales, profit margin, and customer footfall. You can see that the 3 clusters 
are distinct, meaning they are not overlapping. Each shade represents a 
distinct group of stores that behave similarly across these three KPIs. The 
different shades represent clusters arising from the model fit.

This can help manage benchmark stores against similar peers within the 
same cluster. Underperforming stores in a high-performing cluster might 
warrant deeper investigation. There are other rendering tools like Plotly, 
which we have used earlier, that allow you to rotate the chart, of course, 
on the screen.

Interactive dashboards using ML tools

Interactive dashboards allow users to manipulate the display in real time, 
addressing their specific inquisitiveness. This is a major improvement over 

Figure 4.1  3D Clustering Output
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static dashboards that provide a snapshot. Most interactive dashboards 
would have some or all of the following features:

•	 Dynamic filtering: Allows users to instantaneously filter data across 
multiple dimensions to retrieve a visualization of their focus data.

•	 Drill-down capabilities: This feature enables navigation from high-level 
KPIs to granular details to support root cause analysis.

•	 Scenario modeling: Facilitates “what-if” analyses to explore potential 
outcomes of different decisions. This can be very useful during a meeting 
where various possible strategies are discussed.

•	 Contextual recommendations: ML can even go a step beyond mere visu-
alization. It can even suggest relevant metrics and visualizations based 
on the user’s exploration pattern.

There are multiple tools for visualization, and we will be using some of 
them here. You may break them into two categories: one that creates the 
visualization and the other that renders the visualization on the web or 
similar accessible platforms.

Consider a manufacturing company that wants an interactive dashboard 
to track equipment utilization, downtime, energy consumption, and qual-
ity defect rates. In a standard dashboard, these values can be easily visual-
ized, even a standard spreadsheet would do a great job. An ML-powered 
dashboard can, in addition, use a regression model to forecast equipment 
failure risk. This can be displayed along with current operational KPIs in 
a real-time dashboard. The interactivity supported by ML-driven insights 
would help the operational teams take early preventive action. Let us have 
a look at the major components of the code (prefix 0405).

•	 Import libraries: We have loaded all necessary libraries. We have used 
these libraries in earlier codes too.

•	 Customize: We have specified the name of the input file, the features, 
the target, and additionally, the IP address to render the dashboard on 
a local web server. You may not specify the IP address, and the library 
will assign 127.0.0.1. However, as stated earlier, we have changed the 
IP address here under my_host as we have used 127.0.0.1 previously. 
By default, it runs on port 8050. Here is the relevant section of the code 
with the customizable parameters highlighted in italics.

my_input_file=‘0405 my_input.csv’  
my_features = [‘Utilization’, ‘Downtime’,  
‘Energy_Consumption’, ‘Defect_Rate’]  
my_target=‘Failure_Risk’  
my_host=‘127.0.0.7’
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•	 Read data and run regression: In this section, we will first read the input 
data and then define the labels and target. We set the linear regression 
model and fit the data. We use the model to predict from past data. 
Please note that we are not doing a test-train split here and are using 
the same data to train and predict. We can also use the train and test 
method, which we have seen under other applications, if we want to do 
more detailed testing.

•	 Build dashboard: Armed with the predicted values, we move on to pop-
ulate the dashboard. We have followed the same logic as earlier to use 
the Dash library.

The output dashboard has two sections. The top one has a dropdown 
menu, and you can display a chart depending on the option you have 
selected. The display below shows the predicted machine failure rate gen-
erated from the regression model. You can also use the dashboard from 
your local browser.

The purpose behind giving this example is not to establish the pos-
sibility of ML-driven better visualization, but to integrate ML-driven 
prediction.

Performance tracking using real-time data

Real-time KPI tracking is a significant leap from the periodic performance 
analysis done traditionally. This enables organizations to respond faster 
to changes in the environment and key assumptions. Integrating real-time 
feeds into KPI dashboards ensures that decision-makers do not rely on 
outdated or stale information.

The ability to integrate real-time data potentially reduces the lead time 
to make a decision. It can also enable early warning signals and facili-
tate continuous improvement in the process. A  few advantages of using 
real-time data include the following:

•	 Streaming analytics: It facilitates processing continuous data flows and 
extracts meaningful patterns without human intervention.

•	 Adaptive alerting: The ability to adjust alert thresholds based on con-
textual factors is likely to reduce false positives. It will also let the user 
focus on significant alerts instead of facing a large number of inconse-
quential alerts.

•	 Predictive monitoring: ML tools can also forecast KPI trajectories, thus 
providing an early alert before a potential issue emerges.

•	 Causal analysis: At an advanced level, it is also possible to identify 
root causes of KPI changes in real-time. This will facilitate targeted 
interventions.
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Though not described here, dashboards can connect with live data sources 
(IoT devices, ERP systems, or external APIs) using specialized ML tools. 
ML models can then process and analyze this data stream to generate alerts 
or recommendations as conditions change.

Consider a manufacturing company that streams live data from its fac-
tory into a real-time dashboard. These data could relate to machine utili-
zation, downtime, energy consumption, defect rate, estimated failure risk, 
and others. An embedded ML model can flag failure risk based on other 
data being updated periodically. Since we do not have a system that will 
periodically update our data, we have created a routine to generate dummy 
data to show the performance of the model. In real life, this updated data 
will be available to you from external sources. Let us have a look at the 
main components of the code (prefix 0406).

•	 Import libraries: The libraries we are using for this code are all known 
to us from past usage.

•	 Customize: We have provided four parameters to run the code. The 
name of the input file, the names of the labels and target (the independ-
ent and dependent variables), and a refresh rate in seconds. While the 
first three are well known, the refresh rate is the time in seconds between 
every refresh of the dashboard. You can decide if you want 5 seconds, 10 
seconds, 60 seconds, or whatever. Of course, you would have ensured 
that the labels and the target are all present in the input file. Here is the 
excerpt from the code with customizable parameters in italics.

# Customize parameters

my_input_file=‘0406 my_input.csv’  
my_host=‘127.0.0.9’

# define regression paraneters  
my_x_values = [‘Utilization’, ‘Downtime’,  
‘Energy_Consumption’, ‘Defect_Rate’]  
my_y_value = ‘Failure_Risk’

# Seconds to refresh the dashboard  
my_refresh=10

•	 Load and train model on initial data: In this section, we read the data 
from the input file and fit a linear regression using the labels and target. 
The regression creates a new set of data comprising predicted risk for 
every machine.

•	 Function to create dummy data: This is an interesting section, though 
it will be redundant in real-life applications. In this function, we are 
creating dummy data for every machine we have in the base input. 
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This dummy data is then used to refresh the dashboard. The generated 
dummy data is not saved. The first step we have taken here is to ascer-
tain how many machines there are in the database input.

•	 Set up the dashboard: In this case, we have 30 machines, and we will 
generate dummy data for each of them whenever this function is called. 
Update frequency is also used here. The layout of the dashboard is also 
designed here.

•	 Update dashboard using dummy data: In this section, we display the 
KPIs, which are the machine utilization rate and the predicted failure rate. 
As the dummy data is generated at stipulated intervals, the dashboard is 
updated with new values. This will be very useful for monitoring dynamic 
data. You can select to make the dashboard available to others by publish-
ing it on an IP address accessible to your target audience.

The output from the code is essentially two plots. One for machine utiliza-
tion and the other for predicted machine failure. The first plot, apart from 
showing the machine utilization rate, is overlaid with a color depicting the 
predicted failure rate. Thus, it conveys two pieces of information to the user 
at the same time. The second chart is for the predicted failure risk. Both 
charts get updated at defined time intervals and show the latest dummy data.

In real-life applications, data will be fed into code from an external 
source. The external source just needs to adhere to the data structure of 
the host code.

Suiting different stakeholders’ needs

A customizable dashboard would allow different stakeholders to populate 
the same with the data and visuals they need. Stakeholder-driven customi-
zation would require an understanding of the stakeholder characteristics. 
Though we are looking at the stakeholders developing their dashboard, let 
us still have a quick look at those characteristics.

•	 Information scope: The information requirement differs from the C-suite 
to functional experts. The information needed may be strategic, opera-
tional, or even specialized.

•	 Decision timeframe: The time impact of the decision may also differ 
from long-term strategic to immediate tactical. The dashboard will have 
to be populated to serve such a need.

•	 Data aggregation: The need for data aggregation would also differ from 
one user to another. A line manager may need a detailed analysis, while 
senior executives may need precise summaries.

•	 Context awareness: A report is to be populated and interpreted based 
on the context. The information being presented should also be tailored 
to specific business contexts and responsibilities.



116  AI in Financial Decision Making

In terms of designing the content for customizing dashboards, the ML 
tools may use different approaches. The tools can analyze, on their own, 
how users interact with dashboards and remember their preferences. This 
information is then used to populate the dashboard intuitively for differ-
ent users. Another great tool is to enable a natural language interface. This 
allows non-technical users to request a custom view through a conversa-
tional process. Role-based generation of the dashboard is also a possibility. 
All this ensures that the displays are not only correct but are also relevant.

Let us look at an example. Consider a mid-sized enterprise implement-
ing a dashboard. The dashboard adjusts its layout and KPIs based on the 
role of the logged-in user. Executives see strategic indicators, while team 
leaders see operational ones. An ML model monitors usage patterns to 
recommend layout changes and new KPI additions based on departmental 
focus. The code is very similar to the last one, except when it comes to 
visualization. Here, the user can select a profile, and the display will change 
to suit the defined needs of the role selected. In all cases, the data will get 
refreshed at the specified interval. Major components of the relevant code 
(prefix 0407) are the following:

•	 Import libraries: The necessary libraries are loaded, as usual.
•	 Customize: We can customize the name of the input file, specify the 

labels and the target, and provide the refresh rate. The relevant part of 
the code is given here, and as you can see, it is similar to the last exam-
ple. The customizable parameters have been italicized.

# Customize parameters  
my_input_file=‘0407 my_input.csv’ 
my_host=‘127.0.0.8’

# define regression parameters  
my_x_values = [‘Utilization’, ‘Downtime’,  
‘Energy_Consumption’, ‘Defect_Rate’]  
my_y_value = ‘Failure_Risk’

# Seconds to refresh the dashboard  
my_refresh=10

•	 Load and train model on initial data: We load the input data and define 
the model and the parameters.

•	 Function to create dummy data: Similar to the last code, we have created 
a function to generate dummy data to be used to refresh the dashboard.

•	 Set up dashboard app: The dashboard application is also like the last 
example, except it allows users to select a role. For example, this code 
allows the user to select one of three roles of executive, operations 
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manager, or maintenance head. The content of the dashboard changes 
according to the selected role.

•	 Callback with live data: This section populates the dashboard with 
role-specific content, which is updated at a regular frequency.

As we stated earlier, the output from the model is role-specific. It also runs 
the regression model to predict failure risk and displays the same for the 
executives. The average utilization rate and the average predicted failure 
rate are also stated for the executive. The operations manager gets a view 
of real-life utilization and defect rate for each machine. The maintenance 
head gets a prioritized list of maintenance based on the predicted risk.

This tool allows a single dashboard serving different perspectives, allow-
ing the users to select the view they want to have.

Balance scorecard implementation using ML tools

BSC is a strategic performance management framework. This framework 
enables organizations to translate their vision and strategy into a coherent 
set of financial and non-financial objectives. Traditional BSC implementa-
tions often struggle with data integration challenges, time lags in reporting, 
and limited analytical capabilities. ML tools can transform this dashboard 
into a data-driven application to monitor both financial and non-financial 
performance metrics.

Smart ML tools facilitate the development of web-based applications 
to communicate BSC metrics in real-time. They can integrate various data 
sources in real time and offer features like automated pattern recognition 
and predictive performance modeling. The stakeholders can get access to 
real-life data customized to their needs. The true power of ML-enhanced 
BSCs would lie in their ability to transform strategy from a concept to a 
measurable framework. This would facilitate the alignment of operations 
with organizational strategies. The data becomes accessible, understand-
able, and actionable across various levels of the organization.

A combination of BSC and ML would result in translating strategic 
objectives into measurable outcomes. Strategic clarity of BSC and analyti-
cal capabilities of ML, with interactivity of rendering tools, can build an 
intelligent performance tracking system. We will have a look at some of the 
potential in this module.

Align business activities and strategic objectives using BSC

An effective BSC implementation is a visual representation of causal rela-
tionships between objectives across different perspectives. Traditional 
strategy maps rely heavily on intuition and experience, which can lead 
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to incorrect assumptions about cause-and-effect relationships. An ML 
algorithm-driven strategy map is highlighted by the following:

•	 Empirical validation: ML algorithms use historical performance data 
to validate hypothesized cause-and-effect relationships. This approach 
results in confirmation or refutation of these assumptions with evidence.

•	 Relationship strength quantification: ML tools, beyond establishing a 
binary connection, can determine the strength of relationships between 
metrics. This will help organizations in identifying initiatives with the 
highest strategic impact.

•	 Time-lag analysis: ML techniques can also identify the time delays 
between improvements in leading indicators (for example, employee 
training) and corresponding changes in lagging indicators. For example, 
how long after completing employee training can we expect customer 
satisfaction to improve?

•	 Hidden relationship discovery: Unsupervised learning techniques can 
uncover connections between metrics that are not obvious. These are 
often overlooked in traditional strategy mapping exercises. For exam-
ple, some customers may avoid a restaurant because the images are not 
appealing on their social media profiles.

ML tools can augment the BSC by enabling data-driven alignment 
checks. For example, decision tree models can analyze historical BSC 
data to identify which non-financial indicators most influence financial 
outcomes. Organizations can use association rules or correlation map-
ping to evaluate how specific actions across departments contribute to 
strategic KPIs.

Let us look at an application. Consider a service-based company that 
tracks KPIs from each BSC perspective to determine which internal process 
indicators most influence customer satisfaction. They feel that innovation 
scores, process efficiency, employee training hours, issue resolution time, 
and customer satisfaction influence profit margin. The decision tree clas-
sifier may identify that service resolution time and support team training 
hours have the greatest influence. This insight would help realign opera-
tional targets with customer-focused strategic goals. Let us have a look at 
the code (prefix 0408).

•	 Import libraries: As usual, the necessary libraries are being loaded in this 
section. We will be using the DecisionTreeRegresor which we have 
installed.

•	 Customize: In this section, we are providing values for the names of the 
input file, files to save plots and predicted data, and features and targets 
to be used in the decision tree model. Here is the part of the code with 
the customizable parameters identified by italics. You will identify the 
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features you want to work with, ensuring that these are available on the 
input data.

# Customize parameters  
my_input_file=‘0408 my_input.csv’
my_predicted_values=“0408 predicted_kpi_data.csv”  
my_features = [‘Employee_Training_Hours’,  
‘Customer_Satisfaction’, ‘Process_Efficiency’,
‘Issue_Resolution_Time’, ‘Innovation_Score’] 
my_target= ‘Profit_Margin’
my_feature_plot = ‘0408 feature_plot.png’
my_decision_plot = ‘0408 decision_tree_visual.png’

•	 Read data and fit model: We have started the code by reading the input 
file. We moved on to loading the parameters for the decision tree, includ-
ing the test-train split. Once defined, we used these parameters to fit the 
model. In the last few codes, we had simply predicted and did not follow 
this approach. This approach allows us to evaluate the fit of the model, 
and that is what the next part is about. It predicts the value for the target 
using the test part of the input data and then computes the MSE on the 
test set. This gives us an idea about whether the model is good to use.

•	 Feature importance: In this section, we have computed the relative 
importance of each of the labels in our model. The plot highlights the 
same, which is also saved for future use. If the model is good to use, this 
will give us insight into the importance of each label in influencing the 
target. This insight would be useful for management intervention.

•	 Visual decision tree: The decision tree model used here is a predictive 
model that learns if-then rules to predict a continuous numeric target 
variable. It recursively splits the dataset based on the values of the fea-
tures and gives us a set of if-then gates to understand how the targets 
were achieved. We displayed the decision tree and saved it for future use.

•	 Display predicted data: This section displays the test data alongside the 
predicted target. In this case, the predicted target is the predicted profit 
margin. The actual profit margin is also displayed alongside to form 
an idea of how close or off the prediction was. Of course, the model fit 
metrics give us a comprehensive view based on the entire dataset. The 
entire dataset is also saved for subsequent use.

The output from the section includes a plot of feature importance, a deci-
sion tree, and a CSV file with predictions. Let us understand how to read 
the decision tree (Figure 4.2).

A decision tree, as the name suggests, spreads out as a tree from the 
top. It branches downwards, classifying observations till it reaches a point 
where further classification is not possible. The boxes show the question 
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being asked in the decision box, and answers branch out from there. They 
may also have additional information depending on the library being used. 
Let us look at a portion of the decision tree and try to understand the same.

The topmost box questions whether employee training hours were less 
than or equal to 15. The true branch consists of only one member and 
terminates there. If the response to the original question is false, there are 
34 members in this classification. The model identifies the next factor con-
tributing to further classification, that is, whether the innovation score is 
less than or equal to 3.265.

This again branches out into two groups with 10 and 24 members, and 
this process continues until the model determines that subsequent classifi-
cation is meaningless. The boxes contain three parameters: squared error, 
value, and sample. The value refers to the mean value of the target variable, 
which is the predicted profit. This mean value is calculated at the node level 
over the members of the classification, as indicated by the value against 
the sample. At each level, the sum of samples at the branch level adds up 
to the immediately higher level. The squared error quantifies how far the 
predictions are from the actuals. A  low squared error indicates that the 
data points are clustered closely around the mean, which signifies a good 
fit. For example, a squared error of 0.211 against a mean value of 13.248 
suggests a very tight fit, indicating that most data points are situated close 
to the mean, forming a tight cluster. After the first split, we had a mean 
value of 11.25 and a squared error of 3.265. This suggests the possibility 
of a further split, which the tree proceeded to do. The splitting process 
will stop either when the sample size or the squared error figures reach a 
level at which any further meaningful classifiers are unavailable, or when 

Figure 4.2  Understanding decision trees
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additional classification does not improve the squared error. Although we 
have completed the analysis here, it is possible to specify the maximum 
depth of the tree and the minimum sample split threshold.

Web-based applications to track financial and non-
financial metrics

A web-based application will be useful to give a multi-perspective perfor-
mance monitoring report while remaining accessible to relevant stakehold-
ers. As we have stated earlier, this could be very useful for meetings and 
closed group communication. The quality features of a web-based BSC 
application would include the following:

•	 Unified view: The application can present all four BSC perspectives in a 
coherent, integrated interface.

•	 Multi-level drill-down: As we have stated earlier, the application can 
enable a multifaceted view that can range between strategic objectives, 
tactical initiatives, and operational metrics.

•	 Initiative tracking: The dashboard, in addition to status reporting, can 
monitor the progress of strategic initiatives alongside related metrics.

Specific Python libraries can assist in the rapid development of applications 
that can develop interactive and web-based dynamic dashboards.

One of the applications of this can be in a bank. A bank may implement 
a web-based BSC dashboard that consolidates branch performance across 
four BSC categories. A built-in ML classification model can then segment 
branches based on their strategic alignment into high, medium, and low 
using their KPI scores. Management can interact with the dashboard to 
filter, rank, and drill into specific performance drivers. The bank has iden-
tified measures under each of the four perspectives. The details are shown 
below:

•	 Financial: Revenue growth, net profit margin, and predicted profit 
margin

•	 Customer: Customer satisfaction
•	 Internal Process: Service efficiency
•	 Learning and Growth: Employee training hours and innovation scores

Let us look at the major components of the code (prefix 0409).

•	 Import libraries: We have imported the libraries required to run the 
code. We have also used these libraries earlier.

•	 Customize: There are a few parameters that we need to provide. These 
are the names of the data input file, and list of features, and the target. 
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As always, ensure that the features and targets are available in the input 
file. We also need to provide the IP address for the localhost.

my_input_file=‘0409 my_input.csv’
my_host = ‘127.0.0.4’
my_features = [‘Customer_Satisfaction’,  
‘Service_Efficiency’, ‘Employee_Training_Hours’, 
‘Innovation_Score’]
my_target = ‘Net_Profit_Margin’

•	 Load data and train model: In this section, we first load the data into the 
system. Then we specify the features and target to the model before fit-
ting the model to the data. The model is then used to predict the values 
of the profit margin using the values of the features from the input file. 
Here also we have not split the data for training and testing purposes.

•	 Setup dashboard app: In this section, we have defined the KPIs under 
each of the four perspectives. We have also defined the layout of the 
dashboard. These perspectives are also included as components of the 
dropdown menu.

•	 Display perspectives: This section calls the data for display in the dash-
board. The data content depends on the selected perspectives.

The output of the code is the KPI plots related to each of the four perspec-
tives. The code populates the dashboard with the relevant KPIs, depending 
on the perspective that has been specified by the user.

Integration of various data sources

An effective BSC requires seamless integration of diverse data sources. This 
may include financial systems, customer relationship platforms, human 
resources databases, and so on. This integration will allow the creation of 
a comprehensive view of organizational performance without information 
silos.

Though data integration is possible and often achieved under traditional 
systems, there are a few challenges on the path. These include the following:

•	 System fragmentation: Performance data may be scattered across mul-
tiple disconnected systems. It would require a careful effort to create a 
BSC, taking input from diverse sources.

•	 Manual aggregation: The effort to aggregate data from various sources 
is usually time-consuming. In addition, manual data collection and con-
solidation are susceptible to human error, requiring greater investment 
in a control system.
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•	 Inconsistent definitions: One of the major problems of getting data from 
diverse sources is the lack of consistent metric definitions. The same 
term may have different implications and at times different calcula-
tion methodologies across different systems. This feature often leads to 
inconsistent interpretation of KPIs between stakeholders.

•	 Mismatch in update frequencies: Different systems may refresh data at 
different intervals. This is likely to cause reported values of different 
KPIs reflecting different points in time. For example, sales data may be 
online while inventory values are updated periodically. Hence, there will 
be times when comparison between these two datasets involves two dif-
ferent points in time.

An ML-powered data integration solution should be able to integrate 
data. They would usually have an extract, transform, load (ETL) frame-
work, which would normalize and integrate data from various sources. 
ML algorithms can also be used to reconcile definitional differences 
across various departments of the same entity. This will enable the sys-
tem and the stakeholders to use a uniform definition of each KPI. ML 
tools can additionally treat missing values intelligently. These systems 
can either drop a missing value or use a proxy that will not change the 
interpretation but save the system from computational problems arising 
from missing values.

ML-based integration of data would facilitate analysis across domains. 
For example, it will be possible to see if a KPI of a domain, say, manpower 
churn, affects a KPI of another domain, say, quality-related complaints.

Let us have a look at a business case. Consider a retail chain that pulls 
data from various sources. For example, training hours from HR, conver-
sion rates from sales, and customer complaints from CRM systems. All 
these are fed into its BSC dashboard. Using multi-source integration and 
correlation modeling, the retail chain may be able to identify features that 
were not apparent in the traditional system. It may be found that stores 
with high employee engagement tend to outperform others in both cus-
tomer satisfaction and financial metrics. This would then validate the stra-
tegic importance of investment in training.

The major components of the code (prefix 0410) are discussed here.

•	 Import libraries: We have imported the libraries required to run the code.
•	 Customize: There are a few user-defined parameters that we will cus-

tomize in this section. These are the names of the files with data from 
finance, HR, and CRM, besides the names to save the plots. In addition, 
the features and targets that will be used for analysis have also been 
specified here. In the code extract, these are marked in italics.
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# Customize parameters
my_finance_data= “0410 finance_profitability_data.csv”  
my_hr_data=“0410 hr_employee_development.csv”  
my_crm_data=“0410 crm_customer_sentiment.csv”  
my_correlation_plot=“0410 correlation.png”  
my_prediction_plot=“0410 predict_and_actual.png”  
my_features = [‘Avg_Training_Hours’,  
‘Employee_Turnover_Rate’, ‘Customer_Satisfaction’, 
‘Complaints_Per_Month’]
my_target = ‘Profit_Margin’

•	 Load and merge data: In this section, we are combining the data input 
from three divisions into a combined database. The combination is 
being done based on the branch ID. This makes branch ID compulsory 
data in all input files. If you have a different linking field, replace the 
name with Branch_ID.

•	 Compute correlation, display, and save plot: This section of the code 
plots the correlation matrix across all numeric values in the combined 
database. The correlation values are displayed in each cell and overlaid 
with colors.

•	 Fit model and evaluate: We will now train the model using the inte-
grated data. We will use a linear regression model and split the data for 
training and testing. We have made 70% of the data available for train-
ing by specifying test_size=0.3. After fitting the model, we used 
it to predict the test section of the input data. Finally, we compute the 
R-squared and MAE metrics for model performance. Though we will 
proceed with the next section of the code unless the model is a good fit, 
it is pointless to use the model output and move forward. If you change 
the split size, you may find a significant change in the model fit met-
rics. This may happen when the nature of the data is not homogeneous 
across the database.

•	 Use model to predict on past data, show, and save plot: This section 
plots the predicted profit against the actual profit in the integrated data-
base. The plot gives a visual understanding of how good the predic-
tion is.

The outputs of the code are primarily three. These are the correlation 
matrix, metrics of model fit, and comparison of actual and predicted 
profit. The correlation matrix helps the decision-makers understand how 
the features are related to each other. The diagonal of 1 is the correlation 
of the feature with itself. A high correlation is evidenced by the values 
inside the cell and color code, indicating that these two variables move 
together, either in the same direction or in the opposite direction. If two 
features ape each other, including only one of them in the model may be 
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good enough to maintain the model’s performance. Understanding the 
relation between two features will allow the decision-maker to foresee 
any domino effects.

R2, as we have discussed earlier, is a popular metric of model perfor-
mance. The closer the value is to 1, the better the model is. MAE is a widely 
used metric in regression tasks that tells you the average magnitude of 
errors between the predicted and the actual values. It does not consider the 
direction and treats all errors equally, whether positive or negative. There 
is no universal good MAE value, and it depends on the scale of the target 
variable, business context, and acceptable tolerance for error. If you divide 
MAE by the average of the profit margin, you will get an idea of relative 
error.

The predicted and actual plot shows how good the fit of the model is. 
This being a linear regression, the predicted line will be straight. The actual 
values are plotted as dots. The closer these dots are to the line, the better 
the predictive power of the model is.

Better communication of strategy

No matter how well-designed a dashboard is, unless it relates performance 
to strategy, it will not serve its purpose. Effective strategy communication 
is essential for translating measurements into action. However, there are 
some common barriers that an organization faces in communicating strate-
gies effectively. Let us have a look at a few of them.

•	 Implementation gap: It is always difficult to connect high-level strategic 
objectives to day-to-day activities. They often have KPIs that range from 
being data-specific to abstract objectives.

•	 Relevance filtering: It is a challenge to ensure that each stakeholder 
receives information that is relevant to their role and responsibilities. 
Many times, data structure and report design aggregate or disaggregate 
the data in a manner that is not aligned with the expectations of each 
stakeholder.

•	 Comprehension barriers: Stakeholders often come from various back-
grounds. It is a daunting task to be able to present complex strategic 
concepts in ways that are understood by all. The views of an engineer 
on capital budgeting will be quite different from those of a finance 
executive. One may be focused on reducing downtime and the other on 
increasing profit.

•	 Feedback voids: Often, the communication system is deficient in cap-
turing and incorporating employee perspectives. Feedback from the 
employees may not find a way to contribute to the plan for strategy 
implementation.
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ML tools can transform strategy communication from a top-down 
approach to an interactive, personalized engagement. The strategy presen-
tation can be based on the user role, preference, and usage pattern of the 
stakeholder. Interactive tools can allow stakeholders to use predictive mod-
eling to assess how certain developments can influence strategic objectives. 
Natural language interfaces can allow users to ask questions in everyday 
language.

Let us consider a manufacturing company that uses an ML-powered 
BSC application. This app can automatically generate monthly summaries 
for executives, managers, and staff. It can use a recommendation model 
to suggest priority actions to each team based on the latest performance 
trends. This can reduce strategic ambiguity and ensure that all levels of the 
organization are aligned and informed.

This code (prefix 0411) uses the earlier example of a role-driven dash-
board and adds a strategic messaging feature to it. Here are the main com-
ponents of the code described briefly.

•	 Import libraries: The required libraries are loaded here.
•	 Customize: The parameters the user will provide are the name of the 

input file, the list of features and the target, and the benchmarks. The 
relevant part of the code is given here with customizable parameters in 
italics and underlines.

my_input_file=‘0411 my_input.csv’  
my_x_values=[‘Customer_Satisfaction’, ‘Training_Hours’, 
‘Process_Efficiency’]
my_y_value=‘Net_Profit_Margin’  
my_target_profit=13  
my_target_efficiency=70  
my_target_training_hours=20  
my_host = ‘127.0.0.2’

•	 Load data and train model: This section loads the data to fit the model 
and uses the fitted model to predict values for the target. We have not 
followed the train-test split method here.

•	 Generate messages: This is the section where messages are generated 
based on performance values and benchmarks. The rule to generate 
messages is given along with the role definition. Messages are generated 
for all three roles using role-specific KPIs.

•	 Setup dashboard app: The dashboard is in this section, with a drop-
down option providing role selection.

•	 Callback for messaging: Once the user selects a role, the dashboard is 
populated with KPIs defined for the chosen role. In addition to the KPIs, 
the generated messages are displayed to the user.
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The output of the code is a visualization of the KPI relevant to the role 
selected by the user. In addition, messages are generated pointing out to 
achievement or non-achievement of strategic goals.

Employee performance analysis with ML tools

Organizations need to evaluate the performance and potential of their 
employees to design development and succession plans. This task is a dif-
ficult one as it is prone to being subjective and consequently, exposed to 
bias. ML tools like advanced classification algorithms can objectively ana-
lyze complex patterns within employee performance data. They extract 
actionable insights that can be used in personnel planning. One of the most 
used classification tools is Random Forest.

Random Forest algorithms, as discussed earlier, can contribute greatly to 
employee performance analysis. Their ability to handle diverse input vari-
ables, manage missing data, and identify non-linear relationships between 
performance factors makes this a powerful tool. The use of ensemble 
learning methods combines multiple decision trees to produce robust pre-
dictions. At the same time, they provide transparent feature importance 
rankings identifying factors that influence performance outcomes.

Prudent use of the insights revealed by these tools can replace perfor-
mance management with talent prediction. These data-driven approaches 
make the identification of high-potential employees more accurate. They 
also link specific factors that drive exceptional performance. Further, 
designing targeted interventions to develop talent across the organization 
becomes a lot more accurate and appropriate. As we explore in this section, 
ML transforms employee performance analysis from an administrative 
process into a strategic capability. This capability can directly contribute 
to competitive advantage and financial performance.

In this section, we will examine how ML tools can unearth hidden 
potential and get the best out of employees.

Analyze and predict employee performance

As stated earlier, ML tools can potentially transform organizations beyond 
reactive performance management to a proactive, data-driven approach. 
Traditional performance analysis usually relies on annual or semi-annual 
performance reviews, which are usually subjective assessments. These eval-
uations are also primarily reactive, and decisions based on them are more 
of a reward or a penalty.

ML-based approaches, in contrast, have the following advantages:

•	 Continuous performance modeling: ML tools can continuously analyze 
performance data instead of point-in-time assessments. This permits 
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the identification of trends that are likely to indicate future success or 
challenges.

•	 Multivariate analysis: ML techniques can simultaneously process multi-
ple performance variables. This is more likely to uncover complex rela-
tionships than what human analysts might be able to notice.

•	 Adaptive benchmarking: ML systems can be used to develop personalized 
performance benchmarks. These will be based on role characteristics, team 
context, and individual career stage. This will be in stark contrast to apply-
ing one-size-fits-all standards, as is common with traditional approaches.

•	 Early signaling: Predictive models can potentially identify performance 
trajectory changes. These changes are likely to signal potential issues 
ahead of when they may show up in traditional metrics.

Common ML techniques that can be used in performance analysis include 
regression (including logistic regression), time series, ensemble methods, 
and even neural networks. These are used for different purposes, including 
predicting performance metrics, identifying patterns and trends, and so on.

One of the great strengths of ML lies in its ability to uncover non-linear 
relationships and capture subtle performance drivers. This helps in con-
tinuously improving predictions over time. These models can be trained 
on known performance outcomes, like past appraisal scores, and used to 
predict the performance of an employee.

Let us look at the possible applications in a mid-sized IT firm. They may 
use a Random Forest model to predict performance ratings for employ-
ees. This could be based on their attendance records, project scores, peer 
ratings, skill development activity, and similar. The model would help 
HR identify potential high performers and underperformers early in their 
careers. We have used these tools on earlier occasions, and this code shows 
an application to a different domain.

The main components of the code (prefix 0412) are discussed here.

•	 Import libraries: We have loaded the libraries necessary for this code. 
The libraries are all known to us.

•	 Customize: The user will provide values for the name of the input file, 
features, and target, and names to save the plots. The relevant part of 
the code is shown here with the customizable parameters in italics.

# Customize parameters  
my_input_file=‘0412 my_input.csv’
my_features = [‘Project_Score’, ‘Training_Hours’,  
‘Absenteeism_Rate’, ‘Peer_Feedback’]
my_target = ‘Performance_Level’  
my_corr_plot = ‘0412 correl_plot.png’  
my_feature_plot = ‘0412 feature_plot.png’
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•	 Load data and train classifier: We have loaded the data at the beginning 
of the section. This is followed by defining the performance level. We 
have assigned three values for the performance level: 0 for low, 1 for 
average, and 2 for high. The conditions for the performance levels are 
also defined in this section. If you want to change them, this is where 
you can do that. The benchmark values for each KPI at each perfor-
mance level are defined here. Here is the code excerpt.

conditions = [
�(data[‘Project_Score’] < 70) |  
(data[‘Peer_Feedback’] < 3.5),
(data[‘Project_Score’].between(70, 85)) &
�(data[‘Peer_Feedback’] >= 3.5),  
(data[‘Project_Score’] > 85) &  
(data[‘Peer_Feedback’] >= 4.0)

]

	   We have followed the split for the train and test routine here and have 
fitted the Random Forest Classifier model. We have linked the features 
and targets to fit the model. Once the model has been fit, we have used 
the same to predict values of the features from the test component of the 
input dataset.

•	 Evaluate model: We have generated a classification report and a confu-
sion matrix to evaluate the model fit. Further, we have plotted the relative 
importance of features. These plots have also been saved for subsequent 
use. Often, the confusion matrix model may generate a warning if a lot of 
cells are not populated. Mind you that it is a situation that may have an 
impact on model performance, but it is not a mistake. Changing the split 
between train and test often resolves or creates this issue.

The output of the code is in three components: classification report, confu-
sion matrix, and feature importance. We have discussed the interpretation 
of each of these earlier.

Identifying high-performing individuals and teams

Classification algorithms can be very useful to categorize employees into 
performance groups based on multi-dimensional data. This is likely to dis-
tinguish between employees with potential and those who are struggling 
with greater accuracy and objectivity.

There are multiple dimensions, including those below, over which a clas-
sification algorithm can categorize employees.

•	 Performance level classification: This approach would sort employees 
into performance tiers like those who exceeded, met, or remained below 
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expectations. The categorization will be based on comprehensive data 
rather than the subjective discretion of the manager alone.

•	 Performance direction classification: This approach would identify employ-
ees with rising, stable, or declining performance trajectories. The current 
absolute performance level of the employees will not play any role here.

•	 Potential classification: This approach would distinguish between 
employees with high, moderate, or limited growth potential. The poten-
tial will be assessed based on their learning agility and adaptability 
indicators.

•	 Fit classification: Under this advanced approach, the tool will determine 
optimal role matches based on current performance patterns. Instead of 
reviewing the current role, the analysis will consider different types of 
assignments and responsibilities that the employee has gone through.

To achieve categorization using various dimensions, various classification 
techniques like Random Forests, support vector machines (SVM), KNN, 
gradient boosting classifiers, and ensemble methods, among others, can 
be used. These tools support various HR functions like performance 
benchmarking, resource allocation, leadership pipeline development, and 
so on. This is achieved by pinpointing not only who is currently perform-
ing well but also highlighting the conditions and the context of these 
performances.

Consider how a consulting firm can apply a decision tree classifier to 
categorize teams into high, moderate, and low-performance groups. The 
influencing variables, features as they are called, examined may include 
average project score, average training hours, collaboration score, and 
turnover rate. The resultant model can help senior leadership in allocating 
high-potential teams to strategic accounts. The code, apart from generat-
ing a classification report, confusion matrix, and feature importance, also 
identifies high-performance teams using a specified benchmark.

The code classifies the teams as high performers or not. In the last code, 
the employees were graded in three categories. Here it is binary: yes or no. 
Let us have a look at the main components of the code (prefix 0413).

•	 Import libraries: Libraries that are required are being loaded in this sec-
tion. We have also used these libraries in earlier codes.

•	 Customize: Like the last code, we are providing values for the name of 
input data file, the features and target, and the name of the files to save 
the plot. Here is the section of the code with customizable parameters in 
italics, as usual.

# Customize parameters  
my_input_file=‘0413 my_input.csv’
my_features = [‘Avg_Project_Score’, ‘Avg_Training_Hours’, 
‘Collaboration_Score’, ‘Turnover_Rate’]
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my_target = ‘High_Performing_Team’  
my_corr_plot = ‘0413 corr_plot.png’  
my_feature_plot = ‘0413 feature_plot.png’

•	 Load data and train classifier: We start the section by loading the input 
data. We move on to creating a binary classification for performance 
level by providing benchmark values for each KPI. Have a look at the 
part of the code setting up the classification criterion.

conditions = (
�(data[‘Avg_Project_Score’] > 85) &  
(data[‘Collaboration_Score’] > 4.0) &  
(data[‘Turnover_Rate’] < 10)

)

	   We specify the features and target for the RandomForestClas-
sifier model. We split the input data into train and test components. 
We fit the model and use the fitted model to predict the score for a 
high-performing team.

•	 Evaluate model: Like the last code, we compute the classification table, 
confusion matrix, and feature importance. We continue to identify the 
high-performing teams based on the benchmarks specified. Against the 
high-performing teams, we displayed only the Avg_Project_score 
and the Collaboration_Score. If you want, you can add the other 
features in the code line high_perf_teams = data.loc[model.
predict(X) == 1, [‘Team_ID’, ‘Avg_Project_Score’, 
‘Collaboration_Score’]].

The output of the code, as stated above, is the classification table, confusion 
matrix, and feature importance. The identification of the high-performance 
team is benchmark-based and self-explanatory.

Factors contributing to performance outcomes

It is essential to understand the factors that drive employee performance 
to design an effective development plan for the employees. ML techniques 
can be used to identify these factors through data-driven objective analysis.

There are various ways to approach performance factor analysis, includ-
ing the following:

•	 Feature importance ranking: One of the approaches is to quantify the 
relative contribution of different factors to performance outcomes. These 
factors can range from technical skills to behavioral competencies.

•	 Interaction effect detection: Often, combinations of factors amplify or 
diminish performance beyond their individual effects. ML tools can 
identify these synergistic behaviors.
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•	 Contextual factor analysis: Performance is not dependent on the compe-
tence of the individual alone. Environmental factors like team composi-
tion, leadership style, market conditions, and so on influence individual 
performance factors. ML tools can recognize these interactions and how 
they contribute to overall performance.

•	 Temporal factor analysis: Different performance factors evolve over 
an employee’s tenure or career progression. They often explain why 
employee performance fluctuates over time. ML tools can recognize 
these temporal factors and integrate them into the performance predic-
tion models.

Various ML tools help in understanding why certain employees perform 
better than others. This understanding is as important as predicting perfor-
mance itself. ML tools, besides offering the capability to quantify feature 
importance, can extract interpretable rules that explain performance drivers.

Consider the case of a retail company that analyzes sales associate per-
formance using a Random Forest Classifier. An analysis of feature impor-
tance may reveal that cross-training across product categories and regular 
attendance in weekly strategy meetings have the strongest influence on per-
formance. This finding can be used to redesign training paths across all 
branches. While we have previously trained classifiers to predict perfor-
mance, this case is about understanding the drivers of performance. Here 
we will interpret feature importance and identify patterns or relationships in 
the data that influence high performance. We have used these tools earlier, 
and the code is also similar, but lightweight. Additionally, we are using the 
output in management reporting. It is our end-use objective that is different. 
Let us have a quick look at the main components of the code (prefix 0414).

•	 Import libraries: By this time, you may know all the libraries that we are 
loading in this section. Though you will not need it here, just to remind 
you, if you do not have a library, you can always install it with the pip 
command. If you are executing the command from a notebook, it will 
be ! pip.

•	 Customize: This code also needs similar inputs to be customized. That is 
the name of the input file, names of files to save plots to, a list of features 
and target, and the name of the file to save recommendations. Here is 
the code excerpt with the customizable parameters in italics.

# Customize parameters  
my_input_file=‘0414 my_input.csv’
my_features = [‘Project_Score’, ‘Training_Hours’,  
‘Absenteeism_Rate’, ‘Peer_Feedback’]
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my_target = ‘Performance_Level’  
my_corr_plot = ‘0414 correl_plot.png’  
my_feature_plot = ‘0414 feature_plot.png’
my_recommendation = ‘0414_hr_recommendations.csv’

•	 Load data and train classifier: Here, we have loaded the data into the 
system. We have classified the performance level into three groups: low 
(0), average (1), and high (3). We have defined the conditions for being 
classified in one of these three groups. You can always change the bench-
mark values in the code to change the classification criteria. The relevant 
section of the code is shown here.

conditions = [
�(data[‘Project_Score’] < 70) |  
(data[‘Peer_Feedback’] < 3.5),
(data[‘Project_Score’].between(70, 85)) &
�(data[‘Peer_Feedback’] >= 3.5),  
(data[‘Project_Score’] > 85) &  
(data[‘Peer_Feedback’] >= 4.0)

]

	   We have split the data into train and test components. Subsequently, 
we have specified the features and target for the RandomForestClassi-
fier model. The fitted model was used to extract feature importance; we 
have not made any predictions here.

•	 Extract and visualize features: We have extracted the feature importance 
from the fitted model and populated the correlation matrix from the 
input data. Both plots are also saved in specified files for future use. An 
executive summary is provided of the ranked features.

•	 Management applications: We are creating two functions that will 
use model output to assess promotion eligibility and training needs. 
The eligibility criteria are decided by the management and will be 
specified in the code. You will find the benchmark values stated in the 
code and can change those as per need. You can always include other 
criteria, too, but you will need to change the code to include those.

•	 Management reports: The functions defined in the earlier section are 
used to assess promotion eligibility and training needs. The top five 
results are displayed on screen as an extract. A summary report is also 
generated.

•	 Save recommendations: This section of the code creates a recommenda-
tion file with promotion eligibility and training needs stated against each 
employee. The file is saved in CSV format with a specified name. The 
short display of the top five entries is made as a sample.
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The output from the code includes the feature importance plot and the 
correlation matrix. We have discussed these on earlier occasions. A short 
report of the ranked feature scores has also been displayed and is repro-
duced here.

Feature Ranking:
1.  Project_Score: 0.414
2.  Peer_Feedback: 0.403
3.  Absenteeism_Rate: 0.131
4.  Training_Hours: 0.053

A quick look at the results clarifies that the absenteeism rate and train-
ing hours do not contribute much to performance. So, our focus should be 
more on project score and peer feedback. This information can be used to 
identify performing employees as well as to spot potential. It may also lead 
to overhauling the attendance policy, as it is clear that though attendance 
is important, it does not contribute much to performance.

In addition, the output provides a report of promotional eligibility 
and training needs of each employee, along with their respective scores 
against each feature. A top-level summary of training needs against promo-
tional eligibility is also presented. This summary shows the total number 
of employees requiring specific training against the promotional eligibility 
classifications. A management action summary is saved and partially dis-
played, showing the promotional eligibility and training needs against each 
employee ID.

Talent development and retention strategies

One of the most critical and expensive functions of the HR department 
includes targeted talent intervention. ML-augmented employee perfor-
mance analysis provides powerful insights for HR teams to get the best 
return out of the investment. These insights would also help them to 
optimize the employee development plan and improve the retention of 
high-value employees.

ML tools help talent management in various ways, including the 
following:

•	 Personalized development planning: ML algorithms can recognize 
spheres where an employee needs support, keeping in mind the skill, 
competence, career path, and other features. This insight can be used to 
design customized development activities for each employee.
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•	 Retention risk prediction: One of the major challenges that HR faces 
is employee retention and replacement. ML tools can reasonably iden-
tify employees at risk of leaving even before they actively begin job 
searching.

•	 Development ROI optimization: ML analysis can quantify the expected 
impact of different employee development activities. Though not accu-
rate, the quantification can be used to optimize return from the limited 
resources allotted to employee development activities.

•	 Team composition optimization: It is a well-known fact that employee 
performance is often influenced by the team they are working in. ML 
algorithms can recommend team compositions based on skills, working 
styles, and performance patterns of employees.

ML tools can adopt various approaches depending on what the talent man-
agement system wants from them. These approaches would include devel-
oping a recommendation system, conducting survival analysis, identifying 
training needs, etc. One of the features that is often used in this application 
is the natural language processing ability of a system. The user can com-
municate with the system in a conversational style to get the output from 
the system.

The application of ML in HR is often layered. At a higher layer, ML 
outputs can directly support talent development, succession planning, or 
retention strategies. However, this outer layer needs support from an inner 
layer that is ready with the predictive models and performance drivers.

Let us look at a business case. Consider a financial services company 
building a system to predict performance levels and retention risk to iden-
tify training needs. The model outputs can be used to flag employees at 
various levels of performance potential and retention risk and prescribe 
targeted coaching for them. We did a similar exercise in the last section 
and are now proceeding with another business application of the same 
approach.

Let us have a look at the main components of the code (prefix 0415).

•	 Import libraries: As usual, all required libraries are imported here.
•	 Customize: We need to provide the names of the input file, the output 

report, and the features and target. Here is the relevant part of the code 
with the customizable values italicized.

# Customize parameters  
my_input_file=‘0415 my_input.csv’  
my_report_file=‘0415 hr_action.csv’
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my_features = [‘Project_Score’, ‘Training_Hours’,  
‘Absenteeism_Rate’, ‘Peer_Feedback’]
my_target = ‘High_Potential’  
my_pie_plot =‘0415 recommendation_plot’

•	 Load data and train model: As earlier, we need to provide the number 
of classifications we need and the respective benchmarking parameters. 
Here we have created a binary classification labeled high potential. 1 
denotes high potential, and 0 denotes any other classification but not 
high potential. The benchmark for being labeled as high potential is 
provided in this section of the code, and you may calibrate it as per the 
management policy.

conditions = (
�(data[‘Project_Score’] > 85) &  
(data[‘Peer_Feedback’] > 4.0) &  
(data[‘Training_Hours’] > 20)

)

	   We feed the model with information on features and the target, fol-
lowing the protocol of splitting the input data into training and testing 
segments.

•	 Fit model, predict potential, and check model performance: We fit the 
model using the data and predict the potential of the employees from 
the entire data set. We have also tested model performance and reported 
the accuracy ratio, confusion matrix, and classification report on the 
screen. Note that we have not visualized the confusion matrix as a plot. 
You will find that wherever we have done that earlier, we have used the 
library matplotlib, sklearn. and metrics.ConfusionMa-
trixDisplay and sklearn.metrics.confusion_matrix. We 
have used text output here just as another way to see the matrix.

•	 Flag retention risk and call to action: The output of this section will be 
meaningful only when the model qualifies the evaluation criteria. We 
have defined retention risk as a binary output, 1 and 0 classified as hav-
ing and not having retention risk, respectively. We have used benchmark 
values for the classification, and you can tweak the following code to 
align with your policy.

# Flag Retention Risk 
�data[‘Retention_Risk’] = np.where( 
(data[‘Absenteeism_Rate’] > 4.0) &  
(data[‘Training_Hours’] < 10) & 
(data[‘Internal_Mobility’] == 0),
1, 0

)
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	 Once classified, we have created a function to generate action mes-
sages depending on the retention risk classification and predicted 
potential status. We have already predicted the potential status 
after fitting the model. Both these fields are binary, and we have 
created a ruleset to generate messages depending on various combi-
nations of 1 and 0 values. Here is the ruleset that the code follows 
(Table 4.2).

	   We apply the rule to generate recommendations for each employee.
•	 Generate output: The output is displayed on the screen and saved in a 

CSV file under the specified name. This saves the rule-based recommen-
dation against each employee ID. A pie chart showing the distribution 
of the recommendations is also presented and saved.

The output of the code comes in two parts. In the first part, the model eval-
uation metrics are presented. We have earlier discussed about confusion 
matrix and classification report. Here we have another parameter called 
Accuracy. This indicates how many predictions were correct out of all pre-
dictions made. Though it is easy to interpret, it is susceptible to unbal-
anced data. For example, if 90% of the employees are not high potential, 
the model is most likely to predict “not high potential,” 90% of the time. 
This may be accurate from a modeling point of view, but it disregards the 
business reality. That is where the classification table and confusion matrix 
come into play.

The second part of the output is essentially a report of the recom-
mendation. The management can filter the same and use it as an input to 
HR-related decisions like promotion, retention, succession, and allied. The 
pie chart gives a quick view of the recommendations made by the system.

Key takeaways

Performance is no longer restricted to financial numbers. Even the financial 
decision-makers are required to take note of performance measures that 
are essentially non-financial. ML can examine how various operational 

Table 4.2  Ruleset for action messages in code 0415

Potential Retention Risk Action Returned

1 1 “Prioritize for retention + leadership path”
1 0 “Recommend for development program”
0 1 “Alert: Retention intervention needed.”
0 0 “Monitor regularly.”
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factors influence profit being a mere cost item. One can create a dashboard 
to display performance indicators in real time. These dashboards can also 
be customized to display parameters depending on the role selected by the 
user. In addition, ML tools can bring in insights to static data being dis-
played – all in real time. These dashboards can be hosted on local servers 
by the users themselves without much involvement of technical experts. 
Cluster analysis groups customers or products who behave in similar man-
ner, thus enabling targeted interventions. Decision trees can explain the 
logic of segmentation or even a product purchase decision. Another inter-
esting use of ML tools is in analysis of performance and identification of 
potential performers.

The financial decision-maker can use this information to better organi-
zational performance.
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Chapter 5

Strategic planning and  
decision support

Strategic decisions shape the long-term direction of an organization. In 
this chapter, we explore how ML tools can be applied to both quantitative 
and qualitative data to support such high-stake decisions. We demonstrate 
how we can make informed, forward-looking choices by integrating simu-
lations, sentiment analysis, and predictive models.

Strategic financial decisions

Strategic decision-making involves making decisions with the future 
in mind.

It aims to achieve organizational goals by leveraging the dynamic envi-
ronment. Strategic decision-making involves making choices that have a 
significant, long-term impact on an organization’s direction, objectives, 
and performance. Unlike routine or operational decisions that focus on 
immediate concerns, strategic decisions are future-oriented and shape the 
overall direction of the business. Such decisions are usually characterized 
by the following:

•	 Long-term focus: These decisions look at the future, spanning years 
or even decades. They involve setting and continuously calibrating the 
organization’s vision, mission, and strategic objectives.

•	 Comprehensive analysis: Strategic decisions require a thorough analy-
sis of both internal and external environments. This typically involves 
analyzing strengths, weaknesses, opportunities, and threats (SWOT), 
market trends, competitive landscape, and resource availability. The 
decision-making seeks to optimize the organization’s benefits within 
various constraints.

•	 Resource commitment: These decisions necessarily entail committing 
resources necessary to achieve goals. These resources would include 
time, financial, human, and technological commitments.

https://doi.org/10.4324/9781003619628-5
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•	 Risk and uncertainty: Strategic decisions are made under conditions 
of uncertainty where outcomes are not guaranteed. They involve risk 
assessment, where the potential benefits are weighed against the poten-
tial downsides. Scenario planning and forecasting are used to view dif-
ferent combinations of future possibilities.

•	 Stakeholder consideration: Strategic decisions potentially affect multiple 
stakeholders, including shareholders, other investors, employees, cus-
tomers, suppliers, and the community at large. Negotiating and balanc-
ing these interests is a key part of strategic decision-making.

•	 Leadership and vision: Strategic decisions require leadership that can 
visualize future possibilities, convince stakeholders, and guide the organ-
ization through change. It also requires the adaptability of all players to 
welcome and integrate change.

You can see that strategic decision-making is about making choices today 
that will define the organization’s position tomorrow. It involves charting 
the course toward predefined goals, and navigating through uncertainty. 
This demands a blend of analytical skills, foresight, and leadership.

Strategic decision-making uses data-driven insights to improve the accu-
racy and effectiveness of these decisions. Advanced analytics, ML, and 
AI empower the organization to process vast amounts of data to uncover 
trends and forecast potential outcomes. These allow the decision-maker 
to identify opportunities and risks. After decision-making, these insights 
provide an evidence-based control tool that would realign the decisions 
based on real-time data.

Strategic decision-making processes and  
influencing factors

If you are engaged in the strategic decision-making process, one of your 
initial tasks would be to identify the key factors that could impact the deci-
sion’s outcome. Additionally, it is important to recognize that there may be 
separate factors that influence how the decision-making process unfolds.

Let us have a look at how the process would generally work. Mind you, 
this is not a one-size-fits-all blueprint.

•	 Define the objectives: The first step is to decide what the entity wishes 
to achieve. Is it the best product, best customer service, fastest profit 
growth, best investor return, or others? There would also be a time 
frame within which these objectives should be attained.

•	 Scan the environment: The internal and external environment in which 
the business operates plays a critical role in decision-making. The exter-
nal influencing factors would include, among others, market dynamics, 
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technological evolution, regulatory changes, and competitive pressure. 
The internal factors would include organizational capabilities, resource 
availability, corporate culture, and leadership vision. If the strategic 
objective is to become a market leader, it is essential to assess the com-
petitive intensity within the industry. We would also need to evaluate 
whether necessary inputs such as raw material, skilled manpower, or 
production capacity are available and accessible. These become prac-
tical constraints that define what is achievable under current circum-
stances. Given the pace of change, strategic decisions must also account 
for uncertainty and remain adaptable. An effective strategy also consid-
ers the perspectives of key stakeholders, ensuring alignment between 
internal ambitions and external expectations.

•	 Design alternatives: Once the environmental scanning process is com-
plete, one can generate different alternatives. To be a market leader, one 
can increase their share in the existing market, expand to a different 
market, launch a new product, or even decide to invest in a new product 
and seek to be a market leader with the new product.

•	 Evaluate alternatives: The strategic alternatives that have been devel-
oped now require thorough evaluation. To do this effectively and select 
the most appropriate option, we must first establish a set of evalua-
tion criteria. These may include technical and economic feasibility, 
cost-effectiveness, alignment with organizational goals and values, risk 
exposure, and the organization’s risk appetite. At this stage, it is also 
important to recognize the influence of psychological and behavioral 
factors. Cognitive biases and group dynamics can subtly shape the 
evaluation process, often steering decisions toward familiar or com-
fortable choices for the decision-makers. However, such options may 
not always represent the most optimal or strategic alternative. A con-
scious effort is needed to mitigate these biases and ensure a more objec-
tive assessment.

•	 The selection: Intertwined with the evaluation process is the selection 
from the alternatives. It is important to document the selection crite-
ria along with the underlying assumptions, which may be useful during 
future realignment needs. The selection can be based on a simple hurdle 
rate, for example, highest profitability subject to a minimum value. It 
can have more complex criteria like a weighted evaluation where each 
criterion is assigned a weight, and the decision is based on the weighted 
score. We will discuss this in greater detail in the next section.

•	 Implement, monitor, and realign: Once selected, the chosen strategy is 
implemented. This involves deciding on the KPIs that will act as trig-
gers for the control function. Monitoring will also include changes in 
the internal and external environment, which may force realigning the 
strategy with the revised reality.
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There are numerous examples of how the process of strategic 
decision-making has influenced the future of an organization. Apple lev-
eraged its competence to develop its silicon chips, giving it greater room 
for customization and consequently product differentiation. Netflix moved 
from DVD rentals to streaming services, capitalizing on the growth of 
handheld devices and customers’ shifting preference for personal viewing 
space on a smaller screen. In contrast, Kodak, despite being an early inno-
vator in digital photography, failed to pivot away from its traditional focus 
on film, ultimately losing its industry leadership. Microsoft’s acquisition 
of Nokia’s mobile business offers another cautionary tale. The company 
underestimated key factors such as customer operating system preferences, 
cultural differences in software design, and challenges of hardware integra-
tion. These oversights led to a $7.6 billion write-off, underscoring the high 
cost of strategic misalignment.

As these examples show, strategic decision-making is complex and 
multi-dimensional. Understanding the steps involved and the internal and 
external factors that influence each step is essential. This is where ML and 
AI can provide tremendous value. Not only can these tools support more 
data-driven, objective decision-making, but they can also help uncover hid-
den patterns and influencing variables that may not be immediately obvi-
ous through traditional analysis. For example, AI can be used to simulate 
strategic scenarios, assess risk exposure, or forecast customer behavior 
based on historical trends. ML models can identify leading indicators of 
market shifts or flag cognitive biases in past decisions, enabling organiza-
tions to learn and adapt.

In essence, the strategic use of AI/ML tools is not just about automat-
ing parts of the process, it is about enhancing the quality and foresight 
of decision-making itself. However, this requires a clear understanding of 
what needs to be solved and which tools are best suited for the job. After 
all, choosing the right AI tool itself is a strategic decision.

Making choices from among available alternatives

Identifying alternatives is one part of the strategic decision-making pro-
cess. The other part, which is as important, involves choosing from the 
available alternatives. This process is further complicated by the fact that 
the decision is heavily influenced by the selection criteria. This is why the 
selection of the criteria becomes critical and draws heavily from domain 
expertise. We need to relate the criteria to the ultimate strategic objective. 
A  well-designed choice framework will ensure that all alternatives have 
been properly evaluated without any bias. It will also set the foundation for 
using ML and AI-based tools. The decision criteria can be both quantita-
tive and qualitative.
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•	 Quantitative decision-making: These tools are objective and use a 
quantitative value for selecting among various options. A  common 
criterion is an expected value analysis, where the expected value from 
each alternative is computed and the best among these is selected. 
There may even be minimum value criteria. A common application of 
this would be using the internal rate of return technique for investment 
decisions. One would select the alternative with the highest internal 
rate of return, subject to that being above a hurdle rate. The selec-
tion may be based on a single criterion or multiple criteria. Under 
multi-criteria decision-making, the decision is based on the values 
of different criteria. A final score may be obtained in the form of a 
simple or weighted average of the individual scores. A multi-criteria 
decision may include potential cost savings, increased market share, 
increase in investors’ return, and similar. There may be cases where 
the multi-criteria decision model may include both quantitative and 
qualitative components.

•	 Qualitative decision-making: Not all selection criteria would be quan-
titative. Often, decisions involve behavioral aspects or perceptions that 
are difficult to quantify. This would include sentiments, views on strate-
gic fit, or perceptions about changes in government policies. The value 
paid by Microsoft for the acquisition of LinkedIn or by Meta for the 
acquisition of WhatsApp was not solely because of quantitative criteria. 
The value also includes the perception of strategic fit and the evolution 
of social media as a revenue generator. Interestingly, there are tools avail-
able that can use these qualitative criteria as input to a decision-making 
model.

ML and AI-based tools are not only used to arrive at a decision. They can 
also be used to identify the criteria themselves. These tools can be applied 
to a historical data set to establish which factors are potentially influenc-
ing the outcome. The use of technology can narrow down the choices to 
a few, and this makes the selection process more structured and objective. 
Scenario analysis is an important tool that allows the decision-maker 
to visualize the impact of different scenarios on the strategic decision. 
For example, investment companies can use a Monte Carlo simulation 
to evaluate how asset allocation decisions will fare under various mar-
ket conditions. Decision trees are diagrams that document the logical 
flow of a decision-making process, showing the alternatives that exist at 
each decision point. They are a great tool to visualize the impact of each 
alternative and to compute the expected value for each decision path. 
Cost-benefit analysis is one of the most used and time-tested tools to 
select among alternatives. We will be looking at some of these tools later 
in this section.
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No matter what approach we take or what tools we use, we must iden-
tify the parameters that would be used to measure the performance of 
the strategic decision. For example, even in the relatively simple tool of 
cost-benefit analysis, we need to decide what counts as a benefit. Increased 
sales may lead to higher accounts receivable, thus questioning whether it 
can be viewed as an unqualified benefit. The abundance of alternative ana-
lytical tools often leads to decision paralysis, wherein we fail to decide in 
the face of varied results from different tools.

The abundance of data often leads to our anchoring the decision solely 
on the results of the analysis, overriding long-standing success factors. It 
is like changing an age-old logo solely based on better visual attributes, 
overlooking the brand association with the old logo. For example, a politi-
cal party is split into two factions, each faction seeks to get the old party 
symbol, as the voters are familiar with the old symbol.

How simulation helps in making better strategic choices

Simulation involves building models to anticipate the outcomes of strategic 
decisions across various real-world scenarios. It also enables organizations 
to evaluate and compare the potential impact of alternative strategies. Stra-
tegic decisions try to prepare an organization for the future, more specifi-
cally, for future uncertainties.

Often, the decision-makers zero in on one or two possibilities and 
design the decision framework around them. This does not mean that they 
lack understanding of the other possibilities. This was often driven by the 
technical feasibility of considering multiple scenarios. In the bargain, the 
organization does not get a view of the impact of various scenarios, which 
may be unveiled in the future.

ML and AI-powered tools have enhanced the ability of financial 
decision-makers to use simulation techniques. These tools work by accept-
ing a defined range of values for key inputs and assumptions. They then 
generate multiple combinations of these input values to simulate a variety 
of real-world scenarios. As a result, decision-makers can explore a wide 
spectrum of potential outcomes and better understand the risks and oppor-
tunities associated with different strategies.

Let us consider that your organization is launching a new product, 
and your projections indicate an 18% return on sales under normal cir-
cumstances. You decided to conduct a scenario analysis and use simula-
tion as a tool to create these scenarios. You identified the sales volume, 
sales price, and cost of goods as three input variables. You have also 
provided a range of possible values for these three inputs and have spec-
ified that you need 50 possible values for each of the inputs. The tool 
will generate these values and combine them to create scenarios, that 
is, 125,000 scenarios in total (50 × 50 × 50). Assume that you found 



Strategic Planning and Decision Support  145

that 75 of these scenarios result in a loss. This would mean that there 
is a 0.06% probability of a loss from the new product. Now we have 
a better view of the future. We would go ahead with the launch if we 
were willing to accept a 0.06% probability of a loss against an expected 
gain of 18%.

The benefits of using simulation in the decision-making process would 
include the following:

•	 Better risk management: We get a better understanding of probabilities 
associated with different levels of return and corresponding risks.

•	 Improved decision quality: We can decide with greater clarity when we 
have an idea of the range of possible scenarios that may evolve in the 
future.

•	 Better planning and adaptability: With an idea of what is likely and 
what is not, we can allocate resources and maintain reserves for differ-
ent situations.

•	 Identification of key drivers and sensitivities: It helps pinpoint which 
input variables have the greatest impact on outcomes. For example, sen-
sitivity analysis may show that customer churn rate is the most critical 
driver of profitability in a subscription-based model.

Market trend analysis with sentiment analysis

Sentiment analysis is an important tool to assess public opinion, mar-
ket sentiment, consumer behavior, and the like. This is a subfield of NLP 
focused on extracting and quantifying subjective information from text 
data. Most commonly, it classifies the tone of the content as negative, neu-
tral, or positive. Sentiment analysis can have a dictionary-based approach 
or an ML-based approach.

•	 Dictionary-based approach: Under this approach, the object content 
is scanned against a dictionary of words that have been given a senti-
ment score ranging from positive to negative. For example, “satisfied” = 
+0.75, “disappointed” = (–) 0.6, and so on. The algorithm aggregates 
the sentiment scores of the words and determines the sentiment of a 
sentence. Though it is simple to use, it does not capture the context or 
creative usage.

•	 ML-based approach: Here, dictionaries are not used, and the system 
identifies the sentiment patterns from labeled training data. In labeled 
training data, texts come with sentiment labels. These tools use statisti-
cal features like frequency and different linguistic patterns to determine 
sentiment. The disadvantage of the approach is that this requires train-
ing data, and the quality of the output is defined by the accuracy of the 
labeling of the training data.
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Sentiment analysis can be useful in predicting market trends, assessing 
brand image, measuring the success of a customer-centric program, and 
allied. Various tools can be used for sentiment analysis, and we will apply 
a few of those in the next section.

Assesses market sentiments that could impact  
strategic decisions

We have all noticed that the strategic decision-making process involves 
dealing with uncertainty. One of the major factors that contributes to the 
uncertainty is the market sentiment. The problem is aggravated because 
sentiment is subjective, and an output of a complex mental process is dif-
ficult to anticipate, let alone quantify. The sentiment analysis tools seek to 
quantify the sentiment. Once quantified, we can use those values to test 
whether they affect the strategic decision, and if they do, we can try to 
quantify the impact. For example, we can try to relate how much sales are 
affected if the customer sentiment score shifts by 5 points.

Sentiment analysis can be useful in various types of strategic 
decision-making, including the following.

•	 Investment decisions: These decisions are mostly taken using finan-
cial analysis techniques. However, sentiments often play a major role 
in investment decisions. Blending sentiment with traditional financial 
analysis can provide a layer of psychological insight into market behav-
ior. While using sentiment analysis tools in investment decisions, we 
must note that it is difficult to assign causality between sentiment and 
investment decisions. Investment decision models using sentiments as 
an influencing factor must ensure a minimum level of consistent causal 
relation between these two.

•	 Product launches: Another common area of application of sentiment 
analysis is the timing of product launches. Companies often assess 
market sentiment to determine the optimal timing for introducing new 
products, aiming to maximize customer engagement and sales impact. 
For example, souvenir shops selling team merchandise may extend their 
operating hours to capitalize on the positive public mood after a home 
team defeats a traditional rival. Similarly, political leaders may time the 
launch of new campaigns or even the formation of new parties based 
on prevailing voter sentiment, using such insights to align with public 
opinion and enhance their appeal.

•	 Regulatory compliance: Industries that are highly regulated face pub-
lic backlash in the event of non-compliance. If environmental agencies 
brand a company as non-compliant with environmental regulations, 
adverse public sentiments are likely to cause lower sales. These senti-
ments can be identified from comments on corporate websites, social 
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media postings, customer feedback, newspaper reports, and similar 
media.

There is no doubt that sentiments are a critical input variable. The chal-
lenge is how do we quantify them? Under the ML environment, we have 
libraries and functions that can be used for sentiment analysis. These tools 
are to be used with caution as they follow a specified approach to senti-
ment analysis. We need to keep in mind the approach adopted by our tool 
before we interpret and act upon the results.

Sentiment analysis on news articles and  
social media posts

Let us now see how ML tools are used for sentiment analysis. We will 
review two applications of the sentiment analysis tool. One for feedback 
in a CSV format, and another to analyze sentiment from a PDF document. 
One can use similar codes to query various websites and conduct sentiment 
analysis. However, we have not included those here as they may involve 
legal and copyright issues.

A note of caution on using ML tools for sentiment analysis. Sentiment 
analysis tools are designed to analyze texts to determine the sentiment 
expressed within them, generally classifying it as positive, negative, or neu-
tral. These are very useful for quickly assessing the emotional tone behind 
large volumes of text. However, these tools also have their limitations. 
A  major one is their dependency on predefined lexicons and rule-based 
systems. This may lead to inaccuracies when dealing with complex senti-
ments, satire, or irony that deviate from their training data. These tools also 
struggle with context-dependent meanings, sarcasm, and cultural nuances 
that humans naturally understand. This may lead to misinterpretations of 
the sentiment, especially in multicultural and multilingual settings. Have a 
look at the documentation of the tools before using them.

Sentiment analysis using a feedback f ile

In this section, we will conduct a sentiment analysis of feedback that is 
stored in a CSV file. The code is available at the repository (prefix 0501), 
and you can download the same. You can customize the code to your needs 
by changing a few values. The code is split into the following sections.

•	 Import libraries: In this section, the required libraries are being loaded. 
You will find we are loading pandas, nltk, textblob, and mat-
plotlib. The library nltk is an NLP library. Within this library, 
“stopwords” provides a list of words that do not contribute to sen-
timent; “word_tokenize” splits text into individual words, and 
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‘SentimentIntensityAnalyzer’ is a sentiment analysis tool. The 
library textblob is another NLP library for sentiment analysis.

•	 Download required data: Here, the dataset required for Natural Lan-
guage Toolkit (NLTK) is downloaded. These include “stopwords,” 
a list of common words to filter out; “punkt,” which is a tokenizer 
that helps break text into words; and “vader_lexicon,” which is a 
predefined dictionary for sentiment scoring. Once you have run this sec-
tion, you do not need to download these files every time. You may mark 
the section as “Markdown” while checking it from time to time to check 
for updates.

•	 Customize: In this section, we will customize the names of our input and 
output files in CSV format,

○	 Name of the input file having the feedback
○	 Name of the output file where the sentiment scores will be stored
○	 Name of the column that stores the text response in the input file for 

feedback.
	   The relevant lines of code with the values we need to provide are itali-

cized below.

# customize your application

#name of the file where you have feedback data in CSV 
format
myfile=‘0501 feedback.csv’

#name of the file to save sentiment score in CSV format  
my_feedback=‘0501 feedback_with_sentiment.csv’

# name of the column where feedback is stored 
feedback_column=‘text_column’

•	 Load and preprocess data: The code reads the file with the feedback report. 
The preprocessing involves various manipulations to make the input ready 
for analysis. For example, special characters and punctuation are removed, 
words are converted to lowercase, texts are split into words (tokenized), 
and stopwords like “is,” “the,” “and,” and similar are removed.

•	 Sentiment analysis using VADER and TextBlob: In this section, the sen-
timent scores are computed after analyzing the cleaned text. Respective 
models are used to arrive at the sentiment scores. In the case of Valence 
Aware Dictionary and Sentiment Reasoner (VADER), sentiment scores 
are computed, and a compound score is arrived at. The score remains 
between –1.0 (most negative) and +1.0 (most positive). Neutral is des-
ignated by a score range of −0.5 to +0.5. VADER is lexicon-based and 
uses a predefined dictionary of words with sentiment scores. TextBlob 
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returns a polarity score where a score above zero is positive, a score 
below zero is negative, and scores close to zero are neutral. It uses an 
ML-based approach to sentiment analysis and relies on a pre-trained 
dataset to evaluate sentiment polarity. It can also award a subjectivity 
score ranging from 0 (objective) to 1 (subjective), though we have not 
used the feature here.

•	 Identify negative feedback: This section extracts feedback that VADER 
classified as strongly negative (score <−0.5) and displays the same.

•	 Plot VADER/TextBlob sentiment score: Creates a histogram showing 
how the customer feedback is distributed across sentiment scores. If the 
graph leans toward the left, the feedback is mostly negative, while a 
right-leaning graph shows predominantly positive feedback.

•	 Save results in CSV file: This section stores the original feedback with 
the VADER and TextBlob sentiment scores.

Sentiment analysis using a PDF f ile

There are times when we would want to conduct sentiment analysis from 
a file, for example, a PDF file. These files may be a press statement, an 
investment analysis, or even feedback. This code (prefix 0502), available 
in the repository, does exactly that. As mentioned earlier, you can change 
a few values to customize this to your needs. The code is divided into the 
following segments.

•	 Import libraries: As earlier, in this section, we will load the libraries nec-
essary to conduct sentiment analysis. PyPDF2 library extracts text from 
PDF files. We have used the other libraries in the earlier section.

•	 Download required data: We download the datasets required for NLTK 
as we have described in the earlier section. Hope you have noted that if 
you have run this section once, you do not need to run this code every 
time. You may mark the section as ‘Markdown’ and check from time to 
time for updates.

•	 Customize: In this section, we will customize the names of our input and 
output files in CSV format,

○	 Name of the input file for sentiment analysis
○	 Name of the output file where we will store the sentiment scores.

	   The following are the lines of the relevant section of the code, with the 
values we need to provide italicized.

#name of the PDF file you want to analyze  
myfile=‘0502 prime-mmfs-onset-pandemic.pdf’

#name of the file to save sentiment score in CSV format 
my_feedback=‘0502 pdf_feedback_with_sentiment.csv’
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•	 Read and extract text from a PDF file: We are creating a function 
to be used to read a PDF file and extract text from all its pages. We 
have used PyPDF2.PDFReader to loop through all the pages and 
extract text.

•	 Preprocess and split text: This section removes special characters and 
numbers, converts text to lowercase for uniformity, tokenizes words 
using word_tokenize(), removes stopwords (common words like 
“the,” “and,” “in”), and finally splits the text into sentences for analy-
sis. These split sentences are used for sentiment analysis, and you can see 
them in the final output saved as a CSV file.

•	 Sentiment analysis with VADER and TextBlob: In this section, the sen-
timent scores are computed for each of the split texts. We have already 
discussed how VADER and TextBlob work. Just to add on to what 
we have stated earlier, VADER is considered better for short texts, while 
TextBlob is for long texts.

•	 Create a dataframe and display negative sentiments: This section creates 
a dataframe to store the cleaned sentence, the VADER sentiment score, 
and the TextBlob sentiment score. The sentences marked as these with 
negative sentiment are displayed for a quick on-screen review.

•	 Plot VADER and TextBlob sentiment scores: The sentiment scores 
generated by VADER and TextBlob are plotted as a histogram. This 
will allow us to understand the frequency distribution of sentiment 
scores.

•	 Save text and sentiment scores: Finally, the split text and sentiment 
scores are saved in the specified CSV file.

A word of caution: Please ensure that you have permission to use the PDF 
file you select for sentiment analysis.

Sentiment scores and market movements

One very interesting application of sentiment score would be to exam-
ine the sentiment scores with major market movements. The influence 
of social media, news articles, and other textual data sources now 
extends to investment decisions. The ability to quantify sentiment and 
correlate it with market behavior can be a crucial tool for financial 
decision-makers.

We have seen in the earlier section that sentiment analysis involves pro-
cessing textual data to extract emotional signals. In the context of financial 
markets, the volume of data increases significantly, and market sentiment 
may dictate future market movements. These signals can range from simple 
positive, negative, and neutral classifications to more nuanced emotional 
states like uncertainty, confidence, or fear.
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Let us see how we can understand if there is any relation between senti-
ment and market movement. Please note that we are not suggesting that 
there is any causation; we are trying to see if their movements correspond 
and show any pattern of correlation.

In an earlier section, we used a feedback file as an import and computed 
sentiment score using VADER and TextBlob. We will use a similar file 
as input. The input file has five columns named date, headline, sentiment 
scores under VADER and TextBlob, and the price of the asset corre-
sponding to the date. Table 5.1 shows the structure of the input file. All 
data used here is hypothetical.

As usual, the code (prefix 0503) is broken in the following sections:

•	 Import Libraries: The new library we have used here is Seaborn. This 
is built on top of Matplotlib to provide statistical visualizations. If it 
is not installed in your system, please install it.

•	 Customize: We will provide three values in the customization section, 
names of input and output files in CSV format, the number of days for 
price change computation, and the name of the graphics file to save 
the correlation heatmap. The following are the codes for customization 
with the input values italicized.

# Specify the input CSV file
file_path = “0503 feedback_sentiment.csv”

# Specify the number of days for price change computation 
num_days = 5

Table 5.1  Structure of input file

Date Headline vader_se textblob_ Close
ntiment sentiment

01-08-24 “Company beats earnings 0 0 14576
expectations”

04-08-24 “New product launch −0.3182 0.068182 14567
receives critical acclaim”

05-08-24 “Minor operational issues 0 −0.05 14567
reported”

06-08-24 “Company on track to 0 0 14568
meet yearly targets”

07-08-24 “Market volatility impacts 0 0 14577
quarterly revenue”

08-08-24 “Strong consumer demand 0.4215 0.433333 14641
for core product”
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# Specify the output CSV file
final_output_path =“0503 final_sentiment_market_data.csv”

# Specify the name of the graphics file to save the 
heatmap
heatmap_path = “0503 correlation_heatmap.png”

•	 Load and clean data: This is a critical section of the code where we are 
loading the data and cleaning it for further processing. We are forcing 
the date to be in a uniform format, failing which the record is removed. 
We are forcing all values in the “Close” column to be numeric. We are 
then selecting only the date and numerical fields, as we cannot use text 
values for correlation computation. Further, if any row has a blank value 
in one of the columns, we are removing the row. Finally, we are comput-
ing the price change using the number of days provided and storing the 
data in the specified CSV file. The data can be used for various purposes 
and can also be used for auditing the code.

•	 Compute price change and save file: In this section, the price change has 
been computed over the period specified by you in the customization 
section. The data is then saved in a CSV file for external use and audit.

•	 Compute correlation: This is the computation engine that computes the 
correlation between three variables, two sentiment scores, and the price 
change. We will have nine correlations (3 × 3), however, do note that 
the correlation of a variable with itself is 1. Of the remaining six, three 
are mirror images of the other three. The correlation coefficient of the 
VADER score with the closing price and that between the closing price 
and VADER is the same.

•	 Print and visualize correlation matrix: In this section, we are displaying 
the correlation matrix on the screen. You can see all cells in the diago-
nal having a value of 1, and the sides above and below the diagonal 
are a mirror image. We are also displaying the heatmap for better visu-
alization and saving the heatmap as a graphic, for subsequent use. You 
will see that the heatmap is color-coded, and the gradient of the color 
changes as the correlation changes.

A quick word on the correlation coefficient. The coefficient correlation 
quantifies the strength and direction of the linear relationship between two 
variables. In our context, this measures how closely sentiment scores align 
with actual market performance.

This metric ranges from –1 to +1, where –1 indicates a perfect negative 
correlation, +1 indicates a perfect positive correlation, and 0 suggests no 
linear relationship. Please note that correlation coefficients only capture 
linear relationships based on the data provided and do not imply causation. 
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A strong correlation between sentiment and price movements does not nec-
essarily mean sentiment drives those changes.

Anticipates market shifts and adjusts strategies

In the last section, although we computed the correlation between sentiment 
scores and changes in asset price, we did not imply any causation. How-
ever, leveraging sentiment analysis from social media and press reports to 
anticipate market shifts has become a valuable tool in the hands of financial 
decision-makers. In other words, we are using market sentiment as a lead 
indicator. There are various ML tools that we have discussed and will discuss 
in subsequent sections to evaluate a model that uses sentiment scores as an 
influencer of market sentiment. In this context, we need to be careful about 
the sentiment triggers that we are using. For example, if we are trying to 
anticipate changes in the price of a single asset, we should reckon that this 
may be affected by specific asset-based sentiment, industry-based sentiment, 
and market-based sentiment. Our research should cover all the major pos-
sibilities and select the appropriate one. We must be open to the possibility 
that the best among the options examined may not be appropriate. This 
would simply mean that sentiment scores are not good lead indicators.

Considering that we find specific evidence of sentiment score, how do 
we adjust our investment strategies? Here are a few options:

•	 Adjust the portfolio: Financial decision-makers can rebalance their port-
folio by adding investments that are showing stronger positive sentiment 
and reducing investments associated with reducing sentiment scores. 
Please note that this holds as well for product portfolios. A businessper-
son decides to stock materials having a favorable customer response, 
be it food items on the menu card, colors in the ready-made garment 
industry, or fuel that a car uses.

•	 Sentiment-based risk management: If sentiment scores are proven to be 
good lead indicators, they can be used to decide on hedging through 
derivatives or rebalancing assets.

•	 Algorithmic trading or decision models: Sentiment scores can become 
a major input to models that manage algorithmic trading or make a 
decision. A buy order may be triggered by a positive trend in sentiment 
scores and can be a useful input in a default prediction model.

However, one should consider the following while using sentiment scores 
as a factor in decision-making:

•	 The weight: One may find that different sentiment scores have different 
degrees of influence on the direction of the market. The price of an asset 
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may be influenced by asset-based sentiment, industry-based sentiment, 
and market-based sentiment, though by different degrees.

•	 Time window: It is important to define what constitutes a change in sen-
timent. This would depend on the time frame. Movement between two 
successive days may not be a good indicator, while movement between 
seven days may be useful. You need to review the past data and identify 
the time frame that works best. You may change the period over which 
the return is being computed and find one that gives you the best results.

•	 Correlation thresholds: Another important parameter to be decided is 
the value of the correlation coefficient that we will consider significant. 
Should we consider 0.7 as significantly positive, or should that be 0.8 
and above? We may need to experiment with various values to arrive at 
an acceptable value. Once we define what is significant, and depending 
on the approach adopted, we can either include it in the model or exam-
ine it for causality.

One of the ways to check if the sentiment scores have a future-looking 
property is to introduce a lag factor. We have altered the code used in the 
last section to bring in a lag between the change in the sentiment score and 
the closing price (prefix 0504).

We have added the following code in the customization section to spec-
ify the value.

#Specify the number of days lag between sentiment score and 
price change

lag_day=1

Corresponding changes have also been made in the code section to com-
pute price changes and save the file. You can use the code to see if there is 
any progress over the last results. You can also change the lag values to see 
the impact.

A quick reminder, we are only checking correlation and not causation. 
We can only comment on whether the sentiment score with lag has a better 
correlation with the price changes.

Investment appraisal using Monte Carlo simulations

One of the most critical decision-making processes in finance is invest-
ment appraisal. We can loosely categorize investments into two: one as 
capital assets and the other as monetary assets. Capital assets can be char-
acterized as those assets that are used in the process of generating returns. 
This would include plant and machinery, real estate for rentals, intangible 
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assets, and allied. They get consumed in the process. Monetary assets are 
those that generate income primarily because of market forces or a con-
tract enforceable by law. Thus, the return comes in two ways: capital gains 
driven by market forces and regular returns driven by a contract.

In cases of investments in capital assets, we generally use techniques like 
internal rate of return (IRR), net present value (NPV), payback period, and 
others to identify investment-worthy opportunities. In our regular usage, 
we compute these values using a set of static assumptions when all invest-
ment parameters are fraught with uncertainty. These parameters include 
cash flow, time of cash flow, discounting rate, and allied.

In cases of monetary assets, we try to establish a relation between mar-
ket forces and capital gain. The strength of these market forces is uncer-
tain, and they will affect the return. Usually, we take a static proxy value 
and compute the expected return.

These parameters include inflation, interest rates, currency conversion 
rates, and values of alternative investments, among others.

Monte Carlo simulation is used to forecast uncertain returns by simu-
lating a range of possible scenarios using a probability distribution. The 
name of the approach comes from the famous Monte Carlo casino, a place 
characterized by its reliance on randomness. Like in the casino, any value 
is possible from a range of values. In the simulation, a range of possible 
values is determined. This determination itself is a process that depends on 
the probability distribution. The users merely supply the data and define 
the extent of certainty they want. They cannot influence the process, and 
consequently, the values generated are random.

To conduct a basic Monte Carlo simulation, the user will have to go 
through at least these steps as described here:

•	 Model setup: At this stage, we will define the input variables. These are 
the variables that are likely to influence the return from the investment. 
One can use historical data or even expert judgment to identify these 
variables. Once these variables have been identified, a model will be 
developed based on the interplay of these variables. This will form the 
basis of the Monte Carlo simulation. We will also define the number of 
times the simulation function will run.

•	 Model activation: Once the simulation model is defined, we will activate 
the model. Upon activation, for every run, each parameter will assume 
different values from within a range. We will end up having the number 
of specified simulated scenarios, each having a unique set of values across 
the parameters. The total number of simulations, as we have seen earlier, 
will be the number of values each parameter can assume, raised to the 
power of the number of parameters. If we have seven parameters and each 
parameter can have five different values, the total number of scenarios 
possible is 57 = 78,125. We may or may not use all possible combinations 
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and can specify a lesser number, say 25,000 scenarios. If we ask for more 
than 78,125 simulations, we will have some repeated combinations.

•	 Interpretation: The final step of the Monte Carlo simulation is inter-
pretation. We can create a histogram from the simulated results to 
understand the likelihood of various returns. We can use percentiles 
like 5th, 50th, and 95th percentile values to understand the worst-case, 
normal-case, and best-case scenarios.

In any Monte Carlo simulation application, data quality and model com-
plexity will play a major role in determining the accuracy and performance 
of the model. Once run properly, this is a great tool for risk quantification. 
The investment appraiser gets a better understanding of the risk-return 
trade-off possibilities.

Using ML tools to perform Monte Carlo simulations

Let us use two different ML tools to apply a Monte Carlo simulation with 
past returns from an investment and compute future returns. We will first 
perform a simple Monte Carlo simulation based on historical returns, and 
in the second, we will use a specialized tool for Monte Carlo simulation.

Simple Monte Carlo simulation

Here we use a simple stochastic model based on a normal distribution 
of returns. We obtain a database of quoted prices of an investment for a 
period and compute the periodic return for the investment. Using the distri-
bution of the return, we simulate a large number of possible returns for the 
same period. When we apply the range of return to the closing value, we 
will get the range of possible future market prices of the investment. This 
distribution will allow us to find the probability of different market prices 
that the investment may achieve. Note that we are not considering any 
other factors that may influence the market prices of the assets invested. 
Let us now have a detailed look at the code (prefix 0505).

As usual, the code is divided into sections. By this time, you must have 
understood the purpose and functionalities of some of the sections, and we 
will be omitting discussing them. You can go to earlier chapters to have a 
look if needed.

•	 Import libraries: We have used two common libraries here, as we are 
using a downloaded file for this section. If you want to download data, 
you may use a library called yfinance. This library accesses financial 
data from Yahoo Finance. You may need to install it using the command 
pip install yfinance. You can use any other library of your choice. 
Just ensure that you know the data structure and change a few field 
names in the code, if they are different. You may also need to change the 
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code to download the data. As stated earlier, we have used a previously 
downloaded file. The structure of the file is given in Table 5.2, and if 
you provide new data in the same format, you will not need to change 
any code. We have only used the ‘Close’ data here and have retained the 
structure if you want to use some other price. This is also the most com-
mon format in which you will get the data.

•	 Customize: We can specify a few of the parameters of the code to cus-
tomize it to our application. In this case, we will be customizing the 
following parameters.

○	 Name of the files where we have the raw data, processed and cleaned 
data, and results of the simulation.

○	 The number of days for which the return is to be computed. Keep in 
view the total number of days for which you have downloaded data.

○	 The number of times you want to simulate return values.
○	 The lower and upper confidence levels, which will be used to search 

for a price target for a level of probability.

	   The following are the lines of the relevant section of the code, with the 
values we need to provide italicized.

# Provide name of the CSV file to save/load the raw data  
my_raw_data=‘0505 simulation_raw_data.csv’

# Provide name of the CSV file to save the clean data  
my_clean_data= ‘0505 simulation_clean_data.csv’

# Provide name of the CSV file to save the clean data  
my_simulated_data=‘0505 simulation_values.csv’

# Provide number of days over which return is to be 
computed
return_days=10

# Provide the number of simulation runs 
simulation_runs=10000

# Provide and lower and upper confidence levels 
my_lower_limit=2.5
my_upper_limit=97.5

Table 5.2  Format of data

Date Close High Low Open Volume
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•	 Load raw data and compute return: In this section, the raw data file is 
loaded, whether downloaded presently or earlier. The periodic returns 
are also computed at this stage. The code uses “Close” values for com-
puting return. In case your file has a different field name, please change 
it here. You can also decide how many days’ return you want to com-
pute, a one-day return, a ten-day return, or others. You can specify the 
same in the customization section. Another interesting aspect you may 
find is that we have used a log function while computing the return. 
Though we could have used a normal return, a log return has some 
advantages. One of the advantages is that in cases of large fluctuations, 
log returns are more symmetric and stable. Though we have not used it 
here, log returns are time-additive. If we have daily log returns, we can 
sum them to get monthly log returns. One of the greatest advantages is 
that log returns help in preventing negative forecast prices, as long as the 
previous price was positive.

•	 Clean up and save data: Once we compute the return, we will clean up 
the data for any missing values. While we may not have any missing 
values in the downloaded dataset, we will have missing values while 
computing the return. If we are computing for a one-day return, there 
will be no return for the first day. If we are computing a ten-day return, 
we will not have any return for the first ten days. In this section, we 
remove all data with any blank values. Once cleaned, we save the data 
in the specified CSV file. This file saves only date, adj close, and return 
values.

•	 Load data and simulate: We load the data from the saved file. Techni-
cally, we need not load the data from the saved file but have done so to 
maintain modularity. In case you have a file with returns computed, you 
can simply import the libraries and then run this module. This module 
uses the arithmetic mean and standard deviation of the return to simu-
late the number of specified values. Each of these values is generated 
randomly without any reference to the past value.

•	 Compute simulated values: Flowing from the earlier section, the simu-
lated return values are applied to the latest price available to arrive at 
the range of possible future prices. You would see that since the returns 
were log returns, we have used an exponential function to get the price. 
Now we have the specified number of possible future values. Please note 
that these target values are linked to the period we specified while com-
puting the return. Hence, the simulated prices represent possible values 
after the number of days specified while computing the return.

•	 Save simulated values: Here, we save the simulated return and simulated 
values in a CSV file for future use.

•	 Print results: This module prints the result of the simulation. It states the 
target values against a lower and upper range of probability. The lower 
level shows the probability of the price going lower than the stated 
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price. Similarly, the higher level shows the price which is unlikely to be 
bettered at the associated level of probability.

Library function for Monte Carlo simulation

We will now use a library called QuantLib to perform a Monte Carlo 
simulation. We will try to simulate and predict values for several days in 
the future. In the last case, we predicted different values for the same day. 
Now we will try to simulate different daily values over a period. For exam-
ple, 1,000 different possible values for each of the next 100 days.

Let us have a quick look at the code, which you can find in the code 
repository (prefix 0506). As usual, we have broken the code into sections.

•	 Import libraries: The new library we have downloaded here is QuantLib. 
This library is designed for quantitative finance and provides a frame-
work for pricing financial instruments, risk management, Monte Carlo 
simulations, and stochastic processes. You may need to install it using the 
command pip install QuantLib. There are other libraries too, and 
you may use them after making suitable changes to the code. We have 
earlier discussed yfinance and your freedom of using other libraries to 
download data. We have also imported another library, matplotlib. 
This library is used for displaying various kinds of plots.

•	 Customize: Here, we can specify the following parameters of the code to 
customize it to our application.

○	 Names of the files with raw input data, one to save the results of 
the simulation, and another to save the histogram plot of simulated 
returns.

○	 The number of days for which we will compute the return. Please do 
not lose sight of the total number of days for which you have data. 
You will also specify the number of working days in a year to annual-
ize the computation.

○	 We need to provide a rate of annual dividend or any such regular 
income for the asset, other than the increase in the price.

○	 The number of times you want to simulate return values and the num-
ber of days in the future you wish to forecast prices using simulation.

	   Here is the part of the customization code with the parameters that 
we will change italicized:

# Provide name of the CSV file to save/load the raw data  
my_raw_data=‘0506 quantlib_raw_data.csv’

# Provide name of the CSV file to save the simulated data 
my_simulated_data=‘0506 quantlib_simulated_data.csv’
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# Provide name of the png file to save histogram  
my_simulation_plot=“0506 simulated_returns_histogram.png”

# Provide number of days to compute the return 
return_days=10

# Number of days in a year to annualize the values 
annual_working_days=252

# Provide the annual dividend rate (or income from asset 
other than increase in price)
my_div=0.00

# Provide number of days to forecast  
my_future_days=50

# Provide number of simulation runs
simulation_runs=10000

•	 Load data and initial setup: In this section, we load the data that had 
either been downloaded or that we already have with us. Please note 
that the closing price is stored in a field called “Close.” You may need to 
change this depending on your data structure. You must have noted an 
evaluation date. This represents the current date from which all finan-
cial calculations, simulations, and pricing are performed. We have set 
this to the current system date.

•	 Compute return and volatility: In this section, the last value of the down-
loaded data is set as the basis for forecasting future values. Return is 
computed considering the days specified for return computation. In case 
there is not enough data, you will get a warning. Volatility is computed 
considering the number of working days specified in the customization 
section.

•	 Setup parameters: This section sets up parameters used by QuantLib. 
Though you do not need to change these, here is a quick explanation for 
those interested. You may consult the QuantLib official documentation 
to see other options available.

○	 Market data setup: We are using a day count convention where a year 
has 365 days. We are also setting the New York Stock Exchange cal-
endar as a computational basis.

○	 Simulation Parameters: Here we have defined the horizon, which is 
the number of days to predict, along with the number of Monte Carlo 
runs. We have provided these values in customization.

○	 QuantLib Market Data Objects:
•	 spot_handle: Represents the current asset price.
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○	 flat_ts: Represents the risk-free rate curve. Here, the return over 
return_period_days is used instead of an annual risk-free rate.

○	 div_yield: Represents the dividend yield or return from the asset, 
other than an increase in the market price. In cases of stocks, a 
higher dividend yield is often associated with slower stock price 
growth.

○	 flat_vol_ts: Represents the constant volatility term structure using 
the historical volatility. Higher volatility is likely to cause more 
extreme price movements.

○	 Stochastic Process: Defines a stochastic process using the param-
eters provided under the Black-Scholes-Merton framework.

•	 Set up Monte Carlo simulation: This section performs the core job of 
simulation execution. Here are some more details for those interested. 
Presented here are three major functions in the simulation process:

•	 Random number generation: This generates uniform random num-
bers and then converts them into Gaussian (normal) distributed 
numbers.

•	 Path generator: Simulates a random price path using the 
Black-Scholes-Merton stochastic process. The time horizon is divided 
by the annual working days.

•	 Simulation execution: This section simulates for a specified number 
of times, extracting simulated values into an array.

•	 Save simulated data: The simulated data is saved in the specified CSV 
file. Each row in the table signifies a simulation, and the columns are the 
successive days of forecasting.

•	 Plot histogram return for each simulation: In this section, the code com-
putes the return from the simulated data for every simulation run and 
plots a return histogram. The histogram will give the user an idea of the 
probability distribution being faced.

•	 Confirm saving files: This just displays a confirmation of completing the 
simulation run, saving the simulated results, and the histogram plot.

Surely you appreciate that this is a more sophisticated model than the pre-
vious one. You can select either depending on your requirements.

Models for various risk factors affecting investments

We know that various risk factors influence the ROI. Please note that when 
we speak of a portfolio of assets, they are not necessarily monetary assets. 
Most assets would have similar attributes, and the model can be used on 
them. Let us first discuss the underlying theory behind the computation of 
the investment return.
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We have considered that the following four factors affect the ROI. We 
will provide these values in the computation of return.

•	 Market: Characterized by mean return and volatility
•	 Interest rate: This is broken into four parts: initial rate, long-term aver-

age, mean reversion period, and rate volatility
•	 Inflation rate: The average rate and volatility
•	 Credit spread: The average credit spread and volatility

To run the portfolio model, using the market-specific parameters provided, 
we will have to provide these investment-specific inputs:

•	 Initial investment: The amount we are investing
•	 Period: The investment horizon, in months
•	 Number of simulations: How many simulations do we want the model 

to run using the investment and market-specific values provided?

The model computes total return as market return + inflation impact – credit 
spread + interest rate contribution. The return is applied to the previous 
value to get the present value of the investment.

The model provides the following outputs:

•	 Key metrics:

•	 Mean Final Value: The average portfolio value across all simulations
•	 VaR (95%): The worst-case scenario at a 95% confidence level
•	 Success Rate: Percentage of simulations where you end up with a gain
•	 Maximum Drawdown: The largest peak-to-trough decline you might 

experience

•	 Visual Outputs

•	 Blue Lines: Each represents one possible future path
•	 Red Dashed Line: The average path across all simulations
•	 Blue Shaded Area: Shows where 90% of outcomes fall
•	 Histogram: Shows the distribution of final portfolio values

Let us now have a quick look at the code and its sections (prefix 0507).

•	 Import libraries: We are using one new library, which is SciPy.Stats. 
This library is used for statistical functions. If you need to install it, use 
the pip install command.

•	 Customize: In this section, you will provide two groups of values. 
The first set pertains to market variables, which will be used to com-
pute the return from the investment. The second set would provide 
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details of the investment you intend to examine, along with the num-
ber of simulations you want to run. The customizable inputs are the 
following:

○	 Market returns-related: We are providing the average return from the 
market and the corresponding volatility. You can also use a return 
from an alternative if your investment so requires.

○	 Interest rate-related: Here we will provide the current interest rate, 
the average interest rate, interest rate volatility, and mean reversal 
speed. Mean reversal speed indicates how quickly the interest rate 
reaches the mean value.

○	 Inflation-related: In this code, we will provide the mean value and 
volatility of the inflation rate.

○	 Credit spread-related: Like others, we will provide the mean and vol-
atility of the credit spread.

○	 Investment-related: We will provide information about the initial invest-
ment and the expected period of holding the investment in months.

○	 Simulation-related: This is the number of simulations we want the 
code to run. For example, we want 1,000 simulations.

○	 Save file: Name of the file where we will save all results and values at 
every simulation step.

	   Here is the excerpt of the code and the customizable values marked 
italicized.

# Section A: Provide details for the simulation model 
#Market return
market_return_mean = 0.10
market_return_vol = 0.15

# About interest rate  
Initial_rate = 0.03
rate_mean = 0.04
rate_speed = 0.15
rate_vol = 0.02

# Inflation details  
inflation_mean = 0.025
inflation_vol = 0.01

# About credit spread  
spread_mean = 0.02
spread_vol = 0.008

# Section B: Provide data on the investment 
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# Specify initial investment
my_investment= 100000

# Specify investment horizon  
my_holding_period= 60

# Specify the number of simulations  
my_iteration= 1000

# Specify the CSV file to save data  
my_simulations=’0507 portfolio_simulation.csv’

•	 Prepare the computational module: This is the heart of the code. This model 
can be initialized by providing three key data: initial investment, investment 
horizon, and number of simulations. The model then proceeds to simulate 
the values of the factors that influence the return from the investment. We 
have identified four such factors, which are, market return, interest rate, 
inflation rate, and credit spread. The code then proceeds to simulate the 
investment value using the simulated values of key factors. It also defines 
the parameters to store simulated values, display, and plot results. We have 
used 5% and 95% percentile levels to plot the results.

•	 Load initial values for investment simulation: The model now loads the 
initial values of investment to run the simulation.

•	 Display simulation results: In this section, the code saves the detailed 
values of each simulation run in the CSV file specified by you. The file 
saves the simulated market value of the investment along with the val-
ues of the underlying influencer for each day of the holding horizon, in 
separate columns. This means that if the holding horizon is 12 months, 
there will be 12 columns for each of the objects, market value, market 
return, interest rate, inflation rate, and credit spread. In addition, there 
will be rows for each simulation run. Thus, if we have twelve 12-month 
holding periods and 1,000 simulation runs, we will have 12 × 5 = 60 
columns and 1,000 rows in the core report. You will find the data in 
the CSV file for further analysis and audit. In addition, it displays the 
key risk metrics and plots the Monte Carlo simulation value path and 
distribution of final portfolio values.

Let us take a quick look at the model output. As mentioned earlier, there 
will be a display of the key risk metrics and plots of the Monte Carlo simu-
lation value path and distribution of final portfolio values. Let us see what 
they mean.

•	 Mean final value: This is the mean of the simulated portfolio values over 
the holding period. This represents the average expected return after 
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factoring in market risk, interest rates, inflation, and credit spreads. 
Please note that this is not the expected value of the investment at the 
end of the holding period. This is the average of various possibilities, 
each of them having an associated probability.

•	 VaR (95%): This is the value-at-risk at a 95% confidence level. This 
means that in the worst 5% of scenarios, the portfolio will lose at least 
this amount.

•	 Success rate: This represents the percentage of simulations where the 
final portfolio value exceeds the initial investment. A low success rate 
indicates that most simulated paths resulted in a loss.

•	 Maximum drawdown: This is the largest peak-to-trough drop 
in portfolio value, indicating the worst-case loss due to a market 
downturn.

•	 Monte Carlo simulation value path: The plot shows multiple possible 
future trajectories of the portfolio. If most paths trend upward, the port-
folio is likely profitable. If many paths drop significantly, there is a high 
chance of large losses. The spread of the paths indicates volatility; a 
wider spread of lines means higher uncertainty. If most paths are above 
the initial investment, the strategy is profitable.

•	 Distribution of final portfolio values (histogram): This is the distribu-
tion of final portfolio values after all simulations. VaR is given by the red 
line, and the mean return is shown by the green line. If the distribution 
is skewed to the left, the chances of losses are higher. A wider histogram 
would mean higher volatility.

Model to analyze the distribution of possible outcomes

You must have noticed that we saved all the results of the simulation in a 
CSV file. This was done to be able to do further analysis of the simulated 
results. A common use is to understand the distribution of the simulated 
results to get an idea of the probability associated with various outcomes. 
This will be useful for risk managers as they will know of the likely sce-
narios they may face.

We will use one of the output files from our earlier code to do a percen-
tile analysis and visualize the data. The code (prefix 0508) is available on 
the repository and is divided into the following sections.

•	 Import libraries: We are loading the libraries necessary for the code.
•	 Customize: We are specifying the name of the input file and the fields we 

wish to analyze, along with the percentile values we want to compute. 
If you want to use only one field, name the other field “None.” The per-
centile values should be comma-separated and between []. Here is the 
relevant part of the code with the variables italicized.
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# Specify the file path and field names  
file_path = ‘0505 simulation_values.csv’

# Specify the names of the field to analyze  
# Change to ‘None’ to skip
field1 = ‘Simulated Returns’
field2 = ‘Simulated Index Values’

# Specify percentile values comma-separated and between  
[]
quantiles = [0.10, 0.25, 0.50, 0.75, 0.90]

•	 Define the function to analyze, plot, and save: This is the heart of the 
code. A function is being defined here that will use the inputs provided 
to do a percentile analysis, plot the output, and save it as a graphic. The 
function computes and reports the values of the mean, maximum, mini-
mum, and specified percentiles for each field. It plots a histogram and 
boxplot of the distribution of the values in the specified fields. It then 
saves the plots in a graphics file by the field name.

•	 Run the function on input provided: This section calls the functions 
using the input values and renders the output.

Let us quickly review what the boxplot does. A boxplot consists of five 
main parts:

•	 Minimum (Lower Whisker): This is the smallest data point, excluding 
outliers, and is defined as the lowest value within 1.5 × IQR (Interquar-
tile Range) from the first quartile (Q1).

•	 First Quartile (Q1/25th percentile): It is the lower edge of the box. 25% 
of the data points fall below this value.

•	 Median (Q2/50th percentile): This is the middle line inside the box with 
50% of data below and above this value.

•	 Third Quartile (Q3/75th percentile): This is the upper edge of the box 
with 75% of the data points falling below this value.

•	 Maximum (Upper Whisker): This is the largest data point excluding 
outliers and is defined as the highest value within 1.5 × IQR from the 
third quartile (Q3).

•	 Outliers (Points outside whiskers): Individual points beyond the whisk-
ers are considered outliers (extreme values).

Feel free to use the code on any data you want to understand.
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ML tools for strategic choices

We all appreciate that in finance, the ability to make quick and informed 
strategic choices often differentiates between success and failure. The 
greater the complexity of the decision-making process, the more difficult it 
is for the decision-maker to visualize the entire spectrum of options. This is 
where ML-based tools come in handy. It analyses past data to identify the 
inherent flow of the decision-making process and then uses the same pro-
cess for future decision-making. An individual may not be able to visualize 
this intricate interplay among factors and may miss an important aspect of 
decision-making. For example, a borrower may have different degrees of 
aversion to being a defaulter in a housing loan, depending on whether the 
borrower stays in that house.

One of the popular tools used for strategic choices is a decision tree. 
A decision tree is a supervised ML algorithm used both for classification 
and regression tasks.

Classification teaches a machine to sort objects into categories by looking 
at examples that have been labeled. For example, we provided the machine 
with customer demographic details and marked them as “Defaulter” or 
“Non-Defaulter.” The ML tool studies the data, and after learning, it can 
classify a new customer into these two classifications. The classification can 
be binary or multi-class. We have spoken about regression earlier. You may 
remember that regression is another supervised learning technique that 
predicts a numerical value for the object based on one or more independ-
ent features. For example, we can predict the price of a house based on its 
location and size. The regression can be simple linear or multiple linear, 
reflecting the number of independent variables involved in the prediction.

Let us now have a look at how the decision tree works. It maps out 
the decision-making process in a tree-like structure. In the structure, each 
node represents a decision point or test of a specific attribute. Each branch 
represents the possible outcomes based on that decision, and leaf nodes 
represent the final answer.

Let us try to understand the intuition behind the decision tree using a 
simple example. We want to predict if a person prefers an expensive wear-
able gadget based on their age and income. An Indian female customer 
younger than 25 years or customers having annual earnings of more than 
INR 2.4 million may buy the gadget.

Step 1: Ask the root question (node) – Age: Are you below 25 years of 
age? This will give us two branches (groups). One aged below 25, the other 
aged 25 and above.
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Step 2: First branch based on age (internal node). If the customer is 
below 25 years, ask: Is the customer female?

Step 3: Second branch based on income (internal node): If the annual 
income is above INR 2.4 million, the customer is likely to buy the gadget.

Before concluding that this looks like a decision flow chart, wait a while. 
Under an ML environment, we are not specifying the rule. We will provide 
a set of data of customers, each labeled with their age, gender, earnings, 
and past purchase preferences. The ML tool will find the decision tree for 
us. If we provide more labeled information, like marital status, we may 
even find another branch.

The following figure describes how the decision tree works. The legends 
A, B, C, D, E, and F are the objects of the study and are classified as the 
branches of the tree in Figure 5.1.

If you are interested in knowing how the ML tool does the prediction, 
read on for a simple explanation, based on the same example.

The decision tree works on the principle of improving classification 
power at each level. Let us award each response at every step described 
earlier.

Step 1: Ask the root question (node) – Age: Are you below 25 years of 
age? If yes, award +3, else award 1.

Step 2: First branch based on age (internal node). If the customer is 
female, award +1, else award –2.

Step 3: Second branch based on income (internal node): If the annual 
income is above INR 2.4 million, award +2, otherwise award −3.

If you follow the decision tree and the awards, you will find the follow-
ing scenarios under each classification.

Figure 5.1  The decision tree and classification
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Likely buyer:

Age below 25, Female, Annual earnings above INR 2.4 m: Score 3 + 1 + 2: 6
Age below 25, Female, Annual earnings below INR 2.4 m: Score 3 + 1 – 3: 1
Age below 25, Male, Annual earnings above INR 2.4 m: Score 3 – 2 + 2: 3
Age above 25, Female, Annual earnings above INR 2.4 m: Score 1 + 1 + 2: 4
Age above 25, Male, Annual earnings above INR 2.4 m: Score 1 – 2 + 2: 1

Unlikely buyer:

Age below 25, Male, Annual earnings below INR 2.4 m: Score 3 – 2 – 3: –2
Age above 25, Female, Annual earnings below INR 2.4 m: Score 1 + 

1 – 3: –1
Age above 25, Male, Annual earnings below INR 2.4 m: Score 1 – 2 – 3: –4

You can see that in this classification, the unlikely buyers all have 
negative scores, while the likely buyers have positive scores. The algo-
rithm tries to fit in such scores that would create clear non-overlapping 
classifications.

Utilize decision tree algorithms to map out  
strategic options

One of the major challenges in strategic decision-making is identifying all 
viable alternatives and understanding their interdependencies. Decision 
tree algorithms systematically map all possible options.

We will understand the application of decision trees using a case 
study. Consider a retailer that has a customer database containing their 
age, income, gender, and a field that shows their decision to buy or not 
to buy. The retailer wants to develop a model that will classify future 
customers between those who are likely to buy and those who are not 
likely to buy. The retailer is unsure about the reasons why the custom-
ers buy, or do not, but feels that the decision is influenced by their age, 
income, and gender of the customer. You can download the code (prefix 
0509) from the repository. Let us examine the major components of 
the code.

•	 Import libraries: We have imported the DecisionTreeClassifier 
function. It makes decisions by learning simple decision rules inferred 
from the data features.

•	 Customize: In this section, we will provide the names of the input file 
containing data for training the model, the input file containing the new 
data, the output file where the results will be saved, the name of the text 
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file to save the decision rule, and the name of the graphics file to save the 
decision rule. Here is the relevant part of the code with the parameters 
in italics.

# Specify file names
past_data_path = ‘0509 Decision tree past data.csv’  
new_data_path = ‘0509 Decision tree new data.csv’  
tree_image_path = “0509 decision_tree.png”  
rules_file_path = “0509 decision_rules.txt”  
decision_file_path = ‘0509 decision.csv’

	 One component of the customization section specifies the fields that the 
retailer believes influence the purchase decision. It also specifies the field 
where the decision value is stored. Age and Income are numeric fields, 
while Gender and Purchase fields are binary. These two fields are also 
known as categorical variables as they categorize the record. In the Gen-
der field, value 1 denotes male, and 0 denotes female. In the case of the 
Purchase field, the value 1 suggests the customer purchased from the 
retailer, while the value 0 suggests that the customer did not purchase. 
If your fields are different, you will have to change the name across the 
code, keeping the type of the field the same. You must have noticed we 
did not specify the Cust_id field since it does not play any role in the 
decision-making.

# Explicitly define features and target  
features = [‘Age’, ‘Income’, ‘Gender’]  
target = ‘Purchase’

•	 Load and clean past data: In this section, the code loads the training 
data. This is data on past customer behavior that is available to the 
retailer. The code drops any unnamed columns from the database, con-
verts Age and Income to numeric types (in case there was some format-
ting error), and encodes the categorical variable Gender. This is useful if 
the field values are Yes and No.

•	 Train and save decision tree and decision rules: This is where the model 
analyzes the past data and learns from it. It extracts features such as age, 
income, gender, and the target purchase. It uses the available data to train 
a DecisionTreeClassifier model from sklearn. This learning results 
in the creation of a decision rule. A decision tree is created and saved in 
the specified graphics file. A warning, if the tree is big and complex, the 
image may overlap and would be of no use. To counter this problem, the 
code exports the decision rule narrated in a specified text file. We will 
discuss this in detail later in this chapter. This code applies deep learning 
and may take some time. Keep an eye on the processing kernel to be sure 
that it is still processing. For large files, this can be resource-hungry.
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•	 Use decision tree on new data and print results: This section applies 
the model to the new data to make predictions on likely purchase deci-
sions to be made by the new customers. The customer database should 
have the same structure as the training file as far as the features are 
concerned, which are age, income, and gender, in this case. The code 
compares the availability of these fields and then conducts housekeeping 
in the same manner as it did with the training data. Finally, it predicts 
purchase behavior, displays, and saves the results in the specified file.

When you run the code, you will find some debugging information. The 
code will confirm if the necessary fields are present in the new data, and 
whether any rows were dropped from the new customer file because of 
inconsistency. The code mentions the file names that were saved during 
processing. It finally displays the results of the prediction and saves them 
in a CSV file for future use and audit. We will have the saved data display 
as in Table 5.3.

If you are wondering how a case study on purchase decisions can apply 
to other financial decisions, consider this: the same analytical approach can 
be used to validate budget forecasts, predict cash flows, and more. Further-
more, the underlying model or engine can be adapted for default prediction 
by modifying the input features and target variables.

Evaluates potential outcomes and associated probabilities

Hope you have found the last example interesting and useful. We success-
fully predicted whether a new customer is likely to make a buy decision 
or not. But we still do not know the associated probability of buying with 
each new customer. That would be critical information to have.

Table 5.3  Predicted decision extract

Purchase 
Cust_Id Age Income Gender Decision

1001 42 129,521 1 0
1002 39 89,277 0 1
1003 34 83,659 0 1
1004 56 188,839 0 0
1005 47 99,501 0 0
1006 43 126,594 1 1
1007 58 177,536 0 0
1008 39 92,203 1 1
1009 32 76,986 1 1
1010 23 66,757 1 0
1011 57 167,905 0 0
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We will continue with the same case study we used in the last section 
about the retailer and the purchase possibilities. However, we will use 
another technique called Random Forest. We have earlier discussed this 
classifier, which is a learning method that combines multiple decision trees 
to improve accuracy and reduce overfitting.

Instead of relying on a single decision tree, it builds many trees and 
averages their predictions. We can also compute the associated probabili-
ties. The processing is much faster than a decision tree, as we have limited 
individual tree complexity in the code. For the inquisitive, there is a line in 
the code:

RandomForestClassifier(n_estimators=100, random_state=42)

n_estimators=100 means the random forest will create 100 decision trees. 
More trees generally improve accuracy but increase training time. You can 
change the same to higher values. random_state=42 seeds the random 
number generation, ensuring that the same random splits and trees are created 
every time the code is run. If you remove this, each run may produce slightly 
different results.

The code remains the same except we import the RandomForest-
Classifier function and use the same in the training section. You can 
download the code (prefix 0510) from the repository. We have used the 
same input file for training and the new data. We have saved the prediction 
in a CSV file that you would specify in the customization section.

While classifying the new customers as prospective buyers or not, we 
have also computed the associated probability of purchase, displayed the 
same on the screen, and saved it for subsequent use. The output follows the 
structure in Table 5.4.

Table 5.4  Extract of predicted decision and associated probability

Purchase Purchase 
Cust_Id Age Income Gender Decision Probability

1001 42 129,521 1 0 0.08
1002 39 89,277 0 1 0.8
1003 34 83,659 0 0 0.22
1004 56 188,839 0 0 0.38
1005 47 99,501 0 1 0.8
1006 43 126,594 1 1 0.71
1007 58 177,536 0 1 0.8
1008 39 92,203 1 0 0.25
1009 32 76,986 1 1 0.79
1010 23 66,757 1 0 0.4
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Do not be surprised at the different predictions made by different mod-
els. This is where we test the suitability of the model. We will touch upon 
the same in the next section.

Decision paths and outcomes

Decision trees provide an intuitive graphical representation of decision 
paths and outcomes. A decision tree might illustrate the trade-offs between 
two strategic decisions, for example, between acquiring a startup versus 
developing similar capabilities internally. Such visualizations facilitate dis-
cussions and are useful as documentation for future reference. The example 
we used explained the characteristics in terms of age, income, and gender 
that make a customer a likely buyer.

The effectiveness of visualization will depend on the simplicity of the 
decision tree. If the nodes and branches are few, the decision tree can be 
visualized easily. In case of complex decisions, the image may overlap and 
become too complicated to understand. To understand the visualization, 
let us use the example from when we were demonstrating how a decision 
tree works. The example was based on whether an Indian female customer 
younger than 25 years old or customers having annual earnings of more 
than INR 2.4 million will buy a wearable gadget or not. We have created 
a database applying simple rules. The value of females in the database is 0.

We have truncated the code on the decision tree used earlier and removed 
the part where we make predictions using the new data and applied the 
decision rule to it. The code (prefix 0511) can be downloaded from the 
repository. The truncated code will now analyze data and draw the deci-
sion tree. We have used simplified data as input and obtained the decision 
path in a graphics file as well as in text (Figure 5.2).

The decision tree has summarized the customer behavior from the data 
provided and has found that the following rule is being applied.

1.	High Income (>2.45) → Purchase
2.	Low Income (≤2.45) and Gender > 0.5 → No Purchase
3.	Low Income (≤2.45) and Gender ≤ 0.5 and Age ≤ 24.5 → Purchase
4.	Low Income (≤2.45) and Gender ≤ 0.5 and Age > 24.5 → No Purchase

This is a slight variance from the rules we stated, but it has not violated the 
same. It has fine-tuned the model based on the data provided. Remember, 
we had mentioned that the decision tree algorithm uncovers the underly-
ing rules. The algorithm has found that the income classifier is working at 
the value of 2.45. The gender classifier is set at 0.5. Lower than that is 0, 
representing “female.” Each box in the decision tree has the following four 
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common components. A fifth component depicting the classification ques-
tion would appear in the decision boxes or decision nodes.

1.	Gini: The Gini impurity measures how impure a node is, meaning how 
mixed the class like Purchase versus No Purchase is in that node. If 
Gini  = 0, the node is pure, meaning all samples belong to the same 
class. As it goes higher, it means that the node is more mixed. A value 
close to 0.5 would mean that both classes are present in almost equal 
proportions.

2.	Samples: The number of samples contained in the node after following 
the classification from the root node. If you sum up the number of sam-
ples inside all child nodes at any level, it equals the number of samples 
in the parent node from the immediately higher level.

3.	Value: This represents the count of samples in each class at that node. 
The sum of values in a node represents the total samples at that node. 
These will be split into child nodes at the next level following the clas-
sification criteria.

4.	Class: This is the predicted class representing the majority class at that 
node (that is, the predicted outcome at that stage). In this case, it is 
either “Purchase” or “No Purchase.”

Figure 5.2  Decision tree path
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As a decision-maker, you are now equipped with a tool that can uncover 
the underlying reasoning behind a decision or classification. This would be 
particularly useful in scenarios where explicit rules are not provided, and 
we need to derive insights from available behavioral data.

Choosing strategies with optimal expected values

The goal of a strategic analysis is to identify the alternative that maximizes 
expected value. A decision tree identifies the best solution by integrating 
quantitative metrics with qualitative insights. Finance executives can simu-
late “what-if” scenarios, stress-test assumptions, and refine their strategies 
iteratively.

Expected value calculation is a core feature of ML-based decision tree 
analysis. The algorithms compute the expected value of each strategic 
option by combining the probability of different outcomes with their asso-
ciated financial impacts. This quantitative approach promotes comparison 
between different strategies objectively and selects options that optimize 
expected returns while considering risk tolerance levels.

Here is an example of how it works in an inventory management sce-
nario where we are deciding on a level of reorder. Let us consider a taco 
seller in Mexico City who is trying to find out the best reorder level. She 
has the following set of assumptions that will be useful in building the 
decision tree.

•	 Tourist inflow: There are three possibilities, which are low inflow, 
medium inflow, and high inflow. The chances of these three scenarios 
materializing are 20%, 40%, and 40%. In each of these cases, the sales 
volume will be 100 units, 150 units, and 200 units, respectively.

•	 Reorder size: She can order in batch sizes of 100 units, 150 units, or 200 
units.

•	 Financials: The cost of each taco is N$10, while the unit sales price is 
N$20 per unit.

•	 Business arrangement: The trader has made a nice business arrange-
ment with her supplier. In case she orders more, she can return the 
excess stock by paying a penalty of N$2 per unit. In case there is a 
stockout, her supplier will rush in the stock at an additional cost of 
N$5 per unit.

Considering this data the expected payoff for three different reorder lev-
els at three different demand levels is given in the Table 5.5. Opportunity 
losses have not been considered.

ML tools can also be of help in issues like this. This code is custom-made 
for this example and can be used for similar cases. Let us have a look at 
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various components of the code. The code (prefix 0512) is available in the 
repository.

•	 Import libraries: As usual, the necessary libraries are loaded in this 
section. We have used these libraries several times earlier, except for  
networkx, which is used for building a decision tree visualization.

•	 Customize: This section uses variables for the specific problem structure. 
You can reuse the code for similar applications. We have not considered 
using table-based input, as the input would ideally come from various 
sources. One can always consider all input values stored on a table if the 
code is to be frequently used. The relevant section of the code that can 
be customized is shown below with the parameter values in italics.

# Specify output files
my_payoff= “0512 Detailed Payoff.csv”
my_decision_tree= “0512 Decision Tree.png”

Table 5.5  Payoff at different levels of reorder

Reorder Tourist flow Low Inflow Medium Inflow High Inflow
Quantity

Probability 20% 40% 40%

Units sold 100 150 200

100 Units Sales (N$20) 2,000 3,000 4,000
Cost (10) 1,000 1,500 2,000
Stock out 0 250 500
(N$5)
Return (N$2) 0 0 0
Profit/Loss: N$ 1,000 1,250 1,500
Expected value (1,000 × 0.2) + (1,250 × 0.4) + (1,500 × 0.4): 1,300

Sales (N$20) 2,000 3,000 4,000
150 Units Cost (N$10) 1,000 1,500 2,000

Stock out 0 0 250
(N$5)
Return (N$2) 100 0 0
Profit/Loss: N$ 900 1,500 1,750
Expected value (900 × 0.2) + (1,500 × 0.4) + (1,750 × 0.4): 1,480

200 Units Sales (N$20) 2,000 3,000 4,000
Cost (N$10) 1,000 1,500 2,000
Stock out 0 0 0
(N$5)
Return (N$2) 200 100 0
Profit/Loss: 800 1,400 2,000
Expected value (800 × 0.2) + (1,400 × 0.4) + (2,000 × 0.4): 1,520
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# Define probabilities of tourist inflow scenarios tour-
ist_scenarios = “Low”: 0.2, “Medium”: 0.4, “High”: 0.4}
sales_volume = “Low”: 100, “Medium”: 150, “High”: 200}

# Define reorder sizes  
reorder_sizes = [100, 150, 200]

# Define cost parameters  
cost_per_unit = 10
price_per_unit = 20

# Penalty for excess stock returns  
penalty_per_unit = 2

# Extra cost for stockouts  
rush_cost_per_unit = 5

•	 Create cost computation function: This section creates the func-
tions for computing revenue, cost, handling cost shortage or excess, 
and finally computing net profit. Please note that the business case 
assumes that the seller always ends up matching the demand, either 
by returning excess stocks ordered or by rushing stock, paying a pre-
mium. This cost computation function is designed to match the busi-
ness case.

•	 Adjust for probabilities: In this section, each scenario is weighed by their 
respective probabilities. The results are appended to the file where the 
results were computed in the earlier section.

•	 Display summary and save payoff table in CSV file: This section displays 
and saves the payoff table in the specified file. The saved file can be use-
ful for further understanding of each option and for an audit.

•	 Create visualization: The decision tree is displayed on the screen and 
saved in the specified file for use elsewhere. You can customize the 
way the tree is presented by altering the code pos  = nx.circular 
_layout(G). You have various options like spring_layout,  
kamada_kawal_layout, spectral_layout, shell_layout, 
and others. You can experiment with the formats to find the one that 
suits your use the best.

•	 Draw decision tree: Finally, the code displays the decision tree on the 
screen. A copy is also saved for subsequent use.

The final output from the code is a payoff table and a decision tree dia-
gram. The payoff table includes the case-specific values like revenue, cost, 
cost of stock out and excess order, probability, and probability-weighted 
profit. The payoff table structure is provided in Table 5.6.



Table 5.6  Payoff table structure

Reorder Tourist Cost (for Excess Penalty Rush Net Weighted 
Size Inflow Demand Revenue Demand) Stock Cost Stockout Cost Prof it Probability Prof it

100 Low 100 2,000 1,000  0  0  0 0 1,000 0.2 200
100 Medium 150 3,000 1,500  0  0  50 250 1,250 0.4 500
100 High 200 4,000 2,000  0  0 100 500 1,500 0.4 600
150 Low 100 2,000 1,000  50 100  0 0 900 0.2 180
150 Medium 150 3,000 1,500  0  0  0 0 1,500 0.4 600
150 High 200 4,000 2,000  0  0  50 250 1,750 0.4 700
200 Low 100 2,000 1,000 100 200  0 0 800 0.2 160
200 Medium 150 3,000 1,500  50 100  0 0 1,400 0.4 560
200 High 200 4,000 2,000  0  0  0 0 2,000 0.4 800
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The decision tree will have the format defined by you. The format speci-
fied in the code generates the decision tree in a shell pattern (Figure 5.3). 
The root node is in the center of the right-hand margin of the diagram. 
Three arrows connect the three decision alternatives, which are the three 
reorder levels. Each of these nodes has three child nodes depicting the level 
of tourist inflow and the consequent profit. This graph helps you evaluate 
the expected profit trade-offs for different inventory reorder levels across 
different demand scenarios.

Key takeaways

In this chapter, we have explored the role of data-driven insights in strategic 
decision-making. We emphasized that an effective strategy requires a clear 
definition of objectives, thorough environmental scanning, careful evalua-
tion of alternatives, and continuous realignment based on changing data 
and conditions. We used various AI and ML tools to aid financial decisions, 
including decision trees, simulation models, sentiment analysis, expected 
value, and others to enhance decision accuracy, manage uncertainty, and 
uncover hidden patterns. These tools supported both quantitative and 
qualitative decisions, making strategic planning more evidence- based  
and responsive.

Figure 5.3  Decision tree
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Chapter 6

Inventory and supply  
chain management

Effective inventory and supply chain management is the key to running a 
smooth and profitable operation. In this chapter, we show you how the 
finance and operations teams can use ML tools to improve demand fore-
casting, optimize stock levels, and streamline logistics. Starting with the 
basics of inventory control, we slowly move into advanced techniques like 
time series analysis, network modeling, and inventory classification using 
clustering. With practical tools and clear examples, this chapter shows how 
data-driven decisions can reduce costs, prevent stock issues, and boost 
overall efficiency.

Understanding inventory management

Inventory management is a critical function of the management of any 
organization. Inventory affects a wide range of KPIs, ranging from prof-
itability to working capital. Inventory management refers to the process 
of efficiently producing, ordering, storing, using, and selling a company’s 
inventory. It deals with the management of raw materials, components, 
and finished products. Additionally, it also deals with warehousing and 
handling processes involved in maintaining optimal inventory levels.

Inventory is integral to the entire manufacturing/trading process in an 
organization. It plays a critical role in determining the operational effi-
ciency and financial health of an organization. Inventory management 
directly influences customer satisfaction, cost control, cash flow, and prof-
itability. If there is a shortage of raw material inventory, it would interrupt 
the entire production process. However, holding excess inventory would 
mean requiring additional working capital, obsolescence of unused items, 
and increased storage costs. It is therefore important to predict the optimal 
amount of inventory to be maintained to ensure smooth operation.

A shortage of finished goods would affect delivery to customers, reputa-
tion loss, and revenue loss. In turn, these may lead to stockouts, missed 
sales opportunities, lower customer satisfaction, and potential loss of 
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market share. These missed opportunities can be especially damaging in 
highly competitive markets or industries with volatile demand patterns. 
Ensuring the right amount of inventory at the right location to meet cus-
tomer requirements increases satisfaction levels and customer loyalty, en-
suring repeated business in the long run.

How inventory influences the overall performance  
of the company

Inventory is a component of current assets and an integral part of the 
working capital cycle. As such, it plays an important part in the compa-
ny’s operations and financial performance. With inventory, we are playing 
with a double-edged sword. On one hand, holding too much inventory 
could result in higher costs, reduced liquidity, and risk of obsolescence. 
On the other hand, holding a low inventory would result in stockouts, lost 
sales, and unhappy customers. Management of inventory is a balancing 
game aligning production, sales, and finance to enhance overall perfor-
mance both financial and operational. It has the following impacts across 
a business.

•	 Profitability: When we think about impacts on financial performance, 
the first thought that comes to our mind is whether inventory holding 
would affect our profitability. Inventory is directly tied to the cost of 
goods sold (COGS). There are various methods of inventory valuation, 
such as first-in-first-out (FIFO), last-in- first-out (LIFO), or weighted av-
erage, which impacts gross profit. Efficient inventory turnover improves 
return on assets (ROA) and return on investments (ROI). The purchase 
of excess inventory directly draws out the liquidity of the organization. 
The increased cost of purchase, storage, ordering, insurance, deprecia-
tion, and impairment reduces profitability. Inventory write-downs due 
to obsolescence or damage also directly reduce profits. Insufficient in-
ventory may lead to lost revenue and reduced customer satisfaction. 
Though these are not reflected in the financial statements, they surely 
influence performance in the long run.

•	 Working capital and cash flow: Inventory is a key component of work-
ing capital. Holding inventory requires funding, typically through a 
combination of internal cash or short-term financing. Even though in-
ventory is a part of current assets, it may not convert into cash very 
quickly. Raw materials would need to move through the production 
process as work-in-progress to finished goods. These would then be sold 
and proceeds collected to finally get converted to cash. Excessive inven-
tory holding, delays in production processes, and non-moving finished 
goods inventory all lead to the locking up of cash. These could have 
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been used for other business opportunities. Optimized inventory levels 
improve cash flow by reducing capital commitments while maintaining 
sales capability. The inventory turnover ratio measures how efficiently 
inventory is converted to sales. A low turnover may signal inefficiency. 
Efficient inventory management improves liquidity and cash flow.

•	 Operational efficiency: Adequate inventory of raw materials ensures 
smooth production processes. Shortages can halt operations, cause 
delays, and increase downtime costs. Proper inventory levels ensure 
product availability when customers want to purchase. Timely order 
fulfillment enhances customer loyalty. Stockouts lead to lost sales and 
potentially long-term customer loss. Excessive lead times due to in-
ventory issues damage customer relationships. Especially in retail and 
FMCG, being “in stock” directly influences market share.

•	 Supply chain efficiency: Accurate inventory data allows better coordina-
tion with suppliers and distributors, reducing lead times and improv-
ing responsiveness. Inventory also serves as a safeguard against supply 
chain disruptions, price volatility, and sudden spikes in demand, ensur-
ing business continuity in uncertain conditions. Disruptions can impact 
the availability of critical raw materials and finished goods. Maintain-
ing adequate inventory levels helps mitigate these risks. They act as a 
cushion that allows operations to continue even when supply lines are 
temporarily compromised. The use of Just-In-Time (JIT) or Economic 
Order Quantity (EOQ) models can optimize ordering frequency and 
quantity. Optimal inventory holdings can help shield against price vola-
tility risk. In essence, inventory serves as a strategic and operational 
risk management tool that supports business continuity and operational 
resilience.

•	 Strategic implications: Companies with superior inventory management 
can offer better service levels at lower costs, leading to a competitive ad-
vantage. Faster inventory turnovers allow quicker adaptation to market 
trends and changes. Lower inventory investment improves the ability to 
invest in growth opportunities. Inventory management techniques like 
JIT, or ABC, used along with inventory optimization algorithms help 
companies balance these factors to maximize overall performance while 
minimizing costs.

•	 Risk management: From the risk management perspective, having safety 
stock protects against supply disruptions. Holding inventory during in-
flation may be beneficial, but risky during deflation or technological up-
grades. Sourcing inventory from multiple sources and locations reduces 
exposure to localized disruptions. Obsolescence and spoilage risks, es-
pecially for technology and perishable goods may lead to write-downs 
or losses.
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Optimizing inventory holding

You would have seen from the above discussion that it is not desirable 
to have excessive or deficient inventory. They both involve a combina-
tion of actual and opportunity costs. But how do we decide on the op-
timal inventory level? There are three main determinants of that – the 
annual demand, cost of ordering, and cost of holding. The annual demand 
is self-explanatory and would hold for both raw materials and finished 
goods. The cost of ordering is related to every order placed or processed. 
This would include the cost of personnel, process, documentation, and all 
activities involved in the process. The greater the number of orders we 
place or process, the higher the total cost of ordering will be. The cost 
of holding or the carrying cost is linked with the volume of inventory we 
will carry on average between two orders. This cost will include the cost 
of storage, in-storage handling, records management, interest cost of the 
average inventory value carried, and allied. The traditional formula for 
computing the EOQ is the following:

where,
D: Annual demand
K: Cost of placing each order
H: Holding cost

Though we have a formula to compute the EOQ in the real world, it 
would have limited application under dynamic conditions. In addition to 
the factors described, there would be many factors influencing inventory 
optimization. These factors will include the following:

•	 Seasonality of demand and supply: Many times the demand pattern is 
seasonal. This is very profound in the case of agricultural products. The 
material is essentially available at one time of the year. Similarly, the de-
mand for a product could be seasonal depending on factors like weather 
or festivity. The traditional static formula of inventory optimization 
does not capture these impacts.

•	 Quantity discount: Many times, the price depends on the quantity or-
dered. Even if we find an EOQ, we may stand to gain more by ordering 
more to get a volume discount. This changes the total cost of procure-
ment of inventory, a phenomenon that the static formula of inventory 
optimization fails to capture.

2DK
Economicorderingquantity =

H
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•	 Annual purchase plan: In the case of an annual purchase contract, the 
terms are frozen at the beginning of the year and supply is at the discre-
tion of the buyer. Though this does not invalidate the EOQ but needs 
to alter the component of ordering cost. In this case, a large part of the 
ordering cost becomes fixed.

We will explore various dimensions of optimization of inventory-related 
costs in the following sections. We will also have a look at how ML tools 
can help us in creating a stochastic-based EOQ system.

Best practices in inventory management using ML

Inventory management best practices refer to proven strategies and tech-
niques aimed at optimizing stock levels, minimizing costs, and enhancing 
operational efficiency. Good strategies focus on accurate forecasting, cost 
control, inventory levels and visibility, streamlining distribution processes, 
and timely decision-making. Using ML tools to implement these strategies 
improves accuracy, adaptability, and efficiency across inventory manage-
ment and control. Let us take a look at some of the best practices in inven-
tory management and how ML can enhance them.

•	 Demand forecasting: Forecasting customer demand is essential to inven-
tory planning. Traditionally, businesses depend on factors like historical 
sales data, industry trends, and seasonality to forecast future demand. 
Using forecasted values, companies can plan production, inventory lev-
els, and supply chain activities. ML algorithms like time series analysis, 
regression, or Long Short-Term Memory (LSTM) significantly improve 
this process. They are able to consider multiple complex factors, both 
internal and external. ML models continuously learn from real-time 
data which enables adjustments to suit changing market conditions.

•	 Inventory optimization: Maintaining optimal stock levels involves cal-
culating EOQ, setting reorder points, and determining safety stock lev-
els to protect against variability in demand and supply. Typically, these 
are calculated using historical data. ML improves this by dynamically 
adjusting reorder points and stock levels based on actual consump-
tion patterns, supplier performance, and real-time demand volatility. 
Replenishment decisions are not based only on fixed schedules but are 
also informed by demand signals. This improves the overall efficiency of 
inventory management. ML classification models predict which items 
are at risk of becoming obsolete based on usage patterns and market 
trends. It can track real-time sales velocity and recommend adjustments 
to reorder frequencies and lot sizes.

•	 ABC analysis: ABC analysis allows companies to identify and prior-
itize resources and controls. Controls and review processes are based on 
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the relative importance of items. “A” category items are of high value 
though low in quantity, “B” category items have a moderate value and 
frequency, and “C” items are of low value though high in quantity. This 
classification is typically done using just one criterion, that is, annual 
monetary value (unit cost × annual usage). ML uses clustering tech-
niques like K-means to segment inventory by value, sales velocity, and 
risk, beyond traditional rules.

•	 Warehouse and distribution planning: Efficient warehouse techniques 
include practices such as slotting, FIFO, RFID scanning, and space uti-
lization. Distribution planning optimizes the delivery of goods by deter-
mining the necessary quantities and identifying the locations where the 
goods are most needed. It considers demands, current inventory levels, 
target safety stock, quantities, and replenishment lead times to ensure 
efficient and cost-effective distribution. ML enhances these functions 
by optimizing stock allocation across locations using real-time data. 
It helps in determining the most efficient routes and distribution net-
works, factoring in variables such as transit times, proximity to custom-
ers, and warehouse capacity. Further, ML and computer vision improve 
in-warehouse operations by optimizing shelf space, product placement, 
and routing within the warehouse.

•	 Inventory visibility and anomaly detection: Monitoring stock levels 
and movement is key to preventing running out of stock, overstock-
ing, or data inaccuracies. This is usually done through periodic audits 
and manual cycle counts. ML automates anomaly detection by flagging 
unusual transactions, sudden inventory drops, or unplanned restocking. 
Through pattern recognition, it learns to highlight exceptions that may 
point to errors in the process, supplier issues, or theft. Such proactive 
monitoring helps in reducing manual oversight.

•	 Performance monitoring and continuous improvement: KPIs in inven-
tory management are metrics that help to continuously monitor and 
track performance. KPIs influence financial decisions as they offer ac-
tionable insights into turnover, days of inventory outstanding, sales, 
order fulfillment rate, costs, process success, relationships, and ratios 
among others. ML can uncover hidden patterns in data and suggest 
corrective actions. For example, it can correlate lead time increases with 
supplier behavior or spot declining turnover trends before they seriously 
impact cash flow. Dashboards that provide real-time insights can also be 
designed, helping teams stay updated and responsive.

Inventory optimization – EOQ (stochastic model)

Here we have developed a stochastic model for EOQ. It is useful when 
demand and/or lead time are uncertain or variable. Unlike the traditional 
(deterministic) EOQ model, which assumes fixed demand and lead time, a 
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stochastic EOQ model accounts for randomness, making inventory deci-
sions more realistic and resilient.

We have included the codes for an EOQ model where we would simu-
late data to assess the range of inventory that would be optimal for the 
organization to order. Let us have a look at the main components of the 
code (prefix 0601).

•	 Import libraries: In this section, we would import the required libraries 
for our task. You are well acquainted with the libraries that we have 
used here.

•	 Customize: In this section, we will provide values for the customiza-
tion parameters. This includes the base value for the computation of 
EOQ under static scenarios. We also provide a value for the number 
of simulations we want to run. We will also provide the variation 
level we expect the demand and the ordering cost to have besides the 
lower and upper bound of holding cost. The bin size for the creation 
of a histogram of simulated EOQ can be specified here. The names 
of files to store the simulation result and plot are also specified. The 
relevant part of the code with customizable parameters in italics is 
given here.

# Parameters for static EOQ  
annual_demand = 10000
ordering_cost = 1200
holding_cost = 1250

# Parameters for stochastic EOQ  
n_simulations = 10000
# Input values of variation in decimal  
demand_fluctuation = 0.10
ordering_cost_fluctuation = 0.10
holding_cost_min = 1000
holding_cost_max= 1500
my_bin_size = 10

#save output
my_report=“0601 Simulation_report.csv”  
my_plot=“0601 simulation_plot.png”

•	 Computation of static EOQ: This code block calculates the EOQ under 
a static (deterministic) model. We have provided the necessary input in 
the earlier section.

•	 Simulation: This is the core section for the stochastic EOQ. In this 
case, the key input variables (demand, ordering cost, holding cost) are 
not static but follow a probability distribution to reflect real-world 
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uncertainty. We have provided all necessary values in the customization 
section which includes the number of simulations run and information 
to create a range of values for annual demand, ordering, and holding 
cost. Seasonal trends, promotions, and macroeconomic changes may af-
fect demand. Ordering costs may vary due to supply chain delays, rush 
orders, and others. Lead time may increase due to supplier backlogs, 
customs delays, weather, or geopolitical events, among others. Holding 
costs may vary due to storage rates, inflation, insurance, and spoilage. 
Perishable or seasonal items are likely to have high and volatile carry-
ing costs. Real-world business environments are rarely predictable, and 
hence relying solely on fixed values can lead to suboptimal decisions, ex-
cess costs, or stockouts. We are now set to simulate random samples. We 
set a random seed so that simulations are reproducible. np.random.
seed(42). If we do not root the seed to a value, every time we run the 
simulation, we will have different results. That will make comparison 
difficult.

	 The demand, ordering, and holding costs are simulated using the num-
ber of simulations defined and considering the information provided for 
fluctuations. We have also built in a sanity check to ensure that no simu-
lated demand or costs are less than one or negative, as negative values 
would make the EOQ calculation invalid.

•	 Computation of stochastic EOQ: We are now set to compute the EOQ 
using the simulated values of demand, ordering costs, and holding costs. 
The EOQ formula will be applied to each of the simulations we have 
generated. The results would each reflect a different simulated business 
condition. The EOQs form a distribution and not a single value. To un-
derstand this distribution and make decisions based on this distribution, 
we will next calculate summary statistics for 25th, 50th (median), 75th, 
95th, and 99th percentile. We now know the most common (median) 
EOQ, and the EOQ in best-case (25th) or worst-case (99th) demand/
cost scenarios. It helps decision-making under different risk appetites 
to choose the appropriate EOQ value based on their risk tolerance and 
business priorities. The 25th percentile EOQ is a conservative strategy, 
minimizing costs but having potential stockouts. The 75th percentile is 
slightly conservative with buffer and would result in fewer stockouts. 
The 99th percentile EOQ is considered for businesses with very low 
stockout tolerance.

•	 EOQ range output and plotting: In this section, we visualize the distri-
bution of EOQ values obtained from a stochastic simulation in the form 
of a histogram. The histogram shows the frequency of simulated EOQ 
in each range. A frequency distribution table has also been generated. 
For the frequency table, we have specified the bin size in the customiza-
tion section. The code generates a table displayed on the screen and a 
histogram plot which is also saved.
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There are essentially four outputs of the code: EOQ report, EOQ frequency 
distribution table, histogram of simulated EOQ, and a CSV file with de-
tailed results of the simulation. The EOQ Summary Statistics (Stochastic) 
displays a table as shown in Table 6.1.

This means that 25% of the simulated values are below or equal to 
130.16, and 99% of the values did not exceed 170.02. If the company 
wants to minimize the risk of stockouts in high-demand scenarios or under 
high ordering costs, it may consider using an EOQ closer to the higher per-
centiles (like the 95th or 99th percentile). On the other hand, if cost control 
and average-case performance are more important, the median EOQ (50th 
percentile) may be a reasonable choice.

The second table displayed on the screen shows the EOQ frequency 
table, as is given in Table 6.2. It displays the frequency against specified 
ranges of EOQ.

In addition, the code generates a CSV file containing the results of the 
simulation. It stores values of simulated demand, simulated ordering cost, 
simulated holding cost, and the resultant EOQ. The file contains the num-
ber of simulations specified in the customization section.

Table 6.1  EOQ summary statistic (stochastic)

25th percentile: 130.16 units
50th percentile (median): 138.69 units
75th percentile: 147.61 units
95th percentile: 151.24 units
99th percentile: 170.02 units

Table 6.2  EOQ frequency distribution table

EOQ Range Frequency
(97.379, 106.374) 24
(106.374, 115.281) 209
(115.281, 124.187) 978
(124.187, 133.094) 2,140
(133.094, 142.0) 2,662
(142.0, 150.907) 2,163
(150.907, 159.813) 1,227
(159.813, 168.72) 470
(168.72, 177.626) 108
(177.626, 186.533) 19
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Demand forecasting with time series analysis

One of the major components of inventory management is demand. This 
influences a host of factors including purchasing decisions, storing deci-
sions, funding decisions, production scheduling, and others. We have used 
ML tools for forecasting in earlier chapters. We will now see how such tools 
can be used in inventory management, specifically in demand forecasting.

Time series forecasting of demand

There are several ML libraries available for time series forecasting, and the 
one we will be using here is Prophet. We have seen during our earlier use 
that it is designed to handle time series data that have characteristics like 
seasonal patterns, holiday impacts, missing data points, and outliers that 
might distort conventional models.

Data preprocessing requirements are minimal as the tool automatically 
detects trends and seasonality. It also provides support for including holi-
day effects and requires minimal manual tuning. This makes it especially 
suitable for analysts and professionals without extensive background in 
statistical modeling. Users can also integrate confidence intervals when 
generating forecasts.

Consider a garments retailer that uses ML tools to forecast monthly 
demand. It then moves on to compute reorder points and safety stock 
levels using a confidence interval based on statistical normal distribution. 
Though we have not shown it here, this business case can be extended to 
procurement, distribution, and production planning.

The code (prefix 0602) is split into six sections as described hereunder:

•	 Import libraries: We have loaded pandas, prophet, matplotlib, 
SciPy, and numpy libraries. Prophet is the forecasting tool, mat-
plotlib has been used to plot data and forecast results, and SciPy is 
used for statistical functions related to normal distribution.

•	 Customize: In this step, we have provided the parameters that need cus-
tomization. This would include setting the confidence level, the number 
of months to forecast, the limit of the forecast period to historical data, 
files having input data and where the reports should be saved, and finally 
the names of files to save the plots. Here is the relevant part of the code 
with customizable parameters recognizable by italics and underlining.

# Parameter customization
confidence_level = 90 # e.g., 90 for 90% confidence
forecast_months = 6
forecast_limit = .25
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my_transaction=“0602 inventory_transaction.csv”  
my_forecast_file=‘0602 Forecasted_demand.csv’  
my_reorder_file=‘0602 Inventory_plan.csv’  
my_forecast_plot=“0602 Forecast.png”  
my_reorder_plot=“0602 Reorder_Forecast_Plot.png”

•	 Load and preprocess data: In this section, we are preparing the data 
for further processing. We ensure that the date field is indeed in date 
format and drop rows that are without any date. Similarly, we are en-
suring that units sold are a numeric field and replacing any blank value 
with zero. Since this will be a time series operation, the date field is be-
ing set as an index. Forecasting too far beyond the available historical 
data makes the model unreliable, and the results may not be helpful for 
decision-making. We have limited this by providing that forecasts are 
limited to a specified percent of the total historical days. We have further 
derived a dataframe for monthly sales and renamed columns to match 
the requirement of Prophet. This removes noise from daily fluctuation 
and makes it easier to spot seasonality and trend components. Prophet 
allows this resampling even at a weekly level. To do it at the weekly 
level, you will have to change the code snippet .resample(‘MS’) to

.resample(‘W’). This is the default for Sunday-based 
weeks.

•	 Fit and forecast demand and reorder level: The Prophet forecasting 
model will now fit (trains) the model on our monthly aggregated sales 
data. This fitted model will then be used to forecast for the specified 
period capturing the trend and seasonality patterns. After forecasting, 
the code proceeds to compute the reorder level and safety stock under 
uncertainty. To factor in uncertainty, we assume a normal distribution 
and use a specified confidence level. For the statistical minded, we have 
computed the z-score. From the full forecast, we are extracting data 
corresponding to the period of forecast we had specified earlier. The 
dataset, apart from the forecast value, also contains the lower and upper 
bound of the forecast. The standard deviation of the projected value is 
computed by the code. The reorder value under uncertainty is computed 
using the forecast value, confidence interval provided, and standard de-
viation approximated. Similarly, the safety stock is computed.

•	 Create plots: In this section, we create two plots. The first plot shows the 
forecast, historical values, and prediction interval. The next plot overlays 
the reorder point on the forecasted demand. You can change the legends 
that appear on the chart by replacing them in the code with the one you 
prefer. Note that to provide a large picture for better clarity we have speci-
fied the size of the plot in the code plt.figure(figsize=(10, 6). You 
can change the dimensions if you want. Both plots are displayed and saved.
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•	 Save data and plots: This last section handles the exporting and display 
of results from the inventory forecasting and reorder point planning 
model. These are saved to a CSV file under names specified by you. The 
reorder plan for the forecast period is displayed on the screen.

The output of the code includes the plots and the CSV files apart from the 
display on the screen. The plot of the demand forecast (Figure 6.1) displays 
the forecast line along with historical data as a dot around the line. Intui-
tively, the closer the dots are to the forecast line, the better the model fit. 
The shaded area reflects the upper and lower bounds.

The next plot (Figure  6.2) shows the forecast demand and the reor-
der level. In this case as well, the shaded area shows the upper and lower 
bound of confidence level.

In addition to the plots, we have saved the forecast output (including 
lower/upper prediction bounds) to a CSV file. You may remember that ds 
is the date, yhat is the forecasted demand, yhat_lower is the lower bound 
of confidence interval and yhat_upper is the upper bound of confidence 
interval. The file content looks like Table 6.3.

We have also saved the reorder planning output (forecast, reorder 
point, safety stock) to a separate CSV called inventory plan, as shown in 
Table 6.4. It is created monthly and includes the reorder point and safety 
stock among others.

Another important area of focus that can influence our inventory deci-
sions, among others, is the supply chain. In the next section, we will discuss 
how ML tools can be used in optimizing supply chains.

Figure 6.1  Demand forecast output
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Figure 6.2  Forecast + Reorder plan output

Table 6.3  Forecast output table format

ds yhat yhat_lower yhat_upper

1

2

Table 6.4  Reorder planning output format

ds yhat yhat_ yhat_ Reorder SafetyStock
lower upper Point

1

2

Supply chain optimization using network analysis

Efficient supply chain management is critical for maintaining competitive-
ness, reducing costs, and ensuring timely delivery of goods and services. 
Traditional supply chain strategies find it difficult to adapt to dynamic 
changes in demand or logistics. Supply chain management manages the 
end-to-end flow of goods, information, and finances across the entire value 
chain. It focuses on raw material sourcing to product delivery to end cus-
tomers. Activities that result in the goods reaching the customers generate 
revenue. Similarly, activities that ensure raw materials reach the processing 
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plant trigger the revenue generation capability. Both are important to fi-
nancial decision-makers. If the efficiency of these activities is enhanced, it 
can increase revenue generation capability and can also optimize workflow 
to reduce costs.

Network analysis maps supplier relationships, distribution channels, 
and inventory flows as interconnected networks. The results of the analysis 
can be useful in identifying the bottlenecks that inflate working capital and 
pinpoint redundancies. This approach can improve cash conversion cycles 
through optimized inventory positioning and supplier payment terms.

Successful network optimization requires data support including captur-
ing real-time flows across all supply chain nodes. We have seen elsewhere 
in the book how real-time data can be populated in a reporting dashboard. 
Network optimization can also reveal counterintuitive insights that chal-
lenge established supplier relationships and internal processes.

Let us study a scenario involving optimizing a supply network for cost 
and time efficiency. Consider a consumer goods company that operates 
a basic supply chain with one factory, two warehouses, and two retail-
ers. The company wants to optimize the movement of goods through this 
network to minimize transportation costs from the factory to retailers. 
This will reduce delivery time to improve service levels. The company also 
wants to identify critical nodes in the network to ensure reliability and 
responsiveness. In case we have started thinking that these network opti-
mization tools are useful only in the context of the movement of physical 
goods, let us get the context correct. Think of a typical cash conversion 
cycle or operating cycle. They also represent a network highlighted by pro-
cess flow from one node to another with the corresponding time. Instead 
of goods, movement between the nodes signifies incremental creation of 
wealth. Instead of technology, management decisions like stock holding, 
credit period, and similar influence the time between these activity nodes. 
Network analysis is useful to optimize these conversion cycles.

Now back to our company. It ships products from its factory to retail-
ers, passing through the warehouses. It can reach the retailer using any 
one of the warehouses. We have kept only one layer to keep the exam-
ple simple, complexities in the form of intermediaries can be easily added. 
The company wants to determine the most cost-effective and time-efficient 
route from the factory to a specific retailer.

The supply network is modeled as a directed graph with nodes and 
edges. Nodes are the fundamental entities, points, or components in a net-
work that represent a critical area of focus. These are also our decision 
centers as well as connection points. The nodes are factory, warehouse 1, 
warehouse 2, retailer 1, and retailer 2. Edges are permissible and feasible 
connections between nodes. The flow goes from factory to warehouse and 
then to retailer. In this case, six permissible edges connect the nodes. Every 
edge has two attributes: transportation cost and delivery time. In case you 
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are getting confused between edges and connection, they are essentially the 
same thing. An edge is a formal representation of a connection in a graph, 
as given in Table 6.5.

The business wants to find the shortest path from the Factory to Retailer 
2 under normal conditions. It will then consider a disruption when the 
route from the factory to Warehouse 2 is blocked.

The ML-based tool should be able to identify the shortest paths by cost 
and by time from factory to retailers. It should also be able to identify 
the centrality of nodes to understand which facilities are most critical to 
the flow of goods. To address these requirements, we will use ML tools.  
NetworkX library is an ML tool used to model, analyze, and optimize 
supply chain networks. Let us now have a look at the code (prefix 0603).

•	 Import libraries: In this section, we have loaded the necessary libraries. 
NetworkX library is a tool for creating, analyzing, and visualizing com-
plex networks or graphs. While using this library for our case, the nodes 
would represent locations like suppliers, warehouses, stores, and oth-
ers. The edges represent connections like transportation links, flow of 
goods, and similar. We can use it to compute the shortest paths between 
nodes to reduce delivery time or cost.

•	 Customize: We have specified the names of files to save the report and 
the plots. We have proceeded to define the nodes. Please note the use of 
square brackets, quotes, and commas. This will populate the directed 
network graph. The next part of customization involves defining the 
edges and their respective attributes in terms of cost and time. The first 
two elements are respectively the starting and terminal points of the 
edge. These must be one of the nodes that we have defined earlier. Sub-
sequent items are the name and value of the parameters. The values may 
change for each edge, but the names of the attributes will have to be the 
same across all edges. The business case will decide what the feasible 
edges are. You can add nodes and edges depending on your business 
case. The last part of the code defines the source and target nodes. The 

Table 6.5  Edges with attributes

From To Cost ($) Time (hour)

Factory Warehouse 1 80 2
Factory Warehouse 2 75 3
Warehouse 1 Retailer 1 55 1
Warehouse 1 Retailer 2 55 2
Warehouse 2 Retailer 2 45 3
Warehouse 2 Retailer 1 65 3
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relevant part of the code with the customizable section in italics is pro-
vided here.

my_normal_report = “0603 Normal_Network_Report.csv”  
my_disrupted_report = “0603 Disrupted_Network_Report.csv” 
my_network_plot=“0603 Supply_chain_network.png”  
my_disrupted_plot=“0603 Disrupted_Supply_chain_network.
png”

# Add supply chain nodes
nodes = [‘Factory’, ‘Warehouse1’, ‘Warehouse2’,  
‘Retailer1’, ‘Retailer2’]

# Add edges with cost and time attributes edges = [
(‘Factory’, ‘Warehouse1’, {‘cost’: 80, ‘time’: 2}),
(‘Factory’, ‘Warehouse2’, {‘cost’: 75, ‘time’: 3}),
(‘Warehouse1’, ‘Retailer1’, {‘cost’: 55, ‘time’: 1}),
(‘Warehouse2’, ‘Retailer2’, {‘cost’: 45, ‘time’: 3}),
(‘Warehouse2’, ‘Retailer1’, {‘cost’: 65, ‘time’: 3}),
(‘Warehouse1’, ‘Retailer2’, {‘cost’: 55, ‘time’: 2})
]

my_source=‘Factory’  
my_target=‘Retailer2’
# Under disruption scenario  
disruption_source=‘Factory’  
disruption_target=‘Warehouse2’

	   Just to be clear on how we are using the customization, here is a short 
summary of what we are doing here. We have nodes representing key supply 
chain entities which are one Factory, two Warehouses, and two Retailers.

	   These represent the starting point of goods, intermediary distribu-
tion points, and endpoints where goods are sold, respectively. Now the 
network graph knows the entities involved but has no connections yet. 
We define the edges to provide this information. Setting edges defines 
directed connections between nodes. We have defined the source and 
destination, and then for each connection we have provided the cost and 
time parameters.

•	 Create the model: In this section, we have invoked the model and pro-
vided information about the nodes and edges customized by us in the 
earlier section.

•	 Analyze shortest path and centrality: In this part, we compute the short-
est path for the lowest cost and lowest time. Once these shortest paths 
are identified, we compute the cost of the shortest path with minimum 
cost and time for the shortest path with minimum cost. These two 
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shortest paths are more likely to be different than not. The selection will 
depend on the management objective – do we want to reach the fastest 
or cheapest? The code also calculates the centrality measures to identify 
critical nodes in the supply chain. Centrality helps us identify the most 
important or influential nodes in a network. It would play a key role 
in connecting various parts of the network. In our context, a “central” 
node might be a warehouse, factory, or retailer. There are different types 
of centralities, we will be using betweenness centrality. Betweenness 
centrality measures how often a node lies on the shortest paths between 
other nodes. Consider a road network. If most of the shortest routes 
from one city to another must pass through a particular city, that city is 
central, a critical connector. Centrality helps identify choke points, hubs, 
and optimization opportunities. NetworkX returns centrality scores as 
numbers between 0 and 1, 1 denoting that it is more central and 0 be-
ing a node that does not lie on any shortest path between factory and 
retailer. An interim self-explanatory report is presented on screen.

•	 Simulate disruption: In this step, we are going to simulate what happens 
when a specific connection (or route) is disrupted or removed, such as 
due to a logistics delay, natural disaster, or supplier issue. We are thus 
testing the network’s resilience by simulating a failure on one edge of 
the supply chain graph. The program creates what-if scenarios multiple 
times and then recalculates the best new cost and time, on disruption. 
This is a practical tool in logistics and risk management. It tests the ro-
bustness of the business process network, identifies critical connections, 
and helps to plan backup routes and contingencies. An interim report 
reflecting the disrupted scenario is also presented on the screen.

•	 Visualization; Plotting: In this section, functions to create the network 
diagrams, display, and save them are being created. This is being done 
both for normal and disrupted networks. Please note that these are not 
being invoked here – that is the chart display or saving are not being 
done at this stage.

•	 Visualization: The functions defined in the earlier section are being 
called here and the network diagrams are rendered on screen. These are 
also being saved under the specified file name for subsequent use.

•	 Compute network results: The results of the normal and disrupted net-
work are being computed by this section of the code. The descriptions 
after metric are customizable and you can change them to express your-
self. However, the values are specific to this code and cannot be changed 
only here.

•	 Data display and export to file: In this step, we save the network results 
populated on the earlier section in the dataframe. These are then saved 
under specified CSV files. We provide a quick display of the network fea-
tures, both under normal and disrupted scenarios. We have proceeded to 
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generate a summary report highlighting the difference in key parameters 
under normal and disrupted scenarios.

The output from the code includes on-screen reports, plots of normal and 
disrupted network diagrams, and key parameters of normal and disrupted 
networks saved in CSV format. The on-screen report after analysis of the 
disruption network also compares the criticality factor for each node. If 
you compare the two network diagrams, you will find that the disrupted 
edge has been removed from the network diagram. The final on-screen 
summary also shows the cost impact of the disruption.

The information provided will allow the financial decision-maker to as-
sess how much disruption would cost. This information is useful for decid-
ing on planning alternative management processes. Please note that in this 
case study we have focused primarily on the cost aspect.

Let us give a moment to think about how the tool can be used to opti-
mize the cash conversion cycle. In that case, nodes will represent different 
stages of the business cycle like procurement, production, sales, collection, 
and related. Edges will represent the flow and transformation of value and 
wealth between these stages.

The flow will measure the incremental wealth creation rather than 
physical movement. Time will be the key optimization variable instead of 
distance or capacity. Time will be influenced by corresponding policies. 
Days inventory outstanding (DIO) is influenced by inventory management 
policies. Credit terms and collection efficiency will influence days sales out-
standing (DSO). Days payable outstanding (DPO) will be determined by 
supplier payment strategies. Network optimization can suggest optimal 
time values for these activities after incorporating all associated costs and 
benefits. You can see that this tool can be used anywhere where there are 
sequential value-creating activities with measurable transitions between 
states.

We have been through tools to optimize inventory holding and supply 
chain management. However, to efficiently use these tools, we need to clas-
sify our inventory items and focus more on the critical items. In the next 
section, we will focus on how ML tools can help us identify critical items 
from the list of inventory.

Inventory classification with ML

Effective inventory management is essential for operational efficiency, 
cost control, and customer satisfaction. Traditional methods of inventory 
classification such as ABC and XYZ offer a foundational approach. ABC 
method categorizes inventory based on value or usage, while XYZ method 
categorizes using variability. ML tools help to perform ABC analysis 
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automatically over a large volume of data. It can generate alerts to enable 
users to focus on areas identified as critical. However, the basis of classifi-
cation is simple, and they may not capture underlying complexities.

However, with the growing volume and complexity of inventory data, 
ML provides a more dynamic and data-driven alternative for classification. 
This segment introduces the application of ML tools, particularly clus-
tering algorithms like K-means, to classify inventory items for improved 
oversight and strategic decision-making. By analyzing attributes such as 
demand forecast and sales, turnover rates and profitability, our price, and 
competitors’ pricing, ML techniques can uncover hidden patterns and seg-
ment inventory in ways that can lead to improved control.

ABC analysis integrated with a sales alert system

An ABC analysis segments inventory or sales items based on their value 
contribution. They typically classify items as the following:

•	 A items: High-value, low-quantity items, say 60%–70% of value
•	 B items: Moderate-value items, say next 15%–25% of value
•	 C items: Low-value, high-quantity items, say the bottom 10%–15% 

of value

ABC classification helps in prioritizing control and resource allocation. 
Similarly, an organization may have a sales alert system. This system can 
monitor item-level performance and trigger notifications when specific 
conditions are met. These two systems can be integrated to improve over-
all management control.

Let us investigate this code which does just that. Here are the main com-
ponents of the code (prefix 0604).

•	 Import libraries: We have imported all libraries required for this code. 
All these libraries are known to us.

•	 Customize: In this section, we have specified the names of the CSV files 
containing input data and where details of ABC analysis and summary 
will be saved. We have also specified the names of files to save plots. 
In addition, we have set thresholds for cost alerts and for classifying 
inventory into A, B, and C classifications. Products are ranked by con-
sumption value from highest to lowest. The top-consuming products 
that together account for the threshold for A, in this case 60%, of total 
consumption, are classified as “A” items. The thresholds are cumulative 
and not incremental. We have also specified the names of columns that 
will be used for ABC analysis. We have selected the item number, price, 
and usage data. The relevant part of the code with customizable param-
eters in italics is given here.
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# Load Data
data = pd.read_csv(‘0604 Sales_data.csv’)  
my_detailed_report=‘0604_ABC_Details.csv’  
my_summary_report=‘0604_ABC_Summary.csv’  
my_cum_cost_plot=‘0604_ABC_Cumulative_Cost.png’  
my_abc_per_sku=‘0604_ABC_Cost_per_SKU.png’  
my_abc_class=‘0604_ABC_Class_Distribution.png’

# Sales Alert System
ALERT_THRESHOLD = 100000 # Adjust this value as needed

my_a_thresh=0.6  
my_b_thresh=0.85

#Specify columns that will be used for ABC analysis  
my_columns= [‘SKU_number’, ‘PriceReg’, ‘ItemCount’]

•	 Preprocessing and classification: In this section, we are performing three 
tasks. These are data preprocessing, creating cumulative totals, and cre-
ating a summary of categories. The code first creates a copy of the in-
put data with three specified columns which are sourced from historical 
data. The total cost is computed as the price multiplied by the units sold. 
Next, we sorted all rows in descending order of total cost, so that the 
item with the highest cost comes at the top. The data is reindexed after 
sorting. We have also created a function that will classify the products 
into three categories depending on the threshold values. You can cali-
brate the classification thresholds during customization. Now the sorted 
list is used to create cumulative totals. This section of the code computes 
cumulative costs using the sorted list which leads to cumulative percent-
ages. The cumulative percentage of total cost for each SKU determines 
whether an item falls into Class A, B, or C classification. Lastly, the 
summary table groups the data by Class (A, B, or C) and calculates the 
number of SKUs (line items) in each class and the corresponding total 
cost. A column converting the absolute cost numbers into percentages is 
added. Now the summary table shows what percentage of total cost is 
contributed by Class A, B, and C.

	   So, here we have already got each sales transaction sorted by value, 
the cumulative distribution of cost, and SKUs categorized into A, B, or 
C classes. It also has a summary showing how many items are in each 
class, what cost each class contributes, and what percentage of the total 
each class represents.

•	 Data output: This section gives a quick screen output to the user. It pro-
vides the total number of items in each category with the corresponding 
total cost and percentage of total cost. The limit for A, B, and C clas-
sification is also provided as a ready reference.
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•	 Generating alerts: This cost alert system is a powerful add-on to the 
ABC analysis. It creates a new column in the dataset called Alert. It 
applies the above-defined condition on each row of the specified 
class. You can change the target class by tweaking this part of the 
code – np.where((data_sub[‘Class’] == ‘A’). You can 
change the value of A to B or C. The data is filtered to include only the 
rows where an alert has been triggered. If alerts are found, it prints a 
warning message mentioning the SKU number, the total cost, and item 
counts. Set the threshold carefully, as most items in the A classification 
are likely to have a high consumption. If there are no alerts, a positive 
confirmation message is printed.

•	 Visualization and plot output: This segment of the code displays and 
saves three plots. The first plot shows the number of items by each clas-
sification. The second chart displays the total cost per item. Note with 
a very large number of items, this chart may be difficult to comprehend. 
The third chart shows the total cost plotted against items along with the 
cutoff values for the three classifications.

•	 Output data to CSV file: In this section, we will export results to CSV 
files for reporting, auditing, and future analysis. We have exported both 
a detailed and a summary report. The files are saved in the name speci-
fied by the user.

The output from the code includes screen display, plot files, and CSV. The 
plot showing the number of items in each v=category is self-explanatory. 
The line chart visualizes the cost distribution across all items. We can visu-
ally identify outliers or extremely high-cost items. We also spot clusters, for 
example, a few items driving the most cost (Figure 6.3).

Figure 6.3  ABC analysis
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Since the data in this chart is very compressed, you may want to visual-
ize this by each classification. In that case, tweak the code. Just after the 
comment # Line Chart: TotalCost per SKU enter the following two lines 
of code.

class_filter = ‘A’ # or ‘B’ or ‘C’
filtered_data = data_sub[data_sub[‘Class’] == class_filter]

Further, change the plt.plot(data_sub[‘TotalCost’] to

plt.plot(filtered_data[‘TotalCost’]

The last chart plots cumulative costs with classification cutoffs. It is a 
key chart to visually validate ABC classification (Figure 6.4). This chart 
plots the cumulative percentage of cost for all items. Each point on the 
X-axis represents a ranked item, from the most expensive to the least. The 
Y-axis shows how much of the total cost has been covered up to that item. 
This chart shows how quickly cost accumulates. The steeper the curve at 
the beginning, the more dominant a few items are. The chart reinforces 
that a small number of items dominate the cost, justifying tight control 
on them.

The saved reports include various fields. In the detailed report, details of 
computation also include the running cost, the percentage that the cumula-
tive cost bears to the total cost, the classification, and the alert (Table 6.6). 
This file will be very useful for further analysis and processing.

The summary report simply records the number of items, total cost, and 
percentage share of total against each classification.

Figure 6.4  ABC analysis – cumulative distribution
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Though very useful and efficient, this application still follows the user 
intervention of defining the classifications. In the next section, we will use 
the power of ML tools to find its classification logic.

Clustering inventory items using clustering algorithms

Decision-makers can apply ML clustering techniques to segment inven-
tory items based on key financial and operational attributes. These tools 
help businesses uncover actionable insights that can help them in making 
segment-specific decisions.

Let us consider the garment retailer who wants to get insight into how the 
market works. They want to review the data from the following three angles.

•	 Price strategy segmentation: Clustering based on item pricing, discount-
ing, and competitor pricing. This will identify premium, competitive, 
and underpriced product groups.

•	 Demand-seasonality segmentation: Clustering based on units sold and 
forecasted demand with seasonal adjustment. This will be useful in de-
tecting items with understocking, overstocking, or stable behavior.

•	 Profitability and turnover segmentation: Clustering based on profitabil-
ity and turnover rate to highlight high-performing versus inefficient in-
ventory items.

The code will process and analyze transactional inventory data using unsu-
pervised learning techniques, specifically K-means clustering.

Let us now dive into the major components of the code (prefix 0605).

•	 Import libraries: Four libraries have been used in this code. They are 
loaded in this section.

•	 Customize: In this code, most of the customizable parameters have been 
defined in this section. They include the names of the input and output 
files and the files to save plots. Many of the files are application-specific 
and we need to be careful about the purpose while defining the name 
for the file. We have also defined a set of features for cluster analysis. 
We need to ensure that the features are all present in the data input file. 

Table 6.6  Detailed computation report

SKU_ Price Item Total RunCum RunPerc Class Alert
number Reg Count Cost Cost



Inventory and Supply Chain Management  203

One of the unique parameters defined in this code is the color palette to 
be used for plotting the cluster diagram. We have created an option for 
black and white and color palettes. This may be useful if you are using 
the plots in black-and-white reports. Since we are using three clusters, 
three colors have been defined in the palette.

	   Apart from all these, we have some additional customization require-
ments during the code processing. These have been identified at their 
respective places. The relevant part of the code with the customizable 
sections in italics is given here.

# Customize parameters

my_inventory_input=“0602 inventory_transaction.csv”  
my_features = [‘Inventory Level’, ‘Units Sold’,  
‘Units Ordered’, ’Demand Forecast’, ‘Price’, ‘Discount’, 
‘Competitor Pricing’]  
my_price_competitor_cluster=“0605 Price and Competitor.
png”
my_price_cluster=“0605 Price_clusters.csv”  
my_price_summary=“0605 Price_summary.csv”  
my_demand_forecast=“0605 Demand_Forecast_units_sold.png” 
my_demand_cluster=“0605 Demand_price_clusters.csv”  
my_demand_summary=“0605_Demand_summary.csv”  
my_kmeans_cluster=“0605 Clustering_KMeans_Output.csv”  
my_cluster_profit=“0605 Clustering_Profitability.png”

#Customize cluster markers. Set it to Set2 for color.
#Comment out the one not being used  
my_palette=‘Set2’
#my_palette=[‘black’, ‘gray’, ‘lightgray’]

•	 Load data and preprocess: We have loaded the input data at this point. 
At this stage, we are also incorporating encoded seasonality informa-
tion. We have a categorical feature called seasonality which has four 
possible values – winter, spring, autumn, and summer. These are text 
values and are difficult to use in modeling. In the process of encod-
ing, this feature is split into three columns say is_winter, is_spring, and 
is_autum. We can use these three columns to identify the season.

	   One-hot encoding transforms non-numeric data into a form that clus-
tering algorithms can use to detect season-driven behavior (Table 6.7). 
We combine these encoded fields with the features. Once combined, the 
model can cluster items by both supply chain dynamics and market be-
havior. Integration of seasonal influence with operational and pricing 
data will allow clustering to recognize patterns like high sales seasons, 
low inventory seasons, and similar. We also scaled the data to avoid 



204  AI in Financial Decision Making

unnecessary weightage on high-value data. We are now ready with 
clean, standardized, multi-dimensional data, integrating seasonality, for 
use in our clustering algorithms.

•	 Clustering based on price and competitor prices: The first set of cluster-
ing is based on three features – price, competitor price, and discount. 
These are customizable values which you can tweak in this part of 
the code

features = df[[‘Price’, ‘Competitor Pricing’, ‘Dis-
count’]]

	   These features are then scaled as usual. We use K-means to create 
3 clusters based on the features. We have discussed earlier that if you 
want more or a smaller number of clusters, you can do that by tweak-
ing the code component n_clusters=3. We now have cluster membership 
information and plot the clusters. We also generate a summary of key 
features stating the units sold, price, competitor price, discount, and 
number of transactions in each of the three clusters. We save the plot 
along with the detailed and summary result of clustering.

•	 Clustering for demand forecast and units sold: In this section, we will 
apply K-means clustering on demand-related features. We have used 
codes similar to those used in the earlier section but with different fea-
tures. Here we have used units sold and demand forecast as features 
and created a copy of the dataframe. We have appended the one-hot 
coded seasonality variables. The values are then normalized which fac-
tors in seasonality. The detailed and summary cluster information is 
saved along with the plot.

•	 Clustering profitability and turnover rates: This last section of cluster-
ing is based on profitability and turnover ratio. These two are critical 
performance metrics in inventory and financial analysis. The objective is 
to segment inventory items by how financially efficient they are, based 
on profitability and how fast they are sold. The turnover ratio measures 
how quickly the inventory moves. We have followed similar code but 
have used different features – turnover_rate and profitability. This is not 
information that is available directly from the input file and has been 
computed by the following code.

Table 6.7  One-hot encoding example

Season is_winter is_spring is_autumn

Winter 1 0 0
Spring 0 1 0
Autumn 0 0 1
Summer 0 0 0
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df[‘Turnover_Rate’] = df[‘Units Sold’] / df[‘Inventory 
Level’]
df[‘Profitability’] = (df[‘Price’] – df[‘Competitor  
Pricing’] – df[‘Discount’]) * df[‘Units Sold’]

	   A high turnover indicates efficient stock movement; a low rate may 
indicate stagnation. Profitability measures the net profit contribution of 
each item after considering competitor pricing and discounts. It shows 
how much profit is being earned relative to the market and discounts ap-
plied. This does not show profitability from the accounting viewpoint.

	   We would need to scale and normalize data as turnover rate and prof-
itability are likely to operate on different scales. This makes clustering 
fair and avoids dominance by larger numeric values. K-means clustering 
is applied with 3 clusters and each inventory item is assigned to a cluster 
labeled 0, 1, or 2.

	   The clusters are then plotted and a summary is displayed on screen. 
The plot and detailed and summary clustering results are saved in a file 
for future reference.

The outputs of the code are essentially of three types. On-screen display of 
summary results and clustering plots, graphics file saving the plot, and CSV 
files saving the detailed and summary result of clustering.

The first cluster is based on price and competitor price (Figure 6.5).

Figure 6.5  Price and competitor price based cluster
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The cluster plot suggests that cluster 0 is the premium segment, cluster 1 
is the economy segment, and cluster 2 is the mid-market. You can also see 
the price of the retailer and that of their competitor follow a similar pattern 
across all segments.

There are some occasional minor outliers that can be investigated. The 
price strategy of the retailer seems to be well aligned with their competitor. 
Cluster 2, the mid-market, is quite dense, indicating a highly competitive 
segment. The on-screen summary results endorse this view.

The second cluster is based on demand forecast and units sold 
(Figure 6.6).

Interestingly, you can see that the segmentation is done primarily on de-
mand forecasts rather than on actual units sold. The cluster boundaries are 
better defined against demand forecast. Actual sales show similar ranges 
across clusters indicating that forecasting accuracy varies significantly. We 
can say that cluster 0 is high demand forecast periods, cluster 1 is moderate 
demand forecast periods, and cluster 2 is low demand forecast periods. The 
vertical separation also indicates that seasonality is a major differentiating 
factor, besides forecasting. However, the impact of seasonality is built into 
the algorithm that has clustered the data. The forecast value itself is influ-
enced by the seasonality.

Figure 6.6  Demand forecast and actual sales-based cluster
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The third cluster is based on profitability and turnover ratio (Figure 6.7).
The clusters present a very interesting structure. Cluster 0 shows 

low-performance items. They are mostly underperforming with low turno-
ver and though with a wide range of profitability, the majority of them 
are unprofitable from the viewpoint of competition. These would gener-
ally be low-moving items. Cluster 1 is moderately performing and operates 
over a wide range from mid to high values. The profitability is mixed but 
primarily in the middle range. This is likely to be the core business base 
highlighted by reliable products that generate steady business. There are a 
few exceptional performers with high profitability and a mixed turnover 
ratio. Cluster 2 is fast-moving with low profitability. These seem to be 
items that are competitively priced when compared with competition; most 
likely price-sensitive items. This explains their fast turnover.

You can clearly see the insight that ML tools generate over rule-driven 
classification tools discussed in the earlier section. Incorporating these in-
sights into financial decision-making provides a more flexible and informed 
strategy.

Figure 6.7  Turnover ratio and profitability-based clusters
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Key takeaways

Inventory management is a strategic function that influences profit, per-
formance, and customer experience. Integrating ML enhances forecast 
accuracy, automates replenishment, and improves classification. Cluster-
ing and simulation-based EOQ models provide data-driven insights for 
smarter inventory and procurement planning. Visualizations and decision 
support tools transform raw data into intelligence that can be used by 
cross-functional teams. Supply chain network optimization adds another 
dimension by simulating real-world complexities and provides a tool to 
understand the financial dimensions of supply line disruptions.

This chapter provides not just tools and techniques, but also a framework 
for thinking strategically about inventory. The availability of easy-to-use 
ML tools can make inventory management more efficient than ever earlier.
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Chapter 7

Capital budgeting and 
investment analysis

Welcome to this chapter, where we explore the application of ML and 
AI tools in capital budgeting and investment analysis. We will automate 
techniques such as NPV and IRR using ML tools for quicker investment 
appraisals and dynamic capital budgeting analysis. This chapter will show 
us how to optimize investment portfolios using PyPortfolioOpt, and also 
use simulation techniques to value real options.

Building blocks of capital budgeting  
and investment analysis

Broadly speaking, capital budgeting refers to the evaluation of investments 
that lead to the acquisition of fixed assets recorded on the investor’s balance 
sheet. In contrast, investment analysis typically focuses on decisions related 
to financial or monetary assets. Beyond the acquisition of new assets, the 
analysis framework can even be used for introducing a new product line. 
In essence, investment analysis tools prove highly valuable in any situation 
where a substantial, committed cash outflow leads to cash inflows spread 
over an extended period. These tools help businesses determine which 
long-term investments are worth pursuing. It involves evaluating potential 
projects or investments to see if they will generate sufficient returns in the 
future to justify the initial outlay of capital. Key components of investment 
analysis (or capital budgeting) include the following:

•	 Cash flows: The cash flows for investment analysis include cash inflows 
and outflows that arise as a direct result of the proposed investment.

•	 Time value of money: This centers around how much a sum of money 
would be worth tomorrow under purchasing power parity. There could 
be different ways of measuring the same.

•	 Risk analysis: This factors in the uncertainty and potential risks associ-
ated with a project. This includes risks of all kinds, including market 
risks, operational risks, and financial risks.

https://doi.org/10.4324/9781003619628-7
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Investment is a multi-dimensional decision. Some of the key considerations 
would include the following:

•	 Maximizing shareholder value: The objective of any investment deci-
sion is to increase shareholder wealth. The wealth is measured in terms 
of potential realized cash, hence the importance of cash flow. The 
decision-making metrics will change depending on the objective of the 
investment.

•	 Strategic alignment: In addition to financial potential, a proposed invest-
ment should align with the company’s long-term strategic goals. This 
includes considering long-term market trends, competitive dynamics, and 
technical and regulatory environments from a trajectory, transformation, 
and sustainability perspective. These also impact the cash flows and the 
risk exposure arising from the investment. A technical feasibility study is 
one of the input variables of the strategic alignment review process.

•	 Financial feasibility: The investment must make money over and above 
what is being spent after adjusting for the time value. In addition to assess-
ing this primary criterion of investment, a financial feasibility study would 
also include evaluating whether the company has the financial resources 
to undertake the project. This involves evaluating the company’s cash 
flows, debt levels, and access to financing. In addition to being financially 
feasible, the consequences should also be aligned with the strategic goals. 
For example, higher long-term borrowings will result in a higher gearing 
ratio, which the investor may not be comfortable with.

•	 Risk management: Evaluation of an investment proposal is commonly 
made considering a static environment. Risk management focuses on how 
environmental variations and consequent changes in the input assump-
tions affect the investment decision. We must note that the impact is to 
be considered after the mitigating measures have been put in place. This 
evaluation includes conducting a sensitivity analysis and scenario plan-
ning to understand how changes in key variables might affect the project’s 
outcomes and whether the entity is willing to take that exposure.

Process of investment appraisal decisions and the time 
value of money

Investment appraisal decisions come at the end of an exhaustive process 
that involves several steps. Some of these steps include the following:

•	 Investment objective: An investment decision should start with deciding 
on the objective. Asking “Why is the investment necessary?” will define 
the subset of investment. It could be going into a new market, introduc-
ing a new product, supporting a higher dividend, or even utilizing idle 
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funds. The opportunities that address the objective will be shortlisted 
for subsequent evaluation.

•	 Investment alternatives: Top-level criteria help define the broad set of 
available options. Second-level criteria, which include specific metrics, 
are then used to evaluate and select the most suitable option among them. 
It is at this stage that strategic alignment becomes a key consideration.

•	 Evaluation metrics: Once the investment alternatives are decided, the 
most popular evaluation criterion is wealth maximization. There may 
be other criteria also, and the selection of metrics will be driven by this 
objective. We will discuss these metrics in the following section. Exit 
options are often a critical criterion, as they determine the financial 
implications if investors need to withdraw from the investment. This 
may arise for different reasons, and unless there are clear exit routes, the 
extent of uncertainty associated with the project will increase. As the 
risk increases, so will the return associated with it.

•	 Estimating cash flow: In all cases, we will need to estimate the cash 
flows. This is a critical step, as the focus should be on identifying the 
actual cash flows for the acquisition, rather than relying solely on how 
they are reported in financial statements. Consider a manufacturing 
company diversifying into the hospitality industry was setting up a hotel 
near their factory in an industrial town. There were no other hotels 
nearby. The parent manufacturing company also used the facility for 
their employees and saved on the transport cost of hosting their employ-
ees in nearby places. These savings will not be reported anywhere as 
accounting records costs, and not savings. Further, the savings will be 
made by another company. However, for investment evaluation, we 
will consider all cash flows arising out of the investment irrespective of 
whether that is direct, viz., increased sales, or indirect, viz., cost savings, 
and wherever recorded.

•	 Post-investment review: Once the investment is made, the performance 
must be reviewed to ensure that it meets the expected return. We face an 
interesting challenge here. The evaluation of an investment opportunity 
is primarily driven by estimated cash inflows and outflows. In contrast, 
post-investment, accounting for the same is done under the accrual sys-
tem. In addition, as we stated earlier, not all cash flow changes would 
be reported in the books of the investing entity. This poses a major chal-
lenge while measuring the post-investment performance of the project. 
The investing entity will have to design a reporting system should they 
want to review the performance of a project in the same way they evalu-
ated it.

Investment entails cash outflow and inflow at different points in time. 
The change comes in terms of their purchasing power and not in terms of 
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measurement. To make them somewhat comparable, we try to fair value 
the future cash flows to current prices. Theoretically, we can future value 
all cash flows to future periods also or anchor them anywhere. To relate 
present value to future value, we use a compounding factor, and the reverse 
relation is established using a discounting factor. We broadly describe this 
as the time value of money. The factors that affect the time value of money 
would include the following:

•	 Consumer preference: An investment also means deferring current 
consumption to a future period. The investee needs enough incen-
tive to defer present consumption, and this is difficult to measure 
objectively. It would depend on many factors, including some that 
are being discussed here. Those that cannot be objectively determined 
bring into play behavioral factors like preference and bias. The inves-
tor uses a measurement proxy for these in evaluating the time value 
of money.

•	 Opportunity cost: One of the factors that influences the time value of money 
is what else the money can be invested in at the time of decision-making. 
However, this would not mean all the available opportunities. The bench-
mark would be chosen from the shortlisted alternatives, given the invest-
ment objective. The lowest of the available opportunities will form the 
basis of opportunity cost, and any investment must generate returns 
above that benchmark. However, we must note that the benchmark is 
established without considering the associated risk.

•	 Inflation: Another important factor that influences the time value of 
money is inflation. Inflation is the factor that erodes the purchasing 
power of money. For future cash flow to be comparable with present 
cash flow, it must at least compensate for inflation.

Choosing from various capital expense alternatives

Conceptually speaking, investment evaluation is a straightforward exer-
cise. All we need to see is if our terminal wealth is greater than our invested 
wealth. So, the challenge lies in determining the amount of wealth and 
making that comparable across different time horizons. For short-term 
projects, investors may find the time value of money inconsequential, and 
they may focus on the period over which the investments will come back. 
All returns beyond the period are surplus. Some common techniques of 
investment evaluation is given in Table 7.1.

In these approaches, the underlying objective is wealth maximization. 
In some cases, we use a direct approach by making periodic cash flows 
equivalent and looking for surplus. In some cases, we use a proxy, selecting 
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the project that recovers the initial investment the quickest, based on the 
intuition that it is generating returns at the fastest rate.

We must reiterate that the tools discussed here all serve the objective 
of wealth maximization. If the objectives change, so should the tools. In 
this context, we should recognize that even tools like NPV may not show 
us the true impact of a project. The cash flow from a project is not the 

Table 7.1  Common techniques of investment evaluation

Technique Computation Selection Criteria

The project with the low-Adds up the cash inflow and est payback period, subject outflow to arrive at the net cash to a qualifying benchmark, flow. The period when the net will be selected. For Payback cash flow turns positive is the example, if the benchmark period payback period. If you discount is 5 years, the project with the cash flows before aggregat- the lowest payback period ing, you will have a discounted below 5 years will be payback period. selected.

The project with the Here, too, we add the cash highest positive NPV, inflow and outflow for every subject to a benchmark, is period to find the net cash flow selected. The benchmark for the period. These cash flows Net Present may be the level of invest-are then discounted back to the Value (NPV) ment or the rate of return period when the initial invest- computed by dividing the ment is made. The aggregate of discounted cash inflow these discounted values is the by the discounted cash NPV. outflow.

Cash inflows from an invest-
ment may not occur evenly over 
its life. The IRR represents the 
annualized rate of return at 
which the present value of these The project with the 

Internal rate inflows equals the initial invest- highest internal rate of 
of return ment outflow. In other words, return, subject to a mini-
(IRR) it is the discount rate that mum benchmark, will be 

makes the NPV of the invest- selected.
ment zero. When cash inflows 
are discounted at the IRR, their 
total present value matches the 
original outlay.
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contribution of the operations alone, even the financing structure may have 
a role to play. A cash flow from an entity with a leveraged structure is likely 
to be different from the cash flow from another entity with an unlevered 
structure, even when the operating cash generation is the same. Even a dif-
ferential rate of depreciation may cause an altered NPV or IRR.

Consider the example in Table  7.2 where all revenue and costs are 
received and paid immediately in cash, except pure noncash entries. We 
have considered that the residual value of the asset will be realized at the 
end of the useful life of the asset and that there is no loss carried over for 
tax computation.

Table  7.3 shows the cash flows from the proposed investment in the 
asset. You would have noticed that the operating cash flow is identical 
between the levered and unlevered entities.

This was the point we were discussing. The difference between these 
two cash flows is caused by differential depreciation policy and leverage. 

Table 7.2  Funding structure and investment details

Unlevered Inc. Levered Inc.

Funding structure:
Equity (Dividend 10%) 2,000 1,000
Debt (Interest rate 6%) 1,000 3,000 2,000 3,000
Weighted average cost of capital 8.7% 7.3%
Cost of the proposed asset 1,000 1,000
Useful life 5 5
Salvage value 100 100
Depreciation SLM 20% WDV 27%

Table 7.3  Cash flow with NPV and IRR

Unlevered Inc. Levered Inc.

1 2 3 4 5 1 2 3 4 5
Revenue 900 900 900 900 900 900 900 900 900 900
Production Cost 525 525 525 525 525 525 525 525 525 525
Depreciation 180 180 180 180 180 370 233 147 93 58
Interest 60 60 60 60 60 120 120 120 120 120
Profit before tax 135 135 135 135 135 –115 22 108 162 197
Tax @ 20% 27 27 27 27 27 0 0 22 32 39
Profit after tax 108 108 108 108 108 –115 22 86 130 158
Net cash flow 288 288 288 288 388 255 255 233 223 316
NPV 195.97 37.20
IRR 16% 9%
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The depreciation policy caused different amounts of depreciation charges. 
Though this is written back to compute the cash flow, it affects the pre-
tax profit and the amount of taxes paid. Similarly, the leverage affects the 
amount of interest paid, and consequently, the cash flow. The result is that 
two projects having identical operating cash flows end up having different 
NPV and IRR because of accounting policies and leverage.

While using these metrics for investment appraisal, you must note that 
the selection based on NPV or IRR does not reflect inherent operating 
profitability from the asset being invested. The results are often influenced 
significantly by leverage and accounting policies. So, before discarding an 
option, check what is contributing to it.

Risk, return, and portfolio asset allocation optimization

Earlier, we spoke about using discounting rates to find the fair value of 
future cash flows. We also spoke about the time value of money. These two 
are separate but interlinked concepts. Discounting rates will account for 
the time value of money along with any other factors that may be relevant 
for making the investment decision. However, before we delve into these 
details, let us discuss two distinct schools of thought regarding the use of 
discounting rates.

One school of thought focuses on internal efficiency and uses the actual 
weighted average cost of capital or the specific cost of funding a project as 
the discounting rate. The argument is quite simple. The weighted average 
cost of capital includes the return that the suppliers of funds have either 
contractually agreed to or are happy with. If we use the weighted average 
cost of capital as the benchmark rate, all projects that qualify under this 
criterion are good to go. If using NPV as the criterion, as long as the value 
is positive after discounting, the project is good enough to satisfy suppli-
ers of funds and is even increasing residual wealth after paying dividends 
and interest. This view has an accounting bias and tries to make a stronger 
balance sheet.

The other school of thought believes that a project must earn a fair 
rate of return. Fairness is determined not only by the fair cost of funds 
but also by other project-specific risk factors like financial risk, liquid-
ity risk, technology risk, etc. The fair cost of the fund will take care of 
inflation and common economic factors, and we must explicitly factor 
in other variables. These factors are collectively referred to as the risk 
premium. The view is that we must evaluate a project based on the spe-
cific characteristics of the project and what the market visualizes as a fair 
return. This would increase the market value of the investment if the pro-
ject return were higher than the fair rate of return, that is, positive NPV 
or IRR above the benchmark.
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Let us quickly have a look at the views that the supporters of these two 
schools offer. The market rate supporters argue that using the weighted 
average cost of capital may potentially hide inefficient fund procurement. 
Two entities may be able to procure funds at the same time, at different 
rates. Project evaluation based on the weighted average cost of capital can 
support inefficiency, which will be discounted by the market. The account-
ing rate-based supporters point out that the rate at which the investors 
have agreed reflects their risk preference and the expected return for risk 
exposure. That is the very reason why two entities obtain funds at differ-
ent rates. They counterargue that contractual requirements will define the 
minimum cash flow required, while the market rate is useful to determine 
fair value. Have a look at which one fits you better.

Adjusting for risk is one of the greatest challenges in deciding on dis-
counting rates. This is where the market return from the industry comes 
in handy, as we can easily accept the same. The capital asset pricing 
model provides, among others, a framework to assess the appropriate 
risk-adjusted return.

However, there is another way of making the risk adjustment. Instead 
of adjusting the discounting rate, how about adjusting the cash flow? In 
an earlier section, we discussed the expected value. We derive the expected 
value by estimating different levels of cash flow and ascribing a probability 
to each level. Then we add the products of the individual cash flow esti-
mates and corresponding probabilities.

Simply put, let us consider three business situations: optimist, nor-
mal, and pessimist, with corresponding probabilities of 30%, 50%, and 
20%. The cash flows are $10,000, $6,000, and $3,000, respectively. The 
expected cash flow will be (10,000 × 0.3) + (6,000 × 0.5) + (3,000 × 0.2) = 
$6,600. If we adjust the cash flow for risk, we will not need to adjust the 
discounting rate.

Investment evaluation, apart from examining the feasibility of individual 
investment proposals, also focuses on portfolio optimization or asset allo-
cation. While an individual opportunity may emerge as investment-worthy, 
we also need to review its impact on the overall investment portfolio. There 
are two common approaches to reviewing the same.

•	 Cash flow-based: This approach focuses on whether the total cash 
inflow exceeds the total cash outflow after being adjusted for the time 
value of money and other factors, including project-specific risks.

•	 Risk-based: This approach reviews any investment property from the 
viewpoint of the impact on overall risk that the investor will be facing. 
Since accounting focuses on the value of a transaction, cash flow inherits 
the same quality. However, a project, while being profitable and generat-
ing wealth, may alter the risk profile of the business. Consider a scenario 
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of two entities, one producing ice cream and the other fruit juice across 
various countries. They are presented with an opportunity to invest in a 
new ice cream flavor by taking over another entity. This new project has 
a positive NPV and is better than the benchmark IRR of both investing 
entities. This makes the new project acceptable to both. Now, note that 
investment in the new ice cream factory will increase the concentration 
risk of the entity producing ice cream. On the other hand, it will bring 
diversification benefits to the entity currently producing fruit juice.

The act of recognizing risk in investment appraisal leads us to asset alloca-
tion. The goal of asset allocation is to balance risk and reward by adjusting 
the percentage of each asset in the portfolio according to a different set 
of parameters. Asset allocation establishes the boundaries within which 
investment decisions based on NPV and IRR are made. These parameters 
are additional layers of decision criteria that should be satisfied by any 
investment. These parameters are aligned with, either directly or indirectly, 
the strategic objectives of the investing entity. Asset allocation is a strat-
egy involving dividing an investment portfolio in a way that satisfies these 
parameters, besides being investment-worthy on its own. So, what could 
these parameters be? Let us look at a few of them.

•	 Investment horizon: An entity may consider the investment horizon a 
critical management objective. This would entail maintaining a mix 
of different maturity tenures within the asset holding. The underlying 
reasons may include liquidity management and economic cycle, among 
others.

•	 Financial mandate: An entity may have an internal or external mandate 
to maintain some financial parameters, like the leverage ratio and debt 
service coverage ratio. A project may be otherwise investible but may 
upset one of these mandates. These mandates are often imposed by lend-
ing institutions.

•	 Diversification: A  part of the corporate strategy would be to ensure 
a diversified portfolio across industry, market, currency, and others. 
The evaluation of an investment proposal will have to adhere to these 
boundaries. This is often addressed by concentration risk management.

•	 Rebalancing: An existing portfolio may need to be rebalanced in 
response to changes in external conditions. For instance, if the market 
value of a particular investment increases significantly, it might exceed 
the prescribed cap for individual holdings within the overall portfolio. 
In such cases, even if the investment remains fundamentally sound, it 
may have to be reduced or removed to maintain portfolio discipline.

•	 Strategic and tactical: An entity would hold assets for both tactical and 
strategic reasons. Consider an entity investing in a cold chain that it hires 



218  AI in Financial Decision Making

out to external parties in addition to using it for its products. If the entity 
divests itself of the product line that needs a cold chain, it may decide to 
dispose of the cold chain, as that was a tactical investment. The entity had 
never considered having a standalone cold chain business.

These parameters play a critical role in changing the problem of wealth 
maximization to that of optimization. Optimization may be loosely defined 
as maximization under constraints. This means that there would be mul-
tiple objectives to a problem, each having its own set of conditions. The 
wealth maximization objective will have to operate within the scope per-
mitted by these limiting factors. We will be talking about the techniques 
used to achieve this later in this section.

Capital budgeting evaluators

We have discussed some of the common evaluators used in investment 
analysis. Traditional spreadsheet solutions have built-in functions to com-
pute NPV, IRR, and other metrics. But there is certain inherent caution you 
should take while using these standard functions. Ensure that the version 
you are using is free from these possibilities. Let us have a look at the red 
flags for these two functions.

NPV-related

Please ensure whether these red flags exist in your version of the spread-
sheet and the arrangement of data.

•	 Row and time: Each consecutive row is usually considered as a unit of 
time, which is also the basis for discounting rates. If you consider each 
consecutive row representing six months, please express your discount-
ing rate as a six-month rate. If the intermittent periods are not uniform, 
there is a separate formula (XNPV) for computing the NPV.

•	 Initial cash outflow: When you use the NPV function, the cash outflow 
of the zero period does not get discounted. If the initial cash outflow 
is any time after the beginning of the project period, it should be dis-
counted. The solution is to insert a dummy period before the initial cash 
flow with a cash flow of zero, and then compute the NPV.

•	 Blank row: If you do not have any cash flow in any of the periods, 
ensure that you have zero value there. The spreadsheet may ignore a 
blank row within the series of rows depicting cash flow while comput-
ing NPV. This will result in an incorrect NPV. IRR also suffers from this 
issue. We have described this problem in detail in the next section under 
IRR-related issues
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IRR-related

Please check if these red flags exist in your version of the spreadsheet and 
the arrangement of data.

•	 Row and time: In the case of computation of IRR as well, each consecu-
tive row is considered as a unit of time, which is also the periodicity 
for IRR. If the intermittent period is six months, then the IRR is also 
six months. You may need to convert it into an annual rate if you are 
reporting on an annual basis. In the case of a non-uniform intermittent 
period, use a separate formula (XIRR) for computing the IRR.

•	 Cash flow-related: One of the structural problems associated with IRR 
computation is that it requires all negative cash flows to come in a series. 
If there is a non-negative cash flow between negative cash flows, the IRR 
computation may yield multiple results. This is also referred to as the 
problem of multiple sign changes in net cash flow. Let us have a look at 
the example in Table 7.4.

	   The cash flow above has multiple sign changes; that is, the negative 
cash flows are not consecutive. This has resulted in two values for IRR, 
0% and 87.6%. Since NPV using IRR as a discounting factor is zero, 
we have computed the NPV of the cash flow using these two discounting 
rates. As you might have seen, the NPV in both cases is zero.

•	 Blank row: We have already discussed this problem in the earlier sec-
tion. Let us now look at an example shown in Table 7.5.

	   We have presented three variations of the cash flows of a project 
across its life. In Case I and Case II, we have four years of cash flow 
with no cash flow in the third year. In Case I, we have explicitly put 
zero in the cash flow, while in Case II, we have kept the cell blank. You 
can see how that has affected the NPV and IRR. Compare Case II and 
Case III. Case III has a lifespan of three years, and the NPV and IRR are 
the same as those of Case II. This proves that the blank cell in Case II 

Table 7.4  Multiple IRR

Period Cash Flow Discount  Present Value Discount Present Value 
Factor: 0% @ 0% Factor: 87.6% @ 87.6%

Year 0 –1,000 1.00 –1,000 1.00 –1,000
Year 1 3,000 1.00 3,000 0.53 1,590
Year 2 –2,500 1.00 –2,500 0.28 –700
Year 3 1,000 1.00 1,000 0.15 150
Year 4 –500 1.00 –500 0.08 –40

NPV 0 0
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is disregarded when computing NPV and IRR. Take care to see that if 
your spreadsheet suffers from the same weakness, you have not left any 
cell blank to signify zero.

In addition to these red flags, the standard metrics used for evaluating 
investments are often inefficient in the face of complex business environ-
ments. Evaluating a proposal for a new manufacturing facility is not just 
about construction costs and expected cash flows. It involves analyzing 
changing consumer preferences, environmental regulations, supply chain 
disruptions, technological advances, and competitive responses. Traditional 
spreadsheet functions cannot easily account for these interrelated factors 
or handle the vast amounts of data needed to make informed predictions.

This is where ML enters the picture. ML algorithms can process enor-
mous amounts of historical data to identify patterns that humans might 
miss. They can analyze numerous similar past projects to better pre-
dict cost overruns, timeline delays, and revenue potential. These models 
can simultaneously consider market trends, economic indicators, and 
company-specific factors to provide better cash flow forecasts. These mod-
els can continuously learn and adapt to new data as soon as it becomes 
available.

Simulation is an important component of investment evaluation. While 
spreadsheets can run a few what-if scenarios, ML can simulate thousands 
of possible scenarios defined by various values of the model variables and 
their interactions. This capability helps the investor better understand pro-
ject risks and opportunities, leading to more informed decisions.

You need to study the complexities of the business case and then decide 
whether to use spreadsheets or ML-based tools in investment evaluation.

We are all comfortable with calculating NPV and IRR using standard 
spreadsheet packages. They are simple to understand and easy to operate. 
We have already identified the red flags that we should keep an eye out for. 
Instead of replicating what we can already do with the spreadsheet, let us 

Table 7.5  Problem with blank rows

Discounting Factor 6%

Period Case I Case II Case III
0 –10,000 –10,000 –10,000
1 4,000 4,000 4,000
2 4,000 4,000 4,000
3 0 4,000
4 4,000 4,000
NPV 502 692 692
IRR 8.36% 9.70% 9.70%
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examine a few applications of ML tools that can complement the function-
alities we already use.

Automate complex financial calculations  
for investment appraisal

Here is an interesting example of a code (prefix 0701) that can pick up 
specified keywords from a text description and carry out investment 
appraisal using NPV and IRR. In addition, it also creates a worksheet so 
that you can use it for further analysis. This tool can also be very useful 
in framing the worksheet. It would save you time from manually filling it 
up. You can create a worksheet from meeting notes or emails and proceed 
with further analysis. Before we proceed with the code functionality, please 
keep in mind that this code has been written to demonstrate the usage of 
ML tools to automate the computation. Unless these keywords are used, 
the code will not recognize the necessary input and will ask for it manually. 
You may like to improve upon the code by continuously adding more key-
words. You can download the code from the repository; major components 
are described here:

•	 Import libraries: We are loading the libraries necessary for the code.
•	 Customize: We must specify the following parameters for the code to 

work with our data:

○	 Name of the file where the output will be saved for subsequent 
analysis.

○	 List of keywords that the code will search for and use in compu-
tation. These keywords are classified as keywords for asset value, 
asset life, asset residual, depreciation method, annual inflow, annual 
outflow, tax rate, and discounting rate. The higher the variations of 
specified keywords, the more powerful the code is. You must note 
that this code is rule-based, and it recognizes a key input based on the 
keyword. Be careful to maintain the syntax while adding a keyword.

	� Here is the part of the code with the customizable parameters italicized.

# File names
my_output = “0701 cashflow_schedule.csv”

# User-defined keywords
ASSET_VALUE_KEYWORDS = [“cost of asset”, “cost of 
the asset”, “cost of acquisition”, “initial cost”, 
“purchase”, “purchase price”, “acquisition cost”, 
“acquisition”]
ASSET_LIFE_KEYWORDS = [“life”, “useful”]  
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ASSET_RESIDUAL_KEYWORDS = [“residual”, “terminal”]

DEPRECIATION_METHOD_STRAIGHT_KEYWORDS = [“straight line”,
“slm”]
DEPRECIATION_METHOD_WRITTEN_DOWN_KEYWORDS = [“written
down”, “wdv”]

DEPRECIATION_RATE_KEYWORDS = [“depreciated”, “deprecia-
tion rate”, “rate of depreciation”]

ANNUAL_INFLOW_KEYWORDS = [“inflow”, “income”, “revenue”, 
“revenues”]
ANNUAL_OUTFLOW_KEYWORDS = [“outflow”, “cost”, “expense”, 
“expenses”]

TAX_RATE_KEYWORDS = [“tax”]
DISCOUNT_RATE_KEYWORDS = [“discount”, “discounting”, 
“cost of capital”, “wacc”]

•	 Create extraction functions: In this section, the specified keywords 
are extracted from the text statement. These are then made ready for 
computation.

•	 Create financial functions: This section creates computation functions 
that will be used with the selected keywords.

•	 Create functions for the main process: This section contains the logic of 
using the keywords in the relevant financial functions. If the code identi-
fies an error that makes computation impossible, it reports the same to 
the user.

•	 Create user input interface: This section provides for the text input by 
the user. Once you run the code, a window will open where you will be 
prompted to enter your input as shown in Figure 7.1. You may type the 
text or paste it from another place. For any monetary value like cost of 
asset, or annual outflow you must put a $ sign. Similarly, for anything 
that is given as a rate, you must put a % sign. Note that the input win-
dow may not pop up on your screen and you may need to access it by 
clicking on it in the taskbar.

The code then proceeds with the computation and provides the output. 
The output shows the input and the list of parameters extracted from the 
input. This serves the need for input verification. Subsequent output shows 
the cash flow schedule and financial metrics. The output also includes a 
spreadsheet where the cash flows are arranged, and metrics like NPV, IRR, 
and payback period are shown.
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Create functions to compute NPV and IRR

In a standard spreadsheet, we use a standard formula to compute NPV, 
IRR, and others. We have also seen how financial leverage impacts NPV 
and IRR. The NPV or IRR we compute is usually either for levered or 
unlevered, depending on the input data. Though not through ML libraries, 
we can use code to separate the leverage and operating impact from basic 
data. This code uses primary inputs like leverage, discounting factor, and 
cash flow, and computes NPV and IRR under both leveraged and unlever-
aged conditions. But before we get into the codes, let us have a quick look 
at how leverage affects capital budgeting metrics.

Leverage impacts capital budgeting metrics like NPV and IRR in several 
significant ways:

•	 Discount rate adjustment: Leverage increases financial risk, which would 
usually raise the weighted average cost of capital (WACC) used as the 
discount rate. This would cause a lower NPV and a higher threshold for 
IRR-based investment decisions.

•	 Tax shield benefits: Interest payments on debt are tax-deductible, creat-
ing tax shields. These tax shields increase project cash flows and support 
both NPV and IRR.

•	 Cash flow timing: Leverage brings in debt service obligations. These 
obligations are likely to alter the timing and magnitude of cash flows, 
affecting both NPV and IRR calculations.

Figure 7.1  Window to enter input text
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•	 Magnification effect: Leverage can amplify NPV and IRR when project 
returns exceed borrowing costs.

•	 Financial risk: The benchmark IRR may need adjustment to reflect 
enhanced financial risk from leverage. This would mostly cause a raised 
threshold IRR for accepting an investment proposal.

If a financial decision-maker is presented with NPV and IRR under both 
levered and unlevered conditions, it would be easy to view the impact of 
leverage. The decision-maker can decide on leverage, keeping in mind its 
impact on NPV and IRR.

Let us now look at the main components of the code (prefix 0702):

•	 Import libraries: We are loading the libraries necessary for the code. We 
have one new library being used in the code called numpy_financial. 
This library contains financial functions like NPV and IRR. Install it in 
your environment, if you have not already.

•	 Customize: This code requires multiple parameters to be specified. These 
parameters include the following:

○	 Name of the files where the computational steps and cash flows will 
be saved in the document in CSV format.

○	 Values of input parameters, including WACC, equity, debt, tax rate, 
interest rate, initial investment amount, project duration, levered 
cash flow, and reference currency.

	 Here is the part of the code with customizable parameters in italics.

WACC = 0.12	# Weighted average cost of capital  
E = 50.0	 # Equity in currency value
D = 50.0	 # Debt in currency value  
tax_rate = 0.20	 # Tax Rate in decimal
interest_rate = 0.08	 # Debt Interest Rate in decimal 
initial_investment = 100.0	 # Initial Investment in 
currency value
n_years = 5	# Project Duration in years input_levered_
cf = 30	 # Levered CF in currency value

my_currency_unit=“Million Dollars”  
my_output_csv=“0702 cash_flow_details.csv”  
my_output_doc=“0702 computational_details.txt”

•	 Define functions: This section of the code creates functions for comput-
ing the payback period with discounted and undiscounted cash flow.

•	 Main computation module: This is where all detailed computations are 
made. This includes the cash flow, NPV, IRR, payback period, and others.
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•	 Save cash flows: The cash flows that have been computed earlier are 
saved into a specified CSV file. This would allow us to use them for 
further analysis and also as audit evidence.

•	 Save computational steps: This is an interesting module that saves all 
the detailed computational steps in a text file. This will be useful to 
understand the computation process and analyze any apparent error or 
inconsistency, besides serving the documentation needs.

•	 Report results to console: This module displays the results on the screen 
for the user. All data that is displayed here is also saved in the text file.

The output of the code is classified into two sections, unlevered analysis 
and levered analysis. It shows the NPV and IRR, along with discounted 
and undiscounted payback periods for both leveraged and unleveraged 
scenarios.

Analyze multiple projects efficiently

Let us now use an ML tool to recognize the deciding factors behind past 
successful investment appraisals. Not all projects that have qualified as an 
investible project succeed in the commercial world. It would be useful to fur-
ther refine this analysis and find out if there is a pattern of such post-analysis 
failures and successes. We will use the decision tree to analyze past invest-
ments and then apply the lessons learned to classify new project opportu-
nities. This is in addition to the criteria of NPV, IRR, and the like. This 
additional analysis will give an insight into the factors that can classify pro-
jects that qualified in the initial evaluation but were ultimately not successful.

The main components of the code (prefix 0703) are structured in a way 
we are now familiar with. These are the main modules of the code.

•	 Import libraries: All necessary libraries are loaded in this module.
•	 Customize: This code requires us to specify the input and output file 

names for the past data, the new data, the decision logic, and the pre-
diction results with the new data. The input file contains details of the 
discounting factor, leverage, NPV, IRR, project life, and whether the 
project was successful or not. The test data is also presented in the 
same way, except for whether the project succeeded. If the field names 
change, the code will also have to be modified. The relevant code with 
the customizable parameters italicized is shown here.

my_train_data=“0703 Train Data.csv”  
my_new_cases=“0703 New Cases.csv”  
my_results=“0703 predicted_new_cases.csv” 
my_decision_rules=“0703 decision_rules.txt”
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•	 Load and prepare the training data: This module loads the past data 
into the system for training the decision tree model. In the code, there is 
a parameter “test_size=0.2”. This means 80% of the data provided will 
be used to train the model, and 20% of the data will be used to test the 
model that has been trained. You may change these values if you want.

•	 Train the decision tree model, evaluate, and predict: In this module, the 
loaded data is used to train and test. It goes on to compute the accuracy 
of the trained model and then uses the data of the new cases to predict 
the likelihood of failure or success of these projects.

•	 Save prediction: We save the results of the prediction in a specified file 
for future reference, reporting, and analysis.

•	 Extract decision tree and save decision rules: This part of the module 
extracts the decision tree and saves it as a text file. One of the weaknesses 
of ML is that it is being used as a black box. Financial decision-makers 
are required to explain the logic behind their decision. The description 
of how the decision tree worked would be very useful to explain the 
predicted values.

•	 Display prediction results: This is the module that displays the results of 
the prediction on screen. These are the same data that were saved in the 
preceding section.

Support capital budgeting decisions with accurate 
metrics

A question may naturally come to mind as an extension of the last exercise. 
We have selected a project, but based on our experience, can we compute 
the project’s probability of success? Random Forest is another powerful 
ML tool that can get this answer for us. We will use this tool to analyze the 
eventual performance of selected past projects and predict the probability 
of success of potential projects. In addition to the cash flow-driven metrics 
like NPV and IRR, we can now factor in past project experiences in the 
decision-making framework.

The code (prefix 0704) is structured in the usual way. Let us have a look 
at the major sections:

•	 Import libraries: All necessary libraries are loaded in this module.
•	 Customize: This code requires specifying the input and output file names 

for the past data, the new cases, and the prediction results. The input file 
contains the same details as in the preceding case. They are the discount-
ing factor, leverage, NPV, IRR, project life, and probability of success 
and failure. The test data will also have the same structure. Any changes 
in the field name will require the code to be modified. The relevant code 
with the customizable parameters italicized is shown here.
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	 input_file=‘0704 Train Data.csv’
	 test_file=‘0704 New Cases.csv’
	 output_file=‘0704_New_Cases_Results.csv’
•	 Load data and train model: This section loads the data and trains the 

Random Forest model. If the field names are different, you can specify 
the names of the fields you consider features of the model in this section. 
You may remember that features are the input columns that the model 
uses to make decisions.

•	 Load new data and predict: In this section, the model reads the new data 
from the specified file. Note that the features used in the training module 
must be the same in this module. It also computes the probability of suc-
cess of each project.

•	 Display the results: This module displays the prediction results along 
with the computed probabilities. The results are also saved to a specified 
file for further analysis and as audit evidence. The output displays the 
values of investment, discounting factor, leverage, NPV, IRR, project 
life, prediction for the outcome, and probability of success and failure 
against each new project name or code.

Real options valuation using simulation

In the derivative market, options are rights, and not obligations. Real 
options are analogous to financial options but apply to real assets and 
investment projects. Here, the objective is the right to take certain actions 
in the future, such as expanding, contracting, or abandoning a project. 
These options allow financial decision-makers to adapt to new information 
and changing market conditions. Consequently, they are likely to have a 
financial value.

These options can be exercised under different circumstances defined by 
various states of the economy, project, and other influencing factors. The 
financial impact of exercising or not exercising the options under different 
circumstances would differ. Some of these situations would be more likely 
to occur than others. Thus, the valuation of the option becomes a dynamic 
exercise. This is where we can use simulation to visualize an array of pos-
sibilities and value the option accordingly.

Real options in capital projects

Consider a situation where the management of an entity is looking to 
acquire a machine for their production facility. They have a choice between 
two machines; a comparative analysis is given below:

Machine A has a capital cost of $500,000 and operates solely on fossil 
fuel. The operating cost directly depends on the fossil fuel price. On the 
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other hand, machine B can operate on both fossil fuel and natural gas and 
comes with a capital cost of $600,000. Machine B enjoys fuel flexibility 
and would initially use fossil fuel, but the management can switch to natu-
ral gas if the price rises significantly. When fossil fuel prices exceed a 20% 
increase (from a baseline of $100 per unit to over $120 per unit), switching 
to natural gas would lead to significant operating cost savings. The cost 
of natural gas is expected to be $90 per unit at that time. Experience sug-
gests that there is a 40% probability that the fossil fuel price will increase 
by more than 20%. In the event of such an increase, the operating cost of 
machine A will surge, while machine B can switch to natural gas, keeping 
its operating cost lower.

Apart from deciding on these machines independently, we may also 
need to examine whether it is justified to pay the additional money to get 
the option. We can do this by considering various scenarios where the fossil 
fuel price increases by different factors (for example, from 20% to 40%). 
For each scenario, we will calculate the operating costs for both machines 
and look for comparative savings. Since we are expecting the high-price 
scenario to happen 40% of the time, we will weigh the net benefit by 40% 
for cases where the net benefit is positive.

Let us have a look at the main components of the code (prefix 0705), 
which are available in the code repository.

•	 Import libraries: We are loading the necessary libraries in this module.
•	 Customize: This code requires specifying the input variables and the 

output file name for the output. The parameters that require customiza-
tion include the following:

○	 Capital costs for both machines, and the code will compute the price 
difference.

○	 We specify the current cost of both kinds of fuel and the quantity of 
fuel expected to be used. We will also specify the probability that the 
price of fossil fuel will increase significantly (which is greater than 
20% in this case), the lowest rate of probable increase, the highest 
rate of probable increase, and the number of instances within the 
lower and upper value of increase.

○	 The file names to save the option values and the plot.

	 The relevant code with the customizable parameters italicized is 
shown here.

# Machine parameters
capital_cost_A = 500000
capital_cost_B = 600000
extra_capital_cost = capital_cost_B – capital_cost_A
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# Fuel cost parameters  
baseline_fossil_price = 100
natural_gas_price = 90
usage = 10000

# Parameters for increase (>20%) of price of fossil fuel 
prob_high_price = 0.4
lowest_increase= 1.2
highest_increase= 1.5
number_of_cases = 5

#file names to save results  
csv_filename = “0705 option_values.csv”  
plot_image=‘0705 real_option_value.png’

•	 Setup for scenario analysis: This small section loads the values of differ-
ent prices of fuel and stores the option values.

•	 Compute and display results: This section computes the expected ben-
efits under a predesignated number of scenarios of an increase in fuel 
price. It also stores these values.

•	 Save results in a file: The various fuel price increase factors used and 
their corresponding operating benefits are saved in the specified CSV file.

•	 Display results and save plot: The value of the option against different 
levels of fuel price is displayed on the screen and then plotted in this sec-
tion. The plot is also saved for future reference and use elsewhere.

The screen output of the code is the value of the option at different fuel price 
levels and the plot of the same. You would have noticed that as the price of 
the fuel increases, the value of the option also increases. This is natural as 
with the increase in the price of fossil fuel, machine B becomes more profita-
ble to use. Consequently, the price difference between the machines widens.

Simulation techniques to value flexibility  
in investment decisions

We have discussed earlier how the value of an option varies with different 
scenarios. We will use simulation techniques to assess how these options 
might play out.

Simulation involves generating a great range of possible future scenarios 
by varying key inputs such as market demand, input costs, interest rates, etc. 
As we have seen earlier, this may involve considering multiple market sce-
narios, like normal, recession, and growth, instead of one static scenario as is 
normally used. In some simulated scenarios, the market might be booming, 
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justifying an expansion plan. In some other simulations, the market might 
turn slow, delaying or abandoning the project’s preferred outcome. By simu-
lating multiple scenarios like these, we can estimate the likelihood and finan-
cial impact of various decisions. This would effectively cause assigning a 
monetary value to the managerial flexibility available in the project.

The code uses a Monte Carlo simulation to value a real option embedded 
in a project. In this example, the value of the project follows an uncertain 
path, and if the project value exceeds a certain threshold, we can “exercise” 
an option to expand, that is, add extra value. This extra value represents 
the managerial flexibility to grow the project when conditions are favora-
ble. For those interested in understanding the uncertainties involved, this 
uncertain path is called a geometric Brownian motion, named after Robert 
Brown for his 1827 study of pollen particles suspended in water. In finance, 
Brownian motion is used to model the seemingly random movements of 
asset prices and interest rates over time. Geometric Brownian motion com-
bines the elements of Brownian motion with the multiplicative property of 
geometric progression. This makes it suitable for modeling processes where 
values must remain positive even while exhibiting exponential growth or 
decay.

Say we have a project that has been assigned a valuation. The valuation 
of the project is likely to change in the future. One variant of the project 
has an option to expand if the project value increases beyond a threshold. 
If we expand, the project value will increase at an accelerated rate. Natu-
rally, the entry value of the project with an option will be different from 
that without an option. The question is what the fair value of the option 
should be. In other words, how much more should we be willing to pay to 
have the options included in the project? In the example we have used, we 
have avoided the details such as earnings, cost, and taxes, and straightaway 
provided the project value.

In the example, we are calculating the project value after one year 
of initial investment. The distribution of outcomes can be wide due to 
volatility. Geometric Brownian motion helps simulate a spectrum of pos-
sible future values, capturing both upside and downside. This is criti-
cal for option valuation since options are valuable only under specific 
conditions. As stated earlier, geometric Brownian motion is a stochastic 
process commonly used in finance to model the evolution of asset prices 
(or project values, in our case) over time. It is called “geometric” because 
the value evolves multiplicatively and is always positive. We simulate sev-
eral values for the project after one year of initial investment. Brownian 
motion models the randomness of how the project might evolve in that 
period. This enables a probabilistic valuation of the expansion option 
under uncertainty.
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Let us now have a look at the main components of the code (prefix 
0706):

•	 Import libraries: All necessary libraries are loaded in this module.
•	 Customize: We have to specify the information about the value and asso-

ciated information necessary for computing the future value under geo-
metric Brownian motion. We start by defining the number of simulations, 
the time horizon, the risk-free rate for discounting, and the initial project 
value. We also define the volatility of the project’s value, a threshold above 
which the expansion option is available, and a multiplier that represents 
the extra value gained when the option is exercised. We will also specify 
the names of files to save the option values and the plot. The relevant por-
tion of the code with the customizable parameters italicized is shown here.

# Set simulation parameters  
N = 10000
T = 1
r = 0.05
V0 = 100
sigma = 0.2

# Define the real option  
parameters threshold = 120
expansion_multiplier = 1.2

#file names to save results  
csv_file=‘0706 real_option_simulation.csv’
plot_file=‘0706 real_option_value_distribution.png’

•	 Simulating project values: This section uses a geometric Brownian 
motion model to simulate the values of the project after one year. This 
is a standard way to simulate the evolution of asset values under uncer-
tainty. The formula used incorporates the drift related to the risk-free 
rate and randomness through a normally distributed variable.

•	 Calculate project values at different options: This module uses the simu-
lated project values, and if a simulated project value exceeds the threshold, 
the model adds extra value. This extra value is only applied in scenarios 
where the project is doing well, reflecting the value of having the flex-
ibility to expand. Both the project values with and without the option are 
discounted back using the risk-free rate provided. The difference between 
the present values obtained from both scenarios is the value of the option.

•	 Compute option values, save, and display: In this section, the code 
calculates the average project values with and without the option and 
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prints the average value of the real option. It also generates and saves 
a histogram to show the distribution of the option values across all 
simulations.

The output of the code includes the average project value without the 
option, the average project value with the option, the average option value, 
and a histogram showing the distribution of the option values across all 
simulations. All these values and the histogram have been saved in specified 
files for future reference and use.

Modeling scenarios based on new information

A reason why we may prefer having an option is to be able to alter the 
course given a changed scenario. Dynamic allocation of assets is a powerful 
option to respond to changes in the external environment.

Consider a mid-sized enterprise that uses an AI-driven financial simula-
tion model to guide its product mix decisions. The business has three prod-
uct lines, each having a maximum supply capacity. Profitability of each 
product line is different, and there is a constraint on total supply across 
all product lines. The product mix strategy followed by the management 
is that no product should be greater than 50% and less than 30% of the 
aggregate supply. This, the management believes, balances their product 
mix. In light of changing product profitability, management has identified 
three potential scenarios, each of which will have a direct impact on the 
enterprise’s overall profit.

We now examine how you can change the product mix in a dynamic 
environment. The code simulates the three possibilities for each of the 
three product lines and creates multiple scenarios, in this case, 27. The 
profit-maximizing mix is computed for each of the scenarios, and the 
report is presented in a CSV file. In addition, a histogram of different profit 
scenarios is also plotted to get an idea of what may unfold in the future.

We have a code to address a similar situation. Consider that at the 
start of the fiscal year, the company has allocated capital to three pro-
jects. Table 7.6 shows the initial investment and cash flows from the three 
projects.

The total supply capacity of the enterprise is 20,000 units, and there are 
three possibilities of profit fluctuation: down by 5%, no change, and up by 
5%. Let us now discuss the main components of the code (prefix 0707).

•	 Import libraries: As usual, all necessary libraries are loaded in this mod-
ule. You might have noticed a library named itertools. This is a 
standard library module in Python that provides fast, memory-efficient 
tools for working with iterators.
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•	 Customize: This code customizes parameters in four distinct sections.

○	 In the section where we define inputs, we provide data for the base 
profit and maximum supply for each of the three projects. In addi-
tion, we provide input for the total supply. We must be careful about 
formatting the parameters. Please note the curly brackets and use of 
single quotes in the input for base profit and maximum supply. The 
syntax associates the values with each project.

○	 In the portfolio constraints section, we will specify the minimum and 
the maximum share of the total portfolio that each project can have.

○	 We define the profit fluctuation scenario by providing the rates of 
change of profit in each scenario. Note the square brackets used.

○	 The final section for customization specifies the names of files to save 
the results and histogram.

	 Here is the relevant part of the code with customizable parameters 
italicized.

# Define inputs
base_profits = {‘A’: 10, ‘B’: 11, ‘C’: 12}
max_supply = {‘A’: 10000, ‘B’: 8000, ‘C’: 7000}
total_supply = 20000

# Portfolio constraints  
min_percentage = 0.30
max_percentage = 0.50

# Profit fluctuation scenarios (-10%, 0%, +10%)
fluctuations = [−0.10, 0, 0.10]
scenarios = list(product(fluctuations, repeat=3))

# Files to be saved
csv_file=“0707 dynamic_allocation_results.csv”
plot_image=“0707 Asset_allocation_histogram.png”

•	 Create computation function: This is the core computational engine 
of the code. It first creates the possible combinations of price fluctua-
tions. It further creates the computational framework for optimizing 

Table 7.6  Supply and profit data

Project Max. Supply Unit Prof it

A 10,000 10
B 8,000 11
C 7,000 12
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profits within the constraints after making the first allocation based on 
profitability.

•	 Compute initial and updated scenarios; Show management decision: 
This section does the actual calculation using the functions created ear-
lier. The code iterates over a list of profit fluctuation scenarios. Each 
scenario contains multipliers or changes for the profits of products A, B, 
and C.

•	 Display and save results and histogram: This section saves the detailed 
results for each combination of price fluctuation, corresponding revised 
price, allocation, total profit for each product, and aggregate profit. The 
results are also saved in the specified CSV file. The results are visualized 
as a histogram, and the plot is saved in the specified file for subsequent 
use. The output of the code includes a display of the results and a histo-
gram of the same.

Incorporating option value into project evaluations

We have discussed and used ML-based tools for valuing options. Now, 
let us consider a scenario where we incorporate the option value into pro-
ject evaluation. You are the financial adviser of a toy manufacturing firm 
planning to expand its production capacity. The base expansion project 
involves a significant investment in building a new production line, which 
is expected to increase revenue. Additionally, your firm can opt for an 
upgraded model of machinery that will provide a better finish to the toys. 
Customers’ preference for quality varies, and the upgraded model will 
allow flexibility to cater to the demand for both standard and improved 
quality toys.

You may consider this expansion as a base project with its own set of 
cash flows. Traditional metrics like NPV and IRR can be used to evaluate 
cash flow. The upgrade can be treated as an independent investment requir-
ing an additional cost of, say, $2 million. This upgrade is also expected 
to yield annual incremental cash flows of, say, $500,000 over five years. 
This option is being treated as a separate project, and we will calculate the 
incremental NPV and IRR to evaluate acceptability. If the incremental IRR 
is above the corporate benchmark or the incremental NPV is positive, the 
option is exercised. Otherwise, you may proceed with the base expansion 
alone without the upgraded feature.

This approach allows the firm to isolate the strategic value of the 
upgrade, ensuring that additional investment is made only if it substantially 
enhances overall project performance. Many times, the base project may 
be so strong that it overshadows the relatively inefficient upgrade module. 
This analysis thus provides a clear financial justification for incorporating 
managerial flexibility into capital budgeting decisions.
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We have designed a code to explain the evaluation process. Table 7.7 
shows all relevant information considering a 10% discounting rate.

The decision to implement the upgrade hinges on whether the incremen-
tal NPV (or its corresponding IRR) meets the firm’s required return thresh-
old. Consider that the benchmark IRR of the firm is 15%. In this example, 
both the base and upgraded option adds positive value, having positive 
NPV and above the benchmark IRR. However, if we do an incremental 
analysis, we will find that this incremental investment is generating less 
than the benchmark IRR. If this quality augmentation were a standalone 
project, we would not have accepted the same. But when this was bundled 
with the base project, this inefficiency conveniently got hidden.

Remember that this does not make the improved project non-investible; 
it makes it inefficient compared to the standard project. One may argue 
that instead of investing the additional 2 million in the improved product, 
if that is used to augment the standard project by 20%, that would create 
more end-period wealth.

However, this part of the task can also be performed easily with a stand-
ard spreadsheet package. ML tools provide additional capabilities and 
information, which we see in the code, that justify moving away from a 
spreadsheet. In case the incremental investment has an IRR below the hur-
dle rate, the code computes the amount of initial cash outflow that will 
yield the hurdle rate IRR. In addition to this, the code continues to com-
pute the minimum probability of demand for the upgraded products for 
the incremental investment to make sense. The second component serves 
an interesting purpose. This example evaluates a base project alongside an 
optional feature enhancement, where the opportunity to shift to producing 
higher-quality toys remains uncertain. We calculate the minimum prob-
ability of demand for these improved toys that would justify the additional 
investment based on a risk-adjusted return analysis.

The approach adopted in the code allows the firm to separately assess 
the strategic value of managerial flexibility, independent of the base project.

Table 7.7  Incremental analysis

Standard Improved Incremental

Year 0 –10,000,000 –12,000,000 –2,000,000
Year 1 3,000,000 3,400,000 400,000
Year 2 3,500,000 4,000,000 500,000
Year 3 4,000,000 4,600,000 600,000
Year 4 4,500,000 5,200,000 700,000
Year 5 5,000,000 5,800,000 800,000
NPV 4,803,261 5,005,756 202,495
IRR 26% 24% 13%
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Let us have a look at the major components of the code (prefix 0708). 
Compared to other examples, this code is designed differently. This creates 
functions to perform various operations required for the business case and 
then calls the functions to produce output. You can always integrate the 
function logic into separate sections instead of creating functions and then 
calling them. We will leave that to the experts in coding.

•	 Import libraries: Only two libraries are used here. We could have used 
NumPy -financials to compute NPV and IRR, but decided to code it.

•	 Customize: This code customizes parameters for discount values, hurdle 
rates, project cash flows, and names of files to save results. Be careful 
while providing the cash flow. Note the square brackets and ensure that 
you have values for every year. The number of years in both projects 
does not need to be the same. However, ensure that there is a value for 
cash outflow, else the code will not proceed.

	 Here is the relevant part of the code with customizable parameters 
italicized.

# provide parameters
my_discount_rate = 0.10
my_hurdle_rate = 0.15
my_new_project_cf = [-10000000, 3000000, 3500000,
4000000, 4500000, 5000000]
my_upgrade_project_cf = [-12000000, 3400000, 4000000,
4600000, 5200000, 5800000]
csv_file= ‘0708 project_evaluation_results.csv’
text_file= ‘0708 project_evaluation_results.txt’

•	 Define functions: This is the heart of the computation of the code. This 
defines various functions to compute, which are NPV, IRR, and dis-
counted payback, saves results to a TXT and CSV file, computes invest-
ment metrics for a project individually and for incremental values, 
validates various business logic, and displays results on screen.

•	 Run the main module: The main module first validates if there is a nega-
tive cash flow in the projects. It will not proceed unless there is one. 
Once the rule is validated, it executes the main module, which runs all 
the functions described earlier.

The output of the code includes values for NPV, IRR, and discounted pay-
back periods for all projects, including the incremental values. In case the 
metrics of incremental values do not match the hurdle rate, it will provide 
the maximum initial investment that the incremental project can bear. This, 



Capital Budgeting and Investment Analysis  237

in an oblique way, is also the fair valuation of the real option to maintain 
the level of efficiency of the mother project. The code also computes the 
minimum probability necessary to have a positive NPV. If the probability 
of achieving the incremental values is lower than the computed value, the 
decision-maker needs to view it from the angle of risk management.

Portfolio optimization with ML tools

Selecting individual investments is an important area of financial 
decision-making. Another equally important area is understanding the 
impact of these individual selections on the overall investment portfolio. 
This is where we introduce portfolio optimization. Optimization, in this 
context, commonly refers to creating a portfolio that maximizes return 
for a given risk class or minimizes risk given a return class. Traditionally, 
financial professionals have relied on Modern Portfolio Theory (MPT) and 
various statistical models to construct and manage portfolios that balance 
risk and return. At the non-monetary asset level, there could be another 
angle that considers the business constraints. For example, in deciding on a 
product portfolio, a finance professional may have to recognize the impor-
tance of market presence while deciding on the most profitable profit mix. 
Driven by the constraint, the finance professional may have to include a 
low-profit product or market in the portfolio, as it is important to maintain 
a presence in all customer segments. Similarly, a lack of availability of raw 
materials may force one to accept a product mix that produces suboptimal 
profit.

This section explores how finance professionals can leverage ML tools 
to create and maintain optimized investment portfolios without extensive 
coding knowledge. There are Python libraries that offer a range of robust 
techniques to allocate assets efficiently, helping investors achieve their 
desired risk-return profiles. ML techniques can now process vast amounts 
of data, identify complex patterns, and adapt to changing market condi-
tions. Finance professionals can use these tools to make more informed 
decisions.

By the end of this section, you will have a practical understanding of 
how to harness ML for more sophisticated portfolio management, even 
without extensive programming experience.

Optimizing investment portfolios to achieve  
desired risk-return profiles

The primary objective of a portfolio manager is to balance the risk-return 
trade-off. This is a fundamental goal in investment management, where 
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investors seek to achieve the best risk-return combination that matches 
their risk appetite. Though MPT has laid out a framework to optimize the 
risk-return trade-off, it is often limited by the computational power avail-
able to the portfolio manager.

However, advancements in ML and computational finance have pro-
vided more sophisticated techniques to construct portfolios that maximize 
returns for a given level of risk while allowing for a dynamic scenario.

The risk-return trade-off is central to portfolio optimization. Portfolio 
managers decide on how much risk they are willing to tolerate for poten-
tial returns. Low-risk investments, such as government bonds, offer stabil-
ity but lower returns. On the other hand, high-risk assets, like equities or 
emerging market funds, have greater return potential but increased volatil-
ity. Apart from the fact that the extent of risk that a manager will accept is 
a strategic decision, a manager needs to know if there are better combina-
tions of assets that can improve the risk-return relation. This is where we 
require better computational power.

In the case of portfolios with two assets, the computational challenges 
are limited. We have two returns, two risk proxies, and one covariance. 
As the number of assets keeps increasing, the number of covariances 
increases at a quadratic rate following the formula n(n–1)/2, where n 
is the number of assets. So, with three assets we will have three covari-
ances, four assets will get us six covariances, and five assets will have 
ten. Surely you can understand how quickly the combinations necessary 
for identifying an optimal portfolio can go beyond simple computational 
power.

This is an example of where simple tools like spreadsheets become inef-
ficient in managing portfolios. Capital allocation to achieve the optimal 
risk-return mix uses historical correlations and covariance metrics as the 
two primary parameters.

Traditional portfolio optimization tools like variance-covariance 
assume a linear relation and normally distributed returns. ML algorithms 
can capture non-linear interactions and complex patterns in asset returns. 
For example, neural networks can identify subtle non-linear correlations 
between assets, economic indicators, or market sentiment.

ML techniques now allow us freedom from solely relying on standard 
deviation as a measure of risk; ML models can incorporate alternative risk 
metrics such as Conditional Value-at-Risk (CVaR), which focuses on the 
risk of extreme losses, known as the tail risk. It also allows us to focus 
only on downside deviation, which only considers negative returns as risk. 
These alternative risk measures often provide a more realistic representa-
tion of investor concerns than traditional volatility metrics. We can fur-
ther integrate constraints like drawdown limitations, sector or geographic 
exposure caps, ESG criteria, liquidity requirements, tax considerations, 
and others, in our optimization modeling.
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Let us start with a simple example (prefix 0709) and keep on adding 
challenges as we progress through the section.

•	 Import libraries: The necessary libraries are loaded into the system here.
•	 Customize: This code customizes parameters for the input file for clos-

ing prices, the number of working days in a year, the number of simula-
tions to be run, the number of days for which return is to be computed, 
and the names of the files to save results. The number of working days 
is used to annualize the rate of return. The input data file comprises the 
date column and one column each for the closing price of each asset. 
The column head is also the asset ID, which the code uses for reporting.

	 The relevant part of the code with customizable parameters italicized is 
given here.

# Provide customization parameters  
my_data=‘0709 Stock Close Price.csv’  
my_working_days=252  
my_simulation=5000
my_period=1
my_output_file=‘0709 portfolio_simulations.csv’  
my_optimal_file=‘0709 optimal_portfolio.csv’  
my_saved_chart=‘0709 optimal_portfolio_pie_chart.png’

•	 Load data and calculate return: The input data is loaded in this section, 
and the daily return is computed while dropping cells with zero value. The 
periodic return is then annualized by using the mean and the number of 
specified working days. Annual covariance is also computed in this section.

•	 Create functions and define constraints: This section defines a func-
tion to compute the portfolio variance given the asset weights and the 
covariance matrix of asset returns. It specifies that the sum of all port-
folio weights must equal 1. The last part of the module specifies that 
each weight is restricted between 0 and 1. This ensures that there is no 
short-selling (negative weights) and no leveraging (weights > 1).

•	 Optimize: This section starts by assigning equal weight to each asset and 
then optimizes the same, keeping the constraints in mind. The objective 
of optimization is to get the minimum variance irrespective of return. 
It runs an optimization algorithm – Sequential Least Squares Program-
ming (SLSQP). The model has considered covariance between the assets 
while optimizing for the least variance portfolio. We have considered 
the variance-return optimization in a subsequent section. The final opti-
mal weights are the portfolio composition that minimizes risk and are 
extracted from the optimization result.

•	 Run simulation: This module starts by computing the expected return 
and volatility from the optimized model. The module then gener-
ates many random portfolios to understand the broader landscape of 
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return-risk combinations. It stores the values for weights, returns, and 
volatility in a list. It uses the Monte Carlo simulation to explore all 
possible portfolios. This is very useful for understanding risk-return 
trade-offs. During the simulation, no minimum or target return, nor any 
upper limit on volatility or risk, is imposed. The objective is to explore 
the full feasible region of portfolios rather than to perform optimiza-
tion. Every portfolio, no matter how poor its return or high its risk, is 
included in the simulation as long as the weights sum to 1.

•	 Store and save results: Results of the simulation are stored and saved 
in a CSV file. The weights optimized for the lowest variance are specifi-
cally added to the saved file. The weights for the optimized portfolio are 
saved in a separate CSV file.

•	 Plot and print results: Displays the optimized portfolio composition in 
a pie chart. The code also displays the weights, expected return, and 
volatility of the optimized portfolio on screen.

The output of the code includes files saved in CSV format, plots saved in 
PNG, and displays optimized weight, return, and variance on the screen. If 
you check the CSV file with the results of the simulation, you will find the 
weights for each asset with the corresponding volatility saved there. The 
values for the optimized portfolio are also stored and specifically labeled as 
“optimal.” All other values are labeled as “simulation.” You can check if 
the optimized values have the lowest variance, keeping in mind that when 
we save in CSV format, often numbers are not treated as being numeric. 
You may need to format them.

Employing an ML library to allocate assets efficiently

Various ML libraries can be used in Python to efficiently allocate assets. 
We will use a popular library named Pypfopt to understand how these 
libraries can be used to allocate assets efficiently. Please note that our 
examples and the choice of the library are designed for academic under-
standing and not investment advice. You need to select your own library 
and trading strategy. Even if you use the same library, please read the 
complete documentation to understand how the library works and what 
precautions you must take. In case you need to install the Pypfopt 
library, use this code:

!pip install PyPortfolioOpt

Pypfopt offers multiple methods for estimating expected returns and 
various approaches to risk modeling. The model offers a selection of opti-
mization techniques like mean-variance optimization, minimum volatility 
portfolios, maximum Sharpe ratio portfolios, efficient risk (target return 
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with minimum risk), and efficient return (target risk with maximum return), 
among others. It also allows specifying additional constraints like posi-
tion size limits, exposure cap, transaction cost considerations, long-only 
or long-short allocations, among others. All these permit the financial 
decision-maker to optimize asset allocation even under complex situations.

Let us build on the example used in the earlier section. Here are the 
main components of the code (prefix 0710):

•	 Import libraries: The necessary libraries are loaded into the system here. 
You will see the library Pypfopt also being imported. In case you do 
not have it installed, please do that first.

•	 Customize: This section allows us to customize parameters for the input 
file for closing prices, total corpus or fund size, exposure limit for each 
asset vis-à-vis the total portfolio, and names of the files to save results. 
The input data file is the same one we have used in the last example. It has 
a date column and one column each for the closing price of each asset. 
The column head is also the asset ID, which the code uses for reporting.

	 The relevant part of the code with customizable parameters italicized is 
given here.

# customization parameters  
my_input_file=“0709 Stock Close Price.csv” 
total_corpus=1000000
my_limit=0.25
my_optimal_file=“0710 optimal_portfolio.csv”
my_pie_chart=“0710 optimal_portfolio_allocation.png”

•	 Set up for optimization: In this section, we will compute the expected 
return and covariance matrix depicting how returns from different assets 
move about each other. You may not find an explicit code to compute 
the return as we did in the earlier section. The library has an inbuilt 
function “mean_historical_return” to do the same, and we have used 
that. We are also specifying parameters for computing efficient frontiers 
and using exposure limits. We will work with the efficient frontier in 
the next section. This is the portfolio allocation that offers the highest 
expected return for a given level of risk.

•	 Optimize portfolio: This section assigns raw weight to the assets in the 
portfolio and then derives clean weight that maximizes the Sharpe ratio. 
The portfolio performance is computed based on the clean weights. The 
final allocation for each asset is then computed by using this computed 
weight, the latest price, and the corpus size. This will also compute the 
money that will remain unused after final allocation to each asset.

•	 Save and display results: The code goes on to save the optimal allocation 
results in a specified CSV graphics file.
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The output of the code is the optimal allocation weights for each asset. 
This will change as we change the maximum exposure limit. The weight 
is displayed as a pie chart as well as in the number of shares. It further 
displays the amount of funds remaining unused, expected annual return, 
annual volatility from the optimal portfolio, and the Sharpe ratio.

Understanding modern portfolio theory principles

MPT provides the theoretical foundation for quantitative portfolio man-
agement. While the original theory has evolved significantly since Harry 
Markowitz’s seminal work in the 1950s, its core understanding contin-
ues to influence how we approach portfolio construction. MPT began 
with Markowitz’s insight that investors should take note that assets with 
imperfect correlations could reduce overall portfolio risk without neces-
sarily sacrificing returns. This led to the concept of the efficient frontier: 
the set of portfolios that offer the highest expected return for a given level 
of risk.

Based on this foundation, more sophisticated models were developed in 
the following years. Some of the major ones include the following:

•	 Capital Asset Pricing Model (CAPM): CAPM introduced the concepts 
of systematic and unsystematic risk, suggesting that only assets that can 
reduce systematic risk (beta) can charge a premium since unsystematic 
risk can be diversified away and mitigated.

•	 Arbitrage Pricing Theory (APT): APT expanded CAPM by suggesting 
that asset returns are driven by multiple systematic risk factors, not 
just market risk. These factors might include macroeconomic indica-
tors such as inflation, interest rates, industrial production, or exchange 
rates. APT does not rely on strict assumptions about investor behav-
ior or market equilibrium, making it more adaptable to real-world 
applications.

•	 Fama-French Factor Models: These models identified specific factors, 
such as size and value, that help explain asset returns beyond market 
risk. For instance, smaller firms have often historically shown higher 
returns, suggesting a size premium. Similarly, companies trading at 
lower price-to-book ratios have often exhibited higher returns, reflect-
ing a value premium. By incorporating these additional dimensions, 
multifactor models provide deeper insights into expected returns, unlike 
traditional models that solely use market risk.

Post-modern portfolio theory modified MPT by using downside risk meas-
ures instead of standard deviation, recognizing that investors are primarily 
concerned with losses rather than all deviations from the mean.
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Let us take an example of drawing an efficient frontier following the 
classical MPT. The major components of the code (prefix 0711) are the 
following:

•	 Import libraries: We have imported the necessary libraries into the sys-
tem here. One of the libraries imported is used for optimization.

•	 Customize: The customization parameters are primarily file names, input 
files for closing prices, and output files to save results. We are continuing 
with the same input data file used in the last example. It has a date column 
and one column each for the closing price of each asset. The column head 
shows the asset ID. In addition, we have provided the number of portfo-
lios to be created for the recognition of the efficient frontier.

	 The relevant part of the code with customizable parameters italicized is 
shown here.

# Customize the parameters  
my_input_file=“0709 Stock Close Price.csv”  
num_portfolios = 10000
my_ef_weight=“0711 efficient_frontier_weights.csv”  
my_ef_plot=“0711 efficient_frontier.png”

•	 Prepare for optimization: The section commences with the loading of 
stock data. It proceeds to the computation of daily returns and the 
covariance matrix.

•	 Define portfolio optimization function: A  function to compute the 
return and volatility of a portfolio is developed in this section.

•	 Compute and save efficient frontier: In this section, we generate a speci-
fied number of portfolios and compute their corresponding return, vola-
tility, and Sharpe ratio. This is necessary to identify the efficient frontier.

•	 Plot and save efficient frontier: The data generated in the preceding sec-
tion is saved in a specified CSV file. The same dataset is then used to 
plot the efficient frontier, which is saved to a specified file. The screen 
displays a confirmation message after creating these files.

The efficient frontier is also plotted and displayed on the screen, in addi-
tion to being saved as a file. The outer boundary of the scatter plot, starting 
from the lowest volatility point on the left and curving upward to the right, 
represents the efficient frontier. All other portfolio combinations that fall 
below this frontier are inefficient, as they offer a lower return for the same 
or higher level of volatility.

Where on the frontier an investor chooses to operate depends on their indi-
vidual risk preference, whether they are risk-averse or risk-seeking. The Sharpe 
ratio helps compare portfolios by measuring the return per unit of risk.
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Adjusting portfolios in response to market changes

Portfolio optimization is an ongoing activity. It responds to changes in mar-
ket conditions as well as changes in investment objectives. Traditionally, 
portfolio rebalancing was performed on fixed schedules or when asset allo-
cations breached predetermined thresholds. Unscheduled rebalancing was 
done when the external environment witnessed major shifts or the internal 
investment objectives were changed. ML has introduced more sophisticated 
approaches to dynamic portfolio adjustments that can significantly enhance 
risk-adjusted returns. Let us have a look at a few such capabilities.

Detecting regime changes

Financial markets operate in distinct regimes. These regimes are periods 
usually characterized by specific correlation structures, volatility levels, 
and return patterns. Traditional portfolio optimization typically assumes a 
single regime and may underperform when the regime changes. ML tech-
niques can identify regime shifts and adjust portfolios accordingly. Once 
a regime change is detected, the portfolio optimization process will use 
parameters calibrated to the new environment. For example, during a 
highly volatile market regime, the algorithm might increase allocations to 
defensive assets and reduce exposure to more volatile securities.

Several ML approaches are effective in regime detection. Here are a few 
examples of such models:

•	 Hidden Markov Models (HMMs): These models can identify hidden 
states in financial markets and estimate the probability of transitioning 
between different regimes.

•	 Clustering Algorithms: Techniques like K-means clustering or Gaussian 
mixture models can group market conditions into distinct regimes based 
on multiple factors.

•	 Change Point Detection: These algorithms identify structural breaks 
in time series data, signaling potential regime shifts that might require 
portfolio adjustments.

Adaptive risk management

ML enables more responsive risk management because of enhanced ana-
lytical capabilities. Some of these possibilities include the following:

•	 Dynamic risk budgeting: ML algorithms can continuously monitor risk 
contributions from different assets. It can adjust allocations to maintain 
target risk levels as volatilities and correlations change.
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•	 Tail risk forecasting: Financial decision-makers keep worrying about 
tail risk events. Neural networks and extreme value theory can be com-
bined to better predict potential extreme market movements and adjust 
portfolios to reduce tail risk exposure.

•	 Stress testing with generative models: There could be events that have 
not historically occurred but are theoretically possible. Because they 
have not happened, it becomes difficult to create a scenario reflecting the 
unseen. Generative adversarial networks (GANs) can simulate diverse 
market scenarios, allowing portfolios to be tested against conditions.

Tactical asset allocation

Beyond strategic allocation and risk management, ML can make tactical 
adjustments. The common tools that support tactical allocation include the 
following:

•	 Factor Rotation: ML models can identify which factor exposures, such 
as momentum, value, or quality, among others, are likely to perform 
well in current market conditions and adjust portfolio tilts accordingly.

•	 Alternative Data Processing: ML excels at extracting signals from 
non-traditional data sources, ranging from satellite imagery to social 
media sentiment, that might indicate emerging trends before they appear 
in traditional financial metrics.

•	 Natural Language Processing (NLP): NLP algorithms can analyze cen-
tral bank communications, earnings calls, or news flow to gauge shifts 
in market sentiment that might warrant portfolio adjustments.

Implementation considerations

In addition to the adjustment scenarios discussed, several practical con-
siderations are important. Frequent rebalancing causes higher transaction 
costs, and ML approaches can incorporate transaction costs in the model 
to ensure that adjustment benefits exceed implementation costs. There are 
tax implications, too. Often, longer-term holding leads to a lower tax bur-
den, and the effective cost of rebalancing changes because of the holding 
period. The model can ensure that the benefit of rebalancing is not eaten up 
by a higher tax burden. Automated adjustment systems, including algorith-
mic trading, require clear governance frameworks. We need to distinguish 
between which changes can happen automatically and which ones should 
require human approval.

The most effective approaches to portfolio adjustment typically combine 
ML signals with human judgment. Let us use a case study.
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XYZ Capital is a mid-sized asset management firm managing diversified 
portfolios for high-net-worth clients with varying risk tolerances. Recent 
market volatility has highlighted the need for a more adaptive approach to 
asset allocation that can anticipate changing market conditions rather than 
a simple reactive approach.

The investment committee at XYZ Capital has observed that traditional 
fixed-weight asset allocation strategies perform poorly during regime shifts 
in market volatility.

They want to develop a strategy that can predict future market volatility 
and dynamically adjust portfolio allocations based on these predictions. It 
should use a systematic, data-driven approach to tactical asset allocation.

The research team has assembled a dataset containing daily price infor-
mation for the market index, bond index, and five individual stocks where 
the company invests, from Asset 1 to Asset 5. The dataset spans five years 
of daily prices, providing sufficient history to include multiple market 
regimes, including both low and high volatility periods.

The code begins by predicting daily market volatility using the previous 
day’s values. Asset allocation strategies are manually defined for both high- 
and low-volatility scenarios. The change in market mood is deduced by fol-
lowing the movements in a primary asset and a secondary asset belonging 
to a contrasting asset class. For example, say the primary asset is equity. 
A contrasting asset class, such as bonds, would be used to measure the cor-
relation between the primary asset and something fundamentally different. 
This is a way to model changing market dynamics. Under simple circum-
stances, equities and bonds are expected to move in the opposite direction 
because of their risk class. If equities and bonds start moving together, it 
may signal stress or loss of diversification. The code then compares the 
performance of the dynamic asset allocation strategy against a base static 
allocation. Finally, the code forecasts volatility for the next five days and 
recommends corresponding asset allocations. Let us take a look at the 
major components of the code (prefix 0712).

•	 Import libraries: All necessary libraries are imported into the system 
here. In case any one of the libraries is missing, install them first.

•	 Customize: The customization parameters are primarily file names, 
input files for closing prices, output files to save results and plots, and 
allocation ratios. Three allocation ratios are used. These are the ratios 
under high volatility, under low volatility, and the base allocation. Be 
careful to specify allocation ratios for each asset, ensure that the sum of 
the allocations is 100, and do not overlook the square brackets. Another 
important aspect is that the first column of the input data will be the 
date. The second column should be the market proxy, the primary asset. 
The third column should be the comparison asset, which will be used 
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to identify a regime change. A regime change refers to a structural shift 
in how the market behaves, often characterized by changes in volatility, 
shifts in correlation patterns between asset classes, or altered relation-
ships between risk and return, among others.

	 The relevant part of the code with customizable parameters italicized is 
shown here.

# Customize parameters
my_input_data = “0712 market_data.csv”  
my_area_chart = “0712 portfolio_weights_dynamic_area_
chart.png”  
my_returns = “0712 risk_adjusted_returns.png”  
my_output_csv = “0712 dynamic_risk_budgeting.csv”  
my_high_allocation=[30, 50, 5, 5, 5, 2.5, 2.5]
my_low_allocation=[50, 20, 10, 10, 5, 2.5, 2.5]
my_base_allocation=[50, 20, 10, 10, 5, 2.5, 2.5]

•	 Prepare data for processing: In this section, we load the market data 
comprising dates and prices of assets. Daily simple and log returns are 
computed, followed by the computation of the volatility of the primary 
asset and correlation over rolling 30 days. In case you want to use some 
other period, you can change the value 30 to your preferred period in 
this part of the code, rolling_window=30. Volatility is measured by 
computing the standard deviation. Rows where volatility or correlation 
could not be computed are removed. These two derived features, volatil-
ity and correlation, are used as input to the ML model. High uncertainty 
in the market is indicated by high volatility, while high correlation indi-
cates a potential loss of diversification opportunity.

•	 Define features, target, and predict: The code uses a Random Forest 
model to predict volatility. As discussed previously, we need to identify 
the features and targets for the model to work. This model learns from 
values of volatility and correlation of the last day (t–1) to estimate what 
the volatility will be on the current day (t). In this code, we have used 
100 trees in the forest. You can change it to your preferred number by 
tweaking this part of the code: n_estimators=100. The code then 
adds a new column to the dataframe for storing predicted volatility. 
Please note that the prediction here is in-sample, that is, on the same 
data it was trained on. This makes it more suitable for back-testing over 
out-of-sample validation.

•	 Allocate assets using prediction: This section assigns different portfo-
lio weightage based on the predicted level of volatility following the 
rule-based regime switching strategy. The model takes the predicted 
volatility and compares it with the average volatility to identify the vola-
tility regime and switches to the corresponding allocation model. This 
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decision is made every day, forming the basis of a dynamic portfolio 
strategy. This allocation is driven by a dynamic risk allocation function 
developed for the purpose.

•	 Storing results: This section combines the model’s predictions with the 
corresponding portfolio allocations and saves the result for review or 
further analysis. We get a dataset with predicted volatility, actual vola-
tility, portfolio return, and allocation ratio for each asset for each date. 
This dataset is saved to the specified CSV file. The portfolio return is 
computed at the beginning of the module.

•	 Back-testing using dynamic allocation: In this section, we will compute 
the daily return from the portfolio under the dynamic asset allocation 
strategy and the base asset allocation strategy. This enables us to evalu-
ate which strategy performs better under historical market conditions. 
Right at the outset, a function is defined to compute portfolio return. We 
load the values of the static allocation strategy and apply it to all dates. 
We proceed to compute the portfolio return from both strategies. The 
returns computed here are log returns.

•	 Computing metrics: We define a function that computes cumulative 
return, volatility, and the Sharpe ratio. We then apply the function to 
both dynamic and static portfolios. We will have comparative values for 
return, volatility, and the Sharpe ratio under both strategies.

•	 Forecast volatility and allocation: This section of the code predicts mar-
ket volatility for the next five days. It then recommends asset allocation 
decisions for each of those days based on the predicted volatility. It 
starts with the latest date available in the input data and considers the 
market condition present on that date. The code uses the trained Ran-
dom Forest model for prediction if the conditions remain the same. For 
each predicted value, it uses an appropriate allocation strategy.

•	 Display results, store forecast, and save: This section of the code visu-
alizes portfolio allocations and risk-return relationships. It also prints 
back-tested performance comparisons and displays and saves predicted 
volatility and allocations for the next five days.

The output of the code includes a stacked area chart where each colored 
area represents the allocation to an asset over time, with time on the X-axis. 
This shows how the asset mix changed dynamically over time in response 
to predicted volatility regimes. The next chart is a scatterplot of actual 
returns from primary assets and predicted volatility. The color of the plot 
denotes actual observed volatility.

The next section displays comparative results for the static and dynamic 
strategies. This would allow us to decide which strategy is better suited. 
The forecast volatility and corresponding allocation for the next five days 
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are also displayed on the screen. This result is also saved in a specified 
CSV file.

Key takeaways

This chapter has taken a comprehensive look at how traditional and 
machine learning-enhanced tools can be used for capital budgeting and 
investment appraisal. We saw that capital budgeting is not just about 
crunching numbers. It requires aligning investment choices with strategic 
priorities, managing risks, and ensuring financial viability. Understanding 
the time value of money is fundamental for comparing cash flows over 
time. While NPV and IRR remain central tools, they must be applied 
carefully, as results can be distorted by leverage, accounting policies, or 
spreadsheet issues. Risk analysis through sensitivity and scenario planning 
is essential for capturing uncertainty. ML adds value by automating com-
plex analyses, improving forecasts, and identifying success patterns. The 
inclusion of real options introduces flexibility in decision-making, allowing 
adaptation to future scenarios. Finally, optimizing the overall investment 
portfolio ensures a better risk-return balance, supporting both financial 
goals and broader strategic constraints.
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Chapter 8

Customer profitability  
and segmentation

Quantifying and leveraging customer relationships provides companies 
with a key competitive advantage. Traditional financial statements pro-
vide a snapshot of accounting metrics on a specific date or over a specified 
period. It does not provide information about the potential value cus-
tomers have. They do not reveal a customer-level analysis, that is, which 
customers contribute most to profitability, which groups warrant greater 
investment, or which relationships are at risk of attrition. This chapter 
addresses the importance of customer analysis by leveraging AI-driven 
tools and techniques.

Treating customers as an asset

When talking about an asset, the statement of financial position is the 
first thing that comes to mind. This statement, also known as the balance 
sheet, captures a company’s assets, liabilities, and equity at a specific point 
in time. The statements adhere to guidelines that are defined by various 
accounting standards, such as IFRS or GAAP. One of the most valuable 
components of a company’s worth is its customer base, which remains con-
spicuously absent from these financial statements. This section examines 
the importance of treating customers as economic assets and why they are 
not recognized on financial statements.

Valuation and reporting of customer value

Economic assets are defined as resources that hold value and provide ben-
efits to their economic owners over time. Customers are the fundamental 
drivers of a company’s cash flow, contributing to the overall enterprise 
value, which makes them economic assets. In most industries, the viability 
of the business is directly tied to its ability to acquire, retain, and monetize 
its customers. To this effect, these industries often have a dedicated cus-
tomer relationship manager.

https://doi.org/10.4324/9781003619628-8
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Several frameworks have evolved to value customers. The most com-
mon one is CLV. CLV estimates the total revenue a company expects to 
generate from a customer throughout their entire lifetime. CLV helps guide 
decision-making to improve profitability, identify high-value customers, 
and optimize marketing spend. It is essential to identify the profitability of 
various customer segments, too.

Technically, CLV is of two types: historic CLV and predictive CLV. His-
toric CLV is very straightforward. Say you have purchased a $20 mois-
turizer from the same company thrice a year for the last ten years. Your 
historic CLV for the company is $600.

However, while this helps build the customer profile for the company, 
this alone is not useful for predicting future value. This is where predictive 
CLV comes in. Predictive CLV uses historical data and AI to predict how 
long a customer relationship will last and how much value it will generate 
for the company. CLV can be calculated at multiple levels:

•	 Company level: This is the most straightforward one. It is simply calcu-
lating the average CLV across all customers.

•	 Customer segment level: Calculating the CLV of individual segments 
within the customer base. We will discuss customer segmentation in 
detail in the next section.

•	 Individual level: Calculating the CLV of each customer.

There is no standard formula for calculating the CLV, and it varies with the 
company, industry, business model, customer behavior, and other similar 
factors. However, the foundational formula for calculating the CLV is:

CLV = Customer value * Average customer lifespan

Customer value captures the revenue-generating capacity of a customer 
over a fixed period. To calculate customer value, we need to multiply the 
average purchase value by the average purchase frequency. The average 
purchase value is simply the total revenue over a given period, divided by 
the number of purchases in the same period. The average purchase fre-
quency is calculated by dividing the number of purchases by the number of 
unique customers who have made a purchase.

The second component, average customer lifespan, is the average 
duration (often in years) a customer continues buying from the business 
before churning or becoming inactive. It is computed as the sum of the 
customer lifespans divided by the number of customers. This formula 
gives a revenue-based CLV, which does not account for costs. If you want 
profit-based CLV, you would multiply the result by the gross margin 
percentage.



252  AI in Financial Decision Making

More sophisticated CLV models can have other variables too, such as 
Net Promoter Score (NPS) and Customer Satisfaction Score (CSAT). NPS 
measures customer loyalty by their likelihood to recommend the relevant 
business to others. Any time you have answered a question along the lines 
of “On a scale of 1–5, how likely are you to recommend this business 
to others in your circle, with 1 being not likely at all, and 5 being highly 
likely?”, you have participated in measurement on NPS. CSAT, on the 
other hand, measures the satisfaction level of a customer. It is usually in the 
form of a survey asking customers to rate their experience in dealing with 
the company.

When incorporated into a predictive CLV model, both NPS and CSAT 
can enhance its accuracy.

CLV is primarily influenced by churn rate and brand loyalty. The churn 
rate is the rate at which customers stop buying products or services from a 
company they used to be loyal to. Although whether a churn rate will be 
categorized as good or bad depends on the industry, a high churn rate is 
generally considered bad. A continuous increase in churn rate may indicate 
a serious problem and will force the company to review its products and/
or services. Brand loyalty plays a pivotal role in mitigating the churn rate. 
Investing in building and measuring brand loyalty will also help retain cus-
tomers. Brand loyalty can be built in a variety of ways, like personalized 
interactions, outstanding after-sales service, loyalty programs, and build-
ing a strong brand identity, among others. Some customers are very loyal 
and are reluctant to switch over. Even when they have problems with the 
products, and there are a lot of other great options to switch to, they are 
incredibly forgiving and understanding.

Having loyal customers will eventually generate a high value over the 
lifetime of the company.

Despite the strong case for viewing customers as assets, accounting 
standards have strict asset recognition criteria that customer relationships 
fail to meet. This is to say that no doubt customers are being an asset, the 
question is if it fulfills the reporting criteria. There are three key require-
ments across most accounting standards that a customer relationship fails 
to satisfy. These are:

•	 Control over assets: The entities must have control over an asset. It must 
be able to obtain future economic benefits from it and control the use 
of the asset. Customers are independent entities. Customers represent 
a relationship, not a controllable resource. Moreover, unless explicitly 
laid out in a legal contract, companies cannot prevent customers from 
purchasing from others.

•	 Probable future economic benefits: It must be probable that an asset will 
generate future economic benefits for the company. Whether a customer 
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will keep generating future economic benefits and not churn unexpect-
edly is dependent on factors like pricing competition, customer satisfac-
tion, and other market dynamics. This leads to the company not being 
able to reasonably assert that it will obtain future economic benefits 
from the customer.

•	 Reliable measurement of cost: An asset’s cost or fair value must be reli-
ably measurable. There are customer value models, such as CLV, which 
estimate customer worth. However, financial statements should be 
objective and verifiable, and the subjective nature of such models raises 
doubt about the reliability necessary for recognition as an asset.

While customers play a huge role in the overall value of a company, they 
do not meet the asset recognition requirements under accounting standards 
and thus cannot be reported on the financial statements. However, custom-
ers can form part of a company’s Integrated Report (IR). An IR consists 
of reporting on an organization’s business model, and six types of capital: 
financial, manufactured, intellectual, human, natural, social, and relation-
ship. Customers form part of the social and relationship capital. Addition-
ally, customers may also come under the business model section as key 
stakeholders whose needs drive value creation, influencing inputs, outputs, 
and long-term outcomes.

However, there is no doubt that the customers form the backbone of the 
revenue stream of a company. The financial decision-makers need to assess 
how stable this revenue stream is, and that is where valuing the customer 
becomes a major management control issue.

Customer segmentation and decision effectiveness

Customer segmentation is the process of dividing customers into separate 
groups based on common characteristics, such as demographics, behaviors, 
and preferences. There are many ways to segment customers, and the choice 
depends on various factors like the business model, the objective of seg-
mentation, the industry, and similar factors. With segmentation, not only 
are companies able to create more personalized experiences and increase 
their customer engagement and loyalty, but it also improves the results of 
CLV modeling. Although customer segmentation is more commonly used 
as a marketing tool, it can also enhance decision effectiveness. Customer 
segmentation affects both financial and operational decision-making and 
effectiveness in the following ways:

•	 Capital allocation efficiency: Unsegmented customers may lead to 
inefficient capital deployment as it does not capture the differences 
in distinct groups. This may lead to companies misallocating their 
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marketing investment. For example, if a bank allocated its acquisi-
tion budget evenly across all demographic segments, it would not 
be able to take advantage of demographic differences between the 
younger and older generations. Say, the younger generation has a 
higher product cross-sell rate and a lower cost to serve. This would 
result in a higher average CLV as compared to the older customer 
segment. Segmentation also enables marginal ROI optimization, 
where incremental capital could be redirected to segments with the 
highest return sensitivity.

•	 Cost structure alignment: Different customer segments would have 
different cost-to-serve structures. Segmentation allows companies to 
account for these differences by modeling cost structures that reflect seg-
ment behavior. ABC may be useful in determining the cost allocation in 
individual segments. Say, an equipment manufacturer discovered that 
while large clients generate higher revenue, they have extensive service 
requirements. They need dedicated account managers, custom installa-
tions, and extended credit terms. Compare this to smaller-sized clients, 
who, although they contribute less revenue, require minimal support. 
Based on this insight, the company can now redesign its service tiers by 
offering standardized solutions to lower- cost segments and reallocating 
the resources saved to the larger-sized clients. Further, they would also 
be able to avoid over-servicing unprofitable customers. They can also 
forecast departmental resource requirements by analyzing growth pat-
terns across customer segments.

•	 Working capital management: Working capital decisions may be more 
effective when they recognize the behavioral and risk characteristics of 
customer segments. Cash on delivery (COD) purchases are very common 
in e-commerce transactions, create a longer receivables cycle, a higher 
chance of failed deliveries, and increased operational risk. By identifying 
COD users as a distinct segment, targeted efforts can be made either to 
migrate them to the pre-paid segment or charge a small fee to cover the 
additional cost. Likewise, inventory buffers may be adjusted based on 
the volatility of demand within each segment, ensuring that capital is not 
unnecessarily tied up in slow-moving stock. Even supplier arrangements 
may be structured to reflect the service expectations of each segment.

•	 CLV modeling efficacy: The efficacy of CLV models is completely 
dependent on the inputs and assumptions used. Segmenting customers 
before applying CLV models improves the precision of such models by 
reducing behavioral noise. Predictive models calibrated separately for 
high-frequency, low-margin retail buyers versus infrequent, high-margin 
retail customers yield different, and potentially better, results.

•	 AI-driven decision frameworks: Often, an important step in unsu-
pervised learning algorithms, such as K-means clustering or decision 
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tree-based models, is the grouping of data. These models do not always 
produce conventional business groupings, as they are based on natural 
data patterns and groupings. Often, a primary business case-based seg-
mentation during the data preprocessing stage may improve AI-driven 
segmentation. The output can then be used to implement strategies like 
personalized pricing, optimize service levels, and guide ML pipelines. 
On the same note, AI models that are trained and deployed on unseg-
mented customer data often suffer from average-performance bias, pro-
ducing suboptimal recommendations.

In addition to the areas stated above, segmentation can also enhance risk 
management practices and long-term strategic planning. It is useful when 
evaluating market entry, designing credit policies, or devising product 
diversification strategies. To summarize, customer segmentation is criti-
cal in improving the quality and precision of financial decision-making, in 
addition to being an excellent marketing tool.

Customer lifetime cycle and segmentation

The customer lifecycle represents the entire journey of a customer’s rela-
tionship with an organization. It starts from becoming a customer to not 
transacting with the company anymore. Customer lifecycles typically end 
with loyalty or advocacy from a marketing perspective. However, from a 
financial standpoint, the cycle ends when the customer no longer generates 
future economic value. The objectives of marketing and finance profes-
sionals are different; marketing departments view the lifecycle as a tool for 
customer engagement, and finance departments should view it as a driver 
of revenue realization, cost behavior, risk exposure, and customer-level 
profitability.

Each stage of the lifecycle carries different economic characteristics. The 
ability to measure and manage customers across these stages is fundamen-
tal in creating value in the long term. However, analyzing customer metrics 
over the entire customer base obscures underlying variations in behavior. 
This is where customer segmentation comes in. Integrating customer seg-
mentation with customer lifecycle metrics provides a deeper understanding 
of the customers.

Although lifecycle specifics may differ across industries, the fundamental 
stages common to most sectors include the following:

•	 Awareness and Acquisition: The first stage in the lifecycle is where the 
customer becomes aware of the brand through marketing or referrals. It 
is shortly followed by acquisition, where they are converted into paying 
customers. This stage involves customer acquisition costs (CAC) and 
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the early assessment of potential returns through conversion rates and 
initial engagement signals.

•	 Onboarding and Engagement: Onboarding is the initial experience of 
using the product or service. This includes setup, support, and first use. 
Onboarding is followed by engagement, where the customer begins using 
the product or service regularly. This stage is also where first impres-
sions happen, which may translate into either early churn or long-term 
value.

•	 Growth: At the growth stage, customers deepen their relationship with 
the firm through increased usage, cross-product adoption, or higher 
transaction frequency. This represents a primary opportunity for rev-
enue expansion.

•	 Retention: The retention stage involves keeping customers engaged and 
active over time, through offers, loyalty points, service outreach, and 
other techniques. This stage is crucial in realizing the full economic 
potential of a customer.

•	 Loyalty and Advocacy: At this stage, long-term loyal customers evolve 
into advocates. Not only do they exhibit brand preference, but they also 
refer to others. This generates secondary value through a lower acquisi-
tion cost per customer. Loyal customers are also more efficient to serve, 
more resistant to churn, and more likely to engage with premium offer-
ings. This is the last stage of the customer lifecycle from a marketing 
perspective.

•	 Churn/Exit: This is the final stage of a customer lifecycle where the 
customer disengages from the brand, either passively or through active 
cancellation. This represents the end of realized CLV and offers an 
opportunity for an exit-stage analysis.

The role of segmentation in the customer lifecycle may be better under-
stood through the following example. Consider a retail bank in an urban 
area. The bank may segment its customer base into the following behavio-
ral segments based on historical data as presented in Table 8.1.

Recognition of different segments will be followed by designing appro-
priate strategies. Customer segmentation is vital for effective customer life-
cycle management. The customer lifecycle provides a temporal view, and 
segmentation adds context. This combined approach improves capital allo-
cation, refines cost management, and enhances CLV prediction.

CLV prediction

CLV helps us quantify the value a customer brings to an organization. 
There are multiple ways to predict CLV; however, in this section, we will 
predict CLV using regression models that identify high-value customers.
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Predicting CLV to prioritize marketing efforts

Customer acquisition and retention may consume a significant amount of 
a company’s marketing spending through advertising campaigns, loyalty 
programs, and so on. Companies invest substantial resources in these to 
attract and retain customers. CLV provides a handy tool to align the mar-
keting needs and financial implications.

By allocating costs based on the future economic benefits a customer is 
expected to generate, companies can make marketing investments based on 
the potential financial value. CLV modeling allows the marketing function 
to be closely aligned with enterprise value creation. It directs acquisition, 
retention, and growth efforts toward customer segments with the highest 
projected ROI, also known as value-based targeting. CLV prediction shifts 
the focus from “how many customers?” to “which customers?” or from 
campaign performance to customer contribution.

Table 8.1  Customer segmentation example

Segment Characteristics Financial Implication

Digital natives • Comfortable with mobile apps, • Lower physical cost to 
online onboarding, and digital serve, high technology 
customer service cost to serve

• Respond to in-app notifications, • High
real-time alerts, and e-banking  responsiveness to 
tools digital engagement

• Expect speed, transparency, and • High scalability and 
low friction when transacting cross-sell potential

• Often younger, but not 
exclusively

Relationship • Prefer face-to-face onboarding, • Higher physical cost to 
seekers branch visits, and relationship serve

managers • Lower churn rate
• Prioritize stability, advice, • Suitable for premium 

and familiarity over rates or products
features

• Tend to be older and compara-
tively financially stable

• Located in communities with a 
strong branch presence

Rate-sensitive • Frequently switch based on • Low retention unless 
shoppers promotions or changes in rates competitively priced

• Engage less with the brand and • Volatile CLV
more with the financial terms • Low acquisition and 

• Often transitory in loyalty retention costs
unless incentivized
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CLV prediction enhances customer targeting within existing audiences. 
It helps in efficiently targeting discounts, reward programs, and retention 
efforts on customers whose future value justifies the cost. From a corpo-
rate governance perspective, predictive CLV adds a layer to marketing 
performance evaluation. Marketing ROI can be assessed by the profit 
generated over the full customer lifecycle. From a long-term view, it helps 
enable the company to build cohort-based financial forecasts and improve 
CLV-to-CAC ratios. Cohort-based forecasting is a method used to predict 
future trends in customer behavior based on historical data. It is a highly 
precise mechanism, but it provides the edge to remain competitive in an 
ever-changing market.

CLV ultimately strengthens the alignment between finance and mar-
keting functions. CLV models can be used to validate marketing business 
cases, stress-test strategic assumptions like margin trajectories, and tie pro-
jected customer value to enterprise-level growth targets. Using CLV as a 
decision tool supports not just marketing execution but overall enterprise 
planning, investor confidence, valuation, and reputation.

Using regression models to estimate CLV

It is now time for a practical demonstration of CLV. Before getting to the 
code, let us discuss a few formulas that are used to calculate CLV. Each of 
these formulas serves a different type of business model, data availability, 
and analytical need.

Although these models differ from the basic CLV framework introduced 
in the prior section, they are built upon the same foundational concept.

Simplif ied deterministic CLV

𝐶𝐿𝑉 = 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟 𝑣𝑎𝑙𝑢𝑒 × 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟 𝑙𝑖𝑓𝑒𝑠𝑝𝑎𝑛

This CLV model is very simple and deterministic. It shows how much the 
average customer is expected to spend at the company over their lifetime. 
This works well for early-stage marketing analytics in businesses with sta-
ble and recurring purchases, like retail or e-commerce. However, it assumes 
consistent customer behavior and does not discount the future cash flows 
or allow for churn probability.

Retention-based CLV

 r 
CLV m= ×  

1+ −d r 
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where,
m is the gross margin over the expected lifespan
r is the retention rate per period
d is the discount rate

This CLV model is useful for subscription-based businesses, like telecom-
munication, SaaS, or streaming services. It incorporates the time value of 
money using the discount rate and further uses the retention rate to model 
customer survival. The retention rate is typically estimated from historical 
customer behavior.

Simplif ied discounted cash flow CLV

where,
a is the net cash flow per period (if alive)
r is the retention rate per period
d is the discount rate
T is the total time horizon
t is the current period

This model estimates CLV as the discounted sum of constant net margin 
across periods, adjusted by the retention rate. It is less granular than a fully 
probabilistic model, but it provides a simplified, time-structured view of 
customer value. It incorporates churn by using the retention rate raised to 
the power of time. Churn is effectively the inverse of retention and is math-
ematically baked into the model.

Fully discounted, probabilistic CLV

where,
Mt is the margin produced in each period
Ct is the cost to serve the customer
pt is the probability of the customer not churning within a year
d is the discount rate

CL ∑
T rt

V a=
t

t=0 ( )1+ d

∑
T ( )M Ct t− ×pt

CLV = −AC
t

t=1 ( )1+ d
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T is the total time horizon
t is the current period
AC is the acquisition cost

This model is well-suited for most businesses as it dissects the CLV at a 
granular level. It incorporates most variables relevant to CLV modeling, 
such as individual customer margins, probability of churn, cost-to-serve, 
and acquisition costs. It also requires historical data. It may not always be 
feasible to use this model because of the complexity and the costs associ-
ated with implementing it.

A regression analysis predicts how changes in the independent variables 
impact the dependent variable. Regression analysis has been discussed in 
depth in Chapter 2. You may refer to it and refresh your knowledge. In 
our model, we have used three independent variables, which we assume 
capture customer behavior, and consequently predict CLV. These are the 
total number of purchases made by each customer, the time between their 
first and last purchase, and the number of days since their most recent 
purchase. We aim to see if these variables can predict CLV. Instead of using 
detailed business and economic parameters as stated above, we have sim-
ply assumed CLV to be the total amount the customer has spent in the 
company. We chose this approach to demonstrate how ML can be applied 
to predict CLV. However, do note that in real life, we should consider other 
factors as well. The model follows a train-test split and uses transaction 
data from the first nine months to train a linear regression model that 
attempts to predict annual CLV per customer.

For our case study, we are considering a fast-growing manufacturer 
of sweet snacks. It has developed a loyal customer following through its 
unique sweet treats. As it expands its operations and marketing efforts, 
understanding the long-term value of each customer has become crucial 
for strategic decision-making. The company has extracted the purchase 
data for each customer. This model is trained on historical data and then 
tests its accuracy in predicting CLV based on another set of historical data. 
The idea is to find, based on how this customer behaved in the first nine 
months, what the likely annual revenue (CLV) of the customer is at the end 
of the year.

Let us move on to the code (prefix 0801). The code is divided into the 
following five major sections:

•	 Import libraries: By now, you must have installed all the libraries we 
need to use for the regression analysis. However, in case you missed out 
on any, Python would throw a ModuleNotFoundError, and you can 
install the missing ones using pip. For example, !pip install pan-
das if you are installing them from a notebook cell.
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•	 Customize: This section would allow you to customize certain input 
data. It is advised that you do not change the format of the CSV file 
where you provide your input. In this section, we are specifying the 
names of the input file, the output file, the names of the files to save the 
plot, and a list of features and targets. We will also provide the earliest 
date in the database and the date up to which we will use for training 
the model. You must enter both these dates in the format yyyy-mm-dd. 
In case your date format is different, please change it here. The code 
has been designed to stop if either of your dates is not present in the 
uploaded dataset. The relevant part of the code with the customizable 
section in italics is stated below.

input_path = “0801 Raw Data.csv”
# Don’t include the extension for this file  
output_path = “0801 CLV_Regression_Result”  
image_path = ”0801 CLV_Scatter.png”  
start_date = pd.to_datetime(“2024-01-01”)  
cutoff_date = pd.to_datetime(“2024-09-30”)
my_features=[“ActivityPeriodDays”, “TotalPurchases”, 
“DaysSinceLastPurchase”]
my_target=‘CLV’

•	 Preprocess data: In this section, read the input data and run a check to 
see whether the starting and cutoff dates are present. We also drop rows 
with blank invoice date or customer ID fields. We proceed with creating 
a dataframe grouped by customer ID. We truncate our original data-
frame to contain transactions within the start and cutoff dates.

•	 Extract behavior variables: We extract the data of the first and last pur-
chase date along with the count of total purchases. We further com-
pute the total number of days the customer was active and the days 
of inactivity since the last purchase. All these data are stored in a new 
dataframe. If you are interested in seeing what the dataframe looks like 
at this stage, enter the following command after this section. It will only 
display the first and last few rows with ellipses in the middle.

print (full_df)

•	 Run regression: This is where the actual regression analysis takes place. 
We have used Linear Regression and provided the system with the list 
of features and the target. Once the model has been fit, we have run the 
model to predict values for the target using the same dataframe used to 
fit the model. We have not used the protocol of splitting the data into 
training and testing components. We then compute the metrics of model 
fit and store the values of slope and intercept as two variables.



262  AI in Financial Decision Making

•	 Plot and save: We have plotted the predicted and actual values of CLV 
to get a visual understanding of the fit of the model. The plot is saved 
to a file, and the data to both a CSV and an Excel file. The Excel file 
is saved with an _Excel suffix in the name. A plot of the predicted and 
actual CLV is displayed and saved for later use. In addition, the regres-
sion equation and the model fit metrics are displayed on screen.

•	 Create formatted report (Optional): This section includes codes used 
for formatting and saving in the Excel file. The first sheet saves the final 
dataframe to an Excel sheet, summarized by customer ID, with columns 
indicating the independent variables, actual CLV, and predicted CLV. 
The next sheet saves the scatter plot, along with the regression equa-
tion and a few ancillary information about general customer purchasing 
behavior. If you do not want to save the Excel file, you can disregard this 
section of the code. You can remove this cell or mark the cell as Mark-
down, and it will no longer run as code.

The output of the code includes the file with the predicted CLV. The major 
model for metrics and a plot of actual and predicted CLV is also displayed 
and stored. The predicted line is straight, as it is the output of a linear 
regression model. The regression equation and the model matrices are dis-
played after the plot.

Identifying high-value customers

To build on the CLV model developed earlier, we will now look at the 
importance of identifying characteristics that are commonly associ-
ated with high-value customers. We aim to understand what patterns 
of customer purchasing behavior can be linked to higher CLV. Busi-
nesses would want to identify customers who are most likely to gen-
erate substantial revenue and thus may prioritize marketing strategies 
toward them.

After running a regression model on the data, we see that the R2 value is 
0.79. This indicates that 79% of the variance in the CLV can be explained 
by the independent variables, that is, customer lifespan, frequency of pur-
chase, and the time passed till the last purchase. The MAE and RMSE help 
understand the accuracy of the predictions and the amount of deviation 
from the actual values. As you can see in the worksheet, the CLV values 
range from a few hundred to a few thousand. An MAE of 581.76 means 
that, on average, the actual CLV is expected to lie within ±580 units in 
most cases, while an RMSE of 762.30 indicates that there are likely some 
outlier customers with larger deviations. For example, if a customer’s pre-
dicted CLV is $2,500, the actual CLV is likely to fall within a range of 
±580 to ±760 dollars. Whether this level of accuracy is acceptable or not 
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is a strategic decision to be made by management. More importantly, the 
regression equation itself becomes a financial tool. If the management is 
happy with the R2, RMSE, and MAE, they can apply the regression equa-
tion to current customer data to generate future estimates of CLV.

To estimate the CLV of any new or existing customer, we can insert the 
latest values for these three behavioral indicators in the regression equa-
tion. The regression equation in this case is:

𝐶𝐿𝑉 = 655.08 + (−2.89) × 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑃𝑒𝑟𝑖𝑜𝑑𝐷𝑎𝑦𝑠 + (126.23) ×  
      𝑇𝑜𝑡𝑎𝑙𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑠 + (−5.08) ∗ 𝐷𝑎𝑦𝑠𝑆𝑖𝑛𝑐𝑒𝐿𝑎𝑠𝑡 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒

Each coefficient in this equation explains how customer behavior influences 
lifetime value while holding all other variables constant. The coefficient for 
TotalPurchases is +126.23, indicating that each additional purchase made 
by a customer increases their CLV by approximately $126 units. This fol-
lows the intuitive understanding that frequent purchasers generate more 
value for the business.
DaysSinceLastPurchase has a coefficient of –5.08, indicating that 

for each day that passes since a customer’s last purchase, their expected 
CLV decreases by approximately $5. Interestingly, the coefficient for 
ActivityPeriodDays is also negative (–2.89), which means that cus-
tomers with a longer period between their first and last purchase tend 
to have lower CLV. This may seem counterintuitive, but that is what 
the data brings out – an insight that escapes normal overview. These 
various behavioral trends help us identify patterns that define high-value 
customers.

Once high-value potential customers have been identified, the next step 
is to act on such insights. The focus then shifts from measurement to man-
agement. This can be through either increasing revenue per customer, such 
as targeted cross-selling, upselling, price optimization, or by improving the 
quality of service provided. Beyond revenue and cost adjustments, CLV 
analysis also enables strategic portfolio management. Finance teams can 
use these insights to prioritize acquisition efforts toward high-value pro-
files, discourage persistently unprofitable behaviors, and consider exiting 
or repricing segments that dilute overall contribution margins. The use of 
predictive CLV models enables differentiated financial treatment of differ-
ent customer groups. This would help organizations manage contribution 
margin, customer-level ROI, and long-term value realization by customer 
segments.

Identifying high-value customers is important for financial decision- 
making. However, you may have a question. Regression can also be 
achieved in Excel, so why do I need ML tools to do this? In Excel, each new 
customer or transaction batch would require the equation to be reworked. 
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Using ML tools, the model can be built once and applied automatically 
across all customers in real time without any time spent to build the model 
and predict future values. Though we have not followed the protocol here, 
splitting the data between training and testing is likely to give us a more 
robust model. Finally, for the Excel experts, the model output is being pro-
vided in CSV for any additional Excel-based analysis that you may want 
to do.

Customer clustering

You might have noticed that our discussion on customer segmentation ear-
lier in the chapter overlapped with the development of CLV-based strategies 
to enhance profitability. This is because CLV and customer segmentation 
are inherently linked. In this section, we will explore customer segmenta-
tion more closely. We will look at how to use unsupervised learning tech-
niques, specifically, K-means clustering, to segment customers based on 
behavior and demographics. We will use indicators such as purchase fre-
quency, income, age, gender, and spending habits. Unlike in regression, we 
will not assume any cause-and-effect relation.

Segmenting customers

From a financial decision-making perspective, the advantage of customer 
segmentation lies in recognizing potential economic differences among 
groups of customers. Take our example of the bank from earlier. The differ-
ent segments of customers were worth different values to the bank. There is 
no one right way to segment customers; they can be divided into different 
segments in a multitude of ways. The underlying factor is grouping cus-
tomers with common characteristics. Let us look at the five most common 
categories to segment customers:

•	 Demographic: Demographic segmentation segments people based on 
attributes like age, gender, income, occupation, education, marital sta-
tus, ethnicity, and the like. It is assumed that customers belonging to 
similar demographics have similar purchasing habits. For example, a 
café near a university is likely to experience different customer behavior 
from one in a shopping mall. At the same time, all cafés near a Univer-
sity are likely to experience similar customer behavior.

•	 Behavioral: Behavioral segmentation segments customers based on their 
purchasing behaviors and interactions with the business. They explain 
how customers perceive, interact with, and buy and use from a particular 
business. Behavioral patterns can evolve, with changes in demographic 
data. For example, a clothing store may target frequent shoppers with 
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early access to sales, while offering first-time buyers a welcome discount 
to incentivize them to make a purchase.

•	 Geographic: Geographic segmentation segments customers based on 
their region. This not only includes their city or country, but also cli-
mate, language, culture, or anything region-specific. Geographic data is 
a part of demographic data, but they are treated differently because they 
serve different purposes. Geographic segmentation focuses on where the 
customer is situated, while demographic segmentation focuses on who 
the customer is. Consider a fast food chain. Geographic segmentation 
may demonstrate that vegetarian and vegan options are more popular 
in certain areas, irrespective of demographic data such as age or income. 
Fast food chains often have different menus in different countries to suit 
the region-specific tastes.

•	 Psychographic: Psychographic segmentation groups customers based 
on psychological variables, such as interests, opinions, lifestyle, social 
status, and hobbies. It is more complex than the other forms of seg-
mentation, as it requires intense research, data collection, analysis, and 
interpretation. For example, a brand that sells eco-friendly products will 
target environmentally conscious consumers who place importance on 
sustainability.

•	 Value-based: Value-based segmentation segments customers according 
to the economic value that they bring to a business. In other words, seg-
menting customers based on their CLV. For example, a streaming service 
may offer premium subscribers more features such as better audio and 
video quality, ad-free viewing, and the ability to add multiple profiles 
and devices. On the other hand, the basic subscribers may receive lim-
ited access, such as single-device streaming with ads.

There is a possibility that intuitive segmentation may be influenced by 
personal biases. This is where ML tools such as K-means clustering come 
in. Not only is it useful in identifying obscure patterns that may escape 
us, but it also prevents any form of bias in segmentation, as it is purely 
data-driven. In the next section, we will look at the application of ML tools 
in customer segmentation.

Grouping customers using ML tools

Let us consider a company that is an up-and-coming online health and 
beauty retailer. It has grown its customer base rapidly through aggressive 
marketing campaigns. To sustain their growth, the finance and marketing 
departments are now looking at how they can do targeted marketing for 
better returns. They have customer-level demographic and behavioral data 
obtained through data mining and surveys. The demographic information 
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is age, gender, and income. Income is given in thousands per year. The 
behavioral data includes spending score and purchase frequency. Both 
these variables are scores given to the customers based on their purchasing 
habits. The spending score is on a scale of 1–100, where 1 is the least and 
100 is the most. The purchase frequency is on a scale of 1–20, where 1 is 
the least and 20 is the most.

In this study, we will use an unsupervised ML algorithm known as K-means 
clustering. Unlike supervised learning, unsupervised learning models do not 
require predefined labels to group data. It groups data based on observed 
underlying similarities and patterns. A good thing about K-means clustering 
is that you do not need any specific format for the data. It is typically applied 
to numerical data, and all you need for your dataset is for it to have a header 
row and the values filled in. You would also need to specify in the code which 
columns you wish to apply K-means clustering to, the features.

Clustering will help us answer what type of customers we serve, how 
their behaviors differ within different segments, and which segments are 
worth higher marketing investment. The entire code is available for you 
at the repository (prefix 0802). The code is divided into the following 
sections:

•	 Import libraries: In this section, you import all of the libraries you 
require to run this code.

•	 Customize: This is the only section where you are required to make 
any changes. We are providing the names of input and output files, the 
names of files to save the plot, and a list of features. The customizable 
portion has been italicized.

dataset_path = “0802 Customer Segmentation Dataset.csv”
elbow_plot_path = “0802 Elbow_Plot.png”
pca_plot_path = “0802 PCA_Plot.png”

my_report = ‘0802 cluster_report.csv’  
my_cluster=‘0802 cluster_summary.csv’  
my_corr_file=‘0802 corr_matrix.csv’  
my_loadings =‘0802 feature_loadings.csv’
my_features = [‘Age’, ‘Gender’, ‘Annual Income’,  
‘Spending Score’, ‘Purchase Frequency’]

#Customize cluster markers. Set it to Set2 for color. 
#Comment out the one not being used.  
#my_palette=‘Set2’
my_palette=[‘black’, ‘gray’, ‘lightgray’]

•	 Read and normalize data: This section prepares the data for clustering. 
K-means clustering is applied to numerical data, but gender has text 
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labels (Male, Female). We need to change this into numerical values, and 
we do it in the following way:

df[‘Gender’] = df[‘Gender’].map({‘Male’: 0, ‘Female’: 1})

	   Since in this case, the input data is binary, we just assign 0 and 1. 
Avoid assigning numerical values if the categorical variables are mul-
tinomial, like Directions – North, South, East, and West. We can use 
one-hot encoding, which is discussed elsewhere in the book. Assigning 
values like (0,1,2,3,4, . . .) to categorical variables will assume a false 
numerical relationship between them.

	   Finally, we apply standardization to the data using StandardScalar. 
This step ensures that features with larger values, such as income, do not 
dominate those with smaller values, such as age or gender.

•	 Use K-means, define clusters, and create an elbow plot: This section 
of the code identifies and visualizes various customer segments. The 
elbow method plots the inertia against a range of clusters. Inertia, as 
discussed earlier, also essentially measures how compact each cluster 
is. As the number of clusters increases, inertia decreases. The elbow 
method is a graph used to determine the optimal number of clus-
ters. We calculate the inertia for a range of clusters b by specifying 
K_range = range(1, 11)

	   When calculating the optimal number of clusters using the elbow 
method, you will also encounter this variable in the code, random_
state=42. This is the seed number for the random decisions made by 
K-means clustering, and we have seen this in many other models. 
K-means makes clusters by assigning the observations to a cluster’s 
center. However, if this center is chosen randomly, and this is the start-
ing point where clustering starts, each time the program is run, the 
results may differ. Setting random_state to a fixed number is simply tell-
ing the code to use the same starting point every time you run the code. 
As a result, the results are reproducible and consistent. You can set the 
random_state variable to any number you want.

	   We can determine the optimal number of clusters based on where the 
“elbow” is plotted, that is, where the sharpest break in the curve is. We 
then set the number of clusters in the code to optimal_k = 3.

	   In this case, we instruct the model to form three distinct clusters. 
This is because we observed the “elbow” at around three clusters. We 
can always create more clusters; however, it only provides a marginal 
improvement in inertia.

•	 Identify PCA and plot: Since the data has multiple variables, we use 
Principal Component Analysis (PCA) to reduce the data to two dimen-
sions for ease of visualization. It works by reducing the number of 
dimensions into its two principal components while preserving as much 
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variability as possible. PCA reduces the five dimensions (age, gender, 
income, spending score, and purchasing frequency) into two new fea-
tures (PCA1 and PCA2). It is important to note that PCA is not used for 
clustering itself, but just for the visualization of the high-dimensional 
data. In addition to the plot, we have generated two reports in this sec-
tion. The first one states the percentage of variance explained by the 
two principal components. The second report is a table that shows the 
loadings against each feature. This output is also saved in a CSV file.

•	 Save CSV and plot files: In this section, we have saved all reports in CSV 
format along with the plots. The names of these files were specified in 
the customization section.

The output from the code is the two sets of reports and two plots. The two 
plots are the elbow plot and the plot showing customer segmentation by 
PCA. The first set of reports is the cluster summary, correlation matrix, 
and the main report showing the assignment of clusters to all customers. 
These have been saved in CSV format. The second set of reports focuses on 
PCA. The first report, which is displayed on the screen, shows the percent-
age of variance explained by each principal component. The current report 
reads the following:

Variance explained by PCA [0.38343977 0.21644177]

This means that the principal component 1 captured 38.34% of the 
variance in the original data while the principal component 2 captured 
21.64%. Together, they have explained almost 60% of the total variance 
in the original data.

Let us now move on to the next report on feature loading. Table 8.2 
shows the weight the two principal components have given to each of the 
features. This would help us in recognizing the two features that are rep-
resented by the two principal components. Each value in the table tells us 
how much a feature contributes to a principal component. These are the 
coefficients in the linear combination used to compute each PCA axis.

Table 8.2  PCA weights assigned to features

Feature Loading PCA 1 PCA 2

Age 0.704192 0.051297
Gender 0.059748 −0.58497
Annual Income 0.132724 0.526217
Spending Score −0.68982 0.027981
Purchase Frequency −0.08417 0.614406
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Values closer to +1 or –1 indicate a strong contribution, while values closer 
to 0 indicate a weak contribution. In this table, Age has a strong positive load-
ing (0.704), suggesting that older customers tend to have higher PCA1 scores. 
Spending score has a strong negative loading (−0.690), suggesting that custom-
ers with higher spending scores have lower PCA1 scores. Similarly, for PCA2, 
purchase frequency has a strong positive loading, and gender has a strong neg-
ative loading. PCA1 seems to capture a contrast between older, lower-spending 
customers and younger, higher-spending customers. PCA2 appears to distin-
guish between high-income, frequent purchasers of one gender and customers 
of the opposite gender with different purchasing patterns.

Thus, PCA has reduced the five-dimensional customer data into two 
main patterns. One captures an age–spending relationship (PCA1) and the 
other captures a gender–income–frequency relationship (PCA2). Let us now 
have a look at the customer segment visualization as given in Figure 8.1.

Here are the three clusters:

Cluster 0 (Right Side) has high PCA1 values (positive) and mixed PCA2 
values. Based on our loadings, PCA1 customers have high age (0.704) 
and low spending score (−0.690). PCA2 customers have varied gender, 
income, and purchase frequency patterns. Typical customers in this seg-
ment will be older, conservative spenders.

Cluster 1 (Center/Upper) shows mixed to slightly negative PCA1 and high 
PCA2 values. This would translate to PCA1 customers of moderate age 
with moderate to higher spending scores. PCA2 customers have high 
purchase frequency, high annual income (0.526), and a specific gender 

Figure 8.1  Customer segment clustering
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pattern. A typical customer in this segment will have a high income and 
be a frequent buyer.

Cluster 2 (Left/Lower) has negative values for both PCA1 and PCA2. This 
would refer to young customers with a high spending score in PCA1. In 
PCA2, they would have lower purchase frequency, different gender pat-
terns, and potentially lower income. So, a typical customer is likely to 
be young and a high spender.

You can see that PCA-based scatterplot is providing deeper insight than the 
feature-based scatterplots.

Segmentation-driven customization

Now that we have identified distinct customer segments using K-means 
clustering, the next step is to use this data to tailor marketing strategies 
and product offerings for each segment. Not all customers have the same 
purchasing patterns, and they will not respond to marketing communica-
tion uniformly either. Customization would allow a company to deliver 
more relevant messages, increase conversion rates, build loyalty, and 
reduce churn. For a business that operates in the online health and beauty 
space, aligning communication, product development, and delivery with 
customer behavior can significantly impact profitability. Let us now sum-
marize the three clusters identified in the analysis in Table 8.3. We have 
used our legends to describe income and purchase frequency scores.

By analyzing behavioral and demographic differences across segments, 
the company can move beyond generic marketing and instead engage each 
group with strategies that match their profile. This not only improves cus-
tomer experience, leading to better retention, but it also maximizes return 
on marketing investment. We have seen in previous chapters that manage-
ment action can also be automated using the output of the clustering.

Once marketing strategies have been tailored to customer segments, the 
next step for the company is to improve customer relationships. While 

Table 8.3  Cluster data

Cluster Average  Gender  Income Spending  Purchase 
feature age mix score frequency

0 59 Slightly more Moderate Low (21/100) Low
females

1 37 Quite balanced High Moderate–High Moderate
(69/100)

2 22 Balanced Low Very high Moderate
(85/100)
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personalized offerings attract customers, satisfaction and loyalty are built 
through consistent value delivery, service excellence, and emotional con-
nection with the brand.

Customer loyalty is extremely valuable in any business, and brand trust 
has a huge impact on buying decisions. Loyal customers purchase more 
frequently and are more likely to try other products. They are also more 
likely to recommend the brand to others, reducing CAC for the company. 
The goal is not only to get the customer to purchase something but also to 
ensure that customers are happy with their experience and have a reason to 
return. This brings us into our next segment on churn analysis and reten-
tion strategies.

Churn analysis using classification models

From a financial perspective, churn represents the loss of potential future 
revenue. With each customer lost, current sales are reduced. It also increases 
the CAC. Churn also compromises any long-term financial projections 
associated with CLV. While some level of customer attrition is natural for 
any business, being proactive in predicting churn helps businesses inter-
vene early to protect high-value relationships. It also helps with allocating 
resources toward the most at-risk, yet recoverable, customers. This section 
demonstrates how ML tools like Random Forests can be used as predictive 
tools for churn management.

Predicting churn

In accounting, the prudence concept says that all losses should be provided 
for, but profits can only be accounted for when realized. Planning for churn 
is an application of the prudence concept. As discussed earlier, churn is the 
rate at which customers stop transacting with a company. Monitoring and 
mitigating customer attrition directly impacts organizational sustainability 
and its growth potential. It helps businesses analyze the lifecycle of the 
customer and offers opportunities to improve. It is an important business 
metric that is not only valuable in a marketing context but has far-reaching 
financial implications.

The finance department can use churn prediction to improve financial 
planning, resource allocation, and strategic decision-making. Unantici-
pated churn affects revenue forecasts by overstating projected customer 
inflows, cost planning, working capital, inventory, and valuation models. 
Experiencing unexpected churn of key clients would result in them not 
meeting their projections. Further, usually the cost of acquiring a new cus-
tomer is higher than retaining an existing one. The ability to predict which 
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customers are likely to churn can help businesses maintain their profit. 
Churn analysis also adds another layer to the IR.

Once churn probabilities are assigned to each customer, they can be 
translated into actionable business insights through the financial applica-
tions of churn modeling.

Revenue at risk (RAR) is one such application. It refers to any poten-
tial situation that could reduce the company’s future revenue. RAR can be 
calculated by multiplying churn probability by CLV to estimate potential 
financial loss. Churn rates can also be calculated broadly across segments 
to anticipate financial performance. Churn can also be used to discount 
projected cash flows in predictive CLV modeling, as demonstrated in ear-
lier sections. Integrating churn modeling into financial dashboards would 
allow for real-time monitoring of customer health and proactive financial 
planning.

Churn analysis can be done through various classification and regres-
sion algorithms. These algorithms use historical customer data to identify 
underlying patterns in customer behavior before they churn. We are going 
to use an ML tool called Random Forest for predictive churn modeling. 
Random Forests also help us understand the driving factors behind cus-
tomer attrition.

ML models to predict churn

For our case study, we will analyze the churn at a gym. The gym wishes 
to predict churn to improve its costing strategies. It analyses the following 
features, such as age, gender, days since the customer last visited the gym, 
how close is their house or workplace to the gym, whether they work at a 
partner company, whether they signed up during a promotion, the average 
number of times a month they come to the gym, whether they attend group 
classes, and finally whether they have been referred by a friend. All these 
factors are considered to have an impact on churn. Let us now get to the 
code, which is available to you at the repository (prefix 0803). The code 
has the following major sections:

•	 Importing libraries: You simply import all of the libraries you need for 
the code to run smoothly.

•	 Customization: The following code may be customized to include your 
relevant files. These parameters include names of input and output 
files, names of files to save plots, feature fields, and a separate list of 
the categorical features along with the target. Note that all categorical 
features, like gender, or whether they work at a partner company, need 
to be entered under both my_categories and my_features. The 
relevant part of the code is given here with the customizable portion 
italicized.



Customer Profitability and Segmentation  273

input_path = “0803 Gym Dataset.csv”  
cust_data = “0803 Churn_Customer_Data.csv”  
churn_risk = “0803 Churn_Risk.csv”
conf_matrix_img = “0803 confusion_matrix.png”  
class_report_img = “0803 classification_report.png”  
feature_importance_img = “0803  
feature_importance_plot.png”
pie_chart_img = “0803 churn_risk_pie_chart.png”  
churn_avg_img = “0803 churn_feature_averages.png”  
my_categories= [‘gender’, ‘distance_from_gym’,  
‘works_at_partner_company’, ‘discounted_signup’,  
‘attends_group_classes’, ‘referred_by_friend’]  
my_features= [‘age’, ‘gender’,  
‘days_since_last_signed_in’, ‘distance_from_gym’,  
‘works_at_partner_company’, ‘discounted_signup’, 
‘avg_monthly_visits’, ‘attends_group_classes’, 
‘referred_by_friend’]
my_target=’churned’

•	 Read and preprocess data: In this section, Python will read and preproc-
ess the data. We will identify the categorical variables and the features 
and target we want the model to consider. The categorical data will be 
encoded by the library, making those usable by the model. We will also 
define a target for the model.

	   One of the critical parts of the code is to encode categorical variables. 
Some of the categorical data would already have numerical labels in the 
dataset.

	   However, variables such as gender and distance from the gym do not 
have numerical labels. What encoding does is assign 0 for male, 1 for 
female, 0 for <2 miles, 1 for 2–4 miles, and 2 for > 4 miles. The numeri-
cal values assigned should also be able to capture the relative impor-
tance of the options with the variable. For example, if 1 represents the 
distance from the house being less than 1 km and 2 represents that being 
2 km, that makes intuitive sense. The second value is greater than the 
first, and so is the distance. A mismatch there may cause a wrong inter-
pretation by the model.

•	 Fit model, make predictions, assign churn risk scores: This section bears 
the bulk of the analysis. The data is split into training (80%) and testing 
(20%) using the code.

X_train, X_test, y_train, y_test = train_test_split(X, y, 
test_size=0.2, random_state=42)

	 The test_size is customizable and controls the split ratio. You may 
increase or decrease it depending on whether you want more or less 
data for testing.
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	   The rest of the code initializes and trains a Random Forest Classifier, 
which is an ensemble learning method. We fit the model and use the 
fitted model to predict the churn probability of the test component of 
the data. We assign a rule-based churn risk score to the model. You can 
tweak the rule from the code.

def assign_risk(prob): 
if prob < 0.33:

return 1
elif prob < 0.66: 

return 2
else:

return 3

	 We also have a section that advises the management on what action to 
take, depending on the group assigned by the rules just discussed. This 
is also rule-based, and you can tweak the code to suit your needs.

def interpret_risk(score): mapping = {
1: “No action needed”,
2: “Monitor regularly”,
3: “Needs immediate intervention”

}
return mapping[score]

	 Note that if you change the risk response to 1, 2, or 3 here, you must 
change it in the previous section and vice versa.

•	 Generate dataframe, display data, and save results: This section gener-
ates a detailed CSV file consisting of the input data, the predicted churn, 
and churn probability. Another CSV file is created, which records the 
churn risk and specifies the management action required. It also creates 
a confusion matrix, a classification report, and a feature importance 
bar chart. A pie chart summarizes the total customer churn, and a table 
shows the average of the most relevant churn features. It both displays 
and saves this data to our computer.

The output of the code includes the report containing the complete data for 
each customer with the computed churn probability. The churn risk report 
comprises the management action plan for each customer. In addition, we 
have the confusion matrix, classification report, and feature importance 
plot, all being displayed and saved for subsequent use. A report with the 
executive view of the churn has also been displayed. It shows the average 
values of days since last signed in, age, and average monthly visits for both 
churn classifications. We have discussed the implications of these values in 
earlier chapters and will review a few of them here.
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For the gym in our case, 0 stands for no churn, and 1 stands for churn. 
In the confusion matrix, out of the 1,000 data points tested, there are 795 
true negatives, which means that these are the customers who did not 
churn and were correctly predicted as such. There are 19 false positives, 
which indicates that they were predicted to churn, but did not. There are 
50 false negatives, which are customers who churned but were predicted 
not to. Finally, there are 136 true positives, which are customers who were 
predicted to churn and have churned. The false negatives suggest that the 
current features do not predict all possible churners, therefore, additional 
features may be required if catching every possible churner is critical. To 
better interpret the confusion matrix, we need to look at it with the clas-
sification report.

The classification report includes the following key performance 
percentages:

•	 Accuracy score: This is a useful metric in measuring how well the 
model is working overall. This model correctly predicted churn or no 
churn for 93% of the customers, which indicates a very well-fitted 
model.

•	 Precision: This tells us how accurate the positive predictions are. Look-
ing at the output, we can say that of all the customers the model pre-
dicted would churn, 88% did, while 94% of the customers who were 
predicted not to churn did not.

•	 Recall: This measures the sensitivity of the model, that is, out of all the 
customers who churned, what percentage the model correctly identified. 
The model is very accurate in identifying non-churners, capturing 98% 
of them. It is slightly less accurate in capturing churners, 73%, however, 
it is not a bad recall rate.

•	 F1-score: This metric balances precision and recall. It is useful in imbal-
anced datasets, where the values of one variable (non-churn) are signifi-
cantly different from the other (churn). It has a good overall balance of 
80%, indicating that the model misses some churners.

•	 Support: This is simply the actual number of occurrences of each class 
in the test.

Other than these, we have the following visualizations:

•	 Feature importance: This is a bar chart to help us visualize the features 
by their relative importance in predicting churn, as determined by the 
Random Forest model. Higher scores indicate the feature played a more 
significant role in customer churning. We see that the most important 
features are the days since the customer last visited the gym, their age, 
and the number of times they used to visit the gym on average over their 
lifetime.
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•	 Churn risk distribution: This is a pie chart that illustrates the total 
percentage of low-risk churners, medium-risk churners, and high-risk 
churners. It gives us a holistic view of churn, and we can see that the 
model predicted most people are at a low risk of churning.

•	 Churn feature averages: This shows the average value of the top con-
tributing features across churned and non-churned customers. In our 
output, the average number of days since the customers’ last visit to the 
gym is 29. This makes intuitive sense as well; if you have not gone to the 
gym in a long time, you are likely to leave. We also see that the average 
age of people who churned is higher than people who did not churn.

These results suggest that the churn prediction model is performing well, 
with an overall accuracy score of 93%. The model shows strong reliabil-
ity in identifying customers who will not churn and performs decently in 
detecting the customers who will. It also reveals meaningful behavioral 
patterns such as customers who have not visited recently, are older, or 
show lower gym engagement are more likely to churn. This model can now 
be run on an active customer base every month using the latest customer 
data. We have seen in an earlier chapter how we can save a model and use 
it later on a new database.

Utilizing churn analysis

The feature importance analysis is the key document that brings out the 
contribution of factors to churn. The diagram suggests that the days since 
last purchase is the most critical factor that influences churn, followed by 
age. Feature importance value in tree-based models is computed by meas-
uring how much each feature contributes to decreasing impurity. Please 
note that this does not mean that these features have the highest influence 
in reducing churn. Feature importance tells us which features are most 
useful for distinguishing between churners and non-churners. It tells us 
about the predictive power of each feature, but not the direction of influ-
ence (positive or negative effect). This also means that it plays a significant 
role in predicting churn but does not necessarily influence churn. So, we 
may not know what causes churn, but we can know the features that are 
predictors of churn.

Once we have predicted churn, the next step is to act on those insights. 
After all, the objective of churn analysis is not only prediction, it is also 
to implement preventive measures. For the gym, in our case, knowing the 
at-risk customers will let us step in before they leave.

We have shown in the code how intervention strategies can be automated 
along with ML-based predictive tools. We have assigned a rule-based man-
agement intervention plan that uses the probability of churn as a trigger. 
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We may fine-tune this analysis by conducting another analysis to see the 
empirical relation between churn probability and actual churn.

We can further integrate churn prediction with the budget forecast to 
factor in revenue drain. We can create a churn dashboard and even initi-
ate scenario planning to develop various scenario-based intervention plans.

Churn costs money. Apart from the revenue drain, it also triggers CAC. 
Financial decision-makers need to factor in this aspect in their financial 
strategic planning. It was difficult to quantify earlier, but thanks to these 
ML tools, operational issues like these can now be factored into financial 
decision-making.

Key takeaways

This chapter has demonstrated how finance professionals can move beyond 
traditional financial statements and better understand customer behavior. 
By viewing customers as economic assets, businesses gain a clearer picture 
of what drives long-term value. Tools like CLV help companies understand 
how much each customer can potentially contribute to future cash inflows. 
Customer segmentation, on the other hand, helps management make better 
decisions. We have also used a few ML tools, such as regression analysis, 
K-means clustering, and Random Forests, to analyze our customers better 
and align financial goals with customer needs.

Helping customers increase their perceived value ultimately helps the 
business remain profitable in the long term.
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Chapter 9

Risk management and 
compliance

In today’s rapidly evolving business landscape, effective risk management 
and regulatory compliance have become more critical than ever. This chap-
ter explores how financial professionals can use ML tools to better under-
stand, predict, and respond to risks. We will look at practical applications 
of AI, from building credit risk models and detecting fraud, to compli-
ance monitoring using NLP. By using tools like NLTK, compliance teams 
can work faster and reduce manual checks. We demonstrate how finance 
teams can play a central role in making risk management smarter and more 
proactive.

Risk management for sustainable performance

Uncertainty reduction is necessary for sustainability, but as we all know, it 
is not easy to guess the future. We may be able to reduce the uncertainty, 
but we cannot completely remove it. So, what is the second-best solution? 
To guess the probable range of possibilities and keep a plan ready for them. 
This is where risk management tools come in useful. It is one of the ways a 
potential threat can be turned into a competitive advantage.

Risk management has various dimensions in an organization. However, 
a financial decision-maker is primarily concerned about financial risks. 
These risks can significantly affect an organization’s performance, reputa-
tion, and sustainability. The most common types of financial risks include 
the following:

•	 Credit Risk: This is the risk of a borrower defaulting on their obliga-
tions under a credit contract. This can adversely impact cash flows and 
profitability before leading to a loss of assets. AI-driven credit risk mod-
els assess borrower profiles, predict default probabilities, and enable 
financial institutions to make better lending decisions.

•	 Market Risk: This involves changes in various market-determined fac-
tors. Fluctuations in interest rates, currency values, and stock prices 
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can affect an organization’s financial health. They impact profitability, 
cash flow, and asset holding. ML algorithms can analyze historical 
market data and provide predictive analytics to hedge against market 
volatility.

•	 Operational Risk: These risks stem from internal processes, system fail-
ures, or human errors, and all industries are exposed to them. However, 
in the case of banks and other financial institutions, regulators have 
defined specific frameworks for operational risk. AI-powered anomaly 
detection can assist in the identification of inefficiencies, fraud, and com-
pliance breaches before they escalate.

•	 Liquidity Risk: Defined roughly, this is the inability of an entity to meet 
short-term obligations. This is distinct from solvency risk, which meas-
ures whether the entity can honor all its liabilities in the long run. AI 
models can analyze cash flow trends and optimize liquidity management 
strategies.

•	 Regulatory Risk: Non-compliance with laws and regulations can result 
in fines and reputational damage. NLP techniques can help organiza-
tions monitor regulatory requirements and ensure compliance.

One of the interesting developments in the world of risk management is an 
alteration of its scope inside the organization. Moving away from being a 
concern of a dedicated risk department, it has become the onus of every 
department and person in the organization. The risk management culture 
has progressively integrated itself with various functions of the entity, 
becoming a business issue in the process. Risk management practices ena-
ble an organization to be better prepared to, among others, achieve the 
following:

•	 Preserve capital and ensure liquidity: By identifying potential financial 
losses that can arise from a risk event materializing, organizations can 
maintain adequate capital buffers and liquidity positions. This advanced 
preparedness would ensure business continuity and resilience.

•	 Optimize resource allocation: Understanding risk-adjusted returns 
allows for smarter deployment of capital toward ventures that poten-
tially maximize value creation while maintaining acceptable risk levels. 
We have seen these tools in action in earlier modules.

•	 Enhance decision-making agility: Organizations with robust risk frame-
works can navigate uncertainties with greater confidence. Advanced 
preparedness augments faster and more informed decisions when oppor-
tunities or threats emerge.

•	 Foster innovation: Good risk management enables innovation by cre-
ating safe spaces for experimentation, while establishing guardrails 
against failures that may come in the process.
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Much as the entities, investors also stand to gain by understanding the risk 
management capabilities across various dimensions, including the following:

•	 Governance structures: Do clear lines of accountability exist? Is there 
appropriate board-level oversight?

•	 Risk culture: Does the organization promote transparency and escala-
tion of potential issues? Often, management finds short-term incentives 
to hide an emerging issue, hoping that it will settle on its own.

•	 Risk identification processes: How comprehensive and forward-looking 
are the organization’s risk assessment methodologies? At this stage, 
the investor should seek to distinguish between compliance-driven risk 
management practices and business-driven ones.

•	 Response capabilities: Can the organization pivot quickly when risks 
materialize? This would invariably call for advanced preparedness 
through simulations and stress tests.

•	 Technology infrastructure: Are appropriate tools deployed to monitor 
and manage risks? This is an area that has progressed not only in capa-
bilities but also in terms of expanded reach.

At the heart of modern risk management capabilities lies computational 
power. The phenomenal rise in computational abilities has made advanced 
tools accessible and affordable. Many of them no longer require extensive 
training and can be used after basic user training. The focus has moved 
from computation to interpretation.

The ultimate measure of effective risk management is not the sophistica-
tion of the models that are being used. It lies in how seamlessly those mod-
els integrate with day-to-day financial decision-making. This integration 
occurs across multiple levels, including the following:

•	 Strategic planning: Risk models are used to measure and communicate 
the organization’s risk appetite and strategic direction.

•	 Portfolio construction: Risk insights guide asset allocation and position 
sizing. The integrated system also monitors and rebalances the alloca-
tion on a dynamic basis.

•	 Product development: Risk assessments shape product features and pric-
ing. The ML tools give a better understanding of customer preferences, 
reducing the chances of failure of new products.

•	 Operational processes: Risk controls become embedded in routine 
workflows. These controls can range from technological interfaces to 
better management reporting.

As prudent financial decision-makers, we need to recognize that ML tools 
do not merely provide insights into traditional process and product-oriented 
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risk management. The new tools cover a greater scope, allowing us not 
only to monitor performance but also to use past experiences in future 
decision-making. As events that we have seen in the past form a basis of 
decision-making, the horizon of the unknown diminishes. This results in 
more sustainable performance by reducing uncertainty and minimizing the 
risks associated with the unknown.

In this section, we will discuss how the risk models are designed, how 
they work, and finally, how they expose us to new kinds of risk. We will 
also see some of the practical applications of ML tools in the world of risk 
management.

Risk modeling and developing application-specific models

Risk modeling involves a delicate balance between mathematical rigor 
and practical business judgment. Risk modeling, conventionally, is the 
process of using quantitative methods to forecast potential losses, iden-
tify vulnerabilities, and support decision-making under uncertainty. In 
addition, some models employing qualitative methods have evolved and 
are well developed today. Effective risk models enable organizations to 
proactively mitigate threats, allocate resources efficiently, and maintain 
financial stability.

Risk models range from simple deterministic ones to those using com-
plex stochastic simulations. Though the degree of complexity in underlying 
computations may differ, financial risk models may be broadly grouped as 
follows:

•	 Statistical models: These models leverage historical data to identify pat-
terns and relationships, often using regression techniques to estimate the 
probability of adverse events. Arguably, this type of model is used most.

•	 Structural models: Structural models are mathematical models that 
describe the relationships between different variables based on underly-
ing theoretical assumptions. These are based on theoretical frameworks 
that model the underlying mechanics of risk events, such as Merton’s 
model for credit risk.

•	 ML models: These data-driven approaches can capture complex, 
non-linear relationships without requiring explicit theoretical structures. 
We have already been introduced to such models in earlier sections.

•	 Scenario-based models: These simulate specific “what-if” scenarios 
to assess potential outcomes under different conditions. These models 
allow an entity to visualize a range of possibilities and be prepared 
for those that are more likely to happen than others. Hope you have 
noticed that we have stated “more likely”; we are still dealing with 
probability.
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•	 Hybrid models: Combining elements from multiple approaches to lever-
age their respective strengths. For example, we can combine a structural 
model and an ML model to create a credit risk assessment tool.

Over the years, general-purpose models have given way to application- 
specific models. Earlier, we would have used a statistical package to develop 
a credit risk model, now, we have specific models for credit risk. These 
application-specific models use a selection of tools that are relevant to the 
application. Application-specific risk models, when properly developed 
and implemented, serve as powerful tools that support decisions. They 
transform uncertainty into quantifiable metrics that enable more consist-
ent and transparent risk management.

Risk models need to adapt quickly to the evolution of business and the 
emergence of new data sources. Models are not to be treated as static tools 
but as living systems that require ongoing refinement. This adaptability is 
particularly crucial in the face of emerging risks like climate change, cyber 
threats, and pandemic disruptions, where historical data may provide lim-
ited guidance.

To develop application-specific models, we may follow a typical path 
stated here.

•	 Define the model objectives precisely: It is not easy to define what we 
want the model to do. Many models fail to deliver because we have 
failed to articulate our precise needs. When we are looking for a credit 
model, we must specify whether it is a probability of default that we are 
looking to compute, or if we wish to find out whether a loan will default 
or not. We also need to understand what type of loans we are talk-
ing about. A mortgage loan would have different characteristics from a 
credit card exposure.

•	 Identify and source relevant data: In addition to the deliverables and 
selection of models, it is critical to define model inputs and confirm 
their availability. These inputs greatly influence the selection of mod-
els. We need to particularly focus on data quality and representative-
ness. Historical data may not reflect emerging risks or changing market 
conditions. We may also need to supplement the quantitative data with 
qualitative insights from domain experts. Overreliance on quantitative 
data may lead to blind spots in the model’s performance.

•	 Structure the model architecture: The model structure needs to balance 
complexity and interpretability. There are no fixed rules that define an 
ideal balance, and it is a business decision made by the entity. Complex 
models are more likely to capture subtle relationships but are prone 
to overfitting and a lack of transparency. On the other hand, simpler 
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models may miss important interactions between variables but may 
offer greater clarity and ease of implementation.

•	 Calibrate and validate: Model calibration involves tuning parameters 
to optimize performance against historical data. However, a good his-
torical fit does not ensure future performance. It requires further valida-
tion. One of the major components of validation is testing the model 
using data that was not used for model development. It also involves 
back-testing using historical scenarios and comparing the model results 
with the actuals. Stress testing shows the predictive ability of the model 
under extreme situations where the input data represents the rarest of the 
rare scenarios. Sensitivity testing measures the impact of a new param-
eter on the overall model performance and is another important aspect 
of validation. Another important validation technique is the “challenger 
model.” Alternative models using different approaches are used to see if 
they yield similar results. Significant divergences may indicate concep-
tual weaknesses in your primary model. Common performance metrics 
for model validation include the following:

○	 Accuracy and Precision: How well the model classifies risk classes or 
predicts risk events.

○	 Confusion Matrix: Measuring false positives and false negatives. This 
essentially focuses on whether the predictions made by the model 
were accurate and the extent to which the model predicted what hap-
pened. We will discuss these in detail later in the section.

○	 Receiver Operating Characteristic – Area Under the Curves(ROC-AUC) 
Score: Determining how effectively the model distinguishes between 
risky and non-risky entities.

•	 Implementation with operational controls: One of the critical areas of 
failure of risk models is implementation. There must be clear procedures 
for model monitoring and periodic recalibration. Provisions for override 
protocols are necessary for situations when models produce counterin-
tuitive results. It is also important to document model limitations explic-
itly to prevent misapplication and to maintain the model.

By its very nature, risk modeling faces numerous challenges, ranging from 
computational to psychological. Some of the most common challenges 
include the following:

•	 Data quality issues: Poor or incomplete data can lead to inaccurate or 
underperforming models.

•	 Model risk: Incorrect assumptions or overfitting can make models unre-
liable. We will be discussing it in detail a little later.
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•	 Regulatory compliance: Models used in financial decision-making must 
comply with various regulatory guidelines. The problem that arises is 
that regulatory requirements may not align with business objectives, 
and the modeler faces a stiff challenge balancing these often-divergent 
objectives.

•	 Evolving risks: The financial landscape is dynamic, and risk models 
must adapt to new economic, technological, and geopolitical changes. 
This, at times, becomes difficult as the structure of a model may not be 
adept at incorporating new challenges.

Appreciating how computational models work

Risk management decisions are usually backed up by a decisional model, 
mostly run by systems. In cases where the model is using ML tools, to 
untrained eyes, this may appear to be a “black box”; no one knows how 
the input data is being transformed into output. However, to have proper 
implementation, interpretation, and governance, one needs to understand 
how these models work. Let us have a quick look at the common anatomi-
cal structure of these models.

•	 Input variables: The first component is the raw data elements that feed 
into the model. These data may be of different types, such as market 
prices, economic indicators, customer attributes, transaction patterns, 
and even communications.

•	 Transformation functions: The input variable often goes through these 
transformation functions. These are mathematical operations that con-
vert, normalize, or combine raw inputs into more useful features. This is 
a critical step that converts data to potential information. The transfor-
mation prepares the data to be processed by core algorithms.

•	 Core algorithms: These are the central mathematical techniques that 
identify patterns, estimate relationships, or simulate outcomes. For the 
uninitiated, this is the center of the black box. However, each model 
follows a logical process, and our expectations and consequent interpre-
tation may be misplaced if we do not understand this algorithm. Every 
algorithm, coming to us in the form of a module, is accompanied by 
documentation and a robust theoretical justification. We need to under-
stand the same before trying to use and interpret the model output.

•	 Output calibration: This section governs the output from the model 
that the end user will work on. These are mechanisms to translate algo-
rithmic results into meaningful risk metrics like probability of default, 
value-at-risk, or fraud scores. In addition to the knowledge of the capa-
bilities of the algorithm, sound domain knowledge is necessary for the 
proper interpretation of these outputs.
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•	 Decision thresholds: A little away from the computational framework 
lies this important management control aspect of model use. These are 
the cutoff points that convert continuous risk measures into discrete 
actions or decisions. The management has to decide a tolerance level 
beyond which corrective action will kick in.

Some of the common characteristics of computational models include the 
following:

•	 Probabilistic: Most risk models have a probabilistic foundation, under-
lying a key feature of decision-making, as certainty is rarely achievable. 
These models deliver the next best alternative, that is, they express out-
comes in terms of probabilities, confidence intervals, or distributional 
properties. The probabilistic nature of risk models does not eliminate 
uncertainty; they quantify and structure it. This distinction is crucial 
for decision-makers who might otherwise misinterpret model outputs as 
deterministic predictions rather than probabilistic estimates. So, instead 
of stating whether a borrower will default or not, a probabilistic model 
assigns a probability of default based on class characteristics.

•	 Causation and correlation: Many models, particularly those built on 
statistical or ML approaches, identify correlations between variables. 
That does not necessarily establish causal relationships between them. 
It is found that credit card customers who make frequent small-value 
transactions default the least. This insight may be very useful in pre-
dicting the default rate, but it does not mean that frequent transactions 
would lead to financial stability. The real reason could be underlying 
factors like income level or financial discipline, data that were over-
looked by the model. Acting based on correlation may not produce 
expected results; focusing on the causal drivers would.

•	 Simulation: Many computational models leverage simulation tech-
niques to explore the full distribution of possible outcomes rather than 
producing single-point estimates. These approaches generate thou-
sands or millions of scenarios by randomly sampling from probability 
distributions for key risk factors. This technique often helps in over-
coming the lack of enough data to build a model by providing data 
that is possible, though might not have been observed till that point in 
time. Simulation approaches are particularly valuable for stress test-
ing. It allows entities to assess resilience under extreme but plausible 
scenarios that may not exist in historical data. They provide a struc-
tured way to ask “what-if” questions that challenge assumptions and 
reveal hidden vulnerabilities.

•	 Ensemble: Another great feature of many modern computational mod-
els is that they often do not rely on a single model. Instead, they employ 
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ensemble methods, that is, combining multiple models to improve accu-
racy, robustness, and insight. These ensembles might include models 
that are built using different statistical techniques, trained on different 
subsets of data, and incorporate different assumptions. This aggrega-
tion achieved under ensemble approaches mitigates the weaknesses of 
individual models. It is also likely to reduce the risk of overfitting to 
historical patterns that may not persist in the future.

•	 Explainability: Models must not only have computational accuracy and 
transparency, but they should also explain why they make the specific 
prediction. Various techniques transform computational models from 
an algorithmic marvel to a decision support tool. These would include 
explaining the contribution of each variable in the decision-making pro-
cess, explaining how inputs would need to change to produce different 
outcomes, and similar.

Understanding how risk models work, their components, assumptions, 
strengths, and limitations, is not a matter of concern only for modeling 
specialists. It is essential knowledge for anyone involved in financial 
decision-making operating in a model-driven world. The common areas of 
concern for the user would include the following:

•	 Data quality: Poor data quality, including incomplete records, outdated 
information, or biased datasets, can lead to inaccurate predictions. Enti-
ties using models for decision-making need to invest in robust data man-
agement practices to ensure data quality.

•	 Overfitting and underfitting: A  model that is too complex may per-
form exceptionally well on training data but fail in real-world scenarios 
(overfitting).

	   Conversely, a model that is too simplistic may not capture key risk 
factors (underfitting). Balancing model complexity with generalizability 
is crucial for the successful implementation of the model.

•	 Interpretability and transparency: As identified earlier, many modern 
models, especially those involving deep learning, often operate in a 
black box. In addition to adhering to regulatory transparency require-
ments that may exist, transparency is essential for a user to be able to 
properly understand and interpret the results.

•	 Adapting to a changing risk environment: Risks evolve due to inter-
nal and external changes. These may include changes in strategy, focus, 
market conditions, economic policies, regulatory requirements, and oth-
ers. A  model trained on past data may become obsolete if it fails to 
adapt to new conditions. Regular model retraining and updates are nec-
essary to maintain accuracy and should be a part of the overall model 
management framework.
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Integrating model outputs with financial decision-making

Often, there is a disconnect between the developers of a model and the 
users, which results in technically sound models not serving the business 
purpose. In business, models must give a competitive advantage to the 
model owner. The desired level of precision of a model should be defined 
by the business requirement and not solely by the theoretical foundation 
of the model. Models need to be integrated with the decision-making pro-
cess of the entity. This integration process requires thoughtful design, clear 
communication channels, and an organizational culture that balances 
quantitative insights with human judgment.

Risk models typically generate numerical outputs like probabilities, 
scores, expected losses, and so on. These quantitative results must be trans-
lated into concrete actions that business stakeholders can implement. This 
translation process involves several critical steps:

•	 Establishing a decision framework: Model outputs and follow-up 
actions should be linked to each other to the extent possible. It is also 
important to define the model override parameters in the framework.

•	 Contextualizing results: Results from the model need to be interpreted 
in the correct context. They may be analyzed in the context of past val-
ues, industry norms, or confidence metrics of the model. Such contextu-
alization will result in abstract values providing actionable insight.

•	 Establishing risk threshold and decision rules: Model outputs often 
come as a quantified measure, like the probability of default. To trans-
late these values into decisions, the user entity should establish prede-
fined risk thresholds. For example, if the probability of default is less 
than 2%, grant the loan, and if the probability of default is above 5%, 
refuse the loan application. Between 2% and 5%, additional informa-
tion may be necessary to decide.

•	 Embedding models in the business workflow: To best utilize the output 
from the model, implementing entities may need to decide how to inte-
grate the model outputs into the business workflow. This may involve 
creating a front-end application to view model output or drilling down 
to the root cause. One can even have automated workflows driven by 
the model’s output, like in the case of algorithmic trading.

•	 Balancing models and judgment: Unless specified by regulatory require-
ments, models must not be designed as the final word. Models derive 
their output based on specific assumptions and bases. It is prudent to have 
mechanisms that ensure inappropriate decisions do not pass through the 
models to the workflow. When unexpected results are produced, conse-
quent feedback would create opportunities to learn continuously.

•	 Continuous model monitoring and feedback loops: The environments 
in which decisions are made and models are developed are susceptible 
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to continuous change. This may make models inappropriate and even 
erroneous. Any entity using the model should establish a regular model 
maintenance schedule. There should also be a functioning feedback loop 
to promote continuous learning by the model.

•	 Cultural challenge: While the functioning of a model may be rule-driven, 
there is a strong human dimension of model integration that should not 
be overlooked. Quantitative insights are respected but not deified. The 
decision-makers must understand both the capabilities and limitations 
of risk models. It is also important to ensure that the model develop-
ment team gets business insight from various departments.

As financial decisions become increasingly data-driven, the ability to effec-
tively integrate risk models into decision-making processes has evolved 
from a technical challenge to a strategic imperative. The management of 
an entity should initiate the integration process from the top and consider 
how computational power can be used in strategic decision-making.

Knowing about model risk

Ironically, the very tools designed to measure and mitigate risks can them-
selves become sources of risk. This meta-risk, known as the model risk, 
has emerged as a critical concern for financial institutions, regulators, and 
stakeholders. Model risk can be defined as the potential for adverse conse-
quences from decisions based on incorrect or inappropriate model outputs. 
The first type of error refers to errors in the output caused by a faulty 
model design, wrong iteration specification, or even poor implementation. 
The second type of error arises when the model is computationally perfect 
and conceptually sound but is being used for purposes outside its compe-
tence. For example, a model may be computing correlation perfectly, but 
the user may be interpreting it as causation.

Model risk may lead to incorrect predictions, regulatory non-compliance, 
reputational damage, and other issues. Understanding and managing model 
risk has become a fundamental component of sound risk governance. Let 
us get a quick understanding of the common sources of model risk. Model 
risk may arise at different points of the model lifecycle. Model outputs and 
follow-up actions should be linked to each other to the extent possible.

•	 Data limitation: This is one of the most common sources of model risk. 
Data limitations include incomplete data, biased sample data, inaccura-
cies during data collection, and relying on the false notion that historical 
data would persist in the future.

•	 Specification errors: Models seek to simplify reality to arrive at an imple-
mentable solution. This process may lead to material errors in different 
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forms, including omitted variables, incorrect specification of the relation 
between variables, inappropriate assumptions, and overparameteriza-
tion that leads to fitting in noise rather than signals.

•	 Implementation flaws: Even when data and specifications are correct, 
there may be errors in implementation. These would include errors in 
coding and data processing, integration failures, and others. An inter-
esting error observed during implementation is the truncation error. 
Often, numeric values are approximated, and that may affect results. It 
is important to assess the sensitivity of the results to truncation.

•	 Governance weakness: Weak oversight and internal controls are a 
breeding ground for model risk. These may include inadequate valida-
tion, poor documentation, inefficient change management systems, and 
others. Poor governance is also an impediment to the development of an 
organizational culture of using models.

•	 Interpretation errors: Though not directly related to model efficiency 
and design, the wrong interpretation of model output is a risk that arises 
out of the use of models. Decision-makers may misinterpret model out-
puts or overextend their applicability.

How does one manage model risk? Effective model risk management 
requires a comprehensive approach that addresses risks throughout the 
model lifecycle. This would cover various aspects of the model ecosystem, 
including the following:

•	 Robust model development: A strong development practice is the first 
line of defense against model risk. The purpose and intended use of 
the model should be clearly defined. There must be a system to ensure 
data quality, specifying the data cleaning and validation norms, wher-
ever possible. All key assumptions should also be documented to pre-
vent misuse of model output. Another good practice is to test multiple 
model specifications to assess sensitivity before selecting an optimal 
specification.

•	 Independent validation: Model validators should be independent of the 
model developer, and preferably, even the model user group. The vali-
dation process should not be restricted only to the verification of com-
putational soundness and logical consistency. The testing should review 
model performance against historical data and alternative models. The 
behavior of the model under stress and extreme scenarios should also 
be tested. The validator must ensure that the user team is aware of the 
conceptual framework and limitations of the model. Lack of knowledge 
of limitations potentially leads to misuse of model output.

•	 Effective governance: The governance framework should establish clear 
responsibilities and control over various aspects of the use of models. 
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This would include maintaining model inventory and specifying review 
requirements. A formal approval process for model deployment should 
be in place. Another critical aspect of governance is defining clear own-
ership for model design and performance. The stakeholders of the model 
universe must be aware of their respective roles and responsibilities.

•	 Prudent usage practice: Training model users is as important as the model 
development process. The users need to understand the model’s capabili-
ties and limitations. There should ideally be a control system that will pre-
vent misapplication. Chances of model failure should be recognized, and 
a contingency plan designed to face the situation. Another area of critical 
importance is to encourage professional skepticism of model output. If 
the output does not seem right, it must be investigated before being used.

Model risk represents the unavoidable flip side of model benefits. To har-
ness the true potential of model usage, organizations should focus on imple-
menting comprehensive governance, validation, and usage frameworks. As 
we progress with model usage, we should always keep the principles of 
model risk management in mind. It is the way to ensure that the inherent 
weaknesses of models do not prevent us from leveraging models to get a 
competitive advantage.

Let us now move into a specific application of ML-based tools in the 
domain of risk management.

Credit risk modeling using logistic regression

Credit risk is the risk of loss arising from borrowers failing to honor their 
credit commitments, primarily related to repayment. This risk is perhaps 
one of the most common forms of financial risk. The ability to accurately 
assess the likelihood of default impacts the profitability, capital require-
ments, and long-term sustainability of an entity.

Traditionally, credit decisions relied heavily on expert judgment, man-
ual underwriting processes, and relatively simple scoring systems. Though 
these approaches have served organizations well, they often suffered 
from inconsistency, had scalability limitations, and were prone to bias. 
In addition, regulators started demanding the use of models that gener-
ate more precise output and have a robust foundation. Further, all data 
related to finance is being gradually digitized, ushering in more sophisti-
cated approaches that harness the power of data and predictive analytics. 
ML-based techniques are increasingly more accessible, and computational 
power to process a large volume of data sourced from diverse sources 
is now gradually available at a cheaper cost. The complexities of busi-
ness and the availability of resources have gradually increased reliance on 
model-based credit decisions.
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Among these modern techniques, logistic regression has emerged as 
a popular methodology for credit risk assessment. Despite the advent of 
more complex and arguably robust ML algorithms, logistic regression 
maintains its prominence for several compelling reasons. It produces easily 
interpretable risk scores, provides transparent insights into key risk drivers, 
serves regulatory expectations for model explainability well, and performs 
efficiently across diverse lending contexts. In this section, we will focus on 
the process of building and implementing credit risk models using logistic 
regression. Though we will be using a specific Python library, our focus 
will remain on the business applications and decision-making implications 
rather than coding details.

Credit risk models help address critical business issues, including the 
following:

•	 Accurate risk assessment: Models identify patterns in borrower charac-
teristics that a human analyst might miss. This is likely to lead to better 
default prediction.

•	 Consistent decision-making: Standardized scoring approaches ensure 
that similar applications receive similar credit assessments. This reduces 
the variability experienced in manual processing.

•	 Efficient resource allocation: A standardized risk assessment system pro-
motes risk-based pricing and resource allocation. The entity can strike 
a balance between risk and return across various segments of its credit 
portfolio.

•	 Regulatory compliance: Model-driven credit assessment approaches are 
more adept at satisfying various regulatory expectations for systematic, 
documentable credit assessment processes.

As financial decision-makers, we will focus on the interpretation of model 
outputs and integrate the model’s insight into a broader risk management 
strategy.

The need for assessing creditworthiness

Before we start building a model to assess creditworthiness, let us address 
the need for the same. Predicting whether a credit deal will be successfully 
closed has been one of the oldest challenges of business. The criticality of a 
credit decision arises for three reasons.

•	 Earning impact: A  credit engagement is essentially justified by earn-
ings. If it is based on borrowing, it is the interest earned that takes care 
of the risk. If it is by way of credit-driven products and services, the 
price is likely to include the cost of the funds involved. A failed credit 
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commitment either delays the earnings flow or denies it completely. This 
would also have an impact on liquidity.

•	 Profit impact: In addition to being deprived of an earning, a failed credit 
commitment often leads to fear of not being able to recover the funds 
blocked in the transaction. Accounting standards require that such 
possible losses be recognized in the form of a provision and charged 
against the income of the current year. Thus, not only are we deprived 
of income, but we may incur an actual charge against the profit.

•	 Balance sheet impact: If the credit engagement turns bad and recovery is 
not possible, the unrecoverable amount is to be written off from the balance 
sheet. Since a provision is likely to have already been built, there will not be 
an impact on the profit statement unless the provision is inadequate.

In addition to the impact of the credit deal going bad, the assessment of cred-
itworthiness serves a few critical business purposes, including the following:

•	 Customer segmentation: The credit assessment models assign risk scores 
to the credit proposals. These scores, often computed in the form of the 
probability of default, allow the entity to classify the credit applicants 
into different groups. These homogenous groups would have unique 
characteristics, and the lender can design specific management plans for 
each group. One critical area that the lending entity focuses on is the 
transition of a lender from one classification to another.

•	 Risk-based pricing: Once classified, the lending entity can then charge 
risk premiums that are calibrated to each group. Groups with higher 
risk will be charged higher risk premiums and vice versa. In addition to 
pricing, each of these classifications faces a different expected credit loss 
profile. This leads to different rates of provisions being charged against 
each classification.

When we develop a model for credit risk assessment, we need to keep in 
mind the end use of the model output. Though the computational frame-
work may be the same, the model output should align with the end use to 
avoid any misunderstanding. For example, if the model objective is bor-
rower classification, the model output should classify a prospective credit 
counterparty. If the objective is to assign a probability of default, then that 
should be the model output.

Building logistic regression models to predict  
default probabilities

Logistic regression is a powerful tool that can help the decision-maker 
to make credit decisions accurately and consistently. Though we have 
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discussed logistic regression earlier, let us have a quick recap of the major 
features.

Logistic regression predicts the probability of a binary outcome. In our 
case, this is whether the counterparty of a credit transaction will default or 
not. While many models draw a straight line between good and bad, logis-
tic regression recognizes that credit risk exists on a probability spectrum. 
The name “logistic” comes from the S-shaped curve (called a logistic func-
tion) that transforms raw data into probability values between 0 and 1.

We start with data that includes factors that we believe contribute to the 
borrowing being repaid. The model is then trained on the historical data to 
identify patterns that correlate with loan repayment or default. Once the 
model is optimized and considered good to use, it will be used to calculate 
a score for a new application based on the data provided. This score will 
then be transformed into the probability of default using the logistic func-
tion. Based on the risk appetite of the entity, a threshold probability of 
default will be established to decide on granting a credit facility.

Let us now use code (prefix 0901) to see how the tool can be used. Please 
note that this code is divided into two parts, A and B. In part A, we will com-
pute the probability of default, and in part B, we will check the goodness of 
the model. Part B will use some of the outputs of part A and hence has been 
kept together. Here are the major components of part A of the code.

•	 Import libraries: As usual, all libraries necessary for the code are 
imported in this section.

•	 Customize: In this section, we have specified the name of the input file 
and output files where the model will be saved for subsequent use. The 
features of the model are also specified. Please note the square brackets 
and the quotes while specifying the features. You may remember that 
features are the factors that influence prediction. The input file must 
have these features as columns, along with the outcome. The outcome 
is binary: defaulted or not defaulted. Here is the part of the code with 
customizable parameters italicized.

# Customize parameters
my_credit_data = “0901 Credit_data.csv”
my_features = [‘Income’, ‘Credit_Score’, ‘Loan’, ‘Age’]  
# part of the data to be used for testing  
my_test_size=0.3
# names of the output models
my_logit=“0901 logistic_credit_model.joblib”  
my_scaler=“0901 credit_scaler.joblib”

•	 Load and prepare the dataset: We have loaded the features here and 
identified the dependent variable Y, which is “default” in our case. As 
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mentioned earlier, this is a binary field, 1 and 0, designating default and 
non-default. One important part of the code is standardization. This 
part is very important for mathematical stability and accuracy. Stand-
ardScaler() adjusts the values so that all features are on the same scale, 
viz., age and income, and loan amount. The average of each column 
becomes 0, and with a standard deviation of 1, that is, the range is 
balanced. Say the age range is 21–65, income is between 20,000 and 
200,000, and credit history may be 0 or 1. If we use the values as they 
stand, there is a possibility that large numbers, like income, will over-
power the small numbers, like credit history. Standardizing ensures fair-
ness by equal weighting of the features. At the end of this operation, we 
have standardized borrower details, the scaled features.

•	 Train and save model: We train the model using the historical data pro-
vided, after reserving a part of the data for testing the model. We would 
not like to test the model on the same data we used for training it. That 
would potentially cause overfitting, where the model will do well with 
the data it knows but not with unknown data. We can specify the part 
of the historical database reserved for testing. Another important aspect 
of the code is the random seed, a starting point for Python to randomly 
split the data consistently every time you run the code. You can use any 
value for it, and every time you run the code, the split will be identical. 
A non-identical split may cause different values for regression each time 
you run the code. The code goes on to train the model and compute 
the regression equation. The equation is displayed on the screen. This 
equation is then used to compute scores, which are then converted into 
the probability of default. The logit and scaler models are saved for sub-
sequent use with new values. Once saved, we will not have to train the 
model till such time we witness a changed behavior of the borrowers.

The outputs of the code are the saved models and screen display of the 
equation to compute the probability of default using the computed values 
of intercept and slopes of features derived from the logistic regression.

Evaluating model accuracy and implementing  
risk thresholds

A credit risk model is good only if it can distinguish between those who 
are likely to default and those who are not. We develop a model on past 
data and test the model on another set of past data. This gives us the ability 
to comment on how accurate the prediction of model is. We will examine 
techniques like the Receiver Operating Characteristic (ROC) curve, the 
Gini coefficient, and the Kolmogorov-Smirnov test.
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These tools quantify a model’s ability to rate borrowers by their default 
risk. It is to be noted that we are checking the fit of the model based on its 
use of the test data and not on a new dataset.

Before we move to the code, let us talk about these metrics. The perfor-
mance of predictive models in finance can be evaluated using these statisti-
cal measures. They are particularly useful in assessing credit scoring and 
risk assessment. Here is a concise overview of the three key metrics used 
in this chapter.

Receiver Operating Characteristic (ROC) curve

One of the key reasons we use models is their ability to discriminate 
between two groups of observations. For example, it can classify customers 
into those who are likely to default and those who are not. The ROC curve 
graphically illustrates a classification model’s discriminative power. It plots 
the true positive rate (sensitivity) against the false-positive rate (1 – speci-
ficity) at various threshold settings. Let us understand these two words, 
sensitivity and specificity.

Sensitivity is a statistical measure that evaluates how well a binary classi-
fication model identifies positive cases. It is also known as the true positive 
rate or recall. Sensitivity = True Positives / (True Positives + False Nega-
tives). This metric answers the question: “When the actual condition is 
positive, how often does the test correctly predict positive?” In a credit risk 
model, true positives would be borrowers correctly identified as defaulters, 
and false negatives would be defaulters incorrectly classified as good bor-
rowers. High sensitivity (close to 1 or 100%) indicates that the model cap-
tures most of the positive cases. A perfectly sensitive model would identify 
all positive cases without missing any.

High sensitivity is critical in finance when the cost of missing a posi-
tive case is significant. It is important to correctly predict potential market 
crashes, as missing signals of downturns can be devastating.

The ROC curve represents the trade-off between sensitivity and specific-
ity at various threshold settings of the model. Threshold settings are the 
cutoff values that decide the classification.

Specificity is a statistical measure used to evaluate the performance of 
binary classification models. It measures the proportion of actual nega-
tives that are correctly identified as such. Thus, specificity = True Nega-
tives / (True Negatives + False Positives). This metric answers the question: 
“When the actual condition is negative, how often does the test predict 
negative?” (1 – specificity) is the false-positive rate (FPR) in a binary classi-
fication model. It represents the proportion of actual negative cases that are 
incorrectly classified as positive. This metric answers the question: “When 



296  AI in Financial Decision Making

the actual condition is negative, how often does the test incorrectly predict 
positive?” For credit risk models, the ROC curve represents how well the 
model distinguishes between good and bad borrowers.

Gini coeff icient

The Gini coefficient, widely used in credit scoring, measures the model’s 
ability to separate populations. It is derived from the ROC curve. But to 
derive this value, we need to compute the AUC. AUC refers to the area 
under the ROC curve. It measures the performance of a binary classifica-
tion model across all threshold settings.

Mathematically, AUC is calculated by finding the area underneath 
the ROC curve in the unit square. The value ranges from 0.5 (random 
guessing, represented by the diagonal line) to 1.0 (perfect classification). 
If AUC = 0.5, the model has no discriminative ability and is as good as 
random guessing. Values above 0.7 are considered acceptable for financial 
applications.

Mathematically, AUC is the integral of the ROC curve function from 
x = 0 to x = 1. However, the ML tools compute the same for us. Now, 
coming to Gini.

Gini = 2 × AUC – 1

This transformation rescales the AUC to range from 0, signifying a random 
model, to 1, signifying a perfect model.

Kolmogorov-Smirnov (KS) test

The KS test measures the maximum difference between the cumulative dis-
tribution functions of two populations. In finance, it quantifies the greatest 
separation between the distributions of two groups, say, defaulters and 
non-defaulters.

The KS statistic ranges from 0 to 1, with higher values indicating better 
discriminatory power. While the ROC curve and Gini coefficient evaluate 
overall model performance, the KS test identifies the specific threshold at 
which maximum separation occurs. This thus provides actionable insights 
into setting cutoff points in lending decisions. A KS value close to 1 (or 
100%) indicates a strong model that separates the two classes. The thresh-
old is the score cutoff, for example, the probability at which the KS statistic 
reaches its maximum value. This is where the model achieves the best class 
separation. In practice, this threshold may be used to classify an observa-
tion as a defaulter or not.
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If your KS test report states KS statistic: 0.690890 at Threshold  = 
0.3321, this is what it means:

•	 KS statistic: The model has a high value, signifying that it separates the 
defaulters and non-defaulters very well. Remember, 0 is no discrimina-
tion, and 1 is the best fit.

•	 Threshold: This is the cutoff where the KS statistic reaches the high-
est value. This means that if the predicted probability is greater than 
0.3321, the borrower is likely to default.

Let us now have a look at the major components of part B of the code 
introduced in the last section. This section requires part A of the code to 
be processed.

•	 Import libraries: As usual, we have loaded the required libraries in this 
section of the code. You would have noted that we have loaded modules 
specific to ROC, AUC, classification, and confusion matrix.

•	 Customize: In this section, we have defined the name of the file to store 
the output report in .pdf format, the confusion matrix, and the ROC 
curve in .png format.

•	 Predict probabilities and compute validation metrics: The predicted 
class level of test data based on the probability of default is computed in 
this section. It also computes a confusion matrix, classification report, 
AUC score, Gini coefficient, and KS statistic.

•	 Display results on screen and save files: The metrics computed are dis-
played on the screen and saved as specified files.

The output from this section includes a classification report, values of 
AUC, Gini, and KS statistic, ROC curve, and confusion matrix. Though 
we have discussed the classification reports and confusion matrices earlier, 
let us have a quick recap.

•	 Classification report: This is a summary of key performance metrics used 
to evaluate the quality of predictions made by a classification model, 
such as logistic regression. We can see how the report looks after run-
ning the code in Table 9.1.

	   Here is an explanation of the components of the report:

○	 Precision: The proportion of predicted positives that were positive.
○	 Recall (Sensitivity): The proportion of actual positives that were cor-

rectly predicted.
○	 F1 score: This is the harmonic mean of precision and recall. It balances 

both metrics and is particularly useful when classes are imbalanced, 
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like many repaid loans and few defaults. The harmonic mean is used 
instead of the arithmetic mean as it gives more weight to lower val-
ues. So, if either precision or recall is low, the F1 score will also be 
low. This discourages a model that performs well on one metric but 
poorly on the other.

○	 Support: The number of true instances for each class in the dataset.
○	 Accuracy: Overall, how many predictions were correct?
○	 Macro average: Average of the metrics treating all classes equally.
○	 Weighted average: Average weighted by the number of instances in 

each class.

•	 Confusion matrix: This is a summary table used to evaluate the perfor-
mance of a classification model. It compares the predicted values with 
the actual values in the test data and presents the same in a 2 × 2 matrix.

There is no defined threshold for these metrics for the underlying model to 
be accepted. It would depend on the use case, for example, fraud detection, 
credit scoring, compliance, risk appetite of the institution, class imbalance, 
regulatory or business constraints, etc.

Integrating models into credit approval processes

Once we are comfortable using a model, we will integrate the model with 
the business decision process. We have earlier discussed some of these fea-
tures and will incorporate them in the model that we have developed so far. 
We will now provide the model with new cases and predict whether they 
are likely to default or not.

However, before we run this code, we should have with us an approved 
logistic regression and scaler model. These models were trained in the ear-
lier section.

Let us have a look at the main components of the code (prefix 0902).

•	 Import libraries: All libraries necessary for the code are imported in this 
section. You would have noticed a library named joblib. This is a tool 

Table 9.1  Classification report components

precision recall f1 score support
0 0.968804 1.000000 0.984155 1118
1 1.000000 0.560976 0.718750 82
accuracy 0.970000 1200
macro avg 0.984402 0.780488 0.851452 1200
weighted avg 0.970936 0.970000 0.966019 1200
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for efficient serialization and parallel processing. This is commonly used 
for saving and loading ML models and datasets.

•	 Customize: In this section, we have specified the name of the saved mod-
els and provided the input values for a new applicant. These input values 
pertain to income, credit score, loan amount, and age of the applicant. 
There is also a value for the decision threshold, which is the cutoff value 
for classifying between potential and non-potential. One can also pro-
vide these values in a file for batch processing. Here is the part of the 
code with customizable parameters italicized.

# Customize parameters
my_logit=“0901 logistic_credit_model.joblib”  
my_scaler=“0901 credit_scaler.joblib”  
decision_threshold=0.5
new_income = 50000
new_credit_score = 620
new_loan = 15000
new_age = 40

•	 Use model on a new credit application: The models are loaded into the 
system to process the data provided for the new applicant. The logis-
tic regression model provides the weights assigned to individual fea-
tures. The scaler model transforms new input data in the same way the 
training data was transformed. The threshold value provided is used to 
decide on the acceptance or rejection of the application.

•	 Generate output: This section displays the input values, the computed 
probability of default, and the credit decision.

The output of the code is displayed on the screen. The credit decision is made 
based on the probability of default computed and the decision threshold.

Fraud detection with anomaly detection techniques

Fraud represents one of the most persistent and evolving threats to organi-
zational stability, customer trust, and regulatory compliance. Beyond direct 
financial costs, fraud incidents divert significant resources toward efforts 
to rebuild trust. Financial fraud can be defined as the intentional decep-
tion or misrepresentation carried out by individuals or entities to secure 
unauthorized financial gain, commonly at the expense of another party. 
Fraud encompasses a broad spectrum of illicit activities. It would include 
payment fraud, identity theft, insurance scams, money laundering, insider 
trading, and even loan fraud. The common feature across these diverse 
schemes is the element of deliberate deception designed to circumvent con-
trols, exploit vulnerabilities, or manipulate systems.
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Traditional rule-based approaches to fraud detection have served the 
industry well in the past. However, over time, the nature and the method-
ology of fraud have evolved. Static thresholds and predefined patterns that 
worked effectively in the past now struggle against current adaptive tactics. 
Further, rules-based systems are usually conservative, tending to generate 
high false-positive rates that frustrate customers and overwhelm investiga-
tion teams.

This is where anomaly detection techniques powered by advanced ML 
approaches come into play. These techniques establish a baseline of “nor-
mal” activity across millions of transactions and then identify statistical 
outliers that deviate significantly from that norm. This is a major shift from 
relying exclusively on predefined patterns of fraudulent behavior. This shift 
assists in the detection of both known fraud scenarios and emerging pat-
terns that have not previously been observed. The focus is on deviation 
from normal and not merely on following a pattern.

The core premise of anomaly detection is that legitimate financial 
behavior tends to follow certain patterns. Fraudulent activities are likely to 
exhibit subtle but detectable deviations from these patterns. A credit card 
customer’s transaction might show consistent patterns regarding timing, 
location, merchant categories, and amount ranges. When transactions sud-
denly violate these established patterns, they are flagged for closer scrutiny, 
even if they do not trigger traditional rules.

In this section, we will explore how financial institutions can harness 
anomaly detection techniques to support their fraud defense systems. Finan-
cial decision-makers need to understand these techniques conceptually 
without necessarily mastering their technical implementation details. In this 
section, as earlier, we will explain the tools using tool-specific case studies.

Train and test models for fraud detection

Financial transaction data is the lifeblood of anomaly detection systems 
in fraud detection. However, raw data is not often ready for training a 
model, and transforming it into a useful form is the first challenge that a 
decision-maker is likely to face. We, as financial decision-makers, need to 
understand these challenges to ensure our models have reliable fraud detec-
tion capabilities.

Datasets of financial transactions typically contain a rich but messy 
array of information. It may include timestamps, monetary values, mer-
chant details, location data, device identifiers, product codes, customer 
information, and allied data. Much as this diversity offers the potential for 
powerful pattern recognition, it also creates substantial data preparation 
challenges. Let us have a quick look at some of the challenges that we are 
likely to face with the raw input data.
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Temporal complexities

Transaction timestamps are not mere simple chronological markers. They 
may hold crucial behavioral patterns. However, several challenges emerge:

•	 Date-time format inconsistencies: Timestamps may appear in various 
formats (MM/DD/YYYY, DD/MM/YYYY, UNIX timestamps), requir-
ing standardization.

•	 Time zone disparities: Global transactions may be recorded in different 
time zones, requiring normalization to avoid artificial patterns.

•	 Temporal feature extraction: Raw timestamps must be transformed into  
meaningful features like day-of-week, hour-of-day, time-since-last-transaction,  
or transaction velocity to reveal behavioral patterns.

Without addressing these temporal complexities, models may miss impor-
tant anomalies tied to unusual timing or sequence.

Categorical data challenges

Categorical fields like merchant names, transaction types, or location data 
may also present unique challenges like the following:

•	 High cardinality: Fields like the name of the city can have numerous 
unique values, creating sparse representation challenges.

•	 Hierarchical categories: Merchant categories often have hierarchical 
relationships, for example, “Electronics > Computers > Laptops”, which 
models must understand. Anomalies may be detectable at a certain level 
but not at all levels. Another risk is that errors or anomalies at lower 
hierarchical levels might propagate upward, misleading the anomaly 
detection at higher levels, or vice versa.

•	 Novel categories: New merchants or categories appearing in production 
data but absent from training data can trigger false positives.

Effective encoding strategies, such as frequency encoding, target encoding, 
or embedding techniques, are necessary to transform categorical data into 
useful numeric formats, making it understandable by ML models. It is also 
critical to ensure that the predictive power of the data is not compromised 
during transformation.

Numerical data pitfalls

Even seemingly straightforward numerical fields require scrutiny:

•	 Data type inconsistencies: Monetary values sometimes appear as strings 
with currency symbols or commas, requiring cleaning and conversion.
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•	 Scale variations: Transaction amounts vary dramatically across different 
types of purchases, potentially overwhelming other signals.

•	 Regional differences: Amount patterns differ across regions due to cur-
rency value differences and spending norms.

Standardization, normalization, or log transformations are often necessary 
to make numerical features comparable and prevent high-value transac-
tions from dominating the model’s attention.

Feature relevance and noise

Not all data elements contribute meaningfully to fraud detection. 
Including irrelevant features can introduce noise and decrease model 
performance:

•	 Unique identifiers: Transaction IDs, reference numbers, or similar fields 
hold no predictive value and should be excluded.

•	 Leakage fields: Some fields might inadvertently “leak” information 
about fraud status. For example, chargeback status may create mislead-
ing patterns if included while detecting fraud.

•	 Static customer attributes: While demographic data may have some rel-
evance, exclusively static attributes often have limited value in detecting 
behavioral anomalies.

In some cases, derived features capture behavioral patterns. Examples 
include deviation from customer spending patterns, frequency of merchant 
visits, or variation in transaction locations. These features may often prove 
more valuable than raw transaction attributes.

Class imbalance: The fundamental challenge

Perhaps the most significant challenge in fraud detection datasets is extreme 
class imbalance. Genuine fraudulent transactions typically represent a very 
low percentage of all transactions. This creates several complications:

•	 Biased performance metrics: Accuracy becomes meaningless if a model 
achieves 99.9% accuracy by simply predicting “not fraud” for every 
transaction.

•	 Learning difficulties: Models struggle to learn patterns from extremely 
rare examples, potentially ignoring minority class features.

•	 Threshold sensitivity: With such an imbalance, small changes in deci-
sion thresholds can dramatically affect false-positive and false-negative 
rates.
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Addressing this imbalance requires specialized approaches, such as sam-
pling techniques like under-sampling the majority class or over-sampling 
the minority class. One can also resort to synthetic data generation meth-
ods like Synthetic Minority Over-sampling Technique (SMOTE) or algo-
rithm modifications to assign higher weights to minority class examples.

Train-test consistency requirements

Maintaining consistency between training and production data is critical 
for anomaly detection models. This would include the following:

•	 Feature consistency: All features used during training must be available 
in the same format during testing as well as in production.

•	 Preprocessing alignment: Transformations applied during training, like 
scaling or encoding, must be identically applied to new data.

•	 Data drift monitoring: Transaction patterns evolve due to changing 
customer behavior, seasonal effects, economic conditions, and similar 
factors. These movements require monitoring for any drift between 
training, test, and production data.

Data pipelines should ensure consistent preprocessing across all environ-
ments. There should also be a system of monitoring to detect when models 
may need retraining due to evolving patterns.

Production considerations for new data

The use of raw data is not restricted to training and testing. When deploy-
ing anomaly detection models to production environments, we also use 
raw data. Several additional considerations, like the following, may arise 
at this stage.

•	 Missing data handling: Production systems must handle missing values 
consistently with training procedures.

•	 Latency requirements: Transaction approval decisions often require 
near-real-time processing, limiting the complexity of feature engineering. 
For example, credit card transaction approval happens in real time. This 
limits the use of a complex model, which may be more data-intensive 
and would take a longer time.

•	 Unexpected inputs: Production systems must handle unexpected inputs 
like new merchant categories or unusual value ranges.

•	 Explainability needs: For investigation purposes, the model should 
indicate which features contributed most to flagging a transaction as 
anomalous.
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Moreover, effective anomaly detection requires a feedback loop. Con-
firmed fraud cases and false positives are used to populate the loop to con-
tinuously refine and retrain the model. This ensures that the model adapts 
quickly to evolving fraud tactics.

In subsequent sections, we will see how these are put into real-life use.

Tackling financial fraud by identifying unusual 
transaction patterns

The frequency of financial fraud is low, and they are committed to a 
clear collateral objective of hiding their tracks. Fraudsters also know 
the likely identifiers of fraud, and they seek to commit the fraud in a 
way that does not trigger the same. This makes the detection of finan-
cial fraud a challenge. One effective approach to tackling fraud involves 
analyzing transaction data to detect patterns that deviate from typical 
behaviors.

The foundation of pattern-based fraud detection techniques is the prem-
ise that legitimate financial behavior usually exhibits consistency. ML 
models, particularly anomaly detection techniques, systematically identify 
these deviations. The tool analyzes historical transaction data to discern 
what constitutes “normal” behavior. Once a deviation from the established 
norms is detected, the fraud alarm is sounded. These deviations usually 
take place in the following ways:

•	 Behavioral anomalies: When a customer’s transaction patterns suddenly 
change. This may include unusual purchase timing, atypical merchant 
categories, unexpected geographic locations, etc. These changes may 
signal account compromise.

•	 Contextual anomalies: When transactions seem unusual within spe-
cific contexts, even if they appear normal in isolation. For example, a 
high-value purchase might be completely normal for a customer in their 
home country. Similar transactions become suspicious when they occur 
at odd hours in a foreign country that the customer has never visited 
before.

•	 Collective anomalies: When a series of transactions, each appear-
ing legitimate individually, form suspicious patterns collectively. For 
instance, a series of escalating small purchases is followed by a large 
transaction. These independently are normal transactions, but collec-
tively may indicate fraudsters testing the validity of a stolen credit card 
before cleaning out the limit.

ML tools are effective at detecting these multi-dimensional patterns by 
learning from historical transaction data. ML algorithms can discover 
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subtle anomalies that human analysts might overlook. They can incorpo-
rate hundreds of features simultaneously, detect non-linear relationships, 
and adapt to evolving patterns over time. Pattern-based fraud detection 
usually follows this workflow:

•	 Feature engineering: Transforming raw transaction data into mean-
ingful features representing customer behavior. Some of the common 
features are calculating transaction velocities, understanding spending 
patterns by merchant category, geographic dispersion of activities, tem-
poral usage patterns, etc.

•	 Profile building: This stage involves establishing baseline behavior profiles 
for individual customers, customer segments, or specific transaction types. 
These profiles represent “normal” behavior against which new activities 
are compared to identify anomalies. You can appreciate that the chances 
of observing an anomaly depend largely on how these profiles are defined.

•	 Anomaly scoring: Deviation scores that quantify how much a new trans-
action differs from expected patterns based on established profiles are 
calculated. A threshold value to define deviation is to be established for 
flagging a transaction as anomalous.

•	 Decision-making: The model converts anomaly scores into actionable 
decisions based on risk thresholds. These decisions are likely to have 
different levels of intervention based on the severity of the anomaly.

Let us use an example to see how the codes work. The major components 
of the code (prefix 0903) used are the following:

•	 Import libraries: We have imported all necessary libraries in this section 
of the code.

•	 Customize: In this section, we have provided the name of the input file, the 
name of the file to save the resultant plot and anomalous transactions, and 
the cutoff percentage. If the value is within this percentage, it will be consid-
ered non-anomalous. In addition, the number of clusters we want the data 
to be classified into is also provided. In this case, we have provided a value 
of 2, as we want classification into anomalous and non-anomalous. The 
extract of the code with the customizable parameters is italicized, and pro-
vided here. Besides these, there are a few other customizable values which 
we have marked along with the subsequent code section.

# Customize parameters
my_file_path = “0903 Transaction_data.csv”  
my_anomaly_file = “0903 anomalous_transactions.csv”  
my_plot_file = “0903 anomaly_detection_plot.png”  
no_of_clusters=2
my_normal_percentage=98
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•	 Prepare data: This is a critical section where the input data is made 
ready for processing. In this example, we have three fields in the input 
file: zip, TransactionAmount, and TransactionHour. In this section, we 
have marked all non-numeric data as “None” and dropped them. This 
is necessary, as clustering can be performed only with numeric data. The 
code cleans the data by ensuring two features are numeric: Transaction-
Amount and TransactionHour. You may customize this section should 
you have different field names. The code then standardizes the numeric 
features to ensure fair clustering. We have seen how scalar operations 
standardized unbalanced data.

•	 Apply K-means clustering: In this section of the code, K-means cluster-
ing is applied with a specified number of clusters. It assumes transac-
tions are either normal or anomalous. In K-means clustering, every data 
point is assigned to the nearest cluster center, called the centroid. The 
distance between a point and its assigned centroid is a measure of how 
typical or atypical that point is within its cluster. Upon computation 
of the distance, it flags the top specified percent as potential anomalies 
based on the percentage defined as normal. If a transaction is close to 
the centroid, it behaves similarly to many other transactions in that clus-
ter and is likely normal. If a transaction is far away from the centroid, it 
is unusual compared to other points and possibly is anomalous.

•	 Save and display results: This section plots the transactions with 
color-coded anomalies. It also saves the plot and the anomalous trans-
actions to individual specified files.

The output of the code is the cluster plot and a file containing transac-
tions deemed anomalous based on the specified threshold. The output file 
contains the input file fields, that is, zip, TransactionAmount, and Transac-
tionHour. In addition, it contains three additional fields, which are Cluster, 
DistanceToCenter, and PredictedAnomaly.

The axes of the scatter plot represent transaction hour and transaction 
amount, as was identified in the model. The predicted anomalies are pre-
sented in a different color from the predicted non-anomalies. Please note 
that if we change the anomaly threshold (my_normal_percentage), the dis-
tribution patterns of anomalies and non-anomalies on the scatterplot will 
also change.

Implementing anomaly detection algorithms  
such as Isolation Forests

While various ML algorithms can detect anomalies, certain techniques 
have proven particularly effective for financial fraud detection. We have 



Risk Management and Compliance  307

seen an example of such in the earlier section. Among the available algo-
rithms, Isolation Forests stand out for their efficiency, effectiveness with 
imbalanced datasets, and intuitive approach to identifying outliers.

Anomaly detection algorithms, such as Isolation Forests, are particu-
larly effective for financial fraud detection due to their capacity to effi-
ciently identify outliers without needing labeled datasets. The Isolation 
Forest algorithm operates on a simple principle; anomalous transactions 
are easier to “isolate” than normal ones. The Isolation Forest algorithm 
operates by randomly selecting features and splitting values to isolate data 
points. Points requiring fewer splits to isolate are considered anomalies, 
indicating potentially fraudulent transactions.

Let us consider an example of a dataset of financial transactions. The 
algorithm might randomly select the feature “transaction amount” and 
then randomly choose a split value, say $5,000. Transactions are separated 
into groups based on whether they exceed this value or not. Further splits 
on other randomly selected features, like transaction frequency or location, 
continue until each transaction is isolated into its leaf node. Transactions 
that end up isolated quickly in fewer splits are classified as anomalies, sign-
aling potentially suspicious activities.

Isolation Forests use decision trees to partition data, creating isolated 
branches for anomalous data points. Since anomalies typically represent 
a small percentage of all transactions, this method effectively and rapidly 
flags suspicious transactions.

Isolation Forests work well with imbalanced data. Since the incidence of 
fraud is far less than that of a normal transaction, Isolation Forest emerges 
as a good tool for fraud detection. In addition, the algorithm naturally 
focuses on features that effectively separate anomalies. This reduces the 
impact of irrelevant or noisy variables that might be present in transaction 
data. Importantly, Isolation Forest does not require a specific statistical 
distribution or extensive parameter tuning. These advantages make it a 
popular tool for fraud detection.

The implementation of Isolation Forests typically follows these steps:

•	 Training: The algorithm builds multiple isolation trees using random 
subsamples of the data and features. Each tree partitions the data space 
by randomly selecting features and split points until all observations are 
isolated.

•	 Path length calculation: For each observation, the algorithm calculates 
the average path length. This is the number of splits required to isolate 
that observation across all trees in the forest.

•	 Anomaly scoring: Observations with shorter average path lengths 
receive higher anomaly scores, as they are easier to isolate from the gen-
eral population. This is a central requirement for isolation.
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•	 Threshold setting: A decision benchmark is established to classify trans-
actions as normal or potentially fraudulent based on their anomaly 
scores. Those marked as anomalous are flagged for special treatment.

Let us understand the operation with the help of a code (prefix 0904). Here 
are the main components of the code:

•	 Import libraries: All necessary libraries are loaded in this section of 
the code

•	 Customize: Here, we have provided the name of the input file and the 
name of the output file to save the plot and anomalous transactions. 
We have provided values for n_estimators and contamination. n_esti-
mators is the number of trees in the Isolation Forest. Each tree is built 
by randomly splitting features to isolate points. The more trees, the 
more stable and reliable the anomaly scores are, but it will take longer 
processing times. Contamination is our estimate of the proportion of 
anomalies in the data. The Isolation Forest does not automatically know 
how many anomalies are in our data. It ranks all data by how isolated 
they are and then marks the top specified estimate as outliers. We have 
further provided the names of the numeric and categorical features we 
have decided to work with. In the last section, you may remember we 
provided this directly when we were running the model. Isolation For-
est can work well with both numeric and categorical features, unlike 
K-means clustering, which is best used with only numeric features. The 
relevant section of the code with the customizable parameters italicized 
is given here.

# Customize parameters  
my_input_data=“0904 Transaction_data.csv”
my_output_file=“0904 isolation_forest_anomalies.csv”  
my_plot_file=“0904 isolation_forest_plot.png” 
my_n_estimator=100
my_contamination=0.2
# Specify which features to use  
numeric_features = [“TransactionAmount”, “TransactionHour”]
categorical_features = [“MerchantCategory”, “DeviceID”]  
# ‘Country’ was dropped

•	 Prepare data: In this section, we start by loading the dataset that con-
tains, at a minimum, the features we have defined in the last section. 
We then create a preprocessing pipeline to standardize the numeric 
features using the StandardScaler function as we did earlier. For cat-
egorical features, we use OneHotEncoder, which converts strings to 



Risk Management and Compliance  309

binary vectors. Let us understand what this does. Consider there is a 
categorical feature named Country, and there are three options: USA, 
UAE, and India. One-hot encoding will convert this categorical vari-
able into three to represent the value. The new fields may be called 
Country_USA, Country_UAE, and Country_India. If the country is the 
USA, only that field will have a value of “1,” and the other two will 
have a value of “0.” In the code, we have used drop=”first”; one of the 
categories will be dropped. Consider that Country_USA is dropped. 
In that case, if the country is the USA, we will have 0 as the value 
for Country_UAE and Country _India. This automatically means that 
the country is the USA. For the curious, pipeline is a tool provided 
by some libraries that allows you to bundle together multiple steps, 
such as preprocessing and model training, into a single, streamlined 
process. We have also created an Isolation Forest pipeline, which com-
bines preprocessing and modeling.

•	 Fit model and generate scores: This part of the code trains the pipe-
line on the full dataset after preprocessing. An anomaly score, ranging 
from –1 to 1, is predicted for each transaction. Lower value means more 
anomalous. For easier filtering, this score is converted to a Boolean 
value, either True or False.

•	 Save results and visualize: All anomalous transactions are saved to a 
specified file. A scatter plot of transactions is also displayed and saved.

The output of the code is a scatter plot and a file containing anomalous 
transactions. The data file would have two additional columns over the 
input data, Anomaly Score and Predicted Anomaly. The latter contains the 
Boolean value of either true or false. The axes of the scatterplot are Trans-
action Hour and Transaction Amount. The color of the plots denotes the 
predicted anomaly.

Since Isolation Forest classification is based on the provided value of 
contamination, it is important to find an appropriate value. Apart from 
using domain knowledge and past experience, you can also measure preci-
sion, recall, and F1-score against different values of contamination. This 
will allow you to select the value that results in the best-performing model.

In the last section, we did a similar exercise using K-means clustering. 
Are we likely to have different results when we use the Isolation Forest? Yes, 
most likely because of the way these two tools work. Clustering assumes 
normal transactions form tight clusters, and outliers lie farther from clus-
ter centroids. It also works best with numeric features. Isolation Forest 
builds random trees and isolates points quickly if they are anomalies. It 
flags anomalies based on the average path length required for isolation. It 
can use both categorical and numerical features.
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Setting up alerts for potentially fraudulent activities

Detecting anomalies is the first step in an effective fraud prevention sys-
tem. This should be followed by transforming anomaly scores into action-
able alerts and routing those alerts to appropriate response channels. This 
requires deciding on the extent of residual risk that we are willing to accept. 
A relaxed threshold would potentially increase the risks of fraud loss, while 
a rigid threshold would be disruptive for customers. The challenge is to 
implement a fraud detection system that balances operational efficiency 
and customer experience.

An effective alert system for fraud detection typically incorporates sev-
eral key components:

•	 Multi-tiered thresholds: It may make more business sense to have mul-
tiple threshold levels that trigger different responses instead of using a 
single threshold for all alerts. For example, low-risk anomalies might sim-
ply be logged for pattern analysis, while medium-risk anomalies might 
trigger additional authentication steps. On the other hand, extremely 
high-risk anomalies might block transactions pending investigation.

•	 Contextual prioritization: Alert systems can incorporate contextual fac-
tors to prioritize responses. For instance, a stricter threshold may be 
defined for high-value transactions or those in high-fraud channels. On 
the other hand, a lenient threshold may be established for trusted cus-
tomer segments.

•	 Explanatory context: Effective alerts should not stop at just flagging 
anomalous transactions. They should provide investigators with context 
explaining why the transaction was flagged. This might include details 
of features that contributed most to the anomaly score, for example, an 
explanation of how the transaction deviated from expected patterns.

•	 Feedback mechanisms: Any good alert system should have a mechanism 
to capture investigation outcomes. These outcomes should be reviewed 
and feedback provided to the anomaly detection system for continuous 
improvement.

Delivery of these alerts through different channels may involve coding 
beyond that of pure data science. We are not moving into that sphere. The 
code (prefix 0905) used in this section will explain how these alerts can be 
generated while using the anomaly detection tools. Let us have a look at 
the major components of the code.

•	 Import libraries: As earlier, we have loaded all necessary libraries in this 
section of the code.

•	 Customize: Here, we have provided the name of the input file and the name 
of the output file to save the plot and alerts. The amount corresponding to 
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high- and mid-level alerts has also been specified. In addition, we have used 
a few more customizable parameters while using the model. The section of 
the code with the customizable parameters in italics is given here.

# Customize parameters  
my_input_file=“0904 Transaction_data.csv”  
my_plot_file=“0905 alert_scatter_plot.png”
my_output_file=“0905 alert_transactions.csv”  
my_high_alert_amount=1000  
my_mid_alert_amount=500

•	 Prepare data and inline customization: We loaded the input file and 
cleaned up the numeric field. Subsequently, we have identified the 
numerical and categorical features and preprocessed them. We have 
standardized the numeric features and one-hot encoded the categori-
cal features. We have also inserted a transaction ID if not already 
present. This ID will help us identify the transactions associated with 
an alert.

•	 Use Isolation Forest: In this section, we have defined the pipelines for 
preprocessing and applying the Isolation Forest model. We will gen-
erate a predicted score for an anomaly and use it to create a true/
false flag.

•	 Create business-defined alert levels: In this section, we have combined 
the anomaly flag and transaction amount to assign an alert level. High 
alert is accorded for flagged anomalies and high amounts. Medium alert 
is given for moderate amounts, and low alert for any other anomaly. No 
alert is given for normal transactions.

•	 Visualize and save: To visualize distinctly, the code assigns different 
colors for plotting different alert levels. Gray denotes normal transac-
tions, blue denotes low alert, orange stands for medium alert, and red 
stands for high alert. A scatter plot with anomaly score and transaction 
amount as axes is displayed and saved. The alert-triggering transactions 
are also saved in a specified file.

The output of the code includes a scatterplot and a file containing the 
alert-triggering transactions. The saved file for alert-generating transac-
tions also includes the base fields of the input file. It adds transaction ID, 
anomaly score, predicted anomaly, alert level, and alert label fields. This 
file can be used for subsequent analysis and audit reference.

Compliance monitoring using NLP

Most corporate entities face an ever-expanding universe of compliance 
requirements. Financial institutions, arguably, are the most affected entities.  
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These requirements include revenue regulations, financial reporting, gov-
ernance reporting, anti-money laundering regulations, consumer protec-
tion laws, privacy standards, emission reporting, stock exchange listing 
obligations, and many more. The compliance burden has grown exponen-
tially, and so has the volume of text-based information that must be moni-
tored. Emails, chat logs, contracts, policies, marketing materials, and many 
others have grown beyond what manual review processes can effectively 
handle within the compliance dates.

NLP offers a compelling solution to the problem created by the conver-
gence of regulatory complexity and information overload. NLP is a branch 
of AI focused on understanding human language. The tools transform 
compliance monitoring by enabling computers to analyze large volumes of 
text while identifying potential issues for human review. Modern NLP goes 
far beyond simple keyword matching to deliver sophisticated capabilities, 
including the following:

•	 Context understanding: NLP recognizes the meaning of communica-
tions in the given context rather than focusing on individual words. For 
example, the word “chips” would have different meanings in a restau-
rant, an electronics factory, and a casino.

•	 Entity identification: NLP applications automatically detect and catego-
rize references to people, organizations, and other elements.

•	 Pattern recognition: Problematic language patterns that might indicate 
compliance risks can be identified by NLP tools.

•	 Relationship mapping: NLP tools can discover connections between 
entities mentioned in communications.

•	 Sentiment analysis: An NLP method that assesses the emotional tone 
behind texts, identifying potential unethical behavior or internal 
conflicts.

•	 Classification: ML algorithms such as SVM, Random Forests, and Neu-
ral Networks can classify documents, prioritize reviews, and flag those 
that merit further investigation.

These capabilities are delivered through powerful NLP libraries such 
as NLTK. The library provides pre-built components that financial 
decision-makers can leverage to build tailored compliance monitoring sys-
tems. NLP technologies enable, among others, the following:

•	 Communications surveillance: Monitoring employee emails, chats, and 
call transcripts to identify inappropriate conduct, insider trading, collu-
sion, or harassment.

•	 Contract and document review: Analyzing legal agreements to iden-
tify problematic clauses, regulatory conflicts, or inconsistencies with 
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institutional policies. These advanced applications need careful training 
with the tools.

•	 Policy alignment: Comparing internal policies against regulatory 
requirements to identify gaps or contradictions.

•	 Customer complaint analysis: Examining customer feedback to detect 
potential compliance issues in products, services, or sales practices.

•	 Regulatory change management: Assessing new regulations to deter-
mine their impact on existing processes and requirements.

NLP offers powerful capabilities for compliance monitoring. However, 
successful implementation requires addressing several key considerations, 
like the following:

•	 Domain adaptation: Legal and technical terminology often requires spe-
cialized NLP models trained on domain-specific data.

•	 Explainability: Compliance systems must provide transparent explana-
tions for why specific content was flagged as problematic. The output 
should allow the analyst to understand the context of the flagging.

•	 False-positive management: Systems must balance comprehensiveness 
with precision to avoid burdening analysts and managers with irrele-
vant alerts. The threshold calibration, besides legal requirements, needs 
a clear understanding of risk tolerance.

•	 Integration: Ultimately, NLP tools must fit seamlessly into existing com-
pliance workflows and case management systems. This may involve 
skills that are outside the domain of pure data science.

Utilizing NLP to analyze textual data

The first critical step in compliance monitoring involves gathering textual 
data from various sources, including contracts, internal emails, communi-
cations, regulatory reports, and policies. Optical Character Recognition 
(OCR) technology is used for digitizing printed or handwritten texts. Once 
texts are digitized, they undergo preprocessing to enhance quality and pre-
pare for analysis. Preprocessing activities typically include various activi-
ties like the following:

•	 Tokenization: Tokenize means splitting text into smaller pieces. This 
involves breaking text into words or phrases. When we tokenize by 
words, we break a sentence into a list of words. If we tokenize by sen-
tences, we split a paragraph into individual sentences. For example, the 
sentence “Compliance monitoring is crucial” is tokenized into [‘Com-
pliance’, ‘monitoring’, ‘is’, ‘crucial’].
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•	 Stemming or lemmatization: This step reduces words to their base forms. 
For example, “complies,” “compliance,” and “complying” could all be 
reduced to “comply.”

•	 Stop-word removal: Common words that add little meaning are elimi-
nated. Examples of stopwords include “is”, “the”, “at”, and “on”. The 
sentence “Monitoring compliance is vital” could become [‘Monitoring’, 
‘compliance’, ‘vital’] after stop-word removal.

•	 Part-of-speech tagging: Words are categorized into their grammatical 
roles, like nouns, verbs, adjectives, and so on. For example, in the sen-
tence “Compliance monitoring helps institutions,” the tagging could be 
[(‘Compliance’, ‘NN’), (‘monitoring’, ‘NN’), (‘helps’, ‘VBZ’), (‘institu-
tions’, ‘NNS’)].

Leveraging ML libraries to process and  
interpret language data

NLP libraries, for example, NLTK, provide powerful tools to process, ana-
lyze, and interpret large volumes of language data. NLTK is well known 
for its extensive modules and tools for tokenization, parsing, stemming, 
and semantic reasoning. This power allows compliance teams to develop 
customized text-processing solutions.

For instance, NLTK can tokenize contractual clauses, extract critical 
terms, and identify discrepancies or anomalies against standard regulatory 
requirements. Entities are real-world things mentioned in the text. This 
would include person, organization, date, place, amount, and so on. This 
is part of a process called Named Entity Recognition (NER), which will be 
performed. We will be using this library in our code.

Another NLP library is spaCy. It excels with speed and ease of use, par-
ticularly with its built-in pre-trained models. These models are optimized 
for NER, dependency parsing, and linguistic annotation. Compliance mon-
itoring often involves analyzing substantial volumes of textual data rap-
idly. spaCy allows quick identification and tagging of compliance-critical 
entities and facilitates near real-time monitoring.

Let us now get the code (prefix 0906) from the repository and review 
the main components.

•	 Import libraries: As usual, in this section, we load the libraries we will 
use in the code. You might have noticed a few new libraries being used. 
Here is what they do. NLTK is used for text preprocessing. This involves 
tokenizing, stop-word removal, and lemmatization. Stopwords are com-
mon words like “the”, “is”, “at”, “which”, and “on”, which do not 
contribute much to the meaning of a sentence. Lemmatization means 
reducing a word to its dictionary form (root form). It uses vocabulary 
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and grammar rules to find the correct root. For example, the word “bet-
ter” is rooted in the word “good,” “cleaning” is rooted in “clean,” 
and so on. Docx is used to read and manipulate .docx files. Sequence-
Matcher calculates text similarity between policy clauses and regulatory 
requirements.

•	 Download data file (one time): This section is to be run only once. Even 
if this has been run for some other code, we do not need to run it here. 
The modules are loading tokenizer models, a common stopwords list, 
and a word database for lemmatization. Though we have stated that 
these are to be run only once, it is good practice to run this once in a 
while to have the updated version.

•	 Customize: This is the section where we provide values for customizable 
parameters. In this section, we will provide the value of the similarity 
threshold, a list of policy and regulatory clauses, and the name of the 
file to store the report. The similarity threshold measures the similar-
ity between policy and regulation. If the similarity value exceeds 0.6, 
it is considered a match. The model reviews the policy clauses, evalu-
ates them against the regulatory requirements, and comments on com-
pliance. A  list of red flags has also been provided. Red flags here are 
phrases that may indicate a compliance risk. When each policy clause is 
processed, the code checks each clause for the presence of any red flags. 
Please note the use of quotes and square brackets while providing values 
for red flags, policy, and regulatory clauses.

•	 Load model and data: In this section, we will load models and feed them 
with the policy and regulatory clauses.

•	 Prepare and run model: In this section, we will define functions to be 
used in assessing similarity and identifying red flags. We calculate a simi-
larity score (0 to 1) between two sentences using SequenceMatcher. The 
red flags are loaded at this stage.

•	 Run analysis, prepare, and save the report: This section of the code starts 
with setting up the Word document to create a report. It then moves to 
the main processing loop. Here, for each policy clause, the code displays 
and records the clause text and adds it to a Word file. The preprocess-
ing code tokenizes, removes stopwords, and lemmatizes. It then extracts 
and displays entities using NER. The processed data is subjected to red 
flag detection and is highlighted in the report if found. Similarity check 
compares policy clauses to every regulatory clause. If similarity > 0.6, it 
is considered matching; else, a review is recommended. The results from 
each procedure are stored in a specified file.

The output from the code includes a compliance report. This shows the 
original text, extracted tokens, named entities identified, and red flags 
detected. A summary of the observation is also reported.
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Automating the detection of regulatory breaches or 
policy violations

The primary benefit of NLP-powered compliance monitoring lies in its 
ability to automatically detect potential violations across massive docu-
ment collections. This automated detection is possible only if the models 
that are constructed understand both explicit and implicit regulatory con-
cerns. Key approaches include:

•	 Rule-based systems that encode specific compliance requirements.
•	 Classification models that identify high-risk content based on historical 

examples.
•	 Entity-relationship extraction that maps connections between related 

parties or events.

Effective detection systems often combine these approaches with 
domain-specific features like regulatory terminology dictionaries, prohib-
ited phrase lists, and contextual risk indicators. The automation of this 
detection process transforms compliance monitoring from a reactive, 
sample-based approach to a comprehensive, proactive system that can flag 
potential issues in near-real-time.

A major feature of NLP-driven compliance monitoring is automa-
tion. This enables organizations to rapidly detect regulatory breaches or 
policy violations. NLP-based automation driven by rules and ML models 
trained on historical data, flags anomalies or suspicious language patterns 
promptly. This proactive approach minimizes manual intervention and 
accelerates the compliance response process.

Let us look at a code (prefix 0907) that builds an automated compliance 
breach detection system using ML (Logistic Regression), rule-based check-
ing using specific red-flag phrases, and NER. The main components of the 
code are the following:

•	 Import libraries: All libraries required to run this code are imported in 
this section. Just in case you do not have one installed on your system, 
please do that before you run the code.

•	 Download NLTK resources (one time): As with the earlier section, we 
download the resources for stopwords, tokenization, and lemmatiza-
tion. If you have already run this on your system, you do not need to 
download it again. But keep updating it once in a while to take advan-
tage of the latest version.

•	 Customize: In the customization section, we specify the name for the 
output file, provide the messages labeled as non-compliant, provide a 
list of keywords that indicate violation, and the text messages that are 
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our input. The labeled messages are the primary resource for training 
the logistics regression model. Please note the syntax of the labeled mes-
sage; each message is followed by a label, 0 or 1, indicating the status of 
the violation. Of course, you would have noticed the use of quotes and 
square brackets in all cases involving the provision of text. The relevant 
part of the text with the customizable portion is italicized.

# Customize parameters
my_output_report=“0907 Compliance_Automation_Report.docx” 
# These are internal messages labeled as 1 = non- compli-
ant, 0 = compliant
my_labeled_messages = [
(“The transaction was approved by the manager after the 
cut-off time.”, 1),
(“We reported all client data transfers to the compliance 
desk.”, 0),
(“Funds were moved without notifying compliance.”, 1), 
(“Customer complaints were logged and forwarded.”, 0),  
(“Executive approval was bypassed for this urgent 
request.”, 1),
(“Quarterly audit data submitted as per guidelines.”, 0), 
(“There was no report submitted for the flagged transac-
tion.”, 1),
(“New compliance rules were implemented by the team.”, 0),
(“The request was executed even though review was pend-
ing.”, 1),
(“The report was checked and signed off.”, 0)
]
# Define a list of phrases known to indicate violations 
my_flags=[
“without notifying”, “bypassed”, “no report”, “review was 
pending”, “unreported”, “not informed”
]

my_text_messages=[
“Transaction was completed without notifying the compli-
ance team.”,
“Audit report submitted to the risk committee.”,
“The review was pending, but funds were already moved.”, 
“Customer concerns were documented and handled.”, “Policy 
update approved by Director Smith on April 3rd.”
]

•	 Load models and preprocess data: In this section, we prepare the text 
for being used by the model. The labeled messages are separated into 
texts and corresponding labels for ML.
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•	 Preprocess function: A text cleaning function is being defined for use in the 
next section. The function tokenizes, converts to lowercase, removes stop-
words, and lemmatizes. The function is used on texts provided as needed.

•	 Train a logistics regression model: This is one of the key steps where we 
train the logistics regression model. The model uses the labels (1,0) as 
the target variable and the corresponding text as the input values. You 
might have noticed that the texts are vectorized. Vectorization means 
converting text into numbers since ML models cannot understand text 
directly. Logistic regression needs numeric input, like arrays of numbers. 
The conversion method used here is TF-IDF vectorization. TF stands for 
Term Frequency, signifying how often a word appears in a document. 
IDF stands for Inverse Document Frequency, measuring how unique 
that word is across all documents. It gives higher weight to words that 
occur frequently in the document but rarely across all documents. So 
common words end up getting a low score.

•	 Define detection rules: In this section, we load the defined flags. A func-
tion is defined to process an input text to identify the presence of the flags.

•	 Entity extraction: Code in this small section extracts entities using the 
values loaded earlier.

•	 Analyze, write, and save the report: The final section of the code starts by 
creating a document to store the findings of the analysis. All input mes-
sages are read and preprocessed. They are converted to TF-IDF vectors, 
and prediction is made as to their likely compliance and non-compliance 
using the trained logistic regression model. This value is then converted 
into a probability. The messages are also flagged for the presence of 
red-flag phrases and analyzed for entity extraction. The report is then 
saved as a specified file.

The output of the code is displayed on the screen as well as saved in a file. 
The report file contains the message text, ML prediction and confidence, 
rule-based alerts, and named entities. The computed probability is reported 
as confidence.

Supporting compliance officers in monitoring  
and reporting

The usefulness of even the most sophisticated NLP model depends on how 
well the insights are effectively communicated to compliance officers for 
appropriate action. These systems can generate alerts, compile detailed 
reports, and maintain comprehensive documentation. All these will signifi-
cantly simplify monitoring and reporting tasks. A well-designed compli-
ance monitoring system would prioritize the human–computer interface. It 
would ideally provide dashboards highlighting potential violations, explain-
ing detection rationale, and supporting efficient workflow management. 
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Contextual reference will permit compliance officers to quickly evaluate 
potential issues while minimizing false positives that waste valuable time.

The reporting capabilities should support both operational needs and 
regulatory requirements. Operational needs will include case management 
and investigation tracking. Regulatory needs would include documenta-
tion of monitoring activities, audit trails of decisions, and evidence of com-
prehensive compliance coverage.

Let us consider a scenario where the system has flagged specific mes-
sages, providing details such as their source, the prediction made by the 
ML tool, the associated confidence score, and whether a predefined rule 
was triggered during the flagging process. Based on this information, the 
system should prescribe the next course of action. Let us look at the main 
components of the code (prefix 0908):

•	 Import libraries: As usual, in this section, we have loaded the necessary 
libraries.

•	 Download NLTK data (one time): We need to download this data only 
once in an environment. We have discussed their usage in earlier sec-
tions. Just to remind you, if you are running it for the first time, please 
remove the # sign ahead of the code and run it. It is a good idea to run 
these codes periodically to get the latest update.

•	 Customize: In this section, we will provide the values for the customiz-
able parameters. We will specify the file names to save the report and 
the plots. The critical components of the customization are the list of 
messages flagged by the system as non-compliance, the source of the 
message like email, or office notes, the predicted state of the message 
(1,0), the confidence scores which were the basis of the prediction, 
and finally whether the rule-based logic was triggered. The trigger is 
dependent on the confidence scores. The relevant part of the code with 
the customizable parts is italicized. Note the use of square brackets 
and double quotes in case of text values. Also, confirm that you have 
provided the same number of values for every parameter. If you have 
provided ten messages, you should also provide metadata for all ten 
of them.

# Customize parameters
my_case_report=“0908 Compliance_Case_Report.docx”  
my_csv_report=“0908 Compliance_Case_Report.csv”  
my_risk_level_plot=“0908 risk_level_distribution.png” 
my_message_source_plot=“0908 source_distribution.png” 
my_entity_plot=“0908 entity_frequency_chart.png”

my_flagged_messages=[
“Transaction was processed without notifying the compli-
ance officer.”,
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“Audit report was completed and emailed to the external 
auditor.”,
“The request was executed while the internal review was 
still pending.”,
“Policy update was approved by Director John Smith on 
March 5th.”,
“Customer complaint was not logged due to verbal 
communication.”,
“All cash deposits above threshold were reported as 
required.”,
“Account access was granted to an unauthorized third 
party.”,
“Client data backup was delayed without proper 
documentation.”,
“Risk control policy was acknowledged and filed.”, “Funds 
were transferred after hours with no approval.”
]

# Metadata for each message
sources = [“Email”, “Chat”, “Log”, “Memo”, “Email”,
“Log”, “Chat”, “Email”, “Log”, “Chat”]
ml_predictions = [1, 0, 1, 0, 1, 0, 1, 1, 0, 1]
ml_confidences = [0.92, 0.15, 0.87, 0.20, 0.90, 0.05,
0.95, 0.89, 0.08, 0.93]
rule_triggers = [True, False, True, False, True, False, 
True, True, False, True]

•	 Load model and data: In this section, we are loading the flagged mes-
sages. We have also generated an arbitrary timestamp. This is not neces-
sary to understand the functionality, but is often useful for a document 
trail. Consider a system where numerous messages are generated every 
minute. In such cases, the timestamp comes in handy for easy recall and 
identification. We used this timestamp later during report generation. In 
real life, the time stamp is likely to be available with the message.

•	 Helper function: This section creates functions for various purposes. 
The preprocess function cleans and lemmatizes text for ML processing. 
The extraction function extracts named entities like names, dates, and 
organizations. The risk assignment section combines rule-based and ML 
flags to assign one of four risk levels: high, medium, low, and none. 
The “recommend” section returns actions like “Immediate Review” or 
“Archive” based on the risk. The last function simulates the status of 
whether a case is pending, escalated, reviewed, or closed. This part is 
loosely rule-based; higher-risk cases are still in process or under scrutiny 
and are marked “pending” or “escalated.” Lower-risk cases are consid-
ered handled and marked “reviewed” or “closed.”
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•	 Analyze and generate reports: The code loops through each flagged mes-
sage, and for each message, it does the following. It also displays a sum-
mary report for each case on-screen.

○	 Extracts metadata and timestamp,
○	 Assigns risk and recommends action,
○	 Extracts named entities,
○	 Tracks counts for summary plots (risk levels, sources, entities), and
○	 Writes details into a Word document and prepares rows for export to 

a CSV file.

•	 Generate and save reports and visualizations: This section of the code 
saves the Word document and CSV file. It also plots risk levels (High, 
Medium, Low, None), source types (email, Chat, Log), and the five most 
mentioned named entities.

The output primarily generates the plots and displays the report. It plots 
several cases by risk levels as a bar chart and by sources as a pie chart. It 
also gives a bar chart for the top-named entities.

Words like “March” may be flagged as entities because, in NER systems 
such as NLTK, they often match patterns linked to dates or time expres-
sions. Pre-trained models are built on large text corpora where “March” 
commonly appears as a month, leading the system to classify it as a DATE 
entity.

To summarize, this code is designed to use the output from an ML tool 
that flags text messages as non-compliant. We have seen examples of these 
in the earlier section. These messages are now being processed for fur-
ther action. This is done using rule-based logic and a standard library of 
keywords.

Key takeaways

The chapter emphasizes the need for an integrated approach where risk 
awareness permeates all organizational levels and functions. AI and ML 
models have enhanced capabilities in assessing credit, market, operational, 
and fraud-related risks. We also saw the use of ML in probability of default 
computation, default detection, anomaly detection, and applied NLP tools 
to aid compliances.

To maximize benefits from all these models, they need to be clearly 
defined, validated, understood, and regularly updated to remain effective. 
The risk of misusing models, model risk, highlighted the importance of 
robust governance, transparency, and user training. Moreover, successful 
model integration requires contextual interpretation, appropriate decision 
thresholds, and alignment with organizational workflows.
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Chapter 10

Conclusion

As we wrap up, this chapter looks ahead to what is next. By now, you already 
know AI and ML’s potential in improving financial decision-making. In this 
chapter, you will know the future we can hope to look forward to. You 
will also find guidance on how to build a data-driven culture that supports 
these tools in your business. Whether you are just getting started or ready 
to go further, this chapter encourages you to embrace innovation, stay curi-
ous, and lead the way in shaping the future of finance.

The future of AI/ML in financial decision-making

We have been exploring the use of AI and ML applications for finan-
cial decision-making. We stand at an evolutionary point in the finance 
profession. This department, which had predominantly depended on 
professionals to make inferences based on data provided by the comput-
ing system, is now looking forward to inferences made by the system. 
Throughout this book, we have demonstrated how Lo-code ML tools are 
transforming traditional financial decision-making processes. This has 
been achieved by making sophisticated data science tools accessible to 
finance professionals without programming backgrounds. Though this 
makes decision-making more scientific, it also challenges the finance pro-
fessional to remain relevant.

The accessibility to AI/ML tools that we have witnessed so far is just 
the beginning. The convergence of financial expertise with data science 
capabilities will reshape the landscape of decision-making by creating more 
application-specific tools. Reliance on historical data and intuition will be 
replaced with predictive algorithms, NLP, and automated optimization 
techniques. All these will lead to even more informed, forward-looking deci-
sions. Most importantly, it will remove subjectivity from decision-making.

Where would this go from here? Though it is impossible to predict the 
future of technology because of the rate at which it is changing, let us at 
least be aware of emerging trends. These trends are likely to define the next 
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wave of innovation in financial decision-making. Technologies like genera-
tive AI (GenAI), automated machine learning (AutoML), and embedded 
analytics are poised to further transform the finance function. However, 
there will be a broader implication of these technological advances for 
organizations. There will be changes in skill requirements for finance pro-
fessionals and a potential conflict between human judgment and algorith-
mic recommendations.

The real difficulty may not come from the technology front alone. We 
need to consider the challenges and responsibilities that come with the use 
of increasingly powerful analytical tools. Do we use technology to replace 
human decision-makers or to create new decision-making models using 
advanced computational capabilities?

Let us reminisce about the journey we have made so far, try to peek into 
the future, and consider how we can leverage the same.

The journey so far

Throughout this book, we have explored how Lo-code AI/ML tools are 
revolutionizing financial decision-making across numerous domains. We 
saw how powerful time series capabilities can transform our approach 
to financial forecasting. We reviewed clustering algorithms, reveal-
ing hidden patterns in customer behavior. These usages demonstrated 
that sophisticated data science tools have now become friendly enough 
to be used by professionals other than data scientists. The journey from 
spreadsheet-based analysis to implementing Monte Carlo simulations for 
investment appraisal represents a phenomenal shift in how financial pro-
fessionals approach uncertainty and risk.

We have discussed the integration of ML into ABC and resource opti-
mization. This enables a level of cost precision and operational efficiency 
previously unattainable with traditional methods. Similarly, our explora-
tion of sentiment analysis showed how unstructured data from news and 
social media can now directly influence strategic financial decisions. This 
helps us bridge the gap between market perceptions and financial planning. 
These usages put to rest the notion that data analytics require advanced 
coding skills or specialized computing infrastructure. This is not to deny 
that advanced analytics is resource-hungry. At the same time, a large num-
ber of financial decisions can be made using ML tools on standard IT 
infrastructure.

Cases from fraud detection techniques and compliance monitoring sys-
tems demonstrated how AI can simultaneously enhance both operational 
efficiency and risk management. Traditionally, these two were considered 
competing priorities. This has been made possible by the ability to process 
vast quantities of transaction data to identify anomalies. The ability to scan 
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and check documents for compliance issues using NLP enables financial 
professionals to uphold organizational values.

These tools have transformed the finance professional’s role from a reac-
tive reporter to a strategic adviser.

The journey ahead

The advantage of looking into the future is that you are correct until you 
get there! Beyond the tools we have explored, a new wave of emerging 
technologies can potentially transform financial decision-making processes. 
GenAI systems are rapidly evolving beyond simple language processing to 
solve financial problems. It will be able to create sophisticated financial 
narratives, automate financial reporting, and even generate alternative sce-
narios for strategic planning. These systems can now synthesize insights 
from vast document repositories and extract patterns from unstructured 
financial data. It can then communicate complex financial concepts in 
accessible language.

GenAI has made rapid strides in producing financial narratives, drafting 
reports, and summarizing regulatory content. These tools are increasingly 
being embedded in business intelligence platforms and ERP systems. It has 
also achieved a reasonable level of maturity, making it a good technology 
candidate for adoption.

Edge computing and real-time analytics platforms are bringing com-
putational power directly to data sources. Edge computing processes 
data locally, at the “edge” of the network. This will enable instantane-
ous financial analysis at the point of transaction. This has a high rate of 
adoption in the manufacturing and logistics industry as compared to the 
finance industry, where there is selective adoption. Treasury functions are 
being reimagined with systems that continuously optimize cash positions 
using real-time market conditions. You can imagine the improvement in 
decision-making compared to when the optimization was done in peri-
odic reporting cycles.

Quantum computing, though still in its early stages, promises to revo-
lutionize optimization problems by offering tremendous computational 
power. They will have tremendous applications in portfolio management, 
risk assessment, and algorithmic trading. However, this is still at a research 
level and its potential is more conceptual than demonstrable. We have pur-
posely not spoken about the computational power of quantum computing, 
fearing that the data may become outdated by the time this book hits the 
press. We always remind ourselves of the computing power of the Apollo 
Guidance Computer (AGC) onboard the Apollo spacecraft. AGC was 
designed specifically for spaceflight and was crucial for navigation, guid-
ance, and control of the spacecraft. The AGC had 4KB of RAM, 72KB of 
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ROM, and a processor speed of about 1 MHz. Mind checking the power 
of your smartphone! The future can surprise all except the imaginative. We 
leave you to imagine what quantum computing can do.

AutoML platforms would make access to sophisticated analytics even 
easier. These systems automate the entire ML workflow, starting from 
data preparation and feature selection to model training, validation, and 
deployment. This will allow finance professionals to create custom predic-
tive models with minimal technical expertise. The integration of embedded 
analytics into everyday financial systems would make advanced predictions 
and insights available within the existing applications.

Shaping the future of financial decision-making

The convergence of these technological trends will reshape the very founda-
tion of the financial decision-making process. We will see a truly continu-
ous planning and forecasting cycle. This will potentially replace traditional 
periodic budgeting with dynamic, AI-driven models that constantly adjust 
to changing conditions. The concept and methodology of variance analysis 
will have to be changed. Financial plans will evolve from static documents 
to living systems that automatically recalibrate as new data becomes avail-
able. This will allow financial decision-makers to respond to opportuni-
ties and threats with unprecedented agility, and most likely, with greater 
appropriateness.

The role of financial professionals will undergo significant transforma-
tion. They will shift from data gathering and processing toward generat-
ing insights and providing strategic guidance. AI systems will increasingly 
handle routine analytical tasks.

Financial decision-makers can then focus more on asking the right ques-
tions and interpreting model outputs in a business context. They will use their 
domain expertise to translate analytical insights into strategic action. This 
evolution will require a hybrid skill set combining financial expertise with 
data science literacy. The financial experts will be expected to be comfort-
able with algorithmic thinking and be able to explain complex model-driven 
recommendations to non-technical stakeholders. Since you are reading the 
last chapter, we do not doubt that you are ready with these skills.

The most exciting possibility is the emergence of augmented 
decision-making frameworks. Here, human judgment and machine intel-
ligence will work in complementary ways. The systems will bring in algo-
rithms with great computational power and pattern recognition ability. 
Human expertise will be used for contextual understanding, ethical con-
siderations, and creative problem-solving. Organizations need to balance 
algorithmic efficiency with human wisdom and create governance struc-
tures to maximize the strengths of both. Financial decision-making will not 
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be about choosing between human or machine approaches; it will be about 
designing integrated systems to enhance the combined capabilities.

Building a data-driven culture

In the face of the continuously evolving technical capability of AI/ML, a 
question arises. Is technology alone sufficient to drive transformation in the 
way financial decisions are taken? The advanced algorithms and Lo-code 
tools will yield limited value unless complemented by contextual interpre-
tation and the right organizational culture. Building a data-driven culture 
remains a formidable challenge and a crucial element in the journey toward 
AI-enhanced financial decision-making.

Investment in AI/ML technologies and data infrastructure alone is likely 
to result in low adoption rates and limited impact. The key factor that 
is likely to make a difference is often cultural. This represents the collec-
tive mindsets, behaviors, and values that define the approach to decisions. 
Finance professionals may adopt or resist data analytics. The implementa-
tion of technology is arguably straightforward compared to the task of 
cultural transformation.

Let us explore strategies for fostering an organizational culture that is 
open to data-driven financial decision-making. We need to overcome com-
mon resistance points and develop data literacy across finance teams. The 
work does not end here. We will have to create governance frameworks 
that balance innovation with appropriate oversight. What we are discuss-
ing here is to be understood in the context of the technical knowledge 
presented throughout the book. It addresses the human elements that ulti-
mately determine whether AI/ML tools will transform financial practice or 
merely add technical complexity.

The journey toward a data-driven culture is not one where financial 
decision-makers will walk alone. It requires thoughtful leadership, patience, 
and recognition that change does not happen overnight. While guiding their 
organizations through digital transformation, financial decision-makers 
will need to maintain a delicate balance between the excitement of tech-
nological possibilities and concern for the workflows affected by these 
changes. This balance will define the road to success. Let us explore how to 
navigate this challenging yet rewarding transition.

Importance of organizational culture in leveraging  
AI/ML tools

The technological infrastructure for AI/ML implementation is only what 
meets our eye. This financial transformation would stand on the complex 
foundation of organizational culture. The simplest of the Lo-code tools we 
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have explored in this book will also falter without a supportive cultural 
environment. Cultural barriers, not technical limitations, are the primary 
threat to the successful implementation of AI initiatives. If finance teams 
find comfort in legacy processes or view data-driven approaches with skep-
ticism, even well-designed algorithms will remain underutilized.

Cultural transformation does not mean approving technology invest-
ment. It begins with leadership commitment to actively encourage 
data-driven decision-making. By grounding their decision in advanced 
analytical insights, finance leadership can set the tone from the top. They 
need to demonstrate that evidence-based decision-making is valued more 
than intuitive ones. Senior leaders need to champion the data-driven mind-
set, celebrate every success, and accommodate the gradually rising learning 
curve. At the same time, the leadership must acknowledge and provide for 
setbacks, as not all initiatives may succeed. The reasons may range from 
lack of employee support to ineffective models.

The transition to a data-driven culture also requires the finance function 
to shift its identity from being reactive record-keepers to forward-looking 
strategic advisers. This evolution can be threatening to professionals who 
have built careers on traditional financial expertise. They need to be con-
vinced of how AI/ML tools enhance rather than replace human judgment. 
It must be understood that the benefits of technology are amplified by 
human expertise, which has so far not been replicated by systems.

Fostering data literacy among accounting professionals

Data literacy involves the ability to read, understand, work with, analyze, 
and communicate with data. This is the fundamental building block of 
a data-driven financial culture. The challenge is profound, as traditional 
finance education has emphasized compliance over data-driven thinking 
and data science. We must systematically develop data literacy through 
structured learning pathways starting with basic concepts and progressing 
toward sophisticated analytical skills. These pathways should be set within 
financial contexts. As we have stated at the beginning of the book, the 
aim is not to make financial professionals data scientists. The aim is to get 
data support and analytics for decisions in the fields of budgeting, costing, 
investment analysis, and others.

Peer learning networks have been particularly effective in developing 
data literacy among finance professionals. Team members are encouraged 
when their colleagues successfully apply Lo-code ML tools to solve real 
business problems. We need to create formal mechanisms for knowledge 
sharing. One of the popular ways is to host an “analytics spotlight” where 
finance team members demonstrate practical applications of tools. You will 
find a host of them discussed in this book. These showcases make use of 
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data science in everyday financial work as a normal phenomenon while 
building a repository of internal use cases that others can adapt.

Immersive learning through applied projects accelerates data literacy 
more than theoretical training alone. We need to identify low-risk oppor-
tunities for finance professionals to apply AI/ML tools to actual business 
challenges. These efforts should be supplemented by coaching and tech-
nical support throughout the process. These projects should start small 
before expanding into more complex applications. One may start with 
simple forecasting and gradually reach the stage of default prediction. The 
hands-on knowledge gained through these projects will build both techni-
cal competence and confidence. A positive feedback loop will further drive 
exploration and learning.

Change management techniques for technology adoption

Technology transition has both rational and emotional aspects. Recogni-
tion of both in the formal change management framework is necessary for 
the successful adoption of AI/ML. A popular change management model 
is the ADKAR model. This model combines the main pillars of change 
management. These are awareness, desire, knowledge, ability, and rein-
forcement. It provides a useful structure for guiding finance teams on this 
journey. We should begin by creating awareness of the specific pain points 
that AI/ML tools can address. These could be forecasting accuracy, vari-
ance analysis efficiency, risk detection capabilities, simulation, and others. 
This will focus on the “why,” creating a stage for introducing the “how” 
of new technologies and approaches.

Resistance to data-driven approaches is likely to arise from legitimate 
concerns about job security, skill relevance, and decision authority. These 
need to be addressed and not dismissed as irrelevant. Effective change man-
agement would address them directly through transparent communication 
about how roles will evolve. It is imperative to recognize that we will need 
new skill sets, and at the same time, some of the old skill sets will become 
redundant. The acquisition of hybrid financial-analytical skills should be 
rewarded while providing opportunities to acquire the same. Data science 
should be positioned as a skill that enhances career prospects. Involving 
finance professionals in tool selection and implementation design will build 
ownership and reduce resistance to change.

New technology adoption should not be limited to critical issues alone, 
as that would make it seem restrictive. Sustainable adoption will require 
mainstream applications extending to everyday workflows and perfor-
mance expectations. We may need to revise standard operating procedures 
to incorporate data-driven methods. Outputs from AI/ML systems should 
be integrated into regular management reporting.
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Performance metrics may be changed to recognize the adoption of an 
analytical approach. Another important component of the change manage-
ment process will be training. Training should focus beyond the technical 
functionality of the tool. It should include contextual judgment of when 
to apply which analytical technique and how to interpret results. It is easy 
to prove the technical competence of the tool; it is necessary to embed it 
within career progression.

Next steps for practitioners

We have seen some exciting tools and discussed adoption challenges. The 
question follows: “Where do we go from here?” What we have discussed 
in this book represents a starting point rather than a destination. This 
is a foundation upon which we can continue our journey by exploring 
the greater potential of these tools. Given the pace at which AI in finance 
continues to evolve, it is difficult to set a destination. As technology will 
bring new capabilities, we will shape best practices to adopt them. Imple-
menting the tools that you have been introduced to requires both your 
conviction and a thoughtful strategy for organizational adoption. Your 
knowledge of finance holds the key to realizing the immense potential of 
these technologies.

In this final section, we will talk about continuing our learning journey 
beyond these pages. We will search for ways to implement AI/ML tools in 
ways that create lasting value for our organization. Our goal is to devise a 
roadmap that connects our existing knowledge of finance, the conceptual 
understanding acquired by reading this book, and the real-world impact 
we aspire to create. This may be broken into the following four steps, dis-
cussed later in this section.

•	 Identify low-risk use cases
•	 Form cross-functional teams
•	 Pilot projects and evaluate impact
•	 Refine and scale

All these will lead us to be at the forefront of a transformation that is rede-
fining the finance profession.

Implementing the tools and techniques learned

It is often tempting to implement AI/ML tools across the complete spectrum 
of financial decision-making. However, following a strategic incremental 
approach is likely to lead to better absorption in the organization. We can 
start by identifying specific “pain points” where data-driven approaches 



330  AI in Financial Decision Making

could create immediate value. We need to carefully select issues that require 
the use of a simple tool. These targeted applications will provide quick 
wins to build acceptance and learning opportunities with low-risk expo-
sures. For example, instead of applying ML tools to the entire budgeting 
process, we can start by applying ML tools to a single revenue stream with 
sufficient historical data and clear seasonal patterns.

One mistake to avoid is recognizing the importance of cross-functional 
collaboration beyond the finance department in creating a data-driven 
decision culture. It is important to create small, diverse teams that combine 
financial domain expertise with technical knowledge. The team members 
may be drawn from in-house data scientists or analytically minded finance 
professionals. You, having developed skills with the Lo-code tools dis-
cussed in this book, are a good candidate for such a team. The team should 
be able to address concerns of IT, business, and executive leadership. The 
IT department will look after infrastructure and security considerations, 
business units will provide operational context, and executive leadership 
will ensure strategic alignment. Insightful input from these perspectives 
will help in anticipating challenges and ensuring that AI solutions will solve 
critical business problems.

Much as it is important to implement data-driven solutions to business 
problems, it is equally important to develop evaluation frameworks. The 
impact of AI/ML implementations must be measured against clearly estab-
lished baseline metrics. We need to document current performance levels for 
various processes, which would include forecasting accuracy, time spent on 
analysis, error rates, precision, and allied. We need to track these metrics 
as we implement new tools to quantify improvements and decide on fur-
ther investment. This evidence-based approach will establish accountability 
and build organizational support by demonstrating tangible value. A note of 
caution here. No modes can guarantee precise forecasts; they merely reduce 
uncertainties around them. On top of it, initial models rarely perform sat-
isfactorily, let alone perfectly. While establishing benchmarks, we need to 
include elbow room for improvement cycles to refine approaches based on 
performance feedback and the changing business environment.

Another important aspect of designing the implementation strategy is 
to encourage innovation. The technology supporting data-driven finan-
cial decision-making will continue evolving rapidly. This will not only 
lead to the emergence of improved tools but can also create space for new 
decision-making approaches. It would pay to establish formal mechanisms 
for ongoing exploration. These may include periodic “innovation har-
vesting,” where the team will experiment with new tools or new areas of 
application. These structured innovation opportunities will make use of 
analytical tools dynamically and will continually expand decision-making 
capabilities.



Conclusion  331

Further learning and professional development

We have maintained throughout the book that our objective is not to 
make a finance professional a coding expert. However, we do want the 
finance professional to be comfortable with the available tools and tech-
niques to arrive at better financial decisions. This process is continuous. 
We have admitted in the first chapter that the used libraries keep on evolv-
ing, including new libraries replacing old ones. This may require the code 
to be updated. The foundational knowledge provided in this book can be 
useful in adapting to most of the changes. You are aware of the resources 
available for finance professionals to enhance their finance skills. Similarly, 
there are resources available in the public domain to remain updated about 
the developments in technology. You can get financial datasets to apply 
techniques from this book and perfect your application skills. Whenever in 
doubt, consult the original documentation sites for the tools we have used. 
You may even find examples of financial applications in the documenta-
tion. Open-source learning communities provide valuable resources for 
ongoing skill development. These communities are particularly valuable 
for staying current with emerging best practices as the field rapidly evolves.

You may benefit from creating personalized learning pathways by 
focusing on a specific tool within a business context. Identify key tools or 
techniques that are relevant to your role and explore them in-depth. For 
example, if you work in management accounting, you might focus on mas-
tering regression models for cost driver analysis. If you are an investment 
planner, you may focus on Monte Carlo simulations for risk assessment. 
You may gain from case studies of successful AI implementations in finance 
that can inspire your applications.

Between the time we started authoring this book and the time we have 
reached this page, much has changed in the AI landscape. These improve-
ments have made our conviction of being able to use Lo-code tools even 
stronger. GenAI tools have shown tremendous improvement in the field of 
coding. We have used those tools to validate and even modify some of the 
code we have used in the book and have found them useful. We encour-
age you to consider using them while experimenting with new applica-
tions or when the libraries we have used are replaced with better ones. Be 
clear about what you want while prompting the GenAI tools. This includes 
defining the business problem, the nature of input data, and any specific 
tools you want to use. You can ask GenAI tools to modify the code to use 
a new library, replacing the one being used. Wherever possible, explain 
to the engine the computational steps involved. Once the output comes, 
verify the same outside the code. Do remember to specify to the GenAI 
tool what you need from the code and not the numeric or textual answer 
to the problem. In case of high-risk applications, have your IT team vouch 
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for and modify the code. Also note that your organization may have some 
coding protocols and predefined structures, particularly about security and 
regulatory compliance. Include them in your prompt to the GenAI but have 
them verified by your IT team. In short, use the technologies available, but 
be wary of their limitations.

Continuous learning, innovation, and adaptation

A word of caution before we end. Please maintain perspective on the ulti-
mate purpose of these technological advances. The book is focused on 
enhancing human decision-making rather than on replacing it. Migrate to 
a tool only when it improves financial decisions and creates organizational 
value. Do not succumb to the technical charm of a tool unless the one you 
are using is inefficient or outdated. There must be a balance between auto-
mating routine tasks and strengthening strategic decision-making.

Let us put this across for one last time. We have approached AI as a 
complement to financial expertise rather than a substitute for it. Navigate 
this evolving landscape with both innovation and wisdom. Adapt to the 
advancement of new technology, but do not lose sight of the fundamen-
tal purpose of financial decision-making: create sustainable organizational 
value.

We welcome you to the world of data-driven financial decision-makers.
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