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INTRODUCTION

At the time of this writing, I’ve been in the technology field for 28 years and have been doing ana-

lytics for the last 14. Over my career, I’ve seen many hype cycles come and go (e.g., “Big Data”). I 

mention this only to emphasize how profoundly I was impacted by what I saw in May of 2023 – an 

early version of Python in Excel.

As an analytics consultant and educator, I was blown away by Microsoft’s vision for Excel. There was 

only one reason why Microsoft would spend so much time and effort into building Python in Excel: 

Microsoft sees Excel becoming the world’s most used do-it-yourself (DIY) data science platform.

Doing data science with Excel is not new. Using Solver, you can implement advanced analytics like 

market basket analysis, logistic regression, simulations, and so on.

However, using Excel in this way often requires setting up complex worksheet templates that are 

error prone. If this wasn’t a big enough hurdle, many of the most powerful analytics techniques (e.g., 

cluster analysis) cannot be implemented using Solver.

Enter Python in Excel.

As you will learn in this book, Python is not only foundational for Microsoft’s vision of Excel as a 

data science platform, but knowledge of Python is also required to make the most of Microsoft’s 

Copilot artificial intelligence (AI) technology.

Microsoft Excel has always been, first and foremost, a tool for analyzing data. For professionals 

wanting to have more impact at work using data, Python is the jewel in Excel’s analytics crown.

WHO SHOULD READ THIS BOOK

While this book has the word “Python” in the title, the intended audience is not software engineers 

or data scientists. Microsoft’s vision for Excel is clear – empowering any professional to perform 

self-service advanced analytics.

Or what I call “DIY data science.”

This book is designed for any professional wanting to build the skills required to be successful with 

Excel in the age of AI. Examples include (but are certainly not limited to):

 ➤ A marketing manager who wants to build a lead-scoring model.

 ➤ A product manager who wants to perform a user segmentation analysis to create data-driven 

personas.

 ➤ A financial analyst who wants to create more accurate forecasts using machine learning.
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The list goes on and on.

The first step in making any of this possible is learning Python. Over the years, Python has become 

the lingua franca of analytics, and Python in Excel makes all this available to millions of professionals 

worldwide.

I have successfully taught more than 1000 professionals Python. These professionals come from all 

manner of roles and backgrounds. This book embodies all the lessons I’ve learned over the years.

This book is structured with each chapter building on what you learn in prior chapters. Wherever 

possible, I first discuss a concept in Excel and then map it to Python. I’ve found this makes Python far 

easier to learn than you might think.

WHAT DOES THIS BOOK COVER?

Chapter 1: Introducing Python in Excel This chapter covers the what and why of Python in Excel. A 

common question from Excel users is, “Why would I need Python?” This chapter discusses the goals 

Microsoft has for integrating Python into Excel, including Python’s importance for the AI-powered 

future of Excel. This chapter also covers how Python in Excel works as a cloud-based Excel feature, 

including security and scalability.

Chapter 2: Data Types As an Excel user, you know that making sure your data has the correct cell 

format (e.g., dates and currency) is critical for successful data analyses. It’s the same with Python. 

This chapter covers the Python equivalent of Excel cell formats – data types.

Chapter 3: Data Structures Microsoft Excel can store data in multiple ways. For example, as work-

sheets, cells, and tables. Intuitively, you can think of these as different types of containers for stor-

ing data that you use in your data analyses. This chapter discusses the Python equivalent, which are 

known as data structures.

Chapter 4: Control Flow and Loops When you write formulas in Microsoft Excel, you often want 

some action to be taken only if a certain condition is true (e.g., Excel’s IF() and SUMIF() functions). 

This chapter covers the equivalent capabilities in Python, known as control flow and loops.

Chapter 5: Functions Using functions is the stock in trade of the Microsoft Excel user. Common 

examples include IF(), SUM(), and AVERAGE(). Functions are so useful that Excel now supports cre-

ating custom functions via LAMBDA(). Not surprisingly, writing your own custom functions is quite 

useful in Python, and this chapter teaches you how.

Chapter 6: Data Table Fundamentals Tables are everywhere in Microsoft Excel (e.g., PivotTables). 

Almost every real-world data analysis technique requires your data to be structured in a table. This 

chapter introduces you to working with data tables using Python.

Chapter 7: Working with Columns While data tables are the fundamental structure for data analy-

sis, you typically spend a lot of time working with individual columns. For example, when cleaning a 

column’s data before analyzing it. This chapter covers working with columns of data using Python.
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Chapter 8: Working with Data Tables This chapter introduces you to a hypothetical data-analysis 

scenario to provide context for working with entire tables of data. You will learn foundational skills 

of how to change, filter, and combine data tables using Python.

Chapter 9: Data Visualization Microsoft Excel provides a wealth of features for visualizing data. 

Examples include bar charts, line charts, and histograms. However, Excel’s visualizations were not 

designed for in-depth analysis of data. In this chapter, you learn how to use Python to craft visuali-

zations that allow you to drill into your data to produce powerful insights in ways not possible with 

out-of-the-box Excel charts.

Chapter 10: Your DIY Data Science Roadmap Python in Excel is the foundation for Microsoft’s 

strategy of making Excel a one-stop platform for DIY data science. This chapter provides you with 

a roadmap to build the skills needed for Excel’s future, including partnering with the Copilot AI in 

Excel for advanced analytics.

TOOLS YOU NEED

Python in Excel is included as part of Microsoft 365 subscriptions at no additional charge. Microsoft 

also offers a Python in Excel add-on for an additional charge. The Python in Excel add-on offers 

some additional features:

 ➤ Access to faster computing resources beyond what is included with your Microsoft 365 

subscription.

 ➤ More fine-grained control over how your Python in Excel code runs (i.e., “calculated”).

The Python in Excel add-on is not required for this book, and I suggest not paying for the add-on 

until you know the additional features are worth it.

As you work through the book chapters, you may notice the warning shown in Figure 1. If you 

encounter this warning, you can safely ignore it.

One last thing I should mention. If you’re using a work computer while reading this book, please 

contact your IT department to get access.

The following link to Microsoft’s website provides information on how to get access to Python in 

Excel:

 ➤ https://support.microsoft.com/en-us/office/python-in-excel-availability- 

781383e6-86b9-4156-84fb-93e786f7cab0

FIGURE 1:   Python in Excel Warning. 
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WHAT’S ON THE WEBSITE?

From the book’s website (www.wiley.com\go\Langer\piesbs1e), you can download the Excel 

workbook (PythonInExcelStepByStep.xlsx) you will need starting with Chapter 6. This work-

book contains data from a hypothetical company named AdventureWorks.

The workbook includes a sample Power Query connection that sources data from a table in the 

workbook. When you first open the workbook, you will see the warning shown in Figure 2.

This Power Query connection is used in the book to demonstrate sourcing data from Power Query. 

To ensure the Python code will work, click Enable Content.

You can also download all the Python code from the book’s website by selecting 

PythonInExcelStepByStepComplete.xlsx. However, I strongly encourage you to write  

all the code yourself, because you learn Python by writing Python.

FIGURE 2:   Power Query Warning. 
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Introducing Python in Excel  

    This chapter covers the what and why of Python in Excel. After completing it, you will under-

stand where Python fits within the Microsoft Excel ecosystem.  

  1.1    INTRODUCING PYTHON IN EXCEL 

 Microsoft Excel has always been the gateway to data analytics. This is no accident. Over the 

years, Microsoft has invested tremendously to make Excel the default data tool for hundreds of 

millions of professionals worldwide. No other data technology can make this claim. 

 Over the decades, Microsoft Excel has evolved with more and more features for data analysis. 

Excel’s analytics capabilities go far beyond built-in functions and pivot tables: 

      ➤   Power Query for data ingestion, cleaning, and transformation.  

     ➤   Power Pivot for analyzing millions of rows of data.  

     ➤   Analysis ToolPak for statistical analysis.  

     ➤   Solver for advanced analytics and optimization.   

 As powerful as Excel is, Microsoft continues to invest. Excel is evolving again to empower 

millions of professionals with data science and artificial intelligence (AI). 

 Microsoft’s Copilot AI is integrated with Excel. Using Copilot, professionals can use natural 

language prompts to visualize and analyze data. Gone are the days when you had to search the 

internet for the right Excel function or the steps to achieve a particular outcome. Now, you just 

ask Copilot. 

 But Microsoft isn’t stopping there. The goal is to make Microsoft Excel the world’s most acces-

sible and productive platform for AI-powered data science. 

 Enter Python in Excel (PiE). 

        1 
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The Python programming language is the de facto standard for data science. Python’s extensive collec-

tion of libraries provides every data science technique commonly used in real-world business analytics.

Microsoft understands the importance of having PiE skills to make the most of technologies like 

Copilot in Excel. That’s why PiE is bundled into Microsoft 365 Enterprise, Business, Family, and 

Personal subscriptions Microsoft will release Python in Excel for more than Windows by the time of 

publication at no additional cost.

This book gives you the foundational skills with PiE you need to make the most of this 

game-changing technology. By the end of this book, you will have the Python skills needed to pursue 

learning data science with PiE.

1.2   HOW PYTHON IN EXCEL WORKS

Microsoft Excel supports many programming languages. Examples include Visual Basic for 

Applications (VBA), the M language for Power Query, and Data Analysis Expressions (DAX). While 

programming languages in Excel are nothing new, Python in Excel (PiE) is different.

Before Microsoft released PiE, Excel programming languages ran locally on your laptop. 

Conceptually, you can think of Excel as containing mini-computers where there is a mini-computer 

for VBA, a mini-computer for M, a mini-computer for DAX, and so on.

Unlike previous programming languages in Excel, PiE runs on a mini-computer outside of Excel. In 

fact, the mini-computer where PiE runs isn’t on your laptop at all. PiE was built to use the cloud. This 

allows users to access the power of Python without dealing with the complexity of setting up and 

managing a local Python environment.

1.2.1   The Azure Cloud
Python in Excel (PiE) was built to run in the Microsoft Azure cloud. In case you are unfamiliar, with 

this you can think of the Azure cloud as providing mini-computers for running your PiE code.

This is fundamentally different than previous Excel programming languages like VBA that ran locally 

on your laptop. Figure 1.1 illustrates how PiE works.

As shown in the lower left of Figure 1.1, you write your Python code inside of your Excel workbook. 

When you are ready to run (i.e., commit) your Python code, PiE bundles the code and data and sends 

it to the Azure cloud.

Within Azure, a dedicated mini-computer (i.e., container) is created for your code and data. The con-

tainer then runs your code and the results are returned to your laptop.

Clearly, there’s a lot that goes on behind the scenes when you use PiE. The good news is that it all 

works seamlessly if you have the following:

 ➤ Permission from your IT department to use PiE.

 ➤ A reliable and fast internet connection.

The second bullet deserves a callout. To use PiE, you must be connected to the internet. For example, if 

you’re traveling on an airplane, you won’t be able to use PiE unless you have access to the airplane’s Wi-Fi.
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1.2.2   Security
You may be wondering why Microsoft built Python in Excel (PiE) to run in the Azure cloud and 

require an internet connection. The answer can be summarized in one word – security.

Microsoft has always been obsessed with security when it comes to Microsoft Excel. For example, 

you may have encountered Excel workbooks that use macros. Behind the scenes, Excel macros are 

made of VBA programming code.

VBA code is very powerful. VBA can access files on your laptop. It can create, change, or delete data 

in your Excel worksheets. It can access the internet. But here’s the thing. Microsoft created VBA. 

They know it inside and out because they wrote VBA from scratch. It is what is known as a propri-

etary programming language. Microsoft controls everything about VBA. With this level of control, 

Microsoft can ensure the security of VBA.

Python is fundamentally different. Python is built and maintained by programmers all over the world. 

Python is an open-source programing language. Microsoft doesn’t control Python, so there are very 

real concerns regarding security. This is why Microsoft chose to run PiE in the Azure cloud.

As you learned in the previous section, PiE code runs in a mini-computer in the Azure cloud. This 

mini-computer is known as a secured container, because Microsoft greatly restricts what your PiE 

code can do for security reasons:

 ➤ PiE containers only use a curated list of secured libraries.

 ➤ PiE code cannot access your computer, devices, network, or the internet.

 ➤ PiE code uses the new xl() Excel function. This function can only read data from cell refer-

ences, tables, and Power Query connections.

FIGURE 1-1:   Python in Excel Runs in the Cloud. 
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 ➤ The xl() function returns data to your Excel workbooks. It cannot return macros, VBA 

code, or other formulas.

 ➤ PiE code cannot directly access things in Excel like formulas, charts, pivot tables, macros, 

VBA code, and so on.

 ➤ PiE-secured containers stay online as long as the workbook is open or if a timeout occurs.

 ➤ The container and all its data are deleted when you close the workbook.

Reading this, many Excel power users might think, “What good is Python in Excel? It can’t do any-

thing with all these restrictions!”

No, PiE cannot be used to automate Excel or build Excel-based applications like VBA can. PiE was 

designed to unleash the power of advanced analytics and data science using Python in the easiest way 

possible for millions of Excel users.

I have clients who see PiE as a way to access the power of Python quickly and easily, with minimal IT 

involvement (assuming, of course, that the IT department has approved using PiE). For example, PiE 

requires no local installation of Python. If you have an internet connection, you’re good to go!

1.2.3   Scalability
Microsoft Excel limits data to 1,048,576 rows within a single worksheet. Using features like Power 

Query and Power Pivot, Excel can handle even more rows of data – tens of millions of rows if your 

laptop has enough memory. So, you know that Microsoft Excel can scale to large datasets, but what 

about Python in Excel (PiE)?

Using Excel’s new xl() function allows PiE to source data from Power Query connections. This 

means that, in theory, PiE can scale to tens of millions of rows of data. However, PiE’s cloud-based 

architecture is the limiting factor.

At the time of this writing, PiE is limited to moving 100 megabytes (MB) of PiE code and data to and 

from Microsoft Azure. To give you some sense of scale, I recently tested a dataset of 336,777 rows of 

data and 19 columns. This dataset clocks in at 48.8MB. PiE easily scales to most real-world datasets 

used with Excel.

Beyond moving data to/from the cloud is the scalability of the PiE workload within an Azure  

secured container. Many advanced analytics and data science workloads require a lot of computing  

power.

I’ve tested PiE data science workloads and have found that the processing that’s included with a 

Microsoft 365 subscription is sufficient for most scenarios. However, it’s worth noting that you may 

have to increase the timeout value and be patient for your PiE code to run (e.g., 20 minutes to train a 

machine learning model).

Microsoft offers different Python in Excel options depending on your needs. For example, there’s a 

PiE add-on that provides a premium level of computing power, meaning that your PiE code will run 

faster. However, keep in mind that premium compute power does not reduce the Azure roundtrip 

time of your code/data.

Bottom line: Python in Excel does scale to real-world datasets and data science workloads.
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1.3   WHY PYTHON IN EXCEL?

As you learned in the last section, PiE has been designed to empower millions of professionals with 

advanced analytics and data science. In practice, use of PiE commonly takes the forms described in 

the following sections.

1.3.1   Reproducible Analytics
Have you ever received an email like this? “The attached Excel workbook contains my analysis.  

It clearly shows X, Y, and Z.”

Interested, you open the Excel workbook to see many worksheets, tables, formulas, pivot tables, and 

charts. After hours of spelunking into the workbook, you still are not quite sure how the analysis was 

done. So, you set up a meeting to walk through the workbook’s contents.

While Excel has always been an exceedingly powerful data analysis tool, it wasn’t explicitly designed 

for one Excel user to easily replicate the analysis of another Excel user.

To be sure, there are many best practices for crafting Excel workbooks that are easier to follow. 

Examples include adding documentation inside the workbook, structuring formulas in a step-by-step 

way, and using Power Query. However, the fact remains that reproducible analytics remains a 

challenge with Excel.

Power Query deserves a special call out. While most Power Query users leverage the graphical user 

interface (GUI) provided by Excel, behind the scenes Power Query generates M programming code. 

Because Power Query is based on M code, it offers robust reproducibility.

Figure 1.2 shows a screenshot of the Power Query Editor. The Applied Steps listed on the right side 

of the editor shows precisely what this query does step-by-step. More importantly, any Excel user can 

reproduce these exact results by simply rerunning the M code.

Unfortunately, as powerful as Power Query is (no pun intended), it can’t do everything that’s needed 

to conduct reproducible data analyses. For example, Power Query steps cannot create advanced visu-

alizations or perform do-it-yourself (DIY) data science. Enter Python in Excel (PiE).

Think of Python as the Swiss Army Knife of data. With all its data-related libraries, Python can do 

everything that Excel can:

 ➤ Organize your data as tables

 ➤ Pivot your data tables

 ➤ Visualize your data tables

 ➤ Run formulas over/with your data

 ➤ Clean and transform your data with Power Query

 ➤ Perform statistical analyses with the Analysis ToolPak

 ➤ Perform advanced analytics with Solver

However, unlike Excel, PiE is inherently reproducible because it is based on Python programing code.
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Imagine spending a few days crafting a highly impactful data analysis. With PiE, you can email  

your Excel workbook to your manager, and they can reproduce all your work with a click of a  

button – and they don’t need to know Python at all!

That’s the power of Python in Excel.

1.3.2   Advanced Data Visualization
Microsoft Excel is an exceedingly powerful tool for data visualization. Excel comes out of the box 

with an impressive collection of chart types commonly used in business analytics. Examples include 

line charts, bar charts, scatter charts, and histograms.

As powerful as Excel charts are, they were not designed for advanced analytics and data science. 

Consider the Excel bar chart shown in Figure 1.3.

Figure 1.3 is a built from a PivotTable (Excel’s pivot table tool) where three columns have been 

selected for the PivotTable rows and a fourth column has been selected for the PivotTable columns.

This is an example of what is known as a multidimensional visualization. The word dimension is just 

a fancy way of saying column. So, Figure 1.3 is a PivotChart built from four columns of data.

FIGURE 1-2:   Excel Power Query Editor. 
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Using multidimensional data visualizations is a standard practice in advanced analytics and data  

science. Typically, increasing the number of dimensions (i.e., columns) in a visualization increases the 

chance of discovering new insights. Compare Figure 1.3 to the visualization in Figure 1.4, which was 

created using PiE.

Figure 1.4 visualizes the same information as Figure 1.3, but notice how the structure of the visualiza-

tion is more compact. While out-of-the-box Excel charts can handle multiple dimensions, they do not 

scale very well in practice.

Using PiE, you can easily create powerful multidimensional visualizations using five, six, seven, even 

eight columns simultaneously. The only practical limitation is the size of your computer’s screen. 

Figure 1.5 demonstrates the power of PiE by adding a fifth dimension and creating a different chart 

type (i.e., a histogram).

Using PiE, you can create multidimensional visualizations that would be difficult, or impossible, using 

out-of-box Excel charts. Chapter 9 teaches you how to craft visualizations like Figure 1.5.

1.3.3   Do-it-Yourself (DIY) Data Science
The crown jewel of Python in Excel (PiE) is the wealth of data science capabilities it brings to millions 

of Excel users. Simply put, Python is the de facto standard in data science for a reason.

FIGURE 1-3:   Excel Multidimensional Bar Chart. 

69971eb3-8735-11f0-adf5-1866da8e27ac.xhtml#chapter9
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With PiE, you now have ready access to battle-tested data science techniques that are used the world 

over in healthcare, government, nonprofit, and for-profit organizations:

 ➤ Cluster analysis using techniques like k-means and DBSCAN.

 ➤ Machine learning predictive models like decision trees and random forests.

 ➤ Statistical analysis using linear regression.

 ➤ Powerful text mining with the Natural Language Toolkit (NLTK).

This is just the tip of proverbial iceberg. The best part of PiE’s data science capabilities is that they are 

the same as those used by data scientists worldwide. The Python code you use is the same, and the 

results are the same.

Figure 1.6 shows an example of a decision tree machine learning predictive model that was created 

using PiE. A data scientist working for a big tech company would write the same Python code and see 

the same thing!

FIGURE 1-4:   Python in Excel Multidimensional Bar Chart. 
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FIGURE 1-5:   A Bar Chart with a Fifth Dimension. 
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Figure 1.6 is just a tiny sample of what PiE makes possible once you’ve built your Python founda-

tional skills. This book provides this foundation.

1.3.4   Copilot in Excel
The combination of Copilot and PiE is like chocolate and peanut butter – better together!

Imagine a product manager (PM) wants like to glean insights from a collection of user behavior data. 

The PM tells Copilot about the data, to segment users by behavior, and to analyze the behavior.

In AI terminology, this is known as “prompting” the Copilot AI. In response, Copilot generates and 

runs Python code to:

 ➤ Segment the users by their behaviors using a cluster analysis.

 ➤ Build a machine learning model to analyze the user segments.

 ➤ Visualize the results of the analysis for the PM.

Kind of sounds like magic, doesn’t it? There’s just one catch. To harness this magical power, you must 

have the right skills.

Like all AI technologies, Copilot is not perfect. It makes mistakes. In AI terminology, these mistakes 

are known as “hallucinations.” Sometimes Copilot will hallucinate a little bit and sometimes Copilot 

will hallucinate a lot.

Without skills in Python and DIY data science, how would you know?

FIGURE 1-6:   A Decision Tree Machine Learning Model. 
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1.4   CONTINUE YOUR LEARNING

Microsoft has provided many publicly available resources for Python in Excel. To continue your 

learning, check out the following links:

 ➤ Python in Excel product page (e.g., plans and pricing):

https://www.microsoft.com/en-us/microsoft-365/python-in-excel

 ➤ Python in Excel availability:

https://support.microsoft.com/en-us/office/python-in-excel-availability- 

781383e6-86b9-4156-84fb-93e786f7cab0

 ➤ Introduction to Python in Excel:

https://support.microsoft.com/en-us/office/introduction-to-python-in-excel- 

55643c2e-ff56-4168-b1ce-9428c8308545

 ➤ Data security and Python in Excel:

https://support.microsoft.com/en-us/office/data-security-and-python-in- 

excel-33cc88a4-4a87-485e-9ff9-f35958278327

 ➤ Copilot in Excel with Python:

https://support.microsoft.com/en-us/office/copilot-in-excel-with-python- 

364e4ae9-9343-4d56-952a-5f62b0f70db6

https://www.microsoft.com/en-us/microsoft-365/python-in-excel
https://support.microsoft.com/en-us/office/python-in-excel-availability-781383e6-86b9-4156-84fb-93e786f7cab0
https://support.microsoft.com/en-us/office/python-in-excel-availability-781383e6-86b9-4156-84fb-93e786f7cab0
https://support.microsoft.com/en-us/office/introduction-to-python-in-excel-55643c2e-ff56-4168-b1ce-9428c8308545
https://support.microsoft.com/en-us/office/introduction-to-python-in-excel-55643c2e-ff56-4168-b1ce-9428c8308545
https://support.microsoft.com/en-us/office/data-security-and-python-in-excel-33cc88a4-4a87-485e-9ff9-f35958278327
https://support.microsoft.com/en-us/office/data-security-and-python-in-excel-33cc88a4-4a87-485e-9ff9-f35958278327
https://support.microsoft.com/en-us/office/copilot-in-excel-with-python-364e4ae9-9343-4d56-952a-5f62b0f70db6
https://support.microsoft.com/en-us/office/copilot-in-excel-with-python-364e4ae9-9343-4d56-952a-5f62b0f70db6


    



Data Types  

    As a Microsoft Excel user, I’m betting you’ve encountered the situation shown in  Figure  2.1   

more than once.     

 The values depicted in  Figure  2.1   do not align with the business definition of the data. Instead 

of displaying dates, Excel is displaying numbers (e.g.,  45627 ). This is an example of where the 

Excel cell format is incorrect. 

 The situation is easily remedied by selecting the data, right-clicking, and selecting the Format 

Cells option. This opens the Format Cells dialog box, as shown in  Figure  2.2  .     

 Excel supports many different cell formats. Selecting the Date option and clicking the OK 

button reformats the data as dates, as shown in  Figure  2.3  .     

 This is a demonstration of the importance of cell formats in Microsoft Excel. This importance 

goes far beyond making sure that data displays correctly. 

 Cell formats help Microsoft Excel understand the type of data stored in cells. Excel uses this 

understanding to control what you can do with the data. For example, calling the  AVERAGE()

function on a column of text values will produce an error. 

 Like Excel cell formats, Python  data types  allow it to understand and work with data.  

        2 

  FIGURE 2-1:     Order Dates as Numbers.   
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FIGURE 2-2:   Excel’s Format Cell Dialog Box. 

FIGURE 2-3:   The Correct Order Dates Format. 
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2.1   INTEGERS

Numbers are, far and away, the most common data you see in Excel workbooks. All kinds of num-

bers are stored in Excel – sales, prices, budgets, and forecasts, to name just a few.

Imagine a worksheet with a column containing order counts. Each cell contains the number of orders 

placed on a specific day. These order counts must be whole numbers. It doesn’t make sense to have 

4.25 orders on Monday.

With Excel you can use the General or Numeric (set to 0 decimal places) cell format. Python has a 

dedicated data type to represent this type of data.

2.1.1   What Are Integers?
Integers are numbers without a fractional component. You can think of integers as the Python data 

type used for counting things – customer calls, daily orders, yearly shipments, and so on. Note that 

integers can be negative or zero. You might use a negative integer to represent a change in inventory 

when items are shipped from the warehouse. You use Python integers when it doesn’t make sense to 

have a decimal point in the data (e.g., 4.25 orders on Monday).

2.1.2   Working with Integers
The best way to build skills with Python is by writing Python code. In this section, you’re going to 

jump right into Python by writing code to work with integers.

Open a new Excel workbook. With Python in Excel, the first step to writing code is to select cell A1 

and use the new PY() function; see Figure 2.4.

The PY() function is how you create Python formulas. Python formulas are very flexible. Your Python 

formulas can range from just a few lines of code to hundreds of lines, depending on your needs.

When you type a left parenthesis (i.e., “(”), the Excel Formula bar changes to Python mode, as shown 

in Figure 2.5.

You use Python mode to write your Python code and then press the Ctrl+Enter keyboard combina-

tion to commit it.

FIGURE 2-4:   Creating a Python Formula. 

FIGURE 2-5:   Formula Bar in Python Mode. 
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Committing your Python formula packages up the code and data, sends it to the Microsoft Azure 

cloud for processing, and returns the results to your Excel workbook. You can think of “Python for-

mula” and “Python code” as being the same. I use these terms interchangeably.

Depending on what your Python code is doing, this process can take anywhere from seconds to many 

minutes to complete.

Using Python mode, enter a 1 into the Formula bar, as shown in Figure 2.6.

When your Python formula looks like Figure 2.6, press Ctrl+Enter on your keyboard to commit  

the formula.

Depending on the speed of your laptop and internet connection, you may see something like Figure 2.7  

in your worksheet. In fact, for complex Python formulas, you will often see something like Figure 2.7.

When Python in Excel has completed calculating (i.e., running) your Python code, you’ll see the 

output in Figure 2.8 in cell A1.

Figure 2.8 demonstrates that Python recognizes your “code” as an integer. In case you are curious, the 

[PY] displayed on the left side of the cell indicates that the value returned from your Python formula 

is a Python object. Ignore this for now. I cover it later.

Not surprisingly, you can perform math on integers in Python. For the most part, it works just like it 

does in Excel. Click the Formula bar to change the Python code to read 1+1. Then press Ctrl+Enter to 

run the code. As expected, the value of 2 is returned in cell A1.

As you might imagine, writing code to perform math with integers is very much the same as  

with Excel:

 ➤ Addition: 1+1

 ➤ Subtraction: 1-1

 ➤ Multiplication: 2*4

 ➤ Division: 25/50

FIGURE 2-6:   Using Python Mode. 

FIGURE 2-7:   Calculating a Python Formula. 

FIGURE 2-8:   The Python Formula Output. 
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As you now know, integers are whole numbers without a fractional component. The last bullet per-

forms division on two integer values, and the result does have a fractional component. This brings us 

to the next Python data type.

2.2   FLOATS

Microsoft Excel has several cell formats that represent numbers with fractional components. The 

Currency cell format is an example. By default, cells with this formatting display with two decimal 

places to the right (e.g., $19.99).

Unlike Excel, Python has only one native way to represent numbers with fractional  

components – floats.

2.2.1   What Are Floats?
As it turns out, computers have no trouble with integers. A great way to think about it is that com-

puters are built to handle whole numbers. As you might imagine, if computers are built to handle 

whole numbers, that dealing with numbers with fractional components is more difficult.

Python implements a common strategy for handling fractional numbers. This strategy is called 

floating-point arithmetic (FP). For example, consider the number 1234.5678. This number has eight 

total digits with four of those digits to the right of the decimal point.

In FP, the computer stores all the digits and the location of the decimal point separately. Imagine this 

to be 12345678 and 4, respectively. With these separated, the decimal position can now “float.”

For example, to represent the number 12345.678, the decimal location is changed from 4 to 3. 

When you use the float data type in your Python code, you’re telling Python to use floating-point 

arithmetic.

2.2.2   Working with Floats
Click on cell A1 and change the Python code to 25/50. Press Ctrl+Enter on your keyboard to commit 

(i.e., run) the code. The result, as expected, is 0.5.

To confirm that the result of this calculation is a float data type, Python provides the type() 

function. Note that unlike Microsoft Excel, Python is case sensitive – the interpreter will not recog-

nize Type(). Other than this detail, Python functions work largely the same as Excel functions:

 ➤ Python functions have names

 ➤ Python functions have arguments (or parameters)

 ➤ Python functions can return values

As with Microsoft Excel, you will use many Python functions to get your work done.
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Change the code in cell A1 to type(25/50) and run the code again. Figure 2.9 shows the result.

The output in Figure 2.9 appears a bit confusing at first. Like many functions in Excel  

(e.g., AVERAGE), the Python type() function returns a value. In this case, the returned value is of  

data type type.

By default, Python in Excel returns what are known as Python objects. As an Excel user, you are 

familiar with objects. Objects are all over the place inside an Excel workbook.

For example, Excel tables are objects. They have names, they have columns, they have data, and you 

can filter them. In addition, you can write Excel formulas that use tables (e.g., taking the average of a 

column of numbers).

Python objects work in a similar way. You are going to encounter many types of Python objects 

throughout this book. Python objects can be things like integers, strings, or DateFrames. By the time 

you finish, you will be very comfortable using objects in your code.

Getting back to the output of cell A1, knowing that Python in Excel returned a type object doesn’t 

help very much. You can ask to instead have an Excel value returned, as shown in Figure 2.10.

Figure 2.10 demonstrates how to switch from returned Python objects to Excel values. Clicking the 

drop-down list to the left of the Formula bar allows the Excel Value option to be selected. Switching 

the output to an Excel value causes the formula to be run again, as shown in Figure 2.11.

Figure 2.11 shows the new output. As expected, the result of the division is a float. Figure 2.11 also 

demonstrates a very important aspect of Python – everything is an object. In this case, the result of 

0.5 is an object of type float. If you’re curious about the meaning of class in Figure 2.11,  

I cover it next.

FIGURE 2-9:   Output for Cell A1. 

FIGURE 2-10:   Python Output Types. 

FIGURE 2-11:   Excel Value Output. 
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Python supports the same mathematical operations for floats as it does for integers. As the example 

with division shows, it is common for math operations to change the data type. Another example is 

multiplying an integer by a float.

Change the code in cell A1 to type(1.75*5) and run it. The output once again reads <class 

'float'>. When mixing integers and floats in math operations, the result is a float.

2.2.3   Casting
Converting an object from one type to another in Python is known as casting. You’ve seen how 

Python will automatically cast integers to floats as needed. You can also write code to perform casting.

For example, the float class in Python can be used to cast an integer to a float. Change the code in 

cell A1 to type(float(100)) and run it. The output will once again read <class 'float'>.

Conceptually, here’s what’s happening behind the scenes:

 ➤ Python converts 100 to an integer object.

 ➤ The integer object is then passed into the float class.

 ➤ Python constructs a new float object from the integer object.

 ➤ The type() function is then called on the float object.

Not surprisingly, there’s a class for integers as well. Change the code in cell A1 to type(int(3.14)) 

and run it. Notice that the output has now changed to <class 'int'>.

What this demonstrates is that everything in Python is an object and each object’s data type is defined 

by a class.

2.3   STRINGS

Microsoft Excel has robust support for text data. Common uses for text in business analytics are indi-

cating categories (e.g., geographies) and storing human interactions (e.g., survey responses).

Excel uses the General and Text cell formats to represent textual data. In Python, text data is repre-

sented using strings.

2.3.1   What Are Strings?
Python will automatically recognize data wrapped within quotes as a string. As an example, update 

the code in cell A1, as shown in Figure 2.12, and run it.

FIGURE 2-12:   A Python String. 
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As shown in Figure 2.12, make sure the output for the Python formula is set to Excel Value from  

the drop-down list left of the Formula bar. When the code has finished running, the output will read  

<class 'str'>. The Python str (short for string) class provides the functionality of storing and 

working with textual data.

2.3.2   Working with Strings
Python will automatically interpret anything between single or double quotes as string data. While 

not technically required, using single quotes for strings is considered a best practice in Python.

It’s common to switch between the quote types if there are embedded quotes in the string data. Here 

are some examples:

 ➤ "I've got to use double quotes here."

 ➤ "Mary said, 'Hello, Bob.'"

Note that you typically store the string data so that you can reference it and use it later.

In Microsoft Excel it is common to give objects names to make them easy to reference in your Excel 

formulas. Examples include tables and name ranges. In Python, you use variables to do this.

Update the code in cell A1 as shown in Figure 2.13 and run it.

Conceptually, here’s what’s happening behind the scenes with the code depicted in Figure 2.13:

 ➤ Python recognizes 'Hello, Python!' as a string and constructs a new str object.

 ➤ Python interprets the = and stores the str object in a variable named my_first_variable.

 ➤ Any subsequent Python code can access the str object using the name, my_first_variable.

 ➤ The output displayed in the Excel worksheet is the variable’s data. Notice in Figure 2.14 that 

the external quotes are not considered part of the string.

This process is known as assignment in Python. The code has assigned a str object to the variable 

named my_first_variable. With Python in Excel, you will be creating and using many variables in 

your code.

FIGURE 2-13:   A Python Variable. 

FIGURE 2-14:   Python String Output. 
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To practice using string variables, expand the Formula bar and update the code in cell A1 as shown in 

Figure 2.15. Then run it.

There are a couple of different things going on in Figure 2.15’s code:

 ➤ Two variables are declared, each storing string objects.

 ➤ The value of the second variable is added to the first variable.

The output of the code is Hello, Python!It’s nice to meet you. The combination of two strings 

is known as concatenation. The str class provides the ability to concatenate strings using the + symbol.

Unfortunately, the concatenated string output isn’t grammatically correct since there is not a space 

between with first sentence and the second. You can easily fix this by updating the last line of code, as 

shown in Figure 2.16.

The last line of code in Figure 2.16 demonstrates how you can mix and match declared string vari-

ables and undeclared string values (i.e., ' '). The output from the updated code is now grammati-

cally correct.

As with the Text cell format in Excel, Python strings can represent numbers. Click on cell A2 in  

the worksheet and use the PY() function to create a Python formula. Enter the code shown in  

Figure 2.17 into the formula.

FIGURE 2-15:   Combining Python Strings. 

FIGURE 2-16:   Formatting the String Output. 

FIGURE 2-17:   A Number as a Python String. 
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The first line of Figure 2.17’s code is something new. This is known as a comment. Comments are 

notes made by humans for other humans and are ignored by Python. It’s a good idea to add com-

ments to document your thought process or explain what your code’s doing. Your future self (and 

other programmers) will thank you.

Running Figure 2.17’s code will produce the output shown in Figure 2.18.

Figure 2.18 illustrates an important idea. The last line of the Python formula returns an object (as 

denoted by [PY] in the output). As the returned object is a string, its functionality for displaying  

its data is automatically invoked. You will see this type of behavior for different kinds of Python 

objects later.

Python integers and floats will automatically cast themselves as needed for mathematical operations. 

However, this is not the case with strings. Enter and run the following code in cell A3:

# Can't concatenate numbers directly

'Number represented as a string: ' + 1234

This code produces an error. This is reflected in the Excel output in Figure 2.19.

Hovering your mouse over the triangle shown in Figure 2.19 will display the Python error message 

shown in Figure 2.20.

This error message explains that integer objects do not have the ability to automatically cast them-

selves to be strings. Therefore, they cannot be directly concatenated.

In response to the error, the Python Editor is also opened. The Python Editor, shown in Figure 2.21,  

provides an enhanced experience for working with Python code compared to using the Formula bar.

Cells that contain Python formulas are displayed in the Python Editor. Depending on the size of your 

Excel window, you may need to scroll down the Python Editor to see cell A3. See Figure 2.22.

You can update the Python code to remove the error by clicking into the text box shown in Figure 2.22.  

Change the second line of code to:

'Number represented as a string: ' + str(1234)

FIGURE 2-18:   Python String Output. 

FIGURE 2-19:   Python Error. 

FIGURE 2-20:   Python Error Message. 
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You can run the updated code by pressing Ctrl+Enter or clicking the disk icon in the Python Editor. 

The code now runs without an error because you’ve explicitly cast 1234 to be a str object.

As writing code using the Python Editor is much easier than using the Formula bar, I use it 

throughout the rest of the book. You can access the Python Editor at any time from the Excel ribbon, 

as shown in Figure 2.23.

Choose Formulas --> Python --> Editor to access the editor.

Click the button at the bottom of the Python Editor that reads Add Python cell in Sheet1!A4 

to add a new Python formula. Enter the following code in the Python Editor and then run it (e.g., by 

clicking the disk icon):

# Cast a string to an int

2 * int(number_string)

FIGURE 2-21:   The Python Editor. 

FIGURE 2-22:   Python Error in the Editor. 



24   ❘   CHAPTER 2  DATA TYPES

Running this code casts the number_string variable to be an int. This works because:

 ➤ The number_string variable was previously declared in cell A2.

 ➤ The int class knows how to parse integer values from strings, and the value of  

number_string is a valid integer.

As expected, the output is 2468.

The float class can also parse string values. In the Python Editor, click the Add Python cell in 

Sheet1!A5 button. Type and run the following code:

# Cast a string to a float

2 * float(number_string)

The output from running the code is 2468, which appears to be an integer value. Hover your mouse 

over the [PY] in the output and you will see a tooltip telling you that you can show a card (see  

Figure 2.24).

As illustrated in Figure 2.24, clicking [PY] with your mouse opens the card associated with the 

Python object in the output. Cards provide additional information about Python objects. As I show 

later, some cards even provide previews of the object’s data. Figure 2.25 shows the card for cell A5.

FIGURE 2-23:   Opening the Python Editor from the Ribbon. 

FIGURE 2-24:   Show Python in an Excel Card. 
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As shown in Figure 2.25, the float class successfully parsed the number_string variable, performed 

the multiplication, and returned a <class 'float'> with the value of 2468.0.

2.3.3   Formatting Strings
As demonstrated, you can use concatenation to format strings as needed. However, Python provides a 

more elegant way to format your strings – formatted string literals or f-strings for short.

Using the Python Editor, add a new formula in cell A6. Write the following code and run it:

# Using a simple f-string

f'Hello, Python! {my_second_variable}'

FIGURE 2-25:   Python in Excel Card. 
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The output is grammatically correct – no concatenation required. The code in cell A6 shows the  

general pattern for using f-strings:

 ➤ Add an f before the first quote

 ➤ Write your string

 ➤ Add a formatting {expression}

In the case of the A6 f-string, the expression is a string variable. However, f-string expressions have 

much more functionality than this.

Create a new formula using the Python Editor in cell A7. Write the following code and run it:

# Formatting numeric output using an f-string

f'Only 2 decimal places: {1234.5678:.2f}'

The :.2f in the code tells the f-string to round the value of 1234.5678 to two decimal places (i.e., 

1234.57 in the output).

However, f-string expressions can use more than just variables and static values. Expressions can also 

run Python code. Update the code in cell A7 to be the following:

# Formatting numeric output using an f-string

f'Only 2 decimal places: {1234 + 0.5678:.2f}'

The f-string expression now performs a mathematical operation before formatting the output to two 

decimal places.

Python f-strings are powerful, and this is just a brief introduction to what they can do. The “Continue 

Your Learning” section later in this chapter has a link where you can learn more about f-strings.

2.4   BOOLEANS

It’s common to use logic in Excel formulas. Whether you are comparing two values to see if one is less 

than the other, or you’re using Excel functions like AND(), in the end you are evaluating some condi-

tion to see if it is true or false.

Technically speaking, TRUE and FALSE in Microsoft Excel are known as boolean values. When you 

use comparisons functions like AND() to control how your Excel formulas work, that is known as 

boolean logic.

Just as you use boolean logic in your Excel formulas, so will you use boolean logic in your  

Python formulas.

2.4.1   What Are Booleans?
In Python, values of True and False are objects of type bool. They are also examples of Python  

keywords. Keywords are reserved for the Python programming language. For example, you can’t 

name a variable True. You will learn many Python keywords throughout this book.
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Using the Python Editor, create a new Python formula is cell A8 with the following code:

# Type of False

type(False)

Running the code outputs [PY] type in cell A8. While you could click on the card for cell A8, you 

can also use the Python Editor to switch the object from Python Object to Excel Value.

Figure 2.26 shows the Python Editor’s drop-down list for changing the output type. Clicking the disk 

icon in the Python Editor runs the code; the output now will read <class 'bool'>.

Change the code in cell A8 to be the following and run the updated Python formula:

# This generates an error

type(false)

The Python Editor now displays the following error message using text:

NameError: name: 'false' is not defined

Because Python doesn’t recognize false as a boolean value (remember, Python is case sensitive), it 

assumes that it is the name of a variable. Since there is no variable declared (i.e., defined) with the 

name false, Python throws an error.

Update the Python formula in cell A8 to the following and then run it:

# Type of True

type(True)

As expected, the output is <class 'bool'>.

2.4.2   Checking Equivalence
It’s common for programming languages to treat assignment and logical equivalence differently in 

code. The following code assigns the value of True to the variable named my_boolean:

# Assignment of a boolean value

my_boolean = True

FIGURE 2-26:   Python Output Types. 
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This code demonstrates that Python uses a single equals sign (=) for assignment. To check if two 

Python objects are logically equivalent, you need to use a double equals sign (==).

Using the Python Editor, create a new Python formula in cell A9. Enter the following code and  

run the cell:

# Check of logical equivalence

True == True

Clicking on the [PY] in cell A9 opens the card, as shown in Figure 2.27.

Figure 2.27 shows that logical equivalence returns a bool object. In this case, the returned value is True.

Using the Python Editor, create and run the following Python formula in cell A10:

#Returns False

False == True

FIGURE 2-27:   Python in Excel Card. 
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Clicking cell A10’s card confirms a return value of False.

Most Python classes implement logical equivalence using ==. Create and run the following Python 

formula in cell A11:

# Comparing two strings for equivalence

my_result = 'Hello' == 'Hello'

Cell A11’s code does the following:

 ➤ Creates two str objects.

 ➤ Compares the str objects for logical equivalence.

 ➤ Assigns the bool object to a variable named my_result.

The output of cell A11 reflects that the last line of code corresponds to a variable of type bool. 

Objects of this type are displayed using the Excel equivalents by default (i.e., TRUE).

NOTE    You cannot mix and match Excel’s TRUE/FALSE with True/False in your 
Python formulas. You must use True/False.

2.4.3   Logical Comparisons
The logical comparisons you know from Microsoft Excel formulas are also used in Python formulas:

 ➤ Less than: <

 ➤ Less than or equal to: <=

 ➤ Greater than: >

 ➤ Greater than or equal to: >=

Create a new Python formula in cell A12 with the following code:

# Comparison operator

12 <= 15.0

As expected, running cell A12’s code returns a bool object with the value of True.

2.4.4   Zeros and Ones
Python is like most programming languages where zeroes can be interpreted as False and any other 

number can be interpreted as True. While this may seem strange at first, later in the book I show you 

how this ends up being very useful.

Create a new Python formula in cell A13 with the following code and run it:

# Creating a bool object from 0

bool(0)
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Clicking on the card in cell A13 shows that a bool object is returned with the value of False. Now 

change the formula in cell A13 to the following code and run it:

# Creating a bool object from a negative number

bool(-42)

Feel free to experiment by changing the value of -42 in the Python formula to anything other than 

zero. You will always get a True back in the output.

2.4.5   Logical Operators
In many scenarios, you need more sophisticated boolean logic than can be provided by comparison 

operators like > and <=. For example, you want your Excel formula to work on values greater than 

100 and less than or equal to 1000.

In Microsoft Excel, you can use the AND(), OR(), and NOT() functions to create as complex logic as 

needed. These Excel functions implement logical operators. Python also offers these logical operators.

In case you are unfamiliar with the Excel logical operators, I cover each in turn using Python in Excel. 

The easiest way to understand logical operators is to see them in action.

Using the Python Editor, create a new Python formula in cell A14. Enter the following code  

and run it:

# Logical AND is True when both "sides" are True

True and True

The output of cell A14 demonstrates the logical and operator in Python. When using logical oper-

ators, your Python code on each side of the operator can be anything that evaluates to a True or 

False (including zeros and ones).

Create a new Python formula in cell A15 and run the following Python code:

# More realistic example of logical AND

first_num = 251

second_num = 1345.67

first_num > 100 and second_num <= 1000

The code in cell A15 demonstrates a common scenario in boolean logic where you are checking the 

values of variables. Recall that the and operator returns True only when both of its arguments are 

True. The output of the Python formula is False because the comparison of second_num <= 1000 is 

False, while the first comparison is True.

Using the Python Editor, create a new formula in cell A16. Then copy the code from cell A15 to A16 

and change it to:

# A realistic example of logical OR

first_num = 251

second_num = 1345.67

first_num > 100 or second_num <= 1000
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Running the formula in cell A16 produces a value of True and demonstrates how logical or differs 

from logical and. Only one side of the or operator must be True for the whole operator to evaluate 

to True.

Lastly, there’s logical not. You can think of not as simply reversing a boolean value. True becomes 

False. False becomes True.

Create a new formula using the Python Editor in cell A17. Copy the code from cell A16 and modify it 

to the following:

# An example of logical NOT

first_num = 251

second_num = 1345.67

(not first_num > 100) or second_num <= 1000

The output of cell A17 is now False because of the use of not. While not required, the addition of 

the parentheses tells Python to evaluate everything inside them first. Conceptually, here’s how the 

code works:

 ➤ not first_num > 100 evaluates False

 ➤ second_num <= 1000 evaluates False

 ➤ or evaluates False

This is a brief introduction to using logical operators with Python. Logical operators are revisited 

later in the book when they are used to filter data tables using Python code.

2.5   CONTINUE YOUR LEARNING

As an open-source programming language, Python has extensive documentation available online.  

To continue your learning, check out the following links:

 ➤ Python’s built-in data types:

https://docs.python.org/3/library/stdtypes.html

 ➤ Python f-strings:

https://docs.python.org/3/tutorial/inputoutput.html#tut-f-strings

https://docs.python.org/3/library/stdtypes.html
https://docs.python.org/3/tutorial/inputoutput.html#tut-f-strings


     



Data Structures  

    Take a step back and think about what Microsoft Excel does. Sure, Excel allows you to analyze 

data using pivot tables and charts. However, it must first do something more fundamental –   

  Microsoft Excel must store data. 

 You can think of Excel as storing data in multiple ways: 

      ➤   Workbooks  

     ➤   Worksheets  

     ➤   Tables  

     ➤   Cells   

 Intuitively, you can think of all these as being containers in which you store data. Just like in the 

real world, each type of container has different capabilities for storing data. 

 Consider an Excel worksheet. It provides you with the capabilities of storing data in terms of 

rows and columns. Similarly, an Excel table does the same thing but provides additional capa-

bilities (e.g. header filters). 

 Worksheets and tables are examples of Excel’s built-in  data structures . Data structures provide 

functionality for storing, organizing, and managing data based on rules. 

 Just as skills with worksheets and tables are fundamental to being successful with Excel, so it is 

with learning Python’s most important built-in data structures.  

  3.1    LISTS 

 Imagine that you’re about to head out to purchase some groceries. Like so many, you make a 

list of what you need to make sure you don’t forget anything. You could use Excel to write your 

grocery list, as shown in  Figure 3.1 .     

        3 
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Think about Figure 3.1 for a second. Conceptually, the grocery list is a data structure. It is storing and 

organizing data. You can also manage your grocery list. Let’s say you remember a few items that you 

need to add, so you revise your list, as shown in Figure 3.2.

Figure 3.2 demonstrates how handy lists are in the real world. We make and use lists all the time for 

groceries, tasks, people’s contact information, and more.

As you work through this chapter, I strongly encourage you to build your skills by entering and 

running all the Python code in this chapter:

 ➤ Use Excel’s Python Editor.

 ➤ Enter your Python formulas using separate cells.

 ➤ Keep the output of each Python formula set to Python Object.

FIGURE 3-2:   Your Revised Grocery List. 

FIGURE 3-1:   Your Grocery List. 
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3.1.1   What Are Lists?
A Python list is a data structure that can store multiple pieces of data. Lists keep the data ordered. 

For example, the first item in the list remains in the first position unless you explicitly change the list.

3.1.2   Writing Lists
Creating a Python list is straightforward. All you need to do is wrap the data you want to store in the 

list using square brackets ([]). Figure 3.3 shows an example.

As shown in Figure 3.3, Python lists are instances of the list class. The list class provides all the 

functionalities for creating, accessing, and managing lists of data – in this case, a list of four strings.

Note that, when you’re using Python, each string must be enclosed in quotes. This is a difference 

between Python and Excel.

The list class is very flexible. You can store Python objects in a list. The members of a list don’t have 

to be the same data type – you can mix and match them, as shown in Figure 3.4.

In Figure 3.4, the list contains objects of type str, float, int, and bool, respectively.

You often want to create lists that you can use later in your Python code. As you learned in the last 

chapter, to do this you need to assign the list to a variable, as shown in Figure 3.5.

The grocery_list variable can now be used throughout your Python in Excel code anytime you 

need to access or change the data in the list.

Data structures have certain rules about how they store and manage data. For example, the rules of 

Python lists allow for duplicates, as Figure 3.6 demonstrates.

As you will learn later in this chapter, other Python data structures have different rules (e.g., not 

allowing duplicates).

FIGURE 3-3:   A Simple Python List. 
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3.1.3   Nesting Lists
Because Python lists can store Python objects, you can create list objects that store other list objects. 

Figure 3.7 demonstrates nesting lists within a list.

FIGURE 3-4:   A Python List of Mixed Data Types. 

FIGURE 3-5:   A Python List Variable. 

FIGURE 3-6:   A List with Duplicates. 
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Hierarchical organization of data is a feature of programming with Python. This maps well to 

real-world data use cases – for example, an organizational hierarchy might be well represented by 

lists containing lists.

I’ve broken the Python code across multiple lines in Figure 3.7 to make it easier to read. This is legal 

Python code, and you will see me do this often throughout the book. Don’t hesitate to use whitespace 

to make your code easier to read.

Conceptually, this is what’s happening behind the scenes in Figure 3.7’s code:

 ➤ Python recognizes the outer pair of square brackets ([]) and creates a new list object.

 ➤ Python then recognizes the two inner pairs of square brackets and creates a list object for 

each pair.

 ➤ Each inner list object is populated with str objects (e.g., 'Apples').

 ➤ A str object is created for 'Bread' and added to the outer list.

The output shown in Figure 3.8 reflects this conceptual process (click on the List > in the  

Python Editor).

Nested data structures like lists are common when using Python for analytics and do-it-yourself 

(DIY) data science.

FIGURE 3-7:   Nesting Python Lists. 

FIGURE 3-8:   Nested Python List Output. 
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3.1.4   Empty Lists
Imagine you’ve created a list of tasks you need to do today using Microsoft Excel. As you complete 

each task, you delete it from the list. At the end of the day, you feel great because you’ve deleted all 

the tasks – your list is empty.

Just as it’s possible to have an empty list in the real world, so it is with Python lists. Figure 3.9 shows 

how Python is more than happy to create a list object that contains nothing.

An empty list behaves just like any other list. For example, you can call the len() function on a list 

object to get the length (i.e., how many items it contains).

If you’re following along by writing code (highly recommended), use the Python Editor to write and 

save (i.e., run) the code shown in Figure 3.10.

As shown in Figure 3.10, the len() function returns 0. By way of comparison, writing and running 

the following code will return 3:

# Grocery list length

len(grocery_list)

3.1.5   Changing Lists
Another rule that applies to Python lists is that you can change them. This means that lists are  

mutable. As you see later in this chapter, not all Python data structures are mutable.

First up, you can add new items to a list object by using the append() function. This function is  

provided by the list class. The following code adds a new item to the grocery_list object:

FIGURE 3-9:   An Empty List. 

FIGURE 3-10:   Getting the Length of a List. 
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# Add an item to the list

grocery_list.append('Soup')

grocery_list

An intuitive way to think about this code is like this: “Hey, Python! Could you append Soup to my 

grocery_list object, please?”

You might be curious as to why the grocery_list appears by itself on the third line of code.  

This is because the append() function doesn’t return a value, it just modifies the list. Adding the  

third line returns the list so you can expand it by clicking on List > in the Python Editor and see 

what’s going on.

The rules of the append() function are that items are added to the end of the list. Running this code 

in the Python Editor will display the following when you expand the list object:

<list>

<list>

Bread

Soup

Sometimes you want to add an item to a list, but not necessarily at the end. This is when the 

insert() function comes in handy:

# Add an item at the front

grocery_list.insert(0, 'Milk')

grocery_list

Running this code in the Python Editor now displays the following when you expand the list object:

Milk

<list>

<list>

Bread

Soup

The insert() function takes two parameters. The first parameter is an integer corresponding to the 

position within the list. In the previous code, this value is 0, which means to insert a new item at the 

front (head) of the list. Here’s why the value is 0 and not 1.

Python is like many programming languages in that it starts counting from zero, not one. While there 

are technical reasons why this is the case, they’re beyond the scope of this book.

With coding practice, this way of counting becomes second nature:

 ➤ Zero means first.

 ➤ One means second.

 ➤ Five means sixth.

 ➤ And so on.
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You can also directly change the value in a list by assigning a new value to an index. Think of 

the index as the location within the list you want to change. Remember: Python starts counting 

from zero!

The following code will replace Bread with Rice:

# Change an existing item

grocery_list[3] = 'Rice'

Python lists also support removing items. The remove() function provides this functionality:

# Remove an item

grocery_list.remove('Soup')

grocery_list

Running this code in the Python Editor now displays the following when you expand the list object:

Milk

<list>

<list>

Rice

In cases where you have duplicate items in the list, the rules of the remove() function only remove 

the first item found.

Another rule of lists is that trying to remove an item not in the list isn’t supported. Figure 3.11 shows 

the output from the Python Editor when you try to do this.

In response to the request to remove 'Soup', an error is returned. As is typical with Python, a mes-

sage with additional information is provided:

ValueError: list.remove(x): x not in list 

In case you were wondering, the ValueError part of the message is known as an exception. In this 

case, the exception represents the situation where you’ve broken the rules of lists by trying to remove 

a nonexistent item. Throughout the book you will find many examples of exceptions.

FIGURE 3-11:   Removing an Item not in the List. 
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Just as with Microsoft Excel, it’s common to run into errors (exceptions) when using Python. Using 

the Python Editor is very handy because exceptions, when they happen, are prominently displayed.

The append(), insert(), and remove() functions are not the only ways that you can change (or 

mutate) lists:

 ➤ clear() removes all items from the list.

 ➤ pop(i) returns the item at position i and then removes it from the list.

 ➤ reverse() reverses the order of all items in the list.

The “Continue Your Learning” section of this chapter has a link where you can learn more about 

Python lists.

3.1.6   Accessing Lists
While Python lists are mutable, you typically don’t change (i.e., mutate) your lists as often as you 

access the stored items. To access an item in a list, you use square brackets ([]) and provide the posi-

tion (or index) of the item you want:

# Access the first item

grocery_list[0]

Running this code in the Python Editor will return Milk. Notice again how Python starts counting 

from zero. Trying to access an item beyond the end of the list will raise an exception. Figure 3.12 

shows that an IndexError exception was raised in response to accessing an index beyond the end 

of the list.

You will learn more ways to access lists later in this chapter.

Please be patient with yourself as you begin your Python journey. Making indexing mistakes like this 

is only to be expected in the early days.

3.2   DICTIONARIES

I don’t know if you’re like me, but I don’t make my grocery lists like the one at the beginning of the 

last section. I organize my grocery lists based on the layout of the store: something like Figure 3.13.

FIGURE 3-12:   Using the Wrong Index. 
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What’s clear about Figure 3.13 is that it no longer maps to a Python list. There’s an additional level of 

organization involved by grouping items by category (e.g., Canned) that Python lists don’t provide.

You need something more sophisticated for this. You need a Python dictionary.

3.2.1   What Are Dictionaries?
Python dictionaries provide storage using key–value pairs. Using Figure 3.13 as an example, the keys 

are Produce, Meats, Canned, and Dairy. Example values are Apples, Fish, Beans, and Eggs.

Python dictionaries provide an efficient way to store information by groups (keys). The rules of dic-

tionaries do not allow duplicate keys, but they do support duplicate values.

3.2.2   Writing Dictionaries
You use a curly brace pair ({}) to define a dictionary. As with lists, it is legal to have an empty dic-

tionary. See Figure 3.14.

As illustrated by Figure 3.14’s output, the dict class represents dictionaries in Python. In this case, 

the output shows an empty dict object.

While you can name your Python variables anything you like, your future self will thank you when 

you use names that convey meaning. In this case, the name grocery_dict tells me:

 ➤ What’s being stored in the variable (i.e., groceries).

 ➤ What’s the data type of the variable (i.e., a dict object)

FIGURE 3-13:   An Organized Grocery List. 

FIGURE 3-14:   An Empty Dictionary. 
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Using Figure 3.14 as a starting point, you can add the first key–value pair to the dictionary. The key 

comes first and then the value. They are separated by a colon (:):

# Grocery list as a dictionary

grocery_dict = {

    'Produce':'Apples'

}

This code isn’t quite correct, however. As shown in Figure 3.13, there’s more produce needed from 

the grocery store than just apples. The fix is simple. You use a Python list object for the 'Produce' 

key’s value:

# Grocery list as a dictionary

grocery_dict = {

    'Produce':['Apples', 'Bananas', 'Onions', 'Potatoes']

}

This code is a common pattern with Python dictionaries. Keys are often strings, and the values are a 

data structure (e.g., a list). Dictionaries support multiple key–value pairs by using commas to separate 

them, as shown in Figure 3.15.

FIGURE 3-15:   The Complete Grocery Dictionary. 
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Figure 3.15 shows the code for the complete grocery dictionary. Dictionaries also support using a 

comma at the end of the last key–value pair. The following code is also correct:

# Grocery list as a dictionary

grocery_dict = {

    'Produce':['Apples', 'Bananas', 'Onions', 'Potatoes'],

    'Meats':['Fish', 'Chicken'],

    'Canned':['Beans', 'Tomatoes', 'Rice', 'Olives'],

    'Dairy':['Eggs', 'Milk', 'Butter'],

}

Let’s say I forgot that I also need spinach from the grocery store. So, I update the dictionary definition 

to include another produce item, as shown in Figure 3.16.

3.2.3   Accessing Dictionaries
You access dictionaries by using one of the keys. You use square brackets ([]) to specify the diction-

ary key, as shown in Figure 3.17.

FIGURE 3-16:   Changing a Dictionary’s Definition. 

FIGURE 3-17:   Accessing a Dictionary. 
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The code in Figure 3.17 demonstrates an important idea in Python – that the way Python code is 

interpreted depends on the context.

You’ve seen that you use square brackets to access both lists and dictionaries. You’ve also seen that 

you use square brackets to declare list objects. Don’t worry if this seems a bit confusing right now. 

With practice, it will become second nature.

When writing code that accesses dictionaries, you are typically working with the object that’s 

returned. For example, the object associated with the 'Canned' key is a list:

# Access the dictionary

canned_list = grocery_dict['Canned']

canned_list[0]

Running this code will produce the output Beans (i.e., the first item in the Canned list object). The 

following code works exactly the same but requires less typing:

# Access the dictionary

grocery_dict['Canned'][0]

Here’s what’s happening conceptually in this code:

 ➤ Python recognizes that grocery_dict is a dictionary.

 ➤ Python interprets ['Canned'] as accessing a key in the dictionary.

 ➤ The dictionary has the key, so the object associated with the key is returned.

 ➤ The returned object is a list, so Python interprets [0] as accessing the first item.

 ➤ By combining the code like this, you can skip assigning the object to a variable name.

 ➤ The Beans string object is first in the list, so it is returned.

By the end of the book, reading and writing code like this will be second nature to you.

3.2.4   Working with Keys
You may encounter a situation where you don’t know what the keys of a dictionary might be – for 

example, when you’re revisiting code that you wrote a long time ago. The dict class provides a way 

for you to ask for a dictionary’s keys, as shown in Figure 3.18.

FIGURE 3-18:   Getting Dictionary Keys. 
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Look at the output in Figure 3.18. You might have expected a Python list to be returned, but what 

you get instead is dict_keys object. While there are valid reasons why this is the case, what you 

really want is a list:

# Get the keys as a list

list(grocery_dict.keys())

This code will return all the dictionary’s keys and then cast the object to be a Python list. In the next 

chapter, you learn how to write code to use the keys in a dictionary.

3.2.5   Missing Keys
One of the rules of dictionaries is that a key must exist when you access the dictionary. As shown in 

Figure 3.19, attempting to access a missing key results in a KeyError exception.

The error message embodies the idea that the 'Floral' key is missing from the dictionary. When 

you’re unsure if a key is present in a dictionary, you can use in to check:

# Is the key there?

'Floral' in grocery_dict

In this case, this code returns False because there’s no corresponding key. If the key exists, True 

would be returned. In the next chapter, you learn how to have your code do different things based on 

True/False values.

If you’re unsure if a key exists in a dictionary, you can also attempt to access the key and return a 

default value if the key is missing using get(). See Figure 3.20.

The code in Figure 3.20 uses an arbitrary value of 42, but you can return other Python objects. For 

example, you could return False, which would make get() behave like in.

FIGURE 3-19:   Accessing a Missing Key. 

FIGURE 3-20:   Using get() with a Dictionary. 
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3.2.6   Working with Values
As with keys, you can write code to retrieve all a dictionary’s values. Also like keys, using the 

values() function will return a dict_values object. However, what you usually want is a Python 

list. Figure 3.21 shows a nested list.

3.2.7   Changing Dictionaries
You’ve already seen an example of changing a dictionary in Figure 3.16 by changing the code that 

defines the dictionary. When the object associated with a dictionary’s key can be changed (i.e., it’s 

mutable), you can write code to change the objects directly, as shown in Figure 3.22.

The first thing that’s happening in Figure 3.22’s code is that the list object associated with the 

'Produce' key is being replaced by the original produce list.

FIGURE 3-21:   Getting Dictionary Values. 

FIGURE 3-22:   Changing the Dictionary. 
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Next, the new list object associated with the 'Produce' key is accessed and 'Spinach' is appended 

to the list. This is a common example of how you use combinations of Python data structures.

Adding a key to a dictionary is very simple. If you specify a key that doesn’t exist in the dictionary, 

but you assign a value to the key, then it gets added, as shown in Figure 3.23.

As shown in Figure 3.23’s output, new keys are automatically placed at the end of the dictionary. 

Typically, the order of dictionary keys doesn’t matter. In fact, you should never assume any particular 

order for dictionary keys.

If you want to remove a key and its associated object from a dictionary, you can use del, as shown in 

Figure 3.24.

FIGURE 3-23:   Adding a Key to a Dictionary. 

FIGURE 3-24:   Removing a Dictionary Item. 
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There’s a lot more that dictionaries can do than what’s been covered here. However, what’s been 

covered is what you use most of the time in analytics and DIY data science. To learn more about 

Python dictionaries, see the link in the “Continue Your Learning” section.

3.3   TUPLES

There are times when you create a list of items that you know will never change (i.e., the list will be 

immutable). You can think of Python tuples as a special form of a list with the following rules:

 ➤ Duplicate items are supported

 ➤ Items cannot be added/removed

 ➤ Items cannot be changed

Tuples are often used in writing Python code for analytics and DIY data science. For example, tuples 

are often passed to and from functions.

3.3.1   Writing Tuples
Tuples are declared in Python code using parentheses. This is another example of where Python 

will interpret your code differently based on context (e.g., you also use parentheses when you call 

functions).

The code shown in Figure 3.25 creates a tuple and demonstrates that duplicate items are supported.

Because Figure 3.25’s code creates the grocery list as a tuple object, it can’t be changed. However, 

because of their immutability, tuples are more efficient than lists (e.g., they take up less computer  

memory).

FIGURE 3-25:   A Grocery Tuple. 
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3.3.2   Accessing Tuples
As with Python lists, you use square brackets to access the items contained within the tuple:

# Access the 2nd item

grocery_tuple[1]

Running this code returns Bananas, which is the second item in the tuple (remember that Python 

starts counting from zero).

As with lists, if you try to access an index beyond the end of the tuple, Python will raise an 

IndexError exception (see Figure 3.26).

Figure 3.26 demonstrates that knowing the length of tuples is important for avoiding unnecessary 

errors. You can use the len() function to get the length of a tuple:

# Get the length of the tuple

len(grocery_tuple)

Running this code will return 5. However, since Python starts counting from zero, you want to sub-

tract one to get the maximum index:

# Get the max tuple index

max_index = len(grocery_tuple) - 1

This code will create a new variable named max_index that stores an int of 4. The last section of this 

chapter teaches you more elegant ways of writing your code so as not to raise IndexErrors.

3.3.3   Tuples Are Immutable
You’ve learned that you can change lists and dictionaries by assigning a new object to an existing 

item. Let’s say you forget tuples are immutable and you try to change grocery_tuple. Figure 3.27 

demonstrates that a TypeError exception is raised, which tells you that changing a tuple item is not 

supported.

FIGURE 3-26:   Using the Wrong Index. 
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Let’s say instead you forgot about how tuples work and decide to append() an item. In this case, as 

shown in Figure 3.28, an AttributeError exception is raised informing you that tuple objects do 

not have the append() function.

This is really all you need to know about tuples. If you want to learn more, see the “Continue Your 

Learning” section, which has a link to the Python online documentation.

3.4   SETS

Like tuples, you can think of Python sets as a special form of a list. However, sets have different rules:

 ➤ Duplicate items are not supported

 ➤ Items can be added/removed

 ➤ You cannot directly access items

 ➤ You cannot change items

 ➤ Sets can be compared

Sets are often used in writing Python code for analytics and DIY data science. For example, sets are 

often passed to and from functions.

FIGURE 3-28:   Appending a Tuple Item. 

FIGURE 3-27:   Changing a Tuple Item. 
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3.4.1   Writing Sets
You use curly braces ({}) when defining sets in your Python code. This is yet another example of 

Python using context to interpret your code (e.g., you use curly braces to also define dictionaries). See 

Figure 3.29.

Look at the output of Figure 3.29. There are two things that are important to note about sets:

 ➤ Apples appears only once in the set.

 ➤ The order of the items is different than how the code is written.

Both are critical to understanding how the rules of sets are different than the other data structures 

covered in this chapter.

3.4.2   Comparing Sets
Sets do not support accessing or modifying individual items. The reason for this is that sets are 

designed to be used as entire collections of items. Instead of supporting accessing individual items, 

sets can be compared.

Here’s an example. You can think of an individual item as being a set with a length of one. You can 

ask if a single item is contained in a set:

# Is this item in the set?

'Bread' in grocery_set

This code returns True.

FIGURE 3-29:   A Grocery Set. 
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You can also compare multiple items to see if they are all contained within a set. When one set con-

tains all the items of another set, it is known as a superset:

# Are all these items in the set?

grocery_set.issuperset({'Apples', 'Bread'})

Running this code returns True. Here’s what’s happening:

 ➤ A set object is created with the strings 'Apple' and 'Bread'.

 ➤ This set is then passed to the issuperset() function called on the grocery_set object.

 ➤ The issuperset()function checks to see if grocery_set contains both 'Apple'  

and 'Bread'.

 ➤ Since it does, True is returned. Otherwise, False would be returned.

Not surprisingly, if you can check for one set being a superset of another, you can also check for it 

being a subset:

# Do we have a subset?

grocery_set.issubset({'Apples', 'Bread'})

As expected, this code returns False. To really cement supersets and subsets, here’s one  

more example:

# Do we have a subset?

{'Apples', 'Bread'}.issubset(grocery_set)

This code returns True.

When you have two sets, you can also ask which items they have in common. This is known as the 

intersection of two sets. As shown in Figure 3.30’s output, the intersection() function returns a 

new set object with the items that both sets have in common.

FIGURE 3-30:   Intersection of Two Sets. 
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Sets also support the opposite, finding the difference between two sets. See Figure 3.31.

As expected, Figure 3.31’s output shows the returned set object containing the items contained in 

grocery_set that are not present in the other set.

3.4.3   Changing Sets
Sets can be changed (i.e., they are mutable). Specifically, you can add and remove items from sets but 

not change individual items. Intuitively, the add() function does exactly what you would expect. See 

Figure 3.32.

Notice one again in Figure 3.32’s output how the order of the set’s items have changed. When 

working with sets, do not assume any ordering.

FIGURE 3-31:   Difference of Two Sets. 

FIGURE 3-32:   Adding an Item to a Set. 
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To remove items from a set, you use the discard() function, as shown in Figure 3.33.

Figure 3.33’s output is exactly what we would expect.

However, the discard() function behaves a little differently than you might expect. It does not 

throw an error when you attempt to remove an item not in the set:

# No error raised

grocery_set.discard('Eggs')

This code runs without issue. Most of the time this won’t be a problem, but just in case it might be 

for your needs, be sure to use in to check for the presence of the item before calling discard().

This brief introduction to sets covers the basics you need. If you want to learn more, see the 

“Continue Your Learning” section, which has a link to the Python online documentation.

3.5   SLICING DATA

In Python, slicing is how you access subsets of items stored in data structures. When it comes to 

analytics and DIY data science, you are mostly using slicing with strings (think a collection of charac-

ters), lists, and tuples.

3.5.1   Indexing
The first form of indexing you’ve become quite familiar with. When you access a single element in a 

data structure (e.g., a list), this is known as indexing in Python. Here are some examples:

# Index the 3rd character

my_string = "Python in Excel"

FIGURE 3-33:   Removing an Item from a Set. 
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my_string[2]

     

# Index the first item

grocery_list[0]

     

# Index the 4th item

grocery_tuple[3]

As always, keep in mind that Python starts counting from zero, as demonstrated in the previous  

code snippets.

Python also supports negative indexing. This is a very handy feature in many situations (e.g., working 

with string data) and is quite intuitive. For example, using an index of -1 gets the last item. See 

Figure 3.34.

Figure 3.34’s code uses the print() function to display the contents of the grocery_list object. As 

expected, using an index of -1 returns the last item in the list (Bread).

As you would expect, you can increase the magnitude of negative indexes to “wrap around” deeper 

into the items:

# Index the 3rd character from the end

my_string[-3]

Running this code returns the character c from the string "Python in Excel".

3.5.2   Slicing
Slicing is like indexing, but it allows you to access multiple elements contained within a data  

structure. Figure 3.35 demonstrates slicing the first two items from a list.

FIGURE 3-34:   Negative Indexing of a List. 
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Look at the code between the square brackets ([]) in Figure 3.35. Conceptually, here’s what happens:

 ➤ Python sees the colon (:) and recognizes it as slicing operation.

 ➤ The number before the colon is interpreted as the starting index.

 ➤ The number after the colon is interpreted as the ending index.

However, notice that the ending index is 2. Normally, this would correspond to the third item in the 

list because Python starts counting from zero. However, only two items are returned in the slice.

When using Python slicing, here’s how to think about the ending index: slicing returns all items up to 

but not including the ending index.

This might seem a bit strange, but it helps prevent a lot of “one-off” errors. Consider this code from 

earlier in the chapter:

# Get the max tuple index

max_index = len(grocery_tuple) - 1

Slicing makes the previous code unnecessary, as shown in Figure 3.36.

Slicing until the end is such a common thing to do that Python supports leaving off the ending index 

and interprets this as slicing until the end:

# Slice until the end

grocery_tuple[2:]

This code produces the same results as the code depicted in Figure 3.36. However, that’s not all.

FIGURE 3-35:   Slicing a List. 
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Slicing from the beginning is also a common operation, so you can also omit the beginning index in 

your slicing code:

# Get the first 3 items

grocery_tuple[:3]

Lastly, you can also use negative indexes when slicing. See Figure 3.37.

FIGURE 3-36:   Slicing to the End. 

FIGURE 3-37:   Negative Indexes with Slicing. 
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Figure 3.37’s output shows that the returned slice goes up to, but does not include, the ending  

negative index. Figure 3.37 also demonstrates that slicing data structure like lists and tuples returns 

the same object type (i.e., a tuple in this case).

3.5.3   Striding
Striding is like slicing, but you can specify that certain items will be skipped and not included in the 

slice. For example, the example in Figure 3.38 slices all the items but skips every other item.

As shown in Figure 3.38, you add a second colon (:) to your slicing code to specify striding.  

Figure 3.38’s output shows the result of striding every other character in the string.

3.6   CONTINUE YOUR LEARNING

As an open-source programming language, Python has extensive documentation available online.  

To continue your learning, check out the following links:

 ➤ Python lists and tuples:

https://docs.python.org/3/library/stdtypes.html#sequence-types-list- 

tuple-range

 ➤ Python dictionaries:

https://docs.python.org/3/library/stdtypes.html#mapping-types-dict

 ➤ Python sets:

https://docs.python.org/3/library/stdtypes.html#set-types-set-frozenset

FIGURE 3-38:   Striding. 

https://docs.python.org/3/library/stdtypes.html#sequence-types-list-tuple-range
https://docs.python.org/3/library/stdtypes.html#sequence-types-list-tuple-range
https://docs.python.org/3/library/stdtypes.html#mapping-types-dict
https://docs.python.org/3/library/stdtypes.html#set-types-set-frozenset


               



Control Flow and Loops  

    When writing Excel formulas, you often want some action to be taken only if a certain condi-

tion is true. 

 This idea of conditional action is so common that Microsoft Excel offers many functions that 

perform conditional actions. 

 Some examples: 

      ➤  IF()

     ➤  IFS()

     ➤  SWITCH()

     ➤  SUMIF()

     ➤  SUMIFS()

     ➤  COUNTIF()

     ➤  COUNTIFS()

 And the list goes on! 

 Just as it’s common to use conditional formulas in Excel, you also need your Python formulas 

to run code when certain conditions are true. 

 In this chapter you learn how to control the flow of your Python code, including having your 

Python code run many times if needed.  

  4.1     if/else  STATEMENTS 

 Arguably the most used Excel conditional function is  IF() . Over the years, I’ve seen Excel 

formulas like the one in  Figure  4.1   many times.     

        4 
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Notice how the formula in Figure 4.1 uses nested calls to IF()? This is known as conditional  

logic. Conditional logic is so useful that programming languages have the equivalent of Excel’s  

IF() function.

Python is no exception.

4.1.1   Basic if
You use Python’s if statement when you want some of your code to be run only when some condi-

tion is True. While this is a contrived example, the code in Figure 4.2 illustrates the how and why 

of using if.

Look at line 4 of Figure 4.2. This line of code defines the logical condition by checking the value  

my_bool. If the value is True, then all the code after the colon (:) is run.

Now look at lines 5 and 6. Notice how they’re indented? This is how Python defines the block of 

code to be executed only when my_bool is True. You can include as many lines of code as you need 

in your if code blocks.

Lastly, lines 8 and 9 are not indented so they are not considered part of the if statement’s code 

block. Also, while line 7 is not required, it’s considered good practice to end an if code block with a 

blank line.

Figure 4.2 also shows the output when the Python code is run.

FIGURE 4-2:   An if Statement. 

FIGURE 4-1:   Conditional Logic in Excel. 
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4.1.2   Adding else
While you can use if by itself, it’s also common to need an alternative path for your code in cases 

where a condition is False. This is where else comes into play. The code in Figure 4.3 demonstrates 

the structure of using if/else.

Like if, else also uses a colon to define a code block. Once again, correct indentation is critical for 

ensuring that your if/else code blocks are properly defined.

The output of Figure 4.3 illustrates how the else code block is run because the value of my_bool is 

now False.

4.1.3   Nesting if/else
You can write any sort of Python code you would like within if/else code blocks. This includes 

nested if/else statements:

# Nested if/else

my_bool = True

your_bool = False

      

if my_bool:

    print('my_bool is True')

   

    if your_bool:

        print('your_bool is True')

FIGURE 4-3:   Adding else. 
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    else:

        print('your_bool is False')

else:

    print('my_bool is False')

        

    if your_bool:

        print('your_bool is True')

    else:

        print('your_bool is False')

       

print('End of Python formula')

Running this code produces the following output:

my_bool is True

your_bool is False

End of Python formula

While this is another contrived example, it demonstrates how you can use nested if/else to accom-

modate complex logic to control the flow of your Python code.

4.1.4   elif
There are times when you want to check multiple logical conditions and only run code for the first 

condition you find to be True. You can use elif (which is short for “else if”) to accomplish this:

# Run only one code block

my_bool = False

your_bool = True

their_bool = True

        

if my_bool:

    print('my_bool is True')

elif your_bool:

    print('your_bool is True')

elif their_bool:

    print('their_bool is True')

      

print('End of Python formula')

Running this code produces the following output:

your_bool is True

End of Python formula

Notice that while your_bool and their_bool are both True, only the code block for the your_bool 

condition was run. This is because when using elif, only the first true condition runs.
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By using combinations of if, else, and elif, you can compose as complex logic as needed for your 

Python code.

4.1.5   Logical Operators
You will use Python’s logical operators, covered in Chapter 2, to craft the logic you need to control 

how your Python code functions. This section teaches you about Python’s three logical operators – 

and, or, and not.

If you’ve ever used Excel’s AND(), OR(), or NOT() functions, you already understand how Python 

logical operators work.

In case you’ve never used these Excel functions, here’s how Python’s and logical operator works:

 ➤ The statement to the left of the and is checked for True/False.

 ➤ The statement to the right of the and is checked for True/False.

 ➤ If both sides are True, the and evaluates to True.

 ➤ Otherwise, the and evaluates to False.

This can be a bit abstract, so consider the following Python formula, which demonstrates and evalu-

ating to True:

# Logical and in action

my_bool = True

your_bool = True

      

if my_bool and your_bool:

    print('Both are True!')

else:

    print('At least one is false!')

     

print('End of Python formula')

Running this Python code will return the following as output:

Both are True!

End of Python formula

Now consider the code where my_bool is False instead of True:

# Logical and in action

my_bool = False

your_bool = True

     

if my_bool and your_bool:

    print('Both are True!')

4c09b784-ff18-11ef-bd5a-1866da8e27ac.xhtml#chapter2
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else:

    print('Both are not True!')

      

print('End of Python formula')

Running the modified code produces this output:

Both are not True!

End of Python formula

Now imagine that logical and is too restrictive for what you need. Let’s say you need your code to 

run if one of the statements is True. Logical or gives you what you need:

# Logical or in action

my_bool = False

your_bool = True

      

if my_bool or your_bool:

    print(One or both are True!')

     

print('End of Python formula')

Running this Python formula produces the following output:

One or both are True! 

End of Python formula

Logical or is far more permissive compared to logical and. In the case where both sides are True, 

logical or also evaluates to True:

# Logical or in action

my_bool = True

your_bool = True

      

if my_bool or your_bool:

    print('At least one is True!')

    

print('End of Python formula')

And the output:

At least one is True! 

End of Python formula

These logical operators are intuitive – they reflect how we think and speak about the world (e.g.,  

“If you need me to do X and Y, I won’t have time for Z.”). They also have the advantage, compared 

to everyday language, of being unambiguous.
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The last of Python’s logical operators (not) is also intuitive. Think of logical not as flipping a 

True/False value:

 ➤ not False becomes True.

 ➤ not True becomes False.

The following Python formula modifies the last one to demonstrate logical not:

# Logical not in action

my_bool = False

your_bool = True

          

if my_bool or not your_bool:

    print('At least one is True!')

            

print('End of Python formula')

Running this code produces the following output:

End of Python formula

Using not has “flipped” the value of your_bool from True to False. Since both sides of the or are 

now False, the or evaluates to False and the if code block isn’t run.

It’s common to use Python’s logical operators as building blocks to compose any complex logic you 

might need, as the following Python code demonstrates:

# Logical not in action

my_bool = False

your_bool = True

their_bool = True

             

if (my_bool or their_bool) and (not your_bool):

    print('At least one is True!')

                

print('End of Python formula')

Running this code outputs:

End of Python formula

Notice how the Python formula uses parentheses to wrap some of the code? This is good coding 

practice because it breaks your code into logical units (pun intended) that make your code easier to 

understand.

Another benefit of using parentheses is that you are explicitly telling Python how you want  

the order of operations to be evaluated. Without paratheses, Python will default to its built-in 
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order of operations. To learn more about this, check out the link in the “Continue Your 

Learning” section.

Here’s what’s happening with the if logic because of the parentheses:

 ➤ First, (my_bool or their_bool) evaluates as True.

 ➤ Next, (not your_bool) evaluates as False.

 ➤ Next, and checks each statement and evaluates as False.

Because the if logic ultimately evaluates to False, the code block is not run. You will see  

more examples of using logical operators later in the book (e.g., when filtering tables of data  

using Python).

4.1.6   Comparison Operators
It’s common in Microsoft Excel to compare two values – for example, comparing the values in two 

different cells in a worksheet. Like Excel, Python supports many comparison operators:

 ➤ Equal to: ==

 ➤ Not equal: !=

 ➤ Less than: <

 ➤ Greater than: >

 ➤ Less than or equal to: <=

 ➤ Greater than or equal to: >=

Most of these comparison operators are the same as in Excel with two notable exceptions: == and !=.

In Python, a single equals sign (=) is used for assigning values (e.g., my_bool = True). This is why 

Python uses == to check if two objects are equal (i.e., equivalent).

Comparison operators are additional building blocks you can use to compose any logic you need to 

control how your Python formulas run:

# Comparison operators for more power

a = 5

b = 7

c = 21

            

if (a <= 5 or b > 10) and c == 21:

    print('Complex logic is True!')

else:

    print('Complex logic is False!')

            

print('End of Python formula')
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And the output:

Complex logic is True!

End of Python formula

By using Python’s conditional and comparison operators, you can craft whatever logic you need.

4.2   FOR LOOPS

When working with Microsoft Excel tables, it’s common to want to add a new column where the 

values will be calculated from existing columns. Imagine wanting to calculate gross profit. Figure 4.4 

illustrates adding a formula to populate a new GrossProfit column from the existing SalesAmount 

and TotalProductCost columns.

The magic of Excel tables is that once you press the <enter> key, Excel will auto-populate the for-

mula down every row of the column, automatically adjusting the cell references as needed. Figure 4.5 

demonstrates the concept of what is known as a loop in Python.

Python loops allow your Python code to be repeatedly run – just like the formula logic from  

Figure 4.4 is auto-populated (i.e., repeated) for every table row.

Python loops are often used in analytics and do-it-yourself (DIY) data science to clean data and create 

new columns of data.

FIGURE 4-4:   Calculating Gross Profit. 

FIGURE 4-5:   Auto-populating a Table Column. 
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4.2.1   What Are for Loops?
A Python for loop is a block of code that is executed once for each item in some sort of sequence. 

Repeatedly running code is often referred to as iteration.

In Python, many types of objects are sequences, including lists, dictionaries, tuples, and sets. Using 

these objects, you can iterate over a block of Python code, once for each item in the sequence.

4.2.2   Writing for Loops
Another type of Python sequence is known as a range. A range object contains a sequence of 

numbers. Conceptually, you can think of it as being like a list object. Consider the following 

Python formula:

# Create a range object

my_range = range(0, 5)

              

print(my_range)

print(list(my_range))

Running this Python code produces the following output:

range(0, 5) 

[0, 1, 2, 3, 4]

The output demonstrates a couple of important ideas:

 ➤ The range object is defined with lower and upper bounds (i.e., 0 and 5, respectively).

 ➤ The upper bound is not included (i.e., it works like Python slicing).

 ➤ You can convert (i.e., cast) range objects to be lists.

With the my_range object created, it can be used with a for loop:

# Use the range in a for loop

for value in my_range:

    print(value)

Examine this Python code. There are several things that are worth noting:

 ➤ In this code, value represents a variable local to the loop (i.e., you can only reference value 

inside the for loop’s code block).

 ➤ You can choose any variable name you would like – it doesn’t have to be value.

 ➤ However, it’s good coding practice to use a variable name that conveys relevant information 

(e.g., don’t use something like xyz for the name).

 ➤ Like a Python if/else, a loop has a code block that follows a colon (:) and must  

be indented.



4.2   For Loops ❘ 71

Running this Python formula produces the following output:

0

1

2

3

4

Notice how value takes on each number contained within the my_range object? The value variable 

is then repeatedly passed to the print() function to produce the output. This is iteration in action.

A for loop’s code block can contain many lines of Python code and allows you to iteratively run 

whatever code you need. For example, you can conditionally execute code within a for loop:

# Use the range in a for loop

for value in my_range:

    print(f'value is: {value}')

               

    if value == 2:

        print('Do something when value is 2')

    else:

        print('Do something else')

Once again, notice how important indenting is when writing your Python code. First, the for loop’s 

code block must be indented. Then, the if/else code blocks must be indented again.

Without proper indentation, Python might throw an error. This is the best-case scenario. The 

worst-case scenario is that you do not see an error, but your code doesn’t work the way you expect. 

Always double-check your indentation!

Running this Python formula outputs the following:

value is: 0 

Do something else 

value is: 1 

Do something else 

value is: 2 

Do something when value is 2 

value is: 3 

Do something else 

value is: 4 

Do something else 

             

Not surprisingly, for loops are commonly used with lists:

# Use a list with a for loop

string_list = ['one', 'two', 'three', 

               'four', 'five']
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for string in string_list:

    print(string)

              

# Output below

              

one

two 

three 

four 

five

In this code snippet, I’ve combined the Python formula code and the output. I will be using this 

format from now on.

4.2.3   Short-circuiting for Loops
There are times when you want to skip (i.e., short-circuit) the code in a for loop. You can use  

continue to tell the for loop to skip the current iteration:

# Build a list using a for loop

my_list = []

                 

for value in my_range:

    print(value)

                

    # If value is 2, skip it

    if value == 2:

        continue

              

    my_list.append(value)

             

print(my_list)

             

# Output below

            

0

1

2

3

4

[0, 1, 3, 4]

This output shows how, when value == 2, the continue keyword skips (i.e., short-circuits) all the 

remaining code in the block for that iteration. This is why my_list doesn’t contain 2, but it’s printed 

in the output because the call to print() happens before the continue.
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4.2.4   Exiting for Loops
You can use continue to skip iterations of a for loop. However, every value in the sequence is iter-

ated over. Sometimes you want to exit out of a for loop early due to some condition. For example, 

you might be searching for particular piece of data in a list.

This is where you use break:

# Build a list using a for loop

my_list = []

                

for value in my_range:

    print(value)

               

    # If value is 2, stop

    if value == 2:

        break

             

    my_list.append(value)

              

print(my_list)

              

# Output below

              

0

1

2

[0, 1]

Compare this output to the output in Section 4.2.3. The combination of continue and break provide 

you with great control over how your for loops iterate.

4.3   WHILE LOOPS

Python also supports looping when you don’t have a list, range, or similar object to iterate over – this 

is the job of the while loop.

for loops iterate over each item in a sequence (e.g., the items contained in a list). This means that the 

number of iterations is ultimately controlled by the number of items in the sequence.

By way of comparison, while loops continue to iterate while (see how the name is intuitive?) some 

condition is True. This gives while loops the potential to iterate non-stop, so you must treat them 

with caution to avoid infinite loops.

It’s not very common to use while loops in analytics and DIY data science code. This section covers 

them for completeness in case you come across while loops in your Python journey (e.g., books, blog 

posts, coworkers’ code, etc.). They are quite common in general-purpose Python code.
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4.3.1   Writing while Loops
It takes very little code to write a while loop. However, it’s critical that your while loop contain 

some sort of exit condition. Consider the following Python formula:

# A simple while loop

a = 0

           

# Keep iterating while True

while a < 4:

    print(a)

                

    # "Trip" the exit condition

    a += 1

            

# Output below

                   

0

1

2

3

In this while loop, iteration is controlled by the logical condition a < 4. This is the loop’s exit condi-

tion. Notice that code is required to ensure this while loop exits.

This is critical to consider when writing while loops – will your exit condition happen? Consider if a 

never reaches a value of 4 or more. The while loop will never exit.

In the case of the previous loop, the code that makes this happen is a += 1. In natural language, the 

+= means, “Take whatever is on the left and increase by whatever is on the right.”

In this case, a is increased by 1 with each iteration of the loop. As this loop iterates, a will eventually 

reach the value of 4 and the loop will exit.

Like for loops, while loops rely on indentation to define the code block that will be iterated. Just 

like you’ve seen so far, while loop code blocks can contain as much code as you need.

4.3.2   while Loop Gotchas
When using while loops you must be on the lookout for “gotchas.” Unlike for loops, while loops 

have the potential to iterate nonstop. This situation is usually the result of an exit condition never 

being reached.

Writing buggy while loops that never exit is a lot easier than you might imagine. Here’s an example 

of how easy it is:

# A simple while loop

a = 0
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# Keep iterating while True

while a < 4:

    print(a)

           

    # Buggy exit condition

    a = 1

             

# Output below

Notice the bug in this snippet? Instead of +=, the code is just =. A simple bug like this in the exit con-

dition means that this while loop will never stop on its own! Excel never returns output because the 

code never stops running. If you ran this from a locally installed Python console, Python would print 

0 over and over again.

Now, consider the more insidious example of the following while loop, which uses continue (this 

works just like it does in for loops):

# A "gotcha" example

a = 0

   

# Keep iterating while True

while a < 10:

    print(a)

    

    # Short-circuit the loop

    if a == 7:

        continue

   

    # Exit condition

    a += 1

   

# Output below

    

If you enter this Python formula and run it, you won’t see any output. The formula will run for some 

time and eventually you will see the Python in Excel timeout limit shown in Figure 4.6.

FIGURE 4-6:   Python Formula Timeout. 
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This loop runs so long that it eventually encounters the Python in Excel timeout limit and errors out. 

The reason for the timeout lies with the incorrect use of continue.

In the loop’s code block, the check for a == 7 happens before the exit condition (i.e., a += 1). Once 

a reaches the value of 7, the continue short-circuits the rest of the code block and bypasses the exit 

condition.

The value of a never gets incremented past 7, and the while loop keeps iterating until Python in 

Excel reaches the timeout.

Given how easy it can be to write buggy while loops, it’s considered good coding practice to use for 

loops wherever you can.

4.3.3   Exiting while Loops
You can use break with while loops, which works the same as with for loops – the while loop is 

immediately terminated. This makes break quite handy when you need multiple exit conditions:

# Using break in a while loop

a = 0

my_bool = True

    

# Keep iterating while True

while a < 10:

    print(a)

        

    # Exit condition

    a += 1

    

    # Additional exit condition

    if my_bool:

        break

    

# Output below

   

0

This while loop has two exit conditions. The first is to increase the value of a to eventually be 10 (or 

more). Second is the if my_bool check. Given that my_bool is True, the break is executed, and the 

loop terminates after only outputting 0.

Using break with your while loops provides you with tremendous flexibility in controlling how 

many times the loop’s code block is iterated.

4.4   COMPREHENSIONS

Iterating over lists and dictionaries to create new lists and dictionaries is so common that Python sup-

ports what are known as comprehensions to make writing these kinds of loops easier.
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Conceptually, Python comprehensions are like for loops – they iterate over each item in the data 

structure (e.g., a list).

4.4.1   List Comprehensions
You use list comprehensions to iterate through all the items in a list. The result of this iteration is a 

newly created list.

Using Python’s list comprehensions is common in analytics and DIY data science. For example, you 

use list comprehensions regularly in text analytics.

The simplest form of a list comprehension looks a lot like a for loop:

# Build a new list from an existing list

my_list = [1, 2, 3, 4, 5]

   

# Using a list comprehension

new_list = [value for value in my_list]

   

print(new_list)

      

# Output below

  

[1, 2, 3, 4, 5]

List comprehensions can be a little confusing at first, so let’s break down what’s going on in this 

Python formula piece by piece.

First up, the list comprehension is denoted by square brackets ([]). This is yet another example of 

Python interpreting your code based on context.

Next is the last part of the list comprehension: for value in my list. This code is the same as 

writing a for loop and clearly communicates how list comprehensions work.

Lastly, there’s the first part of the list comprehension: value. You can think of this as the  

comprehension’s code block. It’s what the list comprehension does with each piece of data from 

my_list.

In the case of this code snippet, the code block is just building a new list with the items contained in 

my_list. Basically, this code snippet creates a copy of my_list.

List comprehensions are flexible. For example, you can use the code block to do various things:

# Using the "code block"

string_list = [f'The value: {value}' for value in my_list]

  

print(string_list)
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# Output below

   

['The value: 1', 'The value: 2', 'The value: 3', 'The value: 4', 'The  

value: 5']

This Python formula demonstrates iterating through my_list and then creating a formatted string 

for each item contained in my_list.

This example illustrates that just about any code you can think of can be used in a list comprehension 

code block. The only restriction is that it must be a single Python expression (think a single line of code).

In cases where you need more than a single statement for a list comprehension code block, you can 

use functions to process each item in the source list:

# Using a function with a list comprehension

my_list = [1, 2, 3.14, 'Hello!']

   

new_list = [type(value) for value in my_list]

  

print(new_list)

  

# Output below

    

[<class 'int'>, <class 'int'>, <class 'float'>, <class 'str'>]

This output demonstrates how the type() function is called for each item in my_list and the results 

are then stored in new_list.

While this code uses a built-in Python function, you can also use functions you write yourself. You 

learn how to write your own functions in the next chapter.

List comprehensions also support the use of filters:

# Build a new filtered list from an existing list

new_list = [value for value in my_list if value > 2]

    

print(new_list)

   

# Output below

   

[3, 4, 5]

In this Python formula, the if value > 2 filter is run against each item in my_list. As shown in the 

output, only items where the filter evaluates to True are included in the newly created list.

You can also use logical operators with your list comprehension filters:

# Build a new filtered list from an existing list

new_list = [value for value in my_list if value > 2 and value < 5]
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print(new_list)

   

# Output below

   

[3, 4]

Another common form of a list comprehension filter is to use another list as the filter:

# Using a list as a filter

filter_list = [1, 3, 5]

my_list = [1, 2, 3, 4, 5, 6]

  

new_list = [value for value in my_list if value in filter_list]

  

print(new_list)

   

# Output below

   

[1, 3, 5]

In this output, only the items contained in filter_list are kept in the created new_list. It’s even 

more common, however, to use a negative filter:

# Using a list as a filter

filter_list = [1, 3, 5]

my_list = [1, 2, 3, 4, 5, 6]

  

new_list = [value for value in my_list if value not in filter_list]

  

print(new_list)

   

# Output below

   

[2, 4, 6]

This output demonstrates that only the not in filter_list items are kept in the created  

new_list.

A word of warning about using in with lists. Extremely large lists can cause problems for both in 

and list comprehensions. As you will learn in a later chapter, using data tables in Python is a better 

alternative to using extremely large lists.

The capabilities of list comprehensions covered in this section are those most commonly used 

in Python analytics and DIY data science code. For more information, check out the link in the 

“Continue Your Learning” section.
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4.4.2   Dictionary Comprehensions
You use dictionary comprehensions to iterate through all the key–value pairs in a dictionary. The 

result of this iteration is a newly created dictionary.

In general, dictionary comprehensions work like list comprehensions. The main difference is working 

with key–value pairs (usually abbreviated in the comprehension code as k and v).

Consider this Python formula:

# Build a new dictionary using a comprehension

grocery_dict = {

    'Produce':['Apples', 'Bananas', 'Onions', 'Potatoes'],

    'Meats':['Fish', 'Chicken'],

    'Canned':['Beans', 'Tomatoes', 'Rice', 'Olives'],

    'Dairy':['Eggs', 'Milk', 'Butter'],

}

  

new_dict = {k:v for k, v in grocery_dict.items()}

   

print(new_dict)

  

# Output below

   

{'Produce': ['Apples', 'Bananas', 'Onions', 'Potatoes'], 'Meats': ['Fish',  

'Chicken'], 'Canned': ['Beans', 'Tomatoes', 'Rice', 'Olives'], 'Dairy': ['Eggs',  

'Milk', 'Butter']}

As this code snippet demonstrates, there are some differences when compared to list comprehensions. 

Let’s break this code down piece by piece.

First up, the dictionary comprehension is denoted by curly braces ({}).

Next is the last part of the list comprehension: for k, v in grocery_dict.items(). The items() 

function returns the collection of key–value pairs contained within the dictionary. The following code 

demonstrates:

# What are the dictionary items?

print(grocery_dict.items())

  

# Output below

     

dict_items([('Produce', ['Apples', 'Bananas', 'Onions', 'Potatoes']), ('Meats',  

['Fish', 'Chicken']), ('Canned', ['Beans', 'Tomatoes', 'Rice', 'Olives']),  

('Dairy', ['Eggs', 'Milk', 'Butter'])])
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The for k, v in part iterates over the dict_items to access each key–value pair in the dictionary.

Lastly, there’s the first part of the dictionary comprehension: k:v. This is the code block. Notice how 

the key (k) and the value (v) are separated by a colon (:).

This dictionary comprehension isn’t doing anything fancy. It’s making a copy of grocery_dict and 

assigning the copy to the variable name new_dict.

Dictionary comprehensions support filtering for both keys and values. Here’s an example of fil- 

tering by keys:

# Build a new dictionary using filters

filter_list = ['Meats', 'Canned']

   

new_dict = {k:v for k, v in grocery_dict.items() if k not in filter_list}

   

print(new_dict)

   

# Output below

  

{'Produce': ['Apples', 'Bananas', 'Onions', 'Potatoes'], 'Dairy': ['Eggs',  

'Milk', 'Butter']}

And an example of filtering values:

# Build a new dictionary using filters

product_dict = {

    'Computer' : 3000,

    'Monitor' : 500,

    'Keyboard' : 50,

    'Mouse' : 25

}

  

new_dict = {k:v for k, v in product_dict.items() if v > 100}

  

print(new_dict)

   

# Output below

  

{'Computer': 3000, 'Monitor': 500}

   

Notice in the Python formula that filtering on dictionary values assumes a single value for each key 

by default. When your dictionaries contain lists of values, filtering gets more complicated.
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Imagine that you wanted to filter out any key that has an associated value stored in a list. Here’s  

an example:

# Build a new dictionary using filters

filter_list = ['Olives', 'Butter']

   

# Exclude any key that has a value in filter_list

new_dict = {k:v for k, v in grocery_dict.items() if not any(item in  

filter_list for item in v)}

  

print(new_dict)

  

# Output below

{'Produce': ['Apples', 'Bananas', 'Onions', 'Potatoes'], 'Meats': ['Fish',  

'Chicken']}

In this output, notice that no key appears where that key’s list contains 'Olives' or 'Butter' – 

they have been filtered out. This Python formula uses the following code, which is new:

not any(item in filter_list for item in v)

You’re already familiar with logical not, so what’s new is the call to Python’s any() function. Here’s 

how the any() function works:

 ➤ It accepts objects that are collections of values (lists, dictionaries, tuples, sets, etc.).

 ➤ It then checks each value in the collection, looking for True.

 ➤ If it finds a True, it returns True.

 ➤ Otherwise, it returns False.

Next, consider the code used in the call to the any() function:

item in filter_list for item in v

It’s a list comprehension!

This code snippet iterates through the list of values represented by v. The list comprehension’s code 

block then checks to see if each item is contained in filter_list.

This list comprehension will create a new list containing True and False values. The list is then 

passed into the any() function.

When a list contains 'Olives' or 'Butter', the any() function will return True. Logical not then 

flips the True to False and vice versa.

Voila! Complex filtering based on values contained in a list. For more information on dictionary com-

prehensions, check out the link in the “Continue Your Learning” section.
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4.5   CONTINUE YOUR LEARNING

As an open-source programming language, Python has extensive documentation available online.  

To continue your learning, check out the following links:

 ➤ The if statement:

https://docs.python.org/3/tutorial/controlflow.html#if-statements

 ➤ Python’s order of operations (i.e., operator precedence):

https://docs.python.org/3/reference/expressions.html#operator-precedence

 ➤ The for statement:

https://docs.python.org/3/tutorial/controlflow.html#for-statements

 ➤ The while statement:

https://docs.python.org/3/reference/compound_stmts.html#the-while-statement

 ➤ List comprehensions:

https://docs.python.org/3/tutorial/datastructures.html#list-comprehensions

 ➤ Looping dictionaries:

https://docs.python.org/3/tutorial/datastructures.html#looping-techniques

https://docs.python.org/3/tutorial/controlflow.html#if-statements
https://docs.python.org/3/reference/expressions.html#operator-precedence
https://docs.python.org/3/tutorial/controlflow.html#for-statements
https://docs.python.org/3/reference/compound_stmts.html#the-while-statement
https://docs.python.org/3/tutorial/datastructures.html#list-comprehensions
https://docs.python.org/3/tutorial/datastructures.html#looping-techniques




Functions  

    Many Excel users spend a lot of time writing formulas. More often than not, these formulas call 

Excel functions like these: 

      ➤  IF()

     ➤  SUM()

     ➤  AVERAGE()

     ➤  COUNT()

     ➤  MIN()

     ➤  MAX()

 While most Excel users don’t do this, Excel has supported creating custom functions for many 

years using Visual Basic for Applications (VBA) code. 

 However, being able to create custom functions is so handy that Microsoft added the new 

LAMDBA()  function in Excel to allow writing custom functions without VBA code. 

 Just as it’s handy to be able to write your own functions in Excel, so it is with Python. 

 In this chapter you’ll learn how to write your own Python functions.  

  5.1    INTRODUCING FUNCTIONS 

 Imagine that you have a column of sales numbers in an Excel worksheet and your manager has 

asked you to provide a summary of what’s going on with sales. 

 The first thing you might do is use Excel functions like  SUM() ,  AVERAGE() ,  MIN() , and  MAX()  to 

get an initial understanding of the sales data. 

        5 
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As an Excel user, you’re undoubtedly highly experienced with using functions. You’ve also been building 

experience using Python functions like print(), type(), and len() from previous chapters.

This knowledge makes learning how to write your own Python functions much easier.

5.1.1   Defining Functions
You tell Python that you’re defining a function by using the def keyword. In addition to the def  

keyword, all Python functions must have the following:

 ➤ A name.

 ➤ A parameter list (which can be empty) contained with parentheses.

 ➤ A code block.

While you have great flexibility in naming your Python functions and parameters, it’s best practice 

to use:

 ➤ Meaningful names

 ➤ Lowercase

 ➤ Underscores (_) to separate each word

The “Continue Your Learning” section at the end of this chapter has a link to Python’s naming stan-

dards documentation to learn more.

The Python formula shown in Figure 5.1 is the simplest way to define a legal function.

The code of Figure 5.1 defines a new function named my_print(). This function takes no parameters 

(i.e., there’s nothing listed in the parentheses).

Like loops, Python functions use a colon (:) to define the code block. In the case of my_print(), the 

code block uses the pass keyword to tell Python that there is no code. Think of pass as a placeholder 

for the code you will write.

Even though my_print() does nothing, you can call the function in another Python formula because 

it is legal. Figure 5.2 shows that calling my_print() does nothing.

FIGURE 5-1:   The Simplest Python Formula. 
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Adding a parameter to a Python function is simply a matter of providing a variable name. A func-

tion’s code block can then use this as a parameter. Figure 5.3 shows how to add a parameter called 

obj to the function and then use obj within the code block.

Figure 5.3 also illustrates a couple of important ideas about functions:

 ➤ As with loops, function code blocks are indented.

 ➤ A function may contain any sort of code, including calls to other functions.

Now that the obj parameter has been added, Python requires that any call to my_print() pass an 

object into the function. If this is not done, an exception is raised, as shown in Figure 5.4.

FIGURE 5-2:   Calling the my_print() Function. 

FIGURE 5-3:   Adding a Parameter. 

FIGURE 5-4:   Calling my_print() Without a Parameter. 
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Luckily, the TypeError message shown in Figure 5.4 is quite clear in how to fix the problem.  

The code in Figure 5.4 can be updated, as shown in Figure 5.5.

Python functions support the ability to assign a default value to a parameter, as this updated code 

demonstrates:

# A parameter with a default

def my_print(obj = None):

    print(obj)

In this Python formula, the obj parameter will have a default value of None. The None keyword 

denotes the absence of value. In Excel terms, think of None as being like an empty cell.

With a default value for the parameter defined, the my_print() function can now be called without a 

parameter:

# Call the function

my_print()

     

# Output below

None

This code output shows a common pattern in Python. When the input is None, the output is None. If 

you think about it, this makes total sense. What can you do with the absence of value? Nothing.

If nothing comes into the code, then nothing comes out.

When using default parameter values, you can have your functions execute different code in response 

to a default value:

# A parameter with a default

def my_print(obj = None):

    if obj is None:

        print('Default value')

    else:

        print(obj)

FIGURE 5-5:   Calling my_print() with a Parameter. 
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In this code, is None checks obj to see if it is the equivalent to None. Also, note the indentation 

structure of the code block. This is required for your functions to behave as you intend.

The following code snippets demonstrate my_print()’s new logic flow:

# Call the function

my_print()

     

# Output below

Default value

     

# Call the function

my_print('My string')

     

# Output below

My string

You may be wondering why I bothered writing a function named my_print() instead of print(). 

The answer (i.e., avoiding a naming collision) will be made clear in a later section.

5.1.2   Keyword Arguments
Creating a Python function with multiple parameters is easy – you just use a comma-separated list of 

the parameter names. Consider the following function:

# A function with multiple parameters

def combine_strings(str1, str2, separator = ' '):

    print(str1 + separator + str2)

     

# Call the function

combine_strings('Python', 'in Excel')

     

# Output below

Python in Excel

Notice in this code, when multiple parameters are used in a function call, Python passes the parame-

ters into the functions based on position:

 ➤ 'Python' is mapped to str1.

 ➤ 'in Excel' is mapped to str2.

You have the option of naming the parameters when calling a function. In Python, these are known as 

keyword arguments. When you use keyword arguments, you can pass the parameters in any order:

# Use named parameters

combine_strings(separator = ', ', str2 = 'Python!', str1 = 'Hello')
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# Output below

Hello, Python! 

As this snippet demonstrates, Python will map the parameters based on name rather than position.

You can also mix positional parameters and keyword arguments. The following Python formula  

demonstrates this:

# A function with multiple parameters

def combine_strings(str1, str2, str3, separator = ' '):

    print(str1 + separator + str2 + separator + str3)

     

# Call the function

combine_strings('2025', '03', separator = '-', str3 = '14')

     

# Output below

2025-03-14

This code demonstrates that when mixing positional parameters and keyword arguments, not surpris-

ingly, the keyword arguments come at the end.

It’s common for Python functions used in analytics and do-it-yourself (DIY) data science to have 

many parameters with default values. Not surprisingly, you often use keyword arguments with these 

functions to override the default parameter values.

5.1.3   Returning Objects
Consider Excel’s SUM() function. It takes as input a collection of cells, adds the numeric values 

together, and returns the summation of the numeric values. In Python terms, this would be a function 

that returns an object (because everything in Python is an object).

It’s common for your Python functions to return an object that is the result of the work performed by 

the function. For example, consider this Python formula:

# A function that returns an object

def combine_strings(str1, str2, str3, separator = ' '):

    return str1 + separator + str2 + separator + str3

     

# Store the returned object

my_string = combine_strings('2025', '03', separator = '-', str3 = '14')

     

# Use returned object

print(type(my_string))

print(my_string)

     

# Output below

<class 'str'> 

2025-03-14



5.1   Introducing Functions ❘ 91

Look at the combine_strings() function in this code. Notice that the code has changed to use the 

return keyword. After the function’s code concatenates all the parameters, this keyword tells Python 

to return the newly constructed str object back to the calling code.

The newly created str object is stored in the variable named my_string. This object then can be 

used like any other string, as demonstrated in this code.

It’s possible to have multiple return statements within a function. Using more than one return in a 

function is usually in response to conditional logic. The following Python formula illustrates:

# A function with multiple returns

def combine_strings(str1, str2, str3, separator = ' '):

    if separator == 'ERROR':

        return separator

    else:

        return str1 + separator + str2 + separator + str3

     

# Store the returned object

my_string = combine_strings('2025', '03', separator = 'ERROR', str3 = '14')

     

# Use returned object

print(type(my_string))

print(my_string)

     

# Output below

<class 'str'> 

ERROR

While using multiple return statements is possible, it can lead to function code that is hard to under-

stand, prone to mistakes, and costly to maintain. That’s why it’s considered best practice to limit the 

number of return statements in your functions.

Python functions support returning more than one object. The following Python formula 

demonstrates:

# Return multiple objects

def return_multiple():

    return 3.14, 'Hello, Python!'

     

# Call the function

my_num, my_string = return_multiple()

     

print(my_num)

print(my_string)

     

# Output below

3.14

Hello, Python!
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As you might have expected, when returning multiple objects, you separate each object using a 

comma. When calling these types of functions, you also separate the returned object variables names 

using commas.

5.1.4   Variable Scope
You have the option of declaring variables inside your functions. An example of where you do this is 

when you need a “helper object.”

Imagine you want to write a function that reverses a string of words. Here’s an example of how you 

could do that:

# A function with "helper objects"

def reverse_words(str1):

    # Local variable

    list_helper = []

     

    # Use local variable

    for word in str1.split(' '):

        list_helper.insert(0, word)

        list_helper.insert(0, ' ')

     

    print(list_helper)

     

    # Second local variable

    str_helper = ''.join(list_helper)

    print(str_helper)

     

    # Return results

    return str_helper.strip()

     

print(reverse_words('Python in Excel'))

     

# Output below

[' ', 'Excel', ' ', 'in', ' ', 'Python']

 Excel in Python

Excel in Python

There’s quite a bit going on in this function, so let’s go through it piece by piece so you can under-

stand what’s happening.

First, the reverse_words() function declares a “helper object” (which is commonly referred to as a 

local variable) named list_helper as an empty list. This object will hold the words in reverse order.

Next, the call to str1.split() asks the string object passed into the function as a parameter to 

break itself into words, where each word is defined as being separated by a space. The split() 

function returns a list.
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The for loop then iterates through the list returned by split(). During each iteration of the loop, 

two things happen:

 ➤ The current word is inserted at the front of list_helper.

 ➤ A space is then inserted at the front of list_helper.

After the for loop is done, a second local variable is declared, named str_helper. This variable is 

assigned to the return value of the code ''.join(list_helper). Here’s what this code is doing:

 ➤ Python sees the '' and creates an empty string object.

 ➤ The join() function is then called on this string object, with list_helper passed as a 

parameter.

 ➤ The join() function concatenates all the items in list_helper and returns a new string 

object that is assigned to str_helper.

Finally, the strip() function is called on str_helper. This function removes any whitespace from 

the beginning and/or end of the string. The stripped string is what the function returns.

The output shows various steps of the function’s processing using calls to print(). Intermediate print 

statements in code creates verbose output, but they can be very useful for debugging and helping you 

understand what the code does.

When using local variables in your functions, they are scoped to the lifecycle of a single call to the 

function. This means that these variables only exist for the duration of the call and then they are  

discarded. For example, consider the Python formula in Figure 5.6.

Notice in Figure 5.6’s output that everything works as expected until the attempt to access the  

list_helper object. Python raises an exception in response to this code, saying the object  

isn’t defined.

FIGURE 5-6:   Accessing a Local Variable. 
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The reason for the error is that list_helper is scoped to the reverse_words() function. That is, 

list_helper has local scope within the function.

By way of comparison, the print(list_helper) code exists outside of the function’s local scope, so 

it can’t “see” the list_helper object. The code resides in the global scope.

Understanding local vs. global scope is critical for writing Python code that works as you intend. 

Here’s an example that demonstrates scope:

# Global scope

my_string = 'Global scope'

     

def my_print(str):

    # Local scope

    my_string = 'Printing: ' + str

     

    print(my_string)

     

my_print('Local scope')

print(my_string)

     

# Output below

Printing: Local scope

Global scope

In this Python formula, the two my_string objects are independent of each other because of the  

different (i.e., global vs. local) scopes.

This is important to understand because if you have two objects with the same name in the same 

scope, you get what is known as a name collision. Name collisions can make your Python code 

behave in unexpected ways.

For example, let’s say that you wrote the following function in cell A8 of your worksheet:

# A function with multiple parameters

def combine_strings(str1, str2, separator = ' '):

    print(str1 + separator + str2)

Like everything else in Python, functions are objects. In this case, there is an object named  

combine_strings() that happens to be a function. The combine_string() object exists in the 

global scope.

Let’s say you come back to your workbook months after writing this function, and you forgot that 

you wrote it (believe me, this is more common than you might think).

So, you write an improved version of the function in cell A53 of the worksheet:

# A function with multiple parameters

def combine_strings(str1, str2, str3, separator = ' '):

    print(str1 + separator + str2 + separator + str3)
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The second version of the function also exists in the global scope and represents a name collision. 

Here’s why this can make your Python in Excel code work in unexpected ways.

Python in Excel formulas can exist in any cell in any worksheet. So which Python formula is run first? 

Which second? And so forth. Microsoft calls this the calculation order.

To use Python in Excel effectively, you must understand the calculation order and how it  

applies to scope.

Python in Excel formulas are calculated in row-major order within a worksheet:

 ➤ First, cell calculations (including Python formulas) run across a row (from column A to 

column XFD).

 ➤ Then they run row-by-row down the worksheet (e.g., rows 1 to 9999).

Also, cell calculations are run in worksheet order from left to right within the workbook.

Given the calculation order, the version of combine_strings() defined in cell A8 will be used by any 

code up to the point where the Python formula in A53 is calculated (i.e., run).

When the formula in cell A53 is run, Python sees that an existing combine_strings() object (i.e., the 

one from cell A8) resides in the global scope and replaces it with the new combine_strings() object 

from cell A53. The new function is used from that point forward.

Given the flexibility provided by Python in Excel for placing code in any cell and across any work-

sheet, creating naming collisions is, unfortunately, easy. That’s why I highly suggest you:

 ➤ Keep all your Python formulas in a single worksheet.

 ➤ Keep your Python formulas in a single column.

Trust me. Your future self will thank you for structuring your Python formulas in this way.

The last consideration when it comes to variable scope is that functions can change objects outside of 

the function’s scope. The following Python formula demonstrates:

# Global scope

my_grocery_list = ['Apples', 'Onions', 'Rice', 'Tofu']

     

# A silly example

def add_fish(grocery_list):

    grocery_list.append('Fish')

     

# Function changes the global object

add_fish(my_grocery_list)

     

print(my_grocery_list)

     

# Output below

['Apples', 'Onions', 'Rice', 'Tofu', 'Fish']
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This code shows how the my_grocery_list object exists in the global scope and is then passed to 

the add_fish() function.

Within the add_fish() function, append()is called on the grocery_list parameter. You can think 

of grocery_list as being a proxy (the technical term is reference) for my_grocery_list.

Because lists can be changed (i.e., they’re mutable), calling append() on the grocery_list reference 

changes the my_grocery_list object despite the code being contained within a function.

Keeping track of the scope of your variables is critical for ensuring your Python formulas  

work as intended. For more information on scoping, check out the link in the “Continue Your 

Learning” section.

5.1.5   Why Write Your Own Functions?
Given the complexities involved with writing your own Python functions, you may be wondering, 

why bother at all?

When using Python for analytics and DIY data science, most of your code will use functions and 

classes written by others (e.g., the code in the next chapter). That makes writing your own functions 

quite rare.

When you do write your own functions, it’s usually to “bundle” many lines of code to clean and pre-

pare your data for an analysis. It makes sense to “bundle” this code into a function for ease of reuse.

You will see an example of this in a later chapter.

5.2   LAMBDAS

As mentioned in Section 5.1.5, a common use case for Python functions in analytics and DIY 

data science is for cleaning and preparing data. As you learn in a later chapter, you will often use 

lambdas for this.

In Python, a lambda is a function without a name (i.e., an anonymous function). Lambdas can take 

any number of parameters but are limited to a single Python statement.

5.2.1   Writing Lambdas
Using the lambda keyword tells Python that you want to declare an anonymous function. Because 

lambdas are functions, taking a parameter is optional. The following Python formula demonstrates:

# Declare a lambda and call it

(lambda: print('Lambda!'))()

     

# Output below

Lambda!



5.2   Lambdas ❘ 97

This code is unlike anything covered so far, so here’s the breakdown of how it works:

 ➤ lambda: tells Python that you want to create an anonymous function that takes no 

parameters.

 ➤ The lambda’s single code statement comes after the colon (:). In this case, it’s 

print('Lambda!').

 ➤ Wrapping lambda: print('Lambda!') in parentheses tells Python to treat the code as a 

logical unit, and Python creates the anonymous function.

 ➤ The last pair of parentheses tells Python to invoke the anonymous function (i.e., run the 

print('Lambda!') code).

Declaring a lambda that takes parameters is just a matter of putting the parameter list before  

the colon:

# Declare a lambda and call it

(lambda num1, num2: num1 + num2)(8, 9)

     

# Output below

17

Because lambdas are function objects, you can declare a lambda and assign it to variable name.  

You can then use that variable name to call the lambda like any other function:

# Declare a lambda and assign it

my_lambda = (lambda num1, num2: num1 + num2)

     

# Check the type

print(type(my_lambda))

     

# Call the lambda

my_lambda(8, 9)

     

# Output below

<class 'function'>

17

     

This output demonstrates that lambdas are functions. Also, notice how this code shows that when 

you assign a lambda to a variable name, the code to call the lambda looks like any other Python 

function call.

However, using lambdas this way is not a Python best practice. So, you might be wondering, why use 

lambdas at all?
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5.2.2   Using Lambdas
The most common use case for lambdas is to pass a lambda to a function as a parameter. While 

passing a function to a function might seem a bit strange at first, it’s a powerful way to write 

Python code.

Consider the following hypothetical example. Let’s say you want to write a generic function for  

displaying the results of performing any type of mathematical operation on two numbers. You could 

write a function that uses lambdas to do this:

# Declare a function to use a lambda

def display_math(num1, num2, math_func):

    print(math_func(num1, num2))

     

# Call function

display_math(8, 9, lambda x, y: x * y)

     

# Output below

72

The display_math() function accepts a math_func parameter. While the func part of the parameter 

name indicates that the parameter should be a function object, Python doesn’t enforce this.

However, display_math() assumes the parameter is a function that takes two parameters because  

of this code: math_func(num1, num2). Figure 5.7 shows an example of what happens when this  

is violated.

As expected, Figure 5.7 shows that an exception is raised. Specifically, the TypeError message indi-

cates that the last parameter passed into display_math() is an int object and cannot be called  

(i.e., it isn’t a function).

FIGURE 5-7:   Not Passing a Required Function Object. 
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Here’s the advantage of accepting the additional complexity of taking a function as a parameter  

argument – flexibility. Here’s an example to cement this idea:

# Functions as parameters == flexibility

display_math(8, 9, lambda x, y: x + y)

display_math(8, 9, lambda x, y: x - y)

display_math(8, 9, lambda x, y: x * y)

display_math(8, 9, lambda x, y: x / y)

     

# Output below

17

-1

72

0.8888888888888888

When using Python for analytics and DIY data science, you will commonly encounter situations 

where you are passing lambdas as parameters into functions. For example, you will see this in 

Chapter 8 for working with entire columns of data.

5.3   CONTINUE YOUR LEARNING

As an open-source programming language, Python has extensive documentation available online. It’s 

the same with Python in Excel.

To continue your learning, check out the following links:

 ➤ Microsoft Excel’s new LAMBDA() function:

https://support.microsoft.com/en-us/office/lambda-function-bd212d27-1cd1- 

4321-a34a-ccbf254b8b67

 ➤ Defining functions in Python:

https://docs.python.org/3/tutorial/controlflow.html#defining-functions

 ➤ Naming Python conventions for objects, functions, parameters, and so on:

https://peps.python.org/pep-0008/#naming-conventions

 ➤ Python scopes and namespaces:

https://docs.python.org/3/tutorial/classes.html#python-scopes-and- 

namespaces

 ➤ Python in Excel calculation order (scroll down the page):

https://support.microsoft.com/en-us/office/get-started-with-python-in- 

excel-a33fbcbe-065b-41d3-82cf-23d05397f53d

https://support.microsoft.com/en-us/office/lambda-function-bd212d27-1cd1-4321-a34a-ccbf254b8b67
https://support.microsoft.com/en-us/office/lambda-function-bd212d27-1cd1-4321-a34a-ccbf254b8b67
https://docs.python.org/3/tutorial/controlflow.html#defining-functions
https://peps.python.org/pep-0008/#naming-conventions
https://docs.python.org/3/tutorial/classes.html#python-scopes-and-namespaces
https://docs.python.org/3/tutorial/classes.html#python-scopes-and-namespaces
https://support.microsoft.com/en-us/office/get-started-with-python-in-excel-a33fbcbe-065b-41d3-82cf-23d05397f53d
https://support.microsoft.com/en-us/office/get-started-with-python-in-excel-a33fbcbe-065b-41d3-82cf-23d05397f53d


           



Data Table Fundamentals  

    As a Microsoft Excel user, you know that data tables come in three main forms: 

      ➤   Excel tables  

     ➤   PivotTables  

     ➤   Tabular cell ranges   

 These are all examples of tabular data. This chapter looks at native tabular data structures in 

Python. 

 Every commonly used business analytics technique requires data to be structured as a table. 

This makes working with data tables using Python foundational.  

  6.1    INTRODUCING PANDAS 

 Python was originally built as a general-purpose programming language. As Python grew in 

popularity, its functionality was expanded with additional libraries to perform certain tasks. 

 For example, Python’s functionality was expanded to include building websites and doing ana-

lytics. In the case of analytics, Python originally had no native way to represent, and work with, 

entire tables of data. 

 The  pandas  library was developed to extend Python’s functionality to include data tables. The 

pandas  library has become the most widely used Python library for analytics and data science. 

 The good news is that your experience working with data tables in Excel makes learning 

pandas  quite straightforward. 

        6 
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6.1.1   AdventureWorks Data Analysis
As discussed in the Introduction, the remainder of this book uses an Excel workbook containing data 

from a hypothetical company named AdventureWorks.

The PythonInExcelStepByStep.xlsx workbook contains data exported from Microsoft’s 

AdventureWorksDW sample database. More information about this sample database is available from 

the link in the “Continue Your Learning” section later in this chapter.

AdventureWorks’ primary business is selling bicycles and related products to retailers in various parts 

of the world. For example, a bike shop in Canada. AdventureWorks uses the term reseller to describe 

this business relationship.

All the book’s Python code going forward is written using the data stored in the 

PythonInExcelStepByStep.xlsx workbook. Later chapters also use a running example of using 

Python in Excel to conduct an analysis of AdventureWorks’ business.

It’s highly recommended that you download the workbook and follow along by writing all the code. 

Because you learn Python by writing Python.

6.1.2   Tables in Microsoft Excel
Consider the Microsoft Excel table from the PythonInExcelStepByStep.xlsx workbook’s 

Products worksheet shown in Figure 6.1.

You might not have ever stopped and thought about it, but there’s a lot going on even in a relatively 

simple table like the one depicted in Figure 6.1.

To be clear, I’m not talking about the data stored within the table. What I’m referring to is the struc-

ture and characteristics of Excel tables. For example:

FIGURE 6-1:   The AdventureWorks Products Table. 
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 ➤ Tables have names

 ➤ Tables contain rows

 ➤ Tables contain columns

 ➤ Columns have names

 ➤ Columns have formats

All these characteristics are present in any Excel table, regardless of the nature of the data stored 

within the table.

But Excel tables don’t stop there. When your data is in a tabular format, you can perform operations 

with your tables:

 ➤ Filtering rows

 ➤ Hiding columns

 ➤ Combining tables

 ➤ Pivoting tables

 ➤ Visualizing tables with charts

Behind the scenes, Microsoft software engineers had to build an infrastructure inside of Excel to 

handle the multitude of features required to create, work with, and analyze data tables.

The pandas library provides this table infrastructure for Python. And, given the object-oriented nature 

of Python, this infrastructure takes the form of objects.

6.1.3   Tables Are DataFrame Objects
The pandas library represents data tables using objects of the DataFrame class. Dataframes provide 

both the structure (e.g. columns) and the behaviors (e.g. filtering) for tables that you’re familiar with 

as an Excel user.

Given all the things that you need to do with data tables to perform analytics, there is an immense 

amount of functionality provided by dataframes. Far too much to be covered by a single book.

The remaining chapters of this book cover the most common things you do with dataframes in 

business analytics. Examples include filtering, combining, and visualizing dataframes.

The “Continue Your Learning” later in this chapter has links to the pandas online documentation 

where you can learn more. Also, there is a wealth of information about pandas online – just a quick 

web search away.

6.1.4   Columns Are Series Objects
DataFrames can be thought of as containers for columns. Columns are so important in analytics that 

they are often referred to as features or variables. For example, when crafting machine learning pre-

dictive models, the bulk of the project’s time is spent working with the data to get the best features.
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Given the importance of columns, it should come as no surprise that there is a dedicated pandas class 

that represents columns, called Series. Like DataFrames, Series objects provide you with a tremen-

dous amount of functionality.

When using Python in Excel for analytics, much of your code will be working with Series objects 

(i.e., working with columns). For example, you will write code to understand a column’s data, clean 

the column’s data, and create new columns.

It’s important to note that pandas requires that a column has a single data type. By way of compari-

son, Excel doesn’t require explicitly specifying the data format for a column, even though this is an 

Excel best practice.

Python in Excel depends heavily on the Excel data format for a column. If you do not explicitly 

define the correct Excel data format, you will get unexpected results. So, always ensure that your col-

umns have the correct Excel data format.

The next chapter of this book is dedicated to working with existing dataframe columns, and you will 

learn how to modify and create new columns in Chapter 8.

6.1.5   Rows Are Series Objects
In addition to columns, dataframes are also containers for rows. Each row in a dataframe is rep-

resented as a Series object, and you can write Python code to read, change, and create individ-

ual rows.

However, it isn’t common in business analytics to work with individual rows like you do with indi-

vidual columns. Typically, you are working with groups of rows (e.g., an entire table or a subset of a 

table).

One important difference between rows and columns using pandas is that a Series object represent-

ing a column will have the same data type for every value (e.g., a column of integers), while a Series 

object representing a row will usually have different types (e.g., integers and strings).

Because it isn’t common to access individual rows when using Python for analytics, this book won’t 

have any examples of that. However, the “Continue Your Learning” section later in this chapter has 

links to online documentation where you can learn more.

6.2   LOADING DATA

To support the use of dataframes in Python formulas, Microsoft added the new xl() function to 

Excel. Think of the xl() function as a bridge between Excel and Python.

The xl() function takes in Excel objects like ranges, tables, and Power Query connections. These 

Excel objects correspond to data that you want to load into Python in Excel (PiE) as dataframes.

To use dataframes, your source data must be formatted properly for analytics. The following defines 

the correct format:

68a44834-8735-11f0-adf5-1866da8e27ac.xhtml#chapter8
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 ➤ Each row of data represents a logical entity for analysis. Examples include sales orders, 

patients, claims, and customers.

 ➤ Each column represents a characteristic of the logical entity. Examples include age, price, 

quantity, and sales date.

 ➤ Each column has a name (i.e., a header).

At the time of this writing, using the xl() function is the only way to load data into your Python 

formulas. The following subsections teach you how.

6.2.1   Loading Excel Cell Ranges
The PythonInExcelStepByStep.xlsx workbook contains a worksheet named Products. This 

worksheet contains data about the products sold by AdventureWorks, as shown in Figure 6.2.

While this data is formatted as an Excel table, you can also use the xl() function to load this data 

into a Python formula using a cell range, as shown in Figure 6.3.

Be sure to enter all code for this chapter into the Ch 6 Python Code worksheet.

FIGURE 6-2:   AdventureWorks Product Data. 

FIGURE 6-3:   Loading Data from a Cell Range. 
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The following summarizes the code:

 ➤ “Products!A1:G607” tells xl() where in the workbook to locate the data (i.e., the work-

sheet and cells).

 ➤ headers = True tells xl() to treat the first row as the names (i.e., headers) for each column.

 ➤ The xl() function loads the data from Excel, translates the data into a dataframe, and then 

returns the dataframe.

 ➤ The returned dataframe is assigned to the products_range variable.

Note that the code in Figure 6.3 is spread across multiple lines for readability. This is not required 

(i.e., you can put all the code on a single line).

The Python Editor provides the ability to preview dataframes by clicking on DataFrame >, as shown 

in Figure 6.4.

As demonstrated by Figure 6.4, the Python Editor preview is often not the best way to look at 

dataframes. A better option is to examine the dataframe’s card via the worksheet, as shown in 

Figure 6.5.

The card shows the dataframe has 606 rows and 7 columns of data. The names of each column are 

displayed along with a preview of the first and last five rows of data. The remaining rows are not 

shown, but the … in the card indicates there are more rows present.

When a dataframe has many columns, only a subset will be shown in the card. A … will be used as a 

column name to indicate there are more columns present, but not being displayed.

The card also depicts what appears to be a leftmost column without a name containing 0, 1, 2, 3, 

4 … 601, 602, 603, 604, 605. This isn’t a column, but what is known in pandas as an index.

FIGURE 6-4:   Python Editor DataFrame Preview. 
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You will learn more about indexes later in this chapter. For now, think of an index as being an identi-

fier for each row in the dataframe.

6.2.2   Loading Excel Tables
While you can load dataframes from cell ranges using the xl() function, a better option is to load 

dataframes from Excel tables. Using Excel tables instead of cell ranges has many advantages:

 ➤ Using tables leads to fewer errors because you simply use the table name instead of manually 

specifying the cell range.

 ➤ When inserting Excel tables, you are explicitly asked if the first row contains headers (i.e., 

column names). This is a great reminder to use informative column names.

 ➤ Using Excel tables naturally lends itself to structuring your data appropriately for analytics.

For all these reasons, using Excel tables with PiE is a best practice. If you haven’t regularly used Excel 

tables in the past, PiE is an excellent reason to start.

Figure 6.6 shows the Python formula to load the Products table from the workbook.

FIGURE 6-5:   Card DataFrame Preview. 
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The following summarizes the code depicted in Figure 6.6:

 ➤ The first part of “Products[#All]” provides the name of the object from which to load the 

data. The xl() function searches the workbook for this name and finds the Products table.

 ➤ The second part (i.e., [#All]) tells the xl() function to load all the data associated with the 

object.

 ➤ headers = True tells xl() to treat the first row as the names (i.e., headers) for each column.

 ➤ The xl() function loads the data from Excel, translates it into a dataframe, and then returns 

the dataframe.

 ➤ The returned dataframe is assigned to the products_table variable.

After running the Python formula, opening the card for the dataframe will display the information 

shown in Figure 6.5.

6.2.3   Loading from Power Query
In case you’re unfamiliar, Power Query (PQ) is a feature of Microsoft Excel that allows you to source, 

combine, and prepare data from various sources. Using PQ, you can source data from:

 ➤ Excel workbooks on disk

 ➤ Excel tables and worksheets

 ➤ Text, CSV, XML, and JSON files

 ➤ Databases like Microsoft SQL Server

One feature of PQ that makes it especially powerful (no pun intended) is that it’s not limited to 

1 000 000 rows like Excel worksheets. If your computer has enough memory, you can load and work 

with millions of rows of data.

Excel PQ is a substantial topic and beyond the scope of this book. The “Continue Your Learning” 

section later in this chapter has links on PQ to learn more.

FIGURE 6-6:   Loading Data from a Table. 
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The xl() function supports using PQ to source data from inside or outside the workbook and use it 

in your Python formulas.

The PythonInExcelStepByStep.xslx workbook is preconfigured with a PQ connection named 

ProductsPQ that sources data from the Products table. Figure 6.7 shows the code for using a PQ 

connection to load a dataframe.

Figure 6.7’s code simply uses the name of the PQ connection and specifies that headers are present. 

Notice that the [#All] of Figure 6.6 isn’t required.

Once again, the card for the dataframe produced by Figure 6.7’s code will look exactly like 

Figure 6.5.

As you become more advanced in your use of PiE, you may find yourself relying on PQ to source the 

external data you need for your analytics. For example, using PQ to source data from databases is a 

common PiE use case.

From the perspective of PiE, however, it doesn’t matter where the data comes from, as the xl() 

function always produces a dataframe. Therefore, the rest of the code in this book sources data only 

from the three tables contained in the PythonInExcelStepByStep.xslx workbook.

6.3   EXPLORING DATAFRAMES

It’s common for the tables you use with PiE to be large enough that directly inspecting the data is 

infeasible. In these cases, dataframes provide several functions (i.e., methods) that you can use to 

explore the data.

The methods covered in this section are the most common but are not all the methods that are avail-

able. The “Continue Your Learning” section later in this chapter has links to the DataFrame online 

documentation where you can learn more.

6.3.1   The info() Method
The info() method provides summary level information regarding the structure of a dataframe. It is 

the best place to start when trying to understand data you loaded into PiE. Figure 6.8 demonstrates.

FIGURE 6-7:   Loading Data from Power Query. 
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As depicted in Figure 6.8, the output from the info() method is only displayed in the Python Editor. 

Starting with the top of the output, here’s what the info() method says:

 ➤ products_table is of type pandas.core.frame.DataFrame.

 ➤ The dataframe has 606 entries (i.e., rows) and 7 columns.

 ➤ The name of each column (e.g., ProductKey).

 ➤ How many non-null values are present in each column.

 ➤ The data type of each column (e.g., int64).

 ➤ How much memory is consumed by the dataframe.

The first three bullets are self-explanatory. The last three bullets require some explanation.

In Python, the term null indicates the absence of value (e.g., an empty cell in an Excel worksheet). 

Therefore, non-null is the opposite – the presence of value. For example, consider the ProductKey 

column:

 ➤ There are 606 rows in the dataframe.

 ➤ ProductKey has 606 non-null values.

 ➤ Therefore, this column is not missing any data.

Compare ProductKey to the ProductCategory column. ProductCategory has only 397 non-null 

values, meaning that 209 cells in this column are missing.

FIGURE 6-8:   Calling the info() Method. 
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Next is the data type (i.e., Dtype) for each column in the output. You are already familiar with int 

and float from an earlier chapter. What’s new in Figure 6.8’s output is the data type object.

In the context of the dataframe’s info() method, a data type of object denotes a column of 

string data.

Lastly is the amount of memory consumed by the dataframe. As mentioned in Chapter 1, you are 

limited to a total of 100 megabytes (MB) for both your code and data when using PiE.

This dataframe is very small, at only 33.3 Kilobytes (KB). In case you’re unfamiliar, here’s how you 

compare the two:

 ➤ 100MB = 104 857 600 bytes.

 ➤ 33.3KB = 34 099 bytes.

As this demonstrates, PiE can handle most “Excel-sized” tables without a problem.

The info() method output also illustrates a critical aspect of using PiE successfully – ensuring that 

the data has the proper cell formats in Excel before loading it into PiE. Here’s why.

The xl() function relies on the Excel cell formatting to translate the data to the appropriate Python 

data type. Because of this, the following Excel best practices are more important than ever:

 ➤ Using Excel tables to organize your data and giving tables informative names.

 ➤ Ensuring that the cell format of each table column is correct.

6.3.2   The head() Method
We humans are visual creatures. So, it’s not surprising that we can enhance our understanding of a 

dataframe if we can see the data. However, it’s common for the tables you use in your analytics to be 

quite large.

This is where the dataframe’s head() method comes in very handy. This method returns a small 

subset of the first rows of data so that you can visually inspect them. Figure 6.9 illustrates.

As shown in Figure 6.9, the head() method returns a new dataframe of the first five rows of data and 

all the columns. Figure 6.9 also shows, once again, that viewing dataframes in the Python Editor isn’t 

always effective.

As mentioned earlier, accessing a dataframe’s card via the worksheet is usually a better option. Before 

seeing the card, you can adjust how many of the first rows of data are returned by using the n param-

eter, as demonstrated in Figure 6.10.

Using n = 10 in the code of Figure 6.10 tells the head() method to return the first 10 rows of data. 

This is easily confirmed by opening the card for the dataframe returned in cell B8, as shown in 

Figure 6.11.

It’s common practice in Python to use the combination of the info() and head() methods to get an 

initial understanding of dataframes.



112   ❘   CHAPTER 6  DATA TABLE FUNDAMENTALS

FIGURE 6-10:   Returning the First 10 Rows of Data. 

FIGURE 6-11:   Cell B8’s Dataframe Card. 

FIGURE 6-9:   The Dataframe head() Method. 
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6.3.3   The tail() Method
The tail() method works similarly to head(), but it returns the last rows of a dataframe instead. 

The tail() method also defaults to five rows and supports specifying the number of rows to return 

via the n parameter. Figure 6.12’s Python formula demonstrates the tail() method.

Figure 6.13 is the card for the returned dataframe.

Most of the time you will use the head() method rather than tail(). Think of the tail() method 

as being useful in certain situations.

For example, you learn how to sort your dataframes later in the book. You can use the combination 

of head() and tail() to look at the sorted data.

FIGURE 6-12:   Returning the Last 10 Rows of Data. 

FIGURE 6-13:   Cell B9’s Dataframe Card. 
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6.3.4   The describe() Method
When exploring dataframes, you typically use the methods covered previously in the following ways:

 ➤ The info() method is for understanding the table structure (e.g., row counts, column names, 

data types, etc.).

 ➤ The head() and tail() methods are for understanding the table contents.

The problem with head() and tail() is they don’t scale when your dataframes have many rows 

of data. You simply can’t look at enough rows to get a high-level understanding of what dataframes 

contain.

Enter the describe() method.

The describe() method provides summary statistics about the data contained within a dataframe. 

By default, describe() will only provide summary statistics for numeric columns, as illustrated in 

Figure 6.14.

As shown in Figure 6.14, the describe() method provides you with the following information about 

numeric columns:

 ➤ The count of the non-null values.

 ➤ The mean (or average) of the data.

FIGURE 6-14:   The describe() Method’s Default Output. 



6.3   Exploring Dataframes ❘ 115

 ➤ Minimum and maximum values.

 ➤ The quartiles (e.g., the 50 percent or median) of the data.

 ➤ The standard deviation (i.e., std) of the data.

It’s important to note that the describe() method only provides summary statistics for the non-null 

values in the column. For example, the mean of the StandardCost column (i.e., 497.38) is calculated 

from the count of 395 non-null values.

It’s also important to note that summary statistics are produced for the ProductKey column. This 

column represents the unique identifier for the products that AdventureWorks sells.

Using unique identifier columns like ProductKey in your analytics is exceedingly rare. What I 

mean by this is that an identifier column is rarely an attribute used in an analysis. For example, 

ProductKey doesn’t describe anything regarding the nature of a product (e.g., is it a bike or a 

helmet?). However, the describe() method doesn’t understand the nature of ProductKey, so it cal-

culates the statistics for the column. It’s your responsibility as the data analyst to ensure the proper 

columns are used in your analyses.

You can also use describe() to get summary statistics on your non-numeric columns. In business 

analytics, these columns usually contain string data representing categories (e.g., ProductCategory). 

Figure 6.15’s code demonstrates this.

Figure 6.15 uses the exclude parameter to tell describe()not to include numeric columns in the 

summary statistics. The parameter value of np.number references another library in Python called 

numpy. PiE abbreviates (i.e., aliases) this library as np.

Figure 6.16 shows the card for the dataframe output for cell B11.

The card depicted in Figure 6.16 shows the describe() output for the string columns from the 

Products table. The following summary statistics are calculated:

 ➤ The count of the non-null values.

 ➤ The number of unique values.

 ➤ The top (or most frequently occurring) value.

 ➤ The frequency (i.e., freq) of the top value.

FIGURE 6-15:   Summary Stats for Non-numeric Columns. 
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For example, consider the ProductSubcategory column’s statistics displayed in Figure 6.16:

 ➤ There are 397 non-null values.

 ➤ There are 37 unique values in the non-null data.

 ➤ The most frequent value is Road Frames.

 ➤ Road Frames appears 70 times in the data.

Another common form of data in business analytics is datetime data. The next chapter demonstrates 

using the describe() method with datetime columns.

6.3.5   Dataframe Indexes
You might have noticed that the leftmost columns of Figures 6.14 and 6.16 do not have names, but 

contain values (e.g., count). These are two more examples of dataframe indexes.

You already saw the most common form of an index in Section 6.2.1 – steadily increasing integer 

values like 0, 1, 2, 3, and so on. As mentioned previously, the purpose of indexes is to provide an 

identifier for each row.

However, indexes aren’t exclusively integer identifiers. For example, indexes can be strings or date-

times as well. In the case of the dataframes produced by describe(), the index will be string values 

denoting each summary statistic.

FIGURE 6-16:   Cell B11’s Dataframe Card. 



6.3   Exploring Dataframes ❘ 117

As it turns out, indexes like those shown in Figures 6.14 and 6.16 aren’t very useful in business ana-

lytics. Most of the time, it’s better to make noninteger indexes regular columns (i.e., Series objects).

The reset_index() method can be used to “flatten” an index into a dataframe as a column.  

Figure 6.17 demonstrates doing this.

Figure 6.17’s code is using a style of Python known as method chaining. The addition of 

reset_index() to the code tells Python to invoke this method on the dataframe returned by 

describe(exclude = np.number).

Notice that each link in the method chain is separated by a period. Method chaining is common when 

using Python for analytics. Later chapters provide more examples.

Figure 6.18 shows that the index has been “flattened” into the dataframe as a column named index.

FIGURE 6-17:   Calling the reset_index() Method. 

FIGURE 6-18:   The “flattened” Index. 
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This column name isn’t very informative. Luckily, the reset_index() method has a names parameter 

that allows for specifying a custom column name, as Figure 6.19 shows.

Figure 6.20 shows the card for the dataframe that is the output of cell B13.

As you will learn in a later chapter, indexes can also be flattened into multiple columns.

6.4   THE WORKBOOK SO FAR

If you have been following along using the PythonInExcelStepByStep.xlsx workbook, the Ch 6 

Python Code worksheet should now look like Figure 6.21.

Be sure to save the workbook before moving on to the next chapter.

FIGURE 6-19:   Specifying an Index Column Name. 

FIGURE 6-20:   Cell B11’s Dataframe Card. 
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6.5   CONTINUE YOUR LEARNING

As an open-source programming language, Python has extensive documentation available online. It’s 

the same with Python in Excel.

To continue your learning, check out the following links:

 ➤ The pandas User Guide:

https://pandas.pydata.org/docs/user_guide/index.html

 ➤ The pandas DataFrame class:

https://pandas.pydata.org/docs/reference/frame.html

 ➤ The pandas Series class:

https://pandas.pydata.org/docs/reference/series.html

 ➤ Excel’s new xl() function:

https://support.microsoft.com/en-us/office/py-function-31d1c523-fb13-46ab-96a4- 

d1a90a9e512f

https://support.microsoft.com/en-us/office/get-started-with-python-in- 

excel-a33fbcbe-065b-41d3-82cf-23d05397f53d

 ➤ Using Power Query to import data for Python in Excel:

https://support.microsoft.com/en-us/office/use-power-query-to-import-data-

for-python-in-excel-028dbcd4-76c5-4aa4-831d-0e211fefc0a

FIGURE 6-21:   The Workbook So Far. 
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 ➤ Power Query for Excel Help:

https://support.microsoft.com/en-us/office/power-query-for-excel-help- 

2b433a85-ddfb-420b-9cda-fe0e60b82a94

 ➤ Microsoft’s AdventureWorksDW sample database:

https://github.com/microsoft/sql-server-samples/tree/master/samples/

databases/adventure-works



Working with Columns  

    While dataframes are the fundamental unit of analysis when using Python in Excel, you   

typically spend more time working with individual columns rather than entire tables of data. 

 This chapter teaches you the fundamentals of working with  pandas   Series  objects   

(i.e., columns), including the differences between numeric, string, and datetime columns. 

 These fundamentals are required for the next two chapters, which use a hypothetical data 

analysis example.  

  7.1    EXPLORING COLUMNS 

 This chapter’s Python code again uses the data from the  PythonInExcelStepByStep.xlsx

workbook. It’s highly recommended that you download the workbook and follow along by 

writing all the code. 

 As the amount of Python code in your workbook grows, you will see that it takes longer for all 

the code to run. Because Python in Excel calculates formulas in the left-most worksheet first, 

you can reorder the worksheets so that the  Ch 7 Python Code  worksheet is the farthest left if 

you like. 

 The first step is to load the dataframes you need from the tables stored in the workbook. The 

Python Editor provides the option of only looking at a specific worksheet’s Python formulas, as 

demonstrated in  Figure  7.1  .     

 As you’ve seen in previous chapters, I show you the code and output in textual form when 

screenshots of the Python Editor won’t add that much value. Enter and run the following 

Python formula in cell B4 of the  Ch 7 Python Code  worksheet: 

  # Load products data from a table

products = xl("Products[#All]", headers = True) 

        7 
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As expected, this Python formula loads the Excel Products table as a dataframe and assigns it to the 

variable named products.

You probably noticed that this code is similar to what was used in Chapter 6. If you’ve kept the 

workbook open from the last chapter, it’s okay to reload the table.

Next up is loading the Excel ResellerSales table. Enter and run the following Python formula in 

cell B5 of the Ch 7 Python Code worksheet:

# Load reseller sales data from a table

reseller_sales = xl("ResellerSales[#All]", headers = True)

As reseller_sales is a new dataframe, calling the info() method on it is a good idea. Enter and 

run the following Python formula in cell B6:

# Get info on reseller_sales

reseller_sales.info()

Figure 7.2 shows the Python Editor output.

Look at the info() method’s output shown in Figure 7.2. Based on what you learned in Chapter 6, 

you can quickly glean a lot of information about the dataframe:

 ➤ There are 60 855 rows and 23 columns.

 ➤ No data is missing in any of the columns.

 ➤ The dataframe has a mixture of column data types.

FIGURE 7-1:   Selecting the Chapter 7 Worksheet. 

66b3b051-8735-11f0-adf5-1866da8e27ac.xhtml#chapter6
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The Python formulas in the rest of the chapter will demonstrate how you work with dataframe 

columns.

7.1.1   Accessing Columns
Before you can work with a specific column, you need to tell the dataframe which column you want 

to work with. By default, each column can be accessed using the column’s name as an attribute. 

Figure 7.3 demonstrates.

FIGURE 7-2:   The Python Editor Output. 

FIGURE 7-3:   Accessing a Column as an Attribute. 
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Alternatively, you can access a column by providing the column’s name as a string. Figure 7.4 shows 

this alternative technique.

The use of square brackets ([]) is a common syntax in Python. You’ve seen square brackets when 

working with lists. Using square brackets when working with dataframes is another example.

You might be wondering which of these two methods of accessing columns you should use in your 

Python formulas. While it’s mostly a stylistic decision, there’s one situation where you must use the 

second method – when column names contain spaces.

Dataframes support column names containing spaces. As you are undoubtedly aware, this is a 

common occurrence in Excel tables. Let’s consider the hypothetical example of a column named 

Product Category.

The following code snippet illustrates the problem when trying to access this hypothetical column as 

an attribute:

# Python will throw an error

products.Product Category

Python doesn’t know how to interpret the space in the code snippet and will throw an error as a 

result. This is where the second method comes into play:

# Works without an error

products['Product Category']

Because spaces in column names are so common, I use the second method exclusively in my Python 

code. I suggest you do the same.

There is also a third method to access columns, by using the loc attribute. Figure 7.5 demonstrates.

Figure 7.5’s code deserves a bit of explanation, as it acts a bit differently than accessing columns 

directly.

FIGURE 7-4:   Accessing a Column using a String. 
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When you use loc, you tell the dataframe which rows and which columns you want to access within 

the square brackets. Inside the square brackets, a comma separates which rows and columns are 

selected.

What comes before the comma tells loc which rows you want. In the case of Figure 7.5, the colon (:) 

is a wildcard for every row in the dataframe. What comes after the comma tells loc the columns you 

want (e.g., ProductCategory).

The Python Editor output shown in Figure 7.5 demonstrates that the entire ProductCategory 

column is returned as a Series object.

In case you were wondering, you’re not limited to only accessing one column at a time. You have the 

option to select multiple columns by using a list of column names. Figure 7.6 demonstrates.

FIGURE 7-5:   Accessing a Column using loc. 

FIGURE 7-6:   Accessing Multiple Columns with a Variable. 
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As demonstrated in Figure 7.6, it’s often handy to assign your list of column names to a variable to 

reuse in your Python formulas. However, this isn’t required. Figure 7.7 shows how to use a list of 

column names without a variable.

You can also use lists of column names with loc, as the following code snippet demonstrates:

# Accessing multiple columns using a list

products.loc[:, ['ProductCategory', 'ProductSubcategory']]

I mention loc in this chapter for completeness, but I will admit that I rarely use it in my own Python 

formulas.

7.1.2   The info() Method
Columns are instances of the Series class from pandas. The Series class offers the info() method, 

and it works similarly to what you saw in the last chapter when applied to dataframes. Figure 7.8 

demonstrates.

The Python Editor output shown in Figure 7.8 provides the following information:

 ➤ The column’s name (Series name).

 ➤ The size of the column (606 entries).

FIGURE 7-7:   Accessing Multiple Columns without a Variable. 

FIGURE 7-8:   Calling info() on a Column. 
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 ➤ The column is missing data (397 non-null values).

 ➤ The column’s data type (object or string).

 ➤ The amount of memory consumed by the column (4.9KB).

When you are working with dataframes that have many columns, it can be overwhelming to look at 

info() output for the whole dataframe. In these cases, it can be handy to call info() on specific  

columns of interest.

7.1.3   The head() and tail() Methods
The Series class provides the head() and tail() methods for individual columns. These methods 

work just like you learned in the last chapter, as Figures 7.9 and 7.10 show.

7.1.4   Indexes
You were introduced to indexes in the last chapter and learned that they can be thought of as  

identifiers for each row in a dataframe. Similarly, the Series class provides indexes to identify each 

value in a column.

As shown in Figures 7.9 and 7.10, the default index values for columns are integers starting at 0 and 

ranging up to the size of the column minus one. However, as you learn later in this chapter, Series 

indexes can also be other types of data (e.g., strings).

7.2   NUMERIC COLUMNS

Numeric data is everywhere in business analytics. The Series class provides many features for 

working with columns of numeric data.

FIGURE 7-9:   Calling head() on a Column. 
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7.2.1   The count() Method
The count() method is provided by the Series class and returns the count of the non-null values 

contained in a column. Figure 7.11 shows that there are 395 non-null values in the StandardCost 

column of the products dataframe.

As you were typing the code in Figure 7.11, you might have noticed a pop-up inside the Python 

Editor providing you with some assistance. As shown in Figure 7.12, the Python Editor displays  

available methods using a cube icon.

This Python Editor pop-up is very handy, as it provides a list of what’s available based on the name. 

For example, Figure 7.12 shows the matches for the Series class based on the name count.

It’s worth noting that the count() method is provided for all types of columns, not just numeric col-

umns. For brevity, I do not repeat coverage of the count() method for other types of columns (e.g., 

string columns).

FIGURE 7-10:   Calling tail() on a Column. 

FIGURE 7-11:   Calling the count() Method on a Column. 
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7.2.2   The size Attribute
Each column stores how many values it could contain in the size attribute. In other words, you can 

think of the size attribute as providing the count of both non-null and null (i.e., missing) values. 

Figure 7.13 demonstrates.

As shown in Figure 7.14, the Python Editor pop-up indicates an attribute using a wrench icon.

Like the count() method, the size attribute can be accessed on any column, regardless of the  

column’s data type.

7.2.3   The min() and max() Methods
When working with numeric columns, it can be useful to get the minimum and maximum values 

present in the data.

FIGURE 7-12:   Class Methods in the Python Editor. 

FIGURE 7-13:   Accessing the size Attribute of a Column. 

FIGURE 7-14:   Class Attributes in the Python Editor. 
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The following code snippets demonstrate how to get these values. As with previous chapters, I denote 

the output you would see in the Python Editor using # Output below.

First up, enter and run the following Python formula in cell B20:

# Get the minimum value

products['StandardCost'].min()

 

# Output below

0.8565

Next, enter and run the following Python formula in cell B21:

# Get the maximum value

products['StandardCost'].max()

 

# Output below

2171.2942

7.2.4   The sum() Method
The sum() method does exactly what you would expect – it adds all the non-null values in a numeric 

column together. Enter and run the following Python formula in cell B22:

# Get the sum of all non-null values

products['StandardCost'].sum()

 

# Output below

171535.00239999997

7.2.5   The gt() and lt() Methods
The gt() and lt() methods check each non-null value in a column to see if the value is greater than 

or less than a specified value. Both methods return Series objects of True/False values.  

Figures 7.15 and 7.16 demonstrate.

As you learn in the next chapter, methods that return Series objects of True/False values like those 

depicted in Figures 7.15 and 7.16 are commonly used to filter dataframes.

When examining the Python Editor outputs for Figures 7.15 and 7.16, a couple of patterns are worth 

noting:

 ➤ The last five values in the Python Editor outputs are mirror images of each other.

 ➤ The first five values in the Python Editor outputs are the same – False.

While the first bullet is expected, the second deserves some explanation. The outputs are the result 

of the StandardCost column having many missing values. These missing values are denoted in the 

products’ dataframe card as nan.
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Consider the code in Figure 7.15. When the gt() method compares a missing value to see if it 

is greater than 100, it makes sense to return False. It’s the same for the lt() method call in 

Figure 7.16.

FIGURE 7-15:   The gt() Method. 

FIGURE 7-16:   The lt() Method. 
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You are going to see many other examples in this chapter of how Series methods handle missing 

values. This is something you should always consider as you’re writing your Python formulas.

7.2.6   The mean() and median() Methods
When numeric columns contain many values, visually inspecting each value to understand the data 

isn’t feasible. This is where the use of summary statistics can be helpful to understand the nature of 

numeric column’s data.

The most used summary statistics are known as measures of central tendency. This is just a fancy way 

of saying what is a “typical” value given a column of numbers. The mean (or average) and median are 

two common ways to calculate what a typical value is for a numeric column.

Enter and run the following Python Formula using cell B25:

# What is the average of the column values?

products['StandardCost'].mean()

 

# Output below

434.2658288607594

In this code snippet output, the mean (i.e., typical) non-null value of the StandardCost column is 

approximately 434.27.

Enter and run the following Python formulas using cell B26:

# What is the median of the column values?

products['StandardCost'].median()

 

# Output below

204.6251

Notice in these code snippet outputs that the average is 434.27, but the median is 204.63. This is an 

example of why using both mean() and median() is a best practice when building an understanding 

of the data in numeric columns.

This difference in the outputs suggests that the values of the StandardCost column are skewed. For 

example, the column might include many low-cost products and a few high-cost products. In this 

case, you would expect the median to be lower than the mean.

The “Continue Your Learning” section later in this chapter has some links on the mean and median 

to learn more about these summary statistics.

7.2.7   The std() Method
In addition to the typical values for a numeric column, another type of useful summary statistics are 

known as measures of dispersion. Put simply, these summary statistics measure how “spread out” the 

data values are in a numeric column.
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The most used measure of dispersion is the standard deviation. To build an intuition of this summary 

statistic, enter and run the following Python formula using cell B27:

# What is the standard deviation?

products['StandardCost'].std()

 

# Output below

497.37988377600726

The easiest way to think about the standard deviation is using what is known as the empirical rule:

 ➤ Approximately 68 percent of the column values will fall within one standard deviation of the 

mean of all the column values.

 ➤ Approximately 95 percent of the values will fall within two standard deviations of the mean.

 ➤ Approximately 99.7 percent of the values will fall within three standard deviations of 

the mean.

To put this in context, using the empirical rule, we would expect approximately 68 percent of the 

StandardCost values to fall between −63.11 and 931.65.

You’re probably thinking that having a negative cost doesn’t make sense from a business perspective. 
You would be correct in thinking this. The standard deviation is calculated purely from the data. It’s 
up to you to interpret this measure in the context of the data.

In this case, the negative values based on the empirical rule are additional evidence that the data is 
skewed. The “Continue Your Learning” section later in this chapter has links where you can learn 
more about the standard deviation.

7.2.8   The describe() Method
As you saw in the last chapter, the describe() method is a handy way to get summary statistics for 
all the columns in a dataframe. The Series class also offers the describe() method on a per-column 
basis. Figure 7.17 demonstrates.

As shown in Figure 7.17, the describe() method’s output is a fast way to build a high-level  
understanding of the data contained in a numeric column. For this reason, this is one of my go-to 
methods when working with a new dataset.

Figure 7.17’s Python Editor output confirms that the data for the StandardCost column is skewed. 
For example, the output shows that 25 percent of the values are approximately 37.12 or below. This 
is far lower than the mean of 434.27.

The 25% in the output is an example of what is called a quartile. Think of a quartile as a fancy way 
of saying the data was divided into four equal chunks (i.e., quarters). In this case, the values of 
StandardCost were first sorted into ascending order and then divided into quartiles:

 ➤ 25 percent of the data values are 37.121 or less.

 ➤ 50 percent of the values are 204.625 or less.

 ➤ 75 percent of the values are 660.914 or less.
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7.2.9   The value_counts() Method
The Series class offers the value_counts() method to provide you with the counts of unique 
values in a column. When it comes to numeric columns, this method often isn’t useful in practice. You 
will learn a better way to accomplish something similar in Chapter 9 using visualizations  
(e.g., a histogram) instead.

Figure 7.18 shows using value_counts() with the StandardCost column.

Figure 7.18’s Python Editor output shows that the value of 486.7066 appears in the StandardCost 
column 12 times and the value of 52.9416 appears once.

Note that the Series object returned by Figure 7.18’s code uses the unique values of the 
StandardCost column as the index (i.e., 134 rows × 1 columns in the Python Editor output). Also 
note that the index is named StandardCost.

As shown in the last chapter, you can “flatten” these indexes into dataframe columns to make them 
more useful in your analyses.

The value_counts() method ignores missing (i.e., null) values by default. Figure 7.19 shows how 
to override this behavior.

As demonstrated in Figure 7.19, setting dropna = False includes the count of missing (i.e., nan) 
values in the Python Editor output.

FIGURE 7-17:   Calling describe() on a Column. 

69971eb3-8735-11f0-adf5-1866da8e27ac.xhtml#chapter9
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7.2.10   The isna() and fillna() Methods
The isna() method returns a Series object containing True when there are missing values in a 
numeric column and False otherwise. As mentioned in Section 7.2.5, these types of Series objects 
are very useful for filtering. Figure 7.20 demonstrates.

FIGURE 7-18:   Calling the value_counts() Method. 

FIGURE 7-19:   Overriding value_counts() Behavior. 
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In case you are curious, the na portion of the method name is an abbreviation for “not available.” 
This makes na another synonym (along with null) for missingness.

The fillna() method provides the ability to replace missing values in a numeric column.  
Figure 7.21 demonstrates the simplest, and most common, way to use this method.

Figure 7.21’s Python Editor output demonstrates a fundamental problem with using fillna() with 
numeric columns – what value do you use? A common tactic is to replace missing values with a value 
that doesn’t make sense given the nature of the column.

For example, Figure 7.21’s code uses a negative number to fill missing StandardCost values. 
However, you must remember that replacing missing values like this has impacts:

 ➤ The values calculated by describe() will be different than with the original missing values.

 ➤ Any Python code or analyses you perform on the data with replaced numeric values must 
take the replacements into account.

Because of these complications, I strongly recommend that you rarely replace missing values in 
numeric columns.

FIGURE 7-20:   Calling the isna() Method. 
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7.3   STRING COLUMNS

String data is common in business analytics, and you can think of string data as coming in two  
primary forms:

 ➤ Representing categorical information (e.g., geographies).

 ➤ Free-form text (e.g., customer reviews).

You can use Python in Excel to process and analyze the second form of string data, but learning how 
to perform text analytics requires an entire dedicated book. Therefore, this book focuses on the first 
form of string data.

The Series class provides a wealth of methods and attributes for working with string data. This 
section covers just the tip of the proverbial iceberg of working with strings. The “Continue Your 
Learning” section later in this chapter has links where you can learn more about what is offered by 
the Series class.

7.3.1   The lower() and upper() Methods
A common operation when working with string data in business analytics is standardizing strings so 
that they are all lowercase or uppercase. This standardization process is called case folding.

FIGURE 7-21:   Calling the fillna() Method. 
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The lower() and upper() methods offered by the Series class provide case folding functionality, as 
Figures 7.22 and 7.23 demonstrate.

Consider the Python Editor outputs for Figures 7.22 and 7.23. There are two things worthy of note.

First, the code uses some new syntax in the form of .str before each method call. This syntax is 
known as an accessor and it tells the Series object that you want to access string functions and 
attributes for the column.

Using the .str string accessor is required. If you forget to add it in your code (which is something I 
do often), Python will report an error. Figure 7.24 shows the error pattern you will receive.

Second, notice that in the Python Editor outputs, zeroes are returned in response to missing data in 
the ProductCategory column. If you check the corresponding cards in the worksheet, you will see 
None instead. In Python, None denotes the absence of an object (e.g., the lower() method did not 
return a string). This makes None another synonym for missing data.

Figures 7.22 and 7.23 illustrate a common pattern with Series string methods. When these methods 
are provided with missing data (i.e., nothing), they return None. This pattern is logical and something 
you need to keep in mind when working with string data.

FIGURE 7-22:   Making Strings All Lowercase. 
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7.3.2   The cat() Method
As you learned in Chapter 2, combing strings is called concatenation. Figure 7.25 shows how to  
concatenate string columns using the cat() method.

FIGURE 7-23:   Making Strings All Uppercase. 

FIGURE 7-24:   Forgetting the .str Accessor. 
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By default, the cat() method provides no separator when concatenating two string columns.  
Figure 7.25’s code uses sep = '-' to override this default behavior.

7.3.3   The isalpha() Method
String data can be composed of many different types of characters. For example, strings can contain 
numbers and punctuation characters. Given the flexibility of strings, a common operation is to  
examine a string column and check each string value for various characteristics.

The .str accessor provides a collection of methods whose names begin with is to performs these 
checks. Figure 7.26 demonstrates the isalpha() method.

As shown in the Python Editor output in Figure 7.26, the isalpha() method returns True if the 
string value is all alphabetic characters and False otherwise.

isalpha() is yet another example of methods often used to filter dataframes. The following is a  
partial list of similar methods offered by the string accessor:

 ➤ isnumeric(): Check whether all characters are numeric.

 ➤ isalnum(): Check whether all characters are alphanumeric.

 ➤ islower(): Check whether all characters are lowercase.

 ➤ isupper(): Check whether all characters are uppercase.

FIGURE 7-25:   Concatenating Two String Columns. 
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The “Continue Your Learning” section later in this chapter has a link to the online documentation 
where you can find the complete list of available methods.

7.3.4   The startswith() and endswith() Methods
When string data is used to represent categories in business analytics, there are situations where the 
strings are built using a convention. For example, an insurance company might use alphanumeric 
policy numbers, where the first two characters represent the policy type.

In situations where there is embedded information like this in strings, you can use the startswith() 
and endswith() methods to check if strings start and end with specific values. Figures 7.27 and 7.28 
demonstrate.

While these methods can be very useful, they do have a major limitation – they are case sensitive. For 
example, if I had used the string 'bikes' instead for the code in Figure 7.28, the last three values in 
the Python output would have been False.

7.3.5   The contains() Method
Sometimes the embedded information in strings isn’t always at the beginning or end but can vary its 
location within the string. This is where the contains() method can be very useful.

FIGURE 7-26:   Calling the isalpha() Method. 
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Enter and run the following Python formula in cell B42:

# Does the string contain "bike"?

products['ProductSubcategory'].str.contains('bike', case = False)

This code snippet demonstrates a useful feature of the contains() method – you can turn case  
sensitivity off by using case = False.

The following is the last five lines of output from the Python formula in cell B42:

601 False

602 False

603 True

604 True

605 True

FIGURE 7-27:   Calling the startswith() Method. 
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The last three values of the ProductSubcategory column contain the string bike somewhere within 
the collection of characters.

Because of the case insensitivity offered by the contains() method, I tend to use it more than the 
startswith() and endswith() methods.

7.3.6   The replace() Method
An unfortunate reality of working with string data is that it often contains errors. A commonly used 
term for data that isn’t 100 percent correct is dirty. String data is often dirty. The methods you’ve 
learned so far can be used to identify dirty string data. The replace() method is commonly used to 
fix (or clean) dirty string data.

Assume that there’s a new CEO of AdventureWorks who wants to use Bicycles instead of Bikes in 
the product catalog. Entering and running the following Python formula in cell B43  
accomplishes this:

# Replace "Bikes" with "Bicycles"

products['ProductCategory'].str.replace('bikes', 'Bicycles', case = False)

Be default, the replace() method will change every instance of 'bikes' to 'Bicycles' within 
each string value in the column. You can override this behavior by using the n parameter. For 
example, using n = 1 will only replace the first instance of 'bikes' that is found in each string 
value.

FIGURE 7-28:   Calling the endswith() Method. 



144   ❘   CHAPTER 7  WORKING WITH COLUMNS

There’s something subtle, but important about this code snippet. The Series class also provides a 
replace() method directly (i.e., you don’t need the string accessor). Consider the following  
hypothetical code:

# Replace "Bikes" with "Bicycles"

products['ProductCategory'].replace('bikes', 'Bicycles', case = False)

Running this hypothetical code will produce the following Python error:

TypeError: NDFrame.replace() got an unexpected keyword argument 'case'

This is because the version of replace() from the string accessor supports the case parameter, but 
the version of replace() offered by the Series class does not. When working with string methods, 
always double-check that you’re using .str in your code!

7.3.7   The slice() Method
You first learned about slicing in Chapter 3. The string accessor provides the slice() method to slice 
data from every value in a string column. Everything you learned in Chapter 3 applies to using the 
slice() method.

Enter and run the following Python formula in cell B44. It slices the first three characters from each 
ProductCategory value:

# Slice the first 3 characters

products['ProductCategory'].str.slice(start = 0, stop = 3)

The last five lines of output in the Python Editor will be:

601 Com

602 Com

603 Bik

604 Bik

605 Bik

The slice() method follows the rules you learned in Chapter 3:

 ➤ Counting starts from 0, not 1.

 ➤ The slice goes up to, but does not include, stop = 3.

The slice() method also supports negative indexing. Enter and run the following Python formula in 
cell B45 to slice the last three characters from each ProductCategory value:

# Slice the last 3 characters

products['ProductCategory'].str.slice(start = -3)

899d17b9-20fb-11f0-bd5a-1866da8e27ac.xhtml#chapter3
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The last five lines of output in the Python Editor will be:

601 nts

602 nts

603 kes

604 kes

605 kes

I often use the combination of contains() and slice() to find specific substring values I want 
and then extract them into dedicated columns. You will learn how to create new columns in the 
next chapter.

7.3.8   The split() Method
A common scenario with string data is the need to split the data based on some sort of delimiter. 
Common delimiters include spaces, commas, semicolons, and the pipe character (|).

The string accessor provides the split() method to handle these scenarios. Enter and run the  
following Python formula in cell B46:

# Split string values on the first space

products['ProductSubcategory'].str.split(' ', n = 1, expand = True)

The last five lines of output in the Python Editor will be:

601 Bottom Brackets

602 Bottom Brackets

603 Road Bikes

604 Road Bikes

605 Road Bikes

Cell B46’s Python formula is overriding some of the default behaviors of the split() method. Here’s 
what the code is doing:

 ➤ ' ' tells split() to break the string values into smaller substrings using spaces as the  
delimiter for each substring.

 ➤ n = 1 tells the split() to only break the strings up using the first space found. The default 
would be to break up the string using every space that is found if this parameter was omitted.

 ➤ expand = True tells split() to return the results as a dataframe. The default is to return a 
list of lists.

When using split(), it’s common to get different results based on the string values. When split() 
returns a dataframe (which is what you want 99 percent of the time), this will take the form of having 
as many columns as the largest split. Figure 7.29 demonstrates.

As shown in Figure 7.29, the largest split of ResellerName using spaces produced five substrings; 
hence the returned dataframe has five columns.
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Consider the first row in Figure 7.29’s Python Editor output. Because only three substrings were 
produced, the last two column values are None (i.e., no string was returned). This is denoted in the 
Python Editor output as zeroes, but if you look at the dataframe’s card, you will see None.

Lastly, notice that split() simply uses the order number of the substrings as column names.

7.3.9   The len() Method
When working with string columns, it can be useful to profile the data based on the lengths of each 
string. For example, customers who are unhappy with a product tend to give lengthier reviews than 
happy customers.

The len() method is provided by the string accessor to get the string lengths for a column. Enter and 
run the following Python formula in cell B48:

# Get the lengths of product categories

products['ProductCategory'].str.len()

The first five lines of output in the Python Editor will be:

0 0

1 0

2 0

3 0

4 0

FIGURE 7-29:   Variable-length split() Output. 
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Technically what is returned for the first five lines is nan (i.e., not a number), which is Python’s 
way of representing that no numeric object was returned. You can confirm this by looking at the 
card for the Series object. This is the expected output because these rows of data don’t have 
ProductCategory values.

The last five lines of output in the Python Editor will be:

601 10

602 10

603 5

604 5

605 5

When working with strings, I often analyze the output from len() to help me build an understanding 
of the data.

7.3.10   The value_counts() Method
You were introduced to the value_counts() method in Section 7.2.9. This method tends to be far 
more useful when using string columns as compared to numeric columns. Note that you do not need 
the string accessor, as Figure 7.30 demonstrates.

Figure 7.30’s Python Editor output shows how often each ProductCategory appears in the data. The 
output also demonstrates:

 ➤ A Series object is returned with four rows and one column.

 ➤ The Series object’s index is named ProductCategory and contains each unique string value 
found.

It’s usually a good idea to have value_counts() also provide information about missing data.  
Figure 7.31 shows how this changes the output.

FIGURE 7-30:   Calling value_counts() on a String Column. 
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Figure 7.31’s Python Editor output shows that missing data is the most frequent “value” in the 
ProductCategory column. While a zero is displayed in the output, what is returned is None. This can 
be confirmed by looking at the Series objects card in the worksheet.

7.3.11   The isna() and fillna() Methods
You were introduced to the isna() and fillna() methods in Section 7.2.10, and they work the 
same with string columns. Technically speaking, a string that contains only whitespace is not consid-
ered by Python as being na (i.e., nothing). Keep this in mind as you work with your string data.

Enter and run the following Python formula in cell B51. Note that you do not need the string 
accessor:

# Which values are missing?

products['ProductCategory'].isna()

The Python Editor output will be:

0 True

1 True

2 True

3 True

… …

601 False

602 False

603 False

604 False

605 False

Unlike with numeric columns, fillna() is very useful when working with string data. It’s a common 
practice to replace missing values with a dedicated human-friendly string. Enter and run the following 
Python formula in cell B52:

FIGURE 7-31:   Calling value_counts() with Missing Data. 
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# Replace missing product categories

products['ProductCategory'].fillna('Missing')

The Python Editor output will be:

0 Missing

1 Missing

2 Missing

3 Missing

4 Missing

… …

601 Components

602 Components

603 Bikes

604 Bikes

605 Bikes

There are many scenarios in business analytics where using a string value like Missing is superior to 
leaving the missing values (i.e., None) in place. For example, when visualizing categorical values with 
bar charts.

7.4   DATETIME COLUMNS

Datetime data is some of the most important in business analytics because almost every business 
process has some sort of temporal aspect. Because of its importance, the pandas library has extensive 
support for working with dates and times via the datetime64 class.

Like when working with string columns, you use the .dt accessor to use datetime-specific attributes 
and methods. Using the .dt accessor provides you with a tremendous amount of functionality. Far 
too much to cover in this book.

What you will learn in this section is some of the most common uses of datetime functionality. The 
“Continue Your Learning” section later in this chapter has a link to where you can learn more.

7.4.1   Datetime Attributes
You can think of a date and time as being constructed from a collection of building blocks. For example, 
the month of the year and the hour of the day. The datetime accessor provides you with a collection of 
attributes that correspond to these building blocks. Here are some commonly used examples:

 ➤ .dt.year

 ➤ .dt.month

 ➤ .dt.day

 ➤ .dt.hour
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 ➤ .dt.minute

 ➤ .dt.second

Figure 7.32 demonstrates the pattern of using these attributes.

It’s very common to extract these datetime building blocks into their own dedicated columns for use 
in data analyses. You will see an example of this in the next chapter.

There are many more attributes provided by the datetime accessor. The link in the “Continue Your 
Learning” section later in this chapter is where you will find more information.

7.4.2   The month_name() and day_name() Methods
Accessing the datetime attributes for month and day will return numbers. In many cases, what 
you want are the string representations instead. This is where the month_name() and day_name() 
methods come into play.

Enter and run the following Python formula in cell B56. Don’t forget to use the .dt accessor:

# Get the full month names

reseller_sales['OrderDate'].dt.month_name()

The Python Editor output will be:

0 December

1 December

FIGURE 7-32:   Accessing the Year Attribute. 
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2 December

3 December

4 December

… …

60850 November

60851 November

60852 November

60853 November

60854 November

If you prefer to abbreviate the month names, you can add a call to slice() at the end of the code. 
Enter and run the following Python formula in cell B57:

# Abbreviate month names

reseller_sales['OrderDate'].dt.month_name().str.slice(start = 0, stop = 3)

The Python Editor output will be:

0 Dec

1 Dec

2 Dec

3 Dec

4 Dec

… …

60850 Nov

60851 Nov

60852 Nov

60853 Nov

60854 Nov

This last Python formula is more complex than what you’ve seen in this chapter so far. This is another 
example of method chaining. To summarize the code:

 ➤ The month_name() method returns a Series object of string values (i.e., a string column).

 ➤ The .str accessor is then called on this returned Series object.

 ➤ Then the slice() method extracts the first three characters from each string and returns a 
new Series object of the month abbreviations.

Method chaining code gets difficult to read very fast. You will learn about a better way to structure 
your method chaining to increase readability in the next chapter.

You can use the day_name() method to get the full names of the days of the week. Enter and run the 
following Python formula in cell B58:

# Get full weekday names

reseller_sales['OrderDate'].dt.day_name()
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The Python Editor output will be:

0 Wednesday

1 Wednesday

2 Wednesday

3 Wednesday

4 Wednesday

… …

60580 Friday

60581 Friday

60582 Friday

60583 Friday

60584 Friday

You can, of course, apply slice() to get the three-letter abbreviations if you would prefer.

7.4.3   The is* Attributes
The datetime accessor provides a collection of attributes that provide various characteristics of the values 
of a datetime column. These attributes all start with is and return a Series object of Boolean values:

 ➤ is_month_start

 ➤ is_month_end

 ➤ is_quarter_start

 ➤ is_quarter_end

 ➤ is_year_start

 ➤ is_year_end

 ➤ is_leap_year

Enter and run the following Python formula in cell B59. This code illustrates the pattern of using 
these attributes:

# Is each order date at the start of the month?

reseller_sales['OrderDate'].dt.is_month_start

The Python Editor output will be:

0 False

1 False

2 False

3 False

4 False

… …

60850 False

60851 False
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60852 False

60853 False

60854 False

This output could potentially be useful for filtering a dataframe, but it doesn’t tell you much about 
how many orders were placed at the beginning of the month.

While you could use the value_counts() method to get a tally of the True/False values, another 
option is to rely on the fact that Python treats True as 1 and False as 0.

When you think of it this way, a Boolean column can be treated as a numeric column of zeroes and ones. 
You can use sum() to get the count of True values. Enter and run the following Python formula in cell B60:

# Use sum() to find the True count

reseller_sales['OrderDate'].dt.is_month_start.sum()

 

# Output below

2924

This Python formula uses method chaining to determine that 2924 order line items were placed on 
the first day of the month.

7.4.4   Calculating Elapsed Time
Knowing the elapsed time between steps in a business process is often critical for crafting the most 
impactful data analyses. Luckily, pandas makes this simple to do by simply subtracting one datetime 
column from another.

Enter and run the following Python formulas. It calculates the elapsed time between the ShipDate 
and OrderDate columns in cell B61:

# What is the elapsed time between ordering and shipping?

reseller_sales['ShipDate'] - reseller_sales['OrderDate']

# Output below

0 7

1 7

2 7

3 7

4 7

… …

60850 7

60851 7

60852 7

60853 7

60854 7

This output shows that the elapsed time appears to be the same (i.e., seven days). To confirm this, you 
can use the describe() method, as demonstrated in Figure 7.33.
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Figure 7.33’s Python Editor output shows that most calculated elapsed times are indeed seven days, 
with at least one of having eight days. While this result isn’t typical in real-world data, it  
demonstrates the features that pandas provides for elapsed times.

In fact, elapsed times are so important that pandas has a timedelta class dedicated to the concept. 
Figure 7.34 shows that elapsed_time is a column of timedelta64 objects.

In practice, you will mostly use the total_seconds() method to convert elapsed times into which-
ever time increment you want. For example, type and run the following Python formula in cell B64:

# Get elapsed minutes

elpased_time.dt.total_seconds() / 60

 

# Output below

0 10080

1 10080

2 10080

FIGURE 7-33:   Calling describe() on Elapsed Time. 

FIGURE 7-34:   The timdelta64 Class. 
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3 10080

4 10080

… …

60850 10080

60851 10080

60852 10080

60853 10080

60854 10080

This Python formula demonstrates the pattern of working with the total_seconds() method. As 
another example, you would divide the return values of total_seconds() by 3600 to get elapsed 
hours.

The “Continue Your Learning” section in this chapter has a link to the online documentation for the 
timedelta class.

7.5   THE WORKBOOK SO FAR

If you have been following along using the PythonInExcelStepByStep.xlsx workbook, the Ch 7 

Python Code worksheet should now look like Figures 7.35 and 7.36.

Be sure to save the workbook before moving on to the next chapter.

FIGURE 7-35:   The Workbook So Far, Part 1. 
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7.6   CONTINUE YOUR LEARNING

As an open-source programming language, Python has extensive documentation available online. To 
continue your learning, check out the following links:

 ➤ The mean:

https://en.wikipedia.org/wiki/Arithmetic_mean

 ➤ The median:

https://en.wikipedia.org/wiki/Median

 ➤ Standard deviation:

https://en.wikipedia.org/wiki/Standard_deviation

 ➤ The pandas Series class:

https://pandas.pydata.org/docs/reference/series.html

FIGURE 7-36:   The Workbook So Far, Part 2. 

https://en.wikipedia.org/wiki/Arithmetic_mean
https://en.wikipedia.org/wiki/Median
https://en.wikipedia.org/wiki/Standard_deviation
https://pandas.pydata.org/docs/reference/series.html
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 ➤ Online documentation for the string accessor:

https://pandas.pydata.org/docs/reference/api/pandas.Series.str.html

 ➤ Online documentation for the datetime accessor:

https://pandas.pydata.org/docs/reference/api/pandas.Series.dt.html

 ➤ Online documentation for the pandas timedelta class:

https://pandas.pydata.org/docs/reference/api/pandas.Timedelta.html

https://pandas.pydata.org/docs/reference/api/pandas.Series.str.html
https://pandas.pydata.org/docs/reference/api/pandas.Series.dt.html
https://pandas.pydata.org/docs/reference/api/pandas.Timedelta.html


   



Working with Data Tables  

    This chapter builds on everything you’ve learned so far to work with entire tables of data. 

 A hypothetical data analysis scenario is used in this chapter to provide context to how and why 
you will change, combine, and pivot your dataframes.  

  8.1    ADVENTUREWORKS DATA ANALYSIS 

 Imagine you’re a newly hired Analyst at AdventureWorks. Your first project is to analyze why 
reseller sales’ profitability is down in Canada and the United States. 

 AdventureWorks executives are particularly interested in why large resellers in the United States 
and Canada have decreased profitability. Their interest is due to a recent campaign to attract 
larger resellers as part of AdventureWorks’ growth strategy. 

 This hypothetical data analysis scenario is used as context for the Python formulas you write in 
this chapter and the next. As you work through this chapter you will likely think that every-
thing covered could be done using out-of-the-box Excel features (e.g., PivotTables). 

 You would be correct in this thinking. 

 However, think of building skills with Python in Excel as the gateway to capabilities that are 
difficult, or impossible, to achieve with traditional Excel features. 

 You will see an example of this in the next chapter on data visualization. Other examples of 
where you need a Python foundation to be successful are cluster analysis and crafting machine 
learning predictive models, which are briefly touched on in the last chapter of the book. 

  8.2    CHANGING DATAFRAMES 

 You’ve learned much about Python so far in this book  –  congratulations! You’ve learned about 
data types, data structures, control flow, functions, how to load data tables, and how to work 
with table columns. This chapter is the culmination of all that learning because now you learn 
how to change the contents of dataframes. 

        8 
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The technical term for changing any Python object is mutation. Any Python object that can be 
changed is mutable. DataFrames and Series objects are mutable – they can be directly changed by 
your Python code.

Most example pandas code that you will see online (e.g., blog posts) demonstrates directly changing 
(i.e., mutating) DataFrames and Series objects. While this certainly works, it can lead to problems if 
you’re not very careful with your code.

In this book I teach you a different approach to working with dataframes – writing code to minimize 
(or eliminate) changing objects directly. Python objects that cannot be changed are known as immu-

table. You will learn to write code that treats dataframes as being immutable.

By treating your dataframes as immutable objects, you avoid many edge cases that can cause prob-
lems in your Python formulas. However, you must pay a small price when you treat dataframes as 
immutable.

The code to treat your dataframes as immutable is typically not as efficient as directly mutating 
dataframes. The good news is that, in practice, you’ll never notice the difference.

As I teach professionals in my live courses: When it comes to less efficient code that makes your life 
easier, “Computers are cheap. People are expensive. Make the computer do the work.”

8.2.1   Method Chaining
You’ve seen method chaining in previous chapters. Here’s an example of method chaining from the 
last chapter:

# Abbreviate month names
reseller_sales['OrderDate'].dt.month_name().str.slice(start = 0, stop = 3)

You can think of method chaining as providing Python step-by-step instructions on how to achieve 
some sort of outcome. The previous code snippet includes the instructions to create a column of the 
first three letters of each month name.

Step-by-step instructions for preparing data for analytics are very common. These instructions include 
acquiring data, cleaning data, and transforming data. The term data wrangling is commonly used in 
analytics to describe all the steps in a process to prepare data for analysis. I use this term throughout 
the rest of the book.

As your data wrangling increases in complexity, code like the previous snippet becomes difficult to 
read, error prone, and hard to maintain. Luckily, Python supports a specific syntax for method chain-
ing to alleviate these problems. The previous code could be rewritten like this:

# Abbreviate month names
(reseller_sales['OrderDate']
    .dt.month_name()
    .str.slice(start = 0, stop = 3)
)
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This style of coding seems odd at first, but you quickly become accustomed to it. In this coding style, 
the goal is to put each logical step of your data wrangling on a single line. For example, you could 
think of this code using these steps:

 ➤ Access the OrderDate column of the reseller_sales dataframe.

 ➤ Call the month_name() datetime method on the column.

 ➤ Call the slice() string method on the column returned by month_name().

I want to be clear on this point. Python interprets the two coding styles in exactly the same way, but I 
prefer the multiline coding style based on my decades of coding experience. From my perspective, this 
formatting is far more readable and human friendly.

This method chaining could also be written like this:

# Abbreviate month names
(reseller_sales
    ['OrderDate']
    .dt.month_name()
    .str.slice(start = 0, stop = 3))

Or like this:

# Abbreviate month names
(reseller_sales['OrderDate']
    .dt.month_name().str.slice(start = 0, stop = 3))

The only hard requirement Python has is that multiline method chaining must be wrapped in outer 
parentheses (i.e., ()).

8.2.2   The assign() Method
All this chapter’s Python formulas should be entered in the Ch 8 Python Code worksheet. For conve-
nience, you can select this worksheet from within the Python Editor, as shown Figure 8.1.

FIGURE 8-1:   Selecting the Chapter Worksheet. 
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Because of the Python formula calculation order, you may find it takes a while for your formulas to 
be calculated because of previous chapter worksheets. You can move this chapter’s worksheet to the 
left and have its formulas calculated first, as shown in Figure 8.2.

Note that this will work because the code in each worksheet is self-contained (e.g., dataframes are 
reloaded). In the real world, I strongly suggest only having a single worksheet with Python code per 
workbook. Otherwise, you need to account for calculation order across all worksheets to ensure 
everything works as you intend.

When you opt to treat your dataframes as immutable, it’s best practice to use the assign() method 
as your primary way to mutate your dataframes. The first thing to know about the assign() method 
is that it creates a copy of the original dataframe.

Enter and run the following Python formula in cell B4 to load the Products table:

# Load the Products table
products = xl("Products[#All]", headers = True)

Figure 8.3 demonstrates calling the assign() method to create a copy of products and storing the 
copy as products_wrangled.

When using the assign() method, your data wrangling code will be working with the copy of the 
original dataframe. This leaves the original unchanged by your assign() code. This how you treat 
the original dataframe as immutable.

8.2.3   Changing Columns with assign()
As you learned in the last section, the assign() method works with a copy of the original dataframe. 
This includes changing columns only on the dataframe copy, leaving the original unchanged. Enter 
and run the following Python formula in cell B6:

# Clean missing data in the ProductCategory column
products_wrangled = (products
   .assign(ProductCategory = products['ProductCategory'].fillna('Missing'))
)

FIGURE 8-2:   Changing the Worksheet Order. 

FIGURE 8-3:   Making a Copy of the Products Dataframe. 
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Whenever possible, I highly advise:

 ➤ Using a single call to the assign() method.

 ➤ As you will see shortly, keeping all the code for a data wrangling step on a single line. In some 
cases, these lines of code can be quite long.

Given the width constraints of a book, I have to split some data wrangling code across multiple lines 
for readability. This is not required; feel free to make yours fit on a single line.

Figure 8.4 shows the dataframe card for cell B3. Compare this to Figure 8.5, which shows the 
dataframe card for cell B6.

As demonstrated in Figures 8.4 and 8.5, the assign() method recognizes when a column exists in 
the dataframe copy and interprets any code to the right of the equals sign (=) as an instruction to 
change the column.

In this case, replace any missing values in the ProductCategory column with the string value 
Missing in products_wrangled (i.e., the dataframe copy), but not in products (i.e., the original 
dataframe).

FIGURE 8-4:   The Dataframe Card for Cell B3. 
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8.2.4   Adding Columns with assign()
The assign() method can also be used to add new columns to a dataframe copy. To demonstrate,  
I use the ResellerSales Excel table. Enter and run the following Python formula in cell B7:

# Load the ResellerSales table
reseller_sales = xl("ResellerSales[#All]", headers = True)

In this hypothetical data analysis scenario, the task is to find drivers of decreased profitability 
of the largest resellers in Canada and the United States. Adding a column for profit to the 
reseller_sales dataframe will facilitate this analysis. Enter and run the following Python for-
mula in cell B8:

# Add a Profit column
resellers_sales_wrangled = (reseller_sales
   .assign(Profit = reseller_sales['SalesAmount'] -
                    reseller_sales['TotalProductCost'])
)

In this Python formula, I’ve broken out the Profit calculation over two lines for readability. Within 
the Python Editor, I would write this code on a single line.

In the case of the Python formula in cell B8, the assign() method can’t find a Profit column in 
the dataframe copy. So, the assign() method adds Profit using the calculation to the right of the 
equals sign.

FIGURE 8-5:   The Dataframe Card for Cell B6. 
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The Profit calculation leverages what is known in pandas as vectorization. You can think of vector-
ization as how to write your code such that you are working with entire columns of data rather than 
individual values one at a time (e.g., using a for loop). Vectorized code usually runs much faster  
than iterating one object at a time.

It would also be handy to have a ProfitMargin column to assist in the analysis. The assign() 
method supports multiple data wrangling steps in a single call by separating each step with a comma. 
You can use this feature to add another column. Enter and run the following Python formula in 
cell B9:

# Add a ProfitMargin column – will generate an error
resellers_sales_wrangled = (reseller_sales
   .assign(Profit = reseller_sales['SalesAmount'] -   
                    reseller_sales['TotalProductCost'],
           ProfitMargin = reseller_sales['Profit'] / reseller_sales['SalesAmount'])
)

When running this Python formula, you receive KeyError: 'Profit' as the return value in the 
Python Editor. The reason for this is subtle, but critical for understanding how to use the assign() 
method.

The Profit column does not exist in resellers_sales. This column only exists in the dataframe 
copy created by assign(). This is why a KeyError is thrown. What you need is a way to access the 
dataframe copy to use the data stored in the newly created Profit column.

The assign() method supports accessing the dataframe copy using lambdas (which you learned in 
Chapter 5). Enter and run the following code in cell B10:

# Add a ProfitMargin column – no error
resellers_sales_wrangled = (reseller_sales
   .assign(Profit = reseller_sales['SalesAmount'] -
                    reseller_sales['TotalProductCost'],
           ProfitMargin = lambda df_: df_['Profit'] / reseller_sales['SalesAmount'])
)

The Python formula in cell B10 demonstrates using a lambda to access the dataframe copy. By 
convention, the name df_ refers to the dataframe copy, but technically this can be named anything. 
Unless you have a very good reason to do otherwise, you should use df_ in your code. Figure 8.6 
shows the dataframe card for cell B10.

You are not limited to just using lambdas with assign(). Technically speaking, lambdas are limited 
to a single Python statement, even if that statement is very long and broken across many lines. Here’s 
a contrived example of a single statement:

# A contrived example of a single statement
(reseller_sales
    .assign(MyString = lambda df_: df_['SalesTerritoryCountry']
                                   .str.upper()
                                   .str.lower())
)
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However, you may need data wrangling code that requires multiple Python statements. This means 
a lambda won’t work. You can write a function and then pass the function in your assign() code 
instead. Enter and run the following Python formula in cell B11:

# Use a custom function with assign
def calculate_profit_margin(df_):
    profit_margin = df_['Profit'] / df_['SalesAmount']
    return profit_margin
           
(reseller_sales
   .assign(Profit = reseller_sales['SalesAmount'] -               
                    reseller_sales['TotalProductCost'],
           ProfitMargin = calculate_profit_margin)
)

The Python formula code in cell B11 declares and calls the calculate_profit_margin() function. 
The formula uses the df_ naming convention for consistency (always a good idea in your code) and 
is implemented using two Python statements Notice in the assign() code that no parentheses are 
required. This is an example of treating a function as an object in Python.

The assign() method recognizes that the calculate_profit object is a function, calls the function, 
and passes in the dataframe copy automatically. Figure 8.7 shows the dataframe card for cell B11.

FIGURE 8-6:   The Dataframe Card for Cell B10. 
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8.2.5   Data Wrangling with assign()
When using Python in Excel, you spend a lot of time writing data wrangling code using assign(). 
Whenever possible, it’s best practice to centralize your data wrangling code toward the top of a  
worksheet, as preparing your data is an early (if not the first) step before any analytics.

You will now complete all the data wrangling needed for this chapter. First up is the Products table. 
Enter and run the following Python formula in cell B12 to wrangle the products dataframe:

# Wrangle the Products table
products_wrangled = (products
   .assign(ProductCategory = lambda df_: df_['ProductCategory'].fillna('Missing'),
           ProductSubcategory = lambda df_: 
                                         df_['ProductSubcategory'].fillna('Missing'))
)

Figure 8.8 shows the dataframe card for cell B12 and the results of the data wrangling.

Next up is the Resellers table. This table holds information (e.g., names and addresses) about the 
businesses that purchase products from AdventureWorks and then resell these products to others. An 
example of a reseller would be a retail bike shop. Figure 8.9 demonstrates loading the Resellers 
table and getting the dataframe’s info.

FIGURE 8-7:   The Dataframe Card for Cell B11. 
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FIGURE 8-8:   The Dataframe Card for Cell B12. 

FIGURE 8-9:   The Resellers Table. 
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From the info() method, you can learn quite a bit about the resellers dataframe:

 ➤ There are 701 rows and 14 columns.

 ➤ The only column with missing data is AddressLine2.

 ➤ Most of the columns are string data.

A potentially useful column for the AdventureWorks profitability analysis would be the revenue per 
employee for each reseller. Enter and run the following Python formula in cell B14:

# Wrangle the Resellers table
resellers_wrangled = (resellers
   .assign(RevenuePerEmployee = lambda df_: df_['AnnualRevenue'] /
                                            df_['NumberEmployees'])
)

Figure 8.10 shows the dataframe card for cell B14.

You’ve now completed the data wrangling needed for this chapter. But you might have noticed some-
thing. None of the columns in these tables have spaces in their names.

FIGURE 8-10:   The Dataframe Card for Cell B14. 
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8.2.6   Column Names with Spaces
Column names that contain spaces are common in Microsoft Excel tables. While dataframes support 
spaces within column names, they do not work with the assign() method the way you’ve used it 
so far.

Consider a version of the Products table where the column name was Product Category instead of 
ProductCategory. Writing assign() code in this situation clearly shows the problem:

# Python doesn’t know what to do with this
(products
   .assign(Product Category = products['ProductCategory'].fillna('Missing'))
)

In this code snippet, the space in the column name confuses Python because it can’t parse the code in 
a way that it understands. So, you get the following error:

SyntaxError: invalid syntax. Perhaps you forgot a comma? (line 2)

As you can easily tell (but Python can’t), simply adding a comma won’t fix the problem. In gen-
eral, removing the spaces in the Excel column names before loading the dataframe is best practice. 
However, if you cannot, there is an alternative known as dictionary unpacking.

To demonstrate dictionary unpacking, you need to create a copy of the products dataframe and cre-
ate a Product Category column. Enter and run the following Python formula in cell B15:

# Create a dummy version of the Products DataFrame
products_dummy = products_wrangled.copy()
         
# Create a copy of the ProductCategory column
products_dummy['Product Category'] = products_dummy['ProductCategory'].copy()

The Python formula in cell B15 uses the copy() method to perform what is known as a deep copy. 
A deep copy is where the actual data is duplicated in a new Python object. In the case of this Python 
formula, a DataFrame and a Series are duplicated. Also, the dataframes returned from assign() 
are deep copies.

Not surprisingly, when using dictionary unpacking, you are creating a Python dictionary object 
with these characteristics:

 ➤ The column name is the key.

 ➤ The value is the data wrangling code.

With the dictionary created, you tell Python to unpack within your call to the assign() method 
using the ** syntax. Enter and run the following Python formula in cell B16:

# Use Python dictionary unpacking
(products_dummy
    .assign(**{"Product Category": 
               lambda df_: df_["Product Category"].fillna("Missing")})
)
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Figure 8.11 shows how the Product Category column has been cleaned via the call to assign().

As you might imagine, if you have many column names that contain spaces, dictionary unpacking 
becomes a lot of work very fast. Once again, renaming the columns to remove spaces directly in an 
Excel table before loading into Python in Excel is best practice.

8.3   FILTERING DATAFRAMES

As an Excel user, you’ve undoubtedly filtered tables countless times. Take the Resellers table, for 
example. For the AdventureWorks data analysis, it would be natural to filter this table to those resell-
ers located in the United States and Canada. Figure 8.12 illustrates doing this in Excel.

Using natural language, you can interpret the Excel filter for the CountryRegionName column 
depicted in Figure 8.12 as:

“Return to me the table rows where CountryRegionName is Canada or United States.”

Once you click the OK button in the Excel filter dialog box, only rows where the filter is true are 
returned. When filtering dataframes, you write Python code that aligns to natural language filter defi-
nitions, like the previous one.

FIGURE 8-11:   Using Dictionary unpacking with assign(). 
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8.3.1   Python Masks
As mentioned in the last chapter, Series objects (i.e., columns) of True/False values are used to 
filter dataframes. These objects are called masks in Python, and you’ll need a mask for each aspect of 
the data analysis.

First up is a mask for resellers in the United States. Enter and run the following Python formula in 
cell B19:

# Create the filtering mask for US Resellers
resellers_us_mask = resellers_wrangled['CountryRegionName'] == 'United States'
          
# How many True values?
resellers_us_mask.describe()

The Python formula in cell B19 checks each value of the CountryRegionName column for equivalence 
to United States. The result of each check is either True or False. Figure 8.13 shows the output 
from calling describe()on the mask.

Per the Python Editor output shown in Figure 8.13, the resellers_us_mask object contains 701 
total True/False values (i.e., one for each row), of which 427 are True.

The next mask is for resellers located in Canada. Enter and run the following Python formula in 
cell B20:

FIGURE 8-12:   Filtering the resellers table in Excel. 
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# Create the filtering mask for Canadian Resellers
resellers_canada_mask = resellers_wrangled['CountryRegionName'] == 'Canada'
        
# How many True values?
resellers_canada_mask.sum()
        
# Output below
114

The Python formula in B20 relies on Python treating True/False values as ones and zeros, respec-
tively. Calling sum() on the mask gives you the count of True values. In this case, 114.

The next requirement for the AdventureWorks data analysis is that the data be filtered to the “large” 
resellers in the United States and Canada. Figure 8.14 shows the results of profiling two factors for 
potentially defining “large” resellers.

Without a formal definition of “large,” Figure 8.14’s Python output contains the summary stats for 
the NumberEmployees and AnnualRevenue columns. Using this data to define a working definition 
of “large” is a reasonable approach.

The Python output in Figure 8.14 shows that average (i.e., mean) and median (i.e., 50 percent) values 
are quite close. So, the working definition of “large” will be median values or larger.

Using this working definition, enter and run the Python formula for the number of employees mask 
in cell B22:

# Create filtering mask for NumberEmployees
resellers_employees_mask = resellers_wrangled['NumberEmployees'] >= 35
         
# How many True values?
resellers_employees_mask.sum()
        
# Output below
352

FIGURE 8-13:   The resellers_us_mask Object. 
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Enter and run the Python formula for the annual revenue mask in cell B23:

# Create filtering mask for AnnualRevenue
resellers_revenue_mask = resellers_wrangled['AnnualRevenue'] >= 150000
     
# How many True values?
resellers_revenue_mask.sum()
      
# Output below
396

With the individual masks created, it’s time to combine them to enable the filtering required for the 
AdventureWorks data analysis.

8.3.2   Combining Masks
When building masks to filter your dataframes, the best way to guide your coding is to think about 
what you want to achieve in natural language. For example:

“I need to filter based on a reseller’s number of employees and their annual revenue.”

In Python terms, this natural language tells you that you need to use logical AND in constructing a new 
mask to embody this filter. Enter and run the following Python formula in cell B24:

# Create the "large Resellers" mask
resellers_large_mask = resellers_employees_mask & resellers_revenue_mask
       

FIGURE 8-14:   Profiling Factors for “large” resellers. 
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# How many True values?
resellers_large_mask.sum()
     
# Output below
352

The Python Editor output for cell B24 shows that there are 352 large resellers based on the working 
definition of large.

Next up is the filter for countries:

“I need to filter to only resellers located in Canada or the United States.”

This natural language tells you that you need to use logical OR in constructing a new mask to embody 
this filter. Enter and run the following Python formula in cell B25:

# Create the US/Canada country mask
resellers_country_mask = resellers_canada_mask | resellers_us_mask
       
# How many True values?
resellers_country_mask.sum()
       
# Output below
541

Lastly, you can combine the natural language:

“I need to filter my data to be only the largest resellers located in the United States and Canada.”

This bit of natural language directs you to use logical AND for filtering the dataframe.

Enter and run the following Python formula for filtering the dataframe to only the resellers needed 
for the data analysis in cell B26:

# Filter a new DataFrame to the largest resellers in the US and Canada
resellers_large_us_canada = resellers_wrangled[resellers_large_mask & resellers_
country_mask]
      
# Get the info
resellers_large_us_canada.info()

Figure 8.15 shows the info() method output for the filtered resellers_large_us_canada 
dataframe.

The Python Editor output of Figure 8.15 says that out of 701 total resellers, 269 meet the filtering 
criteria of large resellers in Canada or the United States.

It’s possible you may be thinking that this step-by-step approach to building filters is more 
work than you are accustomed to using Excel filters. In many cases, you’re correct. It can be 
more work. However, Python also lets us build complex masks that would be difficult to realize 
otherwise.
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You can still rely on simple tools to do your filtering and then load your data into Python for further 
processing. If you’re comfortable with Power Query (PQ), one option is to perform all the filtering 
using PQ and then load the filtered data into Python in Excel via a PQ connection. You can also use 
PQ to perform data wrangling if that’s faster for you. There’s a reason why the xl() function works 
with PQ!

If you’re using Python for your filtering, it’s tempting to look for ways to write less code. You 
can write your Python formulas to use inline masks instead of creating separate mask objects and 
combining them.

However, if you take this approach, you must be very careful. To illustrate how easy it is to make an 
error, enter and run the following Python formula in cell B27:

# Inline masks get complicated and error-prone (this is wrong!)
resellers_wrangled[(resellers_wrangled['NumberEmployees'] >= 35) & 
                   (resellers_wrangled['AnnualRevenue'] >= 150000) &
        
                   (resellers_wrangled['CountryRegionName'] == 'Canada') | 
                   (resellers_wrangled['CountryRegionName'] == 'United States')]

The Python formula in cell B27 is an example of a logic bug. Logic bugs are easy to make and can 
often be difficult to track down and fix. Figure 8.16 is the dataframe card for cell B27.

As shown in Figure 8.16, the filtered dataframe has 484 rows, not 269. The reason for this discrep-
ancy becomes clear if you translate the inline masks into natural language:

FIGURE 8-15:   The resellers_large_us_canada DataFrame Info. 
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“Filter the data to be resellers that have 35 or more employees and 150,000 or more in annual rev-
enue and are located in Canada or the United States.”

This seems logical, but there’s a problem. The way the inline masks are written in the code, the “or” is 
not treated as a separate logical unit. Therefore, the following natural language is how Python inter-
prets the masks:

“Filter the data to be resellers that have 35 or more employees and 150,000 or more in annual rev-
enue and are in Canada. Or any resellers located in the United States.”

Notice the period before the “Or” in the natural language?

As you learned in Chapter 4, using parentheses to group your logical conditions (e.g., filters) is criti-
cal for avoiding logic bugs. Enter and run the following Python formula in cell B28:

# Inline masks get complicated and error-prone - be sure to use ()!
resellers_wrangled[((resellers_wrangled['NumberEmployees'] >= 35) & 
                     (resellers_wrangled['AnnualRevenue'] >= 150000)) &
           
                   ((resellers_wrangled['CountryRegionName'] == 'Canada') | 
                    (resellers_wrangled['CountryRegionName'] == 'United States'))]

I’ve broken the code across multiple lines for readability. Figure 8.17 shows the dataframe card for 
cell B28.

As shown in Figure 8.17, the logic bug has been fixed, and the expected 269 rows are returned from 
the filtering.

FIGURE 8-16:   The Dataframe Card for Cell B27. 
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8.3.3   The isin() Method
Another tactic you can use to reduce the amount of code you write and reduce the chance of logic 
bugs is to use the isin() method. You can think of isin() as a replacement for chaining logical OR 
in your filters.

Enter and run the following Python formula in cell B29 to replace the existing country mask:

# Use isin() instead of logical OR
resellers_country_mask = (resellers_wrangled['CountryRegionName']
   .isin(['Canada', 'United States'])
)
       
# How many True values?
resellers_country_mask.sum()
       
# Output below
541

I’ve used method chaining here to make the code more readable. In the Python Editor you could put 
all the code on a single line.

When using the isin() method, you provide a list of values that are used for equivalency checks. 
Using natural language, you can interpret the Python formula in cell B29 like this:

“Check each country to see if it is equal to Canada or United States.”

FIGURE 8-17:   The Dataframe Card for cell B28. 
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The isin() method is a very handy coding shortcut and a great way to avoid logic bugs. To demon-
strate, enter and run the following Python formula in cell B30:

# A better (i.e., less complicated) inline mask
resellers_wrangled[((resellers_wrangled['NumberEmployees'] >= 35) & 
                    (resellers_wrangled['AnnualRevenue'] >= 150000)) & 
                   
                    (resellers_wrangled['CountryRegionName']
                     .isin(['Canada', 'United States']))]
            

Check the dataframe card for cell B30. You will see that this filter performs correctly.

8.3.4   The query() Method
When it comes to filtering dataframes, I’ve saved the best for last – the query() method. You use 
query() by providing it masks defined using string values. If you’re familiar with SQL, you’ll notice 
that query() is very similar. Enter and run the following Python formula in cell B31, which demon-
strates a simple filter string.

# A simple DataFrame query
resellers_wrangled.query('NumberEmployees >= 35')

Like masks, you can use logical operators with query() to construct more complex filters. Enter and 
run the following Python formula in cell B32:

# Using logical AND
resellers_wrangled.query('NumberEmployees >= 35 and AnnualRevenue >= 150000')

And in cell B33:

# Using logical OR
resellers_wrangled.query('CountryRegionName == "Canada" or CountryRegionName ==  
"United States"')

The Python formula’s filter in cell B33 is quite long. Luckily, you can break your filter strings into 
pieces when using query(), as the following Python formula in cell B34 demonstrates (be sure to 
enter and run it):

# Combining the logic
resellers_wrangled.query('(NumberEmployees >= 35 and AnnualRevenue >= 150000) and '
                         '(CountryRegionName == "Canada" or '
                         'CountryRegionName == "United States")')

Notice that the code in cell B34 has a trailing space after the and as well as the or. This is required 
for proper formatting when query() combines the individual strings. Also, I should mention that 
query() supports the use of & and |. However, I find myself spelling out the words when using 
query() for enhanced readability.
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The query() method also supports functionality like isin(). The following formula in cell B35 dem-
onstrates this (again, be sure to enter and run it):

# Combining the logic
resellers_large = resellers_wrangled.query('NumberEmployees >= 35 and '
                                           'AnnualRevenue >= 150000 and '
                                           'CountryRegionName in '
                                           '["Canada", "United States"]')

I’ve broken the code over several lines for readability. Feel free to consolidate your code into fewer 
lines in the Python Editor.

Notice how similar query()’s in syntax is to isin()? Both require a list of values to be used for the 
checks of equivalence. Also, to be clear, you can place any number of values within the list, whether 
you are using query() or isin().

The query() method has a tremendous amount of functionality. The “Continue Your Learning” sec-
tion later in this chapter has a link to the online documentation.

8.4   COMBINING DATAFRAMES

As an Excel user I’m betting you’ve used the VLOOKUP() function. Just in case you’re unfamiliar, 
here’s a description from Microsoft’s online documentation:

“Use VLOOKUP when you need to find things in a table or a range by row. For example, look 
up a price of an automotive part by the part number, or find an employee name based on their 
employee ID.”

You can also think of VLOOKUP() as providing a way of combining tables of data. For example, the 
ResellerSales table in the PythonInExcelStepByStep.xlsx workbook has a ProductKey column 
that can be used to look up data in the Products table.

Figure 8.18 demonstrates how you can use VLOOKUP() to populate a new ProductCategory column 
in the ResellerSales table.

Excel will automatically populate the formula down the length of the ProductCategory column, 
using the following steps:

 ➤ For each ProductKey value in ResellersSales (e.g., cells A2, A3, A4, etc.), look up the 
corresponding ProductKey value in Products.

FIGURE 8-18:   Using VLOOKUP() To Populate a Column. 
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 ➤ For each ProductKey match in Products, return the value of the third column (i.e., 
ProductCategory) for the ProductKey row.

 ➤ If no ProductKey match is found, return a #N/A error.

As you might have guessed from your work with Python, Excel’s #N/A error means “not available” 
and denotes missing data. Figure 8.19 shows the results of this process.

If desired, you can use VLOOKUP() to add all the remaining Products columns to ResellersSales. 
You can think of this process of adding all the columns as combining the two tables. The common 
technical term for this is joining two tables.

Joining tables is a common thing you do in business analytics; dataframes offer rich support for joins.

8.4.1   The merge() Method
The DataFrame class offers the join() method for joining tables. However, join() uses indexes for 
matching and does not use column values. This is unfortunate because easily 99 percent of the time 
you want to join dataframes using column values, not indexes.

The DataFrame class also offers the merge() method, which does perform joins using column values 
for matching. The merge() method is what you will use in most of your Python formulas.

The merge() method supports many ways of joining tables. In practice, you will use only two most 
of the time. Here’s the list of supported join types:

 ➤ left

 ➤ right

FIGURE 8-19:   Populating a Column using VLOOKUP(). 
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 ➤ outer

 ➤ inner

 ➤ cross

If you’re interested in learning more about the merge() method’s capabilities, there is a link to the 
online documentation in the “Continue Your Learning” section later in this chapter.

8.4.2   Left Joins
Consider the VLOOKUP() example and imagine that the ResellersSales and Products tables were 
collocated in the same worksheet with ResellerSales occupying the far-left columns of the work-
sheet and Products occupying columns to the right.

In this imaginary scenario, the VLOOKUP() code doesn’t change at all, but it provides you with an 
intuitive way to understand and describe how joins work. Joins combine left and right tables in var-
ious ways.

The VLOOKUP() function is an example of what is known as a left join. Conceptually, this is how left 
joins work:

 ➤ Data is added (i.e., joined) to the left table from the right table.

 ➤ Matches are made on designated columns.

 ➤ When no match is made, data will be missing (e.g., None, NaN, #N/A, etc.).

These bullets result in a subtle, but important outcome. Because of how left joins work, every row of 
data from the left table remains after the left join is complete. As you will see in the next section, this 
isn’t the case for all types of joins.

Enter and run the following Python formula in cell B38 to perform a left join on the reseller_
sales_wrangled and products_wrangled dataframes:

# Use a left join with ResellerSales and Products tables
reseller_sales_wrangled.merge(products_wrangled, how = 'left')

The Python code in cell B38 reinforces this idea of left and right tables. Intuitively, reseller_sales_
wrangled is left of the merge() call and products_wrangled is to the right.

Next, the code uses the how parameter to tell merge() to perform a left join between the tables. By 
default, the two dataframes are searched to see if they share columns with the same name. In this 
case, both share the ProductKey column, so that is what is used for matching the rows.

For example, the first row of reseller_sales_wrangled has a ProductKey value of 349. 
In products_wrangled, the row of data with ProductKey 349 has the value of Bikes for 
ProductCategory.

Figure 8.20 shows the results of the left join of these two dataframes. What is returned from merge() 
is a new dataframe object with all products_wrangled columns added to the far right of the 
reseller_sales_wrangled columns based on the row-by-row matches.
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The merge() method will join two dataframes at a time. However, it’s common to join multiple 
dataframes to facilitate data analysis. For example, the AdventureWorks data analysis requires joining 
reseller_sales_wrangled, products_wrangled, and resellers_large. This is easily accom-
plished by method chaining multiple calls to merge().

It’s usually a bad idea to let merge() automatically pick which columns to use for matching. Relying 
on this behavior can often result in subtle bugs that are time consuming to track down and fix. A far 
better idea is to use the on parameter to explicitly tell merge() which column to use.

Enter and run the following Python formula in cell B39. The code in the formula demonstrates both 
method chaining and explicitly defining the columns to use for matching:

# Use left joins with ResellerSales, Products, and Resellers tables
left_join_example = (reseller_sales_wrangled
                        .merge(products_wrangled, how = 'left', on = 'ProductKey')
                        .merge(resellers_large, how = 'left', on = 'ResellerKey')
                    )

Figure 8.21 shows the dataframe card for cell B39. Look at the RevenuePerEmployee column. 
Notice how the first five values are nan? This is because no match was found for these rows of data 
in resellers_large. This deserves a bit more explanation.

FIGURE 8-20:   A left join of Reseller Sales and Products. 
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While the first five rows of data are for a US reseller, the reseller is not large, based on the working 
definition. Therefore, these resellers are not included in resellers_large and cannot be matched.

To cement this idea that left joins can produce missing data, make the Python formula in cell B39 
look like the following and then run it again:

# Use left joins with ResellerSales, Products, and Resellers tables
left_join_example = (reseller_sales_wrangled
                        .merge(products_wrangled, how = 'left', on = 'ProductKey')
                        .merge(resellers_large, how = 'left', on = 'ResellerKey')
                    )
         
# Check the country value counts
left_join_example['CountryRegionName'].value_counts(dropna = False)

Figure 8.22 shows the Series card for cell B39. More than half of the rows of data were not 
matched to resellers_large as evidenced by how many CountryRegionName values are nan.

Using left joins for the AdventureWorks analysis isn’t a great solution because what’s needed is only 
rows of data for large resellers in the United States and Canada. Essentially, what’s needed for the 
analysis is a join that also filters.

8.4.3   Inner Joins
You can think of an inner join as being like a left join, but with one additional step – any rows that 
are not matched are removed from the resulting joined dataframe.

FIGURE 8-21:   The Dataframe Card for Cell B39. 
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The easiest way to understand an inner join is to see it in action compared to a left join. Enter and 
run the following Python formula in cell B40:

# Inner join only returns matches
reseller_sales_large = (reseller_sales_wrangled
                           .merge(products_wrangled, how = 'left', on = 'ProductKey')
                           .merge(resellers_large, how = 'inner', on = 'ResellerKey')
                        )

Figure 8.23 shows the dataframe card for cell B40. Compare Figure 8.23’s row count to the row 
count in Figure 8.21. The row count has dropped from 60 855 to only 25 581 rows.

This change in row count is due to the filtering of the inner join to just those rows that match large 
resellers in the United States and Canada. Make the Python code in cell B40 look like the following 
and run it again:

# Inner join only returns matches
reseller_sales_large = (reseller_sales_wrangled
                           .merge(products_wrangled, how = 'left', on = 'ProductKey')
                           .merge(resellers_large, how = 'inner', on = 'ResellerKey')
                        )
        
# Check the country value counts
reseller_sales_large['CountryRegionName'].value_counts(dropna = False)

FIGURE 8-22:   The Series Card for Cell B39. 
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Figure 8.24 shows the Python Editor output for cell B40 and confirms that only rows for 
the largest resellers in Canada and the United States are returned (i.e., no rows are missing 
CountryRegionNames).

When using Python in Excel to prepare your data for analysis, you will find it’s very rare to need 
anything other than left and inner joins. In fact, you will find yourself using left joins most of the time 
because you want to see missing data.

8.4.4   Additional Column Handling
What you’ve seen so far are happy path join scenarios – using single columns with the same name for 
matching. However, it’s common to run into the following situations with your joins:

 ➤ Matching on different column names.

 ➤ Matching on multiple columns (with different or the same names).

FIGURE 8-23:   The Dataframe Card for Cell B40. 

FIGURE 8-24:   The Python Editor output for cell B40. 
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To illustrate the first bullet, enter and run the following Python formula in cell B41 to create a 
dummy Product Key column:

# Add a "Product Key" to the Products dummy DataFrame
products_dummy['Product Key'] = products_dummy['ProductKey'].copy()

The following Python formula demonstrates how to perform a join using columns with different 
names. Enter and run the formula in cell B42:

# Join when column names are different
(reseller_sales_wrangled
    .merge(products_dummy, how = 'left', left_on = 'ProductKey', 
           right_on = 'Product Key')
    .merge(resellers_large, how = 'inner', on = 'ResellerKey')
)

The formula in cell B42 demonstrates using the left_on and right_on parameters. These parameters 
allow you to explicitly define which columns to be used for matching rows in the join. If you look at 
the dataframe card for cell B42, you will find the row and column count matches what is shown in 
Figure 8.23.

While not as common when working with Excel tables, there are situations where multiple col-
umns are needed to match rows when performing a join. Usually, this situation occurs when you are 
working with data sources from databases (e.g., via a Power Query connection).

When you need to match on multiple columns, you will use the left_on and right_on parameters 
of the merge() method. However, you will pass into these parameters lists of the column names. The 
following hypothetical code demonstrates:

# Joining with multiple columns
(left_data_frame
    .merge(right_data_frame, how = 'left', left_on = ['Column1', 'Column2'], 
           right_on = ['Column 1', 'Column2'])
)

In this hypothetical code, what’s critical is that you need to ensure the order within the lists is correct. 
The following hypothetical example shows you what not to do.

# Joining with multiple columns – don’t do this
(left_data_frame
    .merge(right_data_frame, how = 'left', left_on = ['Column2', 'Column1'], 
           right_on = ['Column 1', 'Column2'])
)

Let’s assume for a moment that all the columns specified for the join matching are the same type (e.g., 
integers). This code will not produce an error. Instead, you will get a result you don’t expect, and you 
will have to spend time debugging your code (trust me, I’ve been there).
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8.5   PIVOTING DATAFRAMES

The data in the ResellerSales Excel table is in a format that you commonly encounter in data 
analysis – raw transactions. If possible, you want to work with transactional data because it gives you 
the most flexibility. For example, when you have transactional data, you can pivot (i.e., aggregate) the 
data as you see fit.

In the case of ResellersSales, each row of data represents a single line item for a sales order. 
Figure 8.25 illustrates that sales order number SO43659 has twelve line items, each corresponding to 
a different product.

The raw transactional data in ResellerSales isn’t ideal for the AdventureWorks analysis – it’s too 
low level. What is needed is the data aggregated from the level of line items to entire sales orders. 
The easiest way to do this in Excel is, of course, to use a PivotTable. Figures 8.26 and 8.27 show an 
example PivotTable.

Figure 8.26 shows how the ResellerSales data has been aggregated by SalesOrderNumber. This 
means there is one row in the PivotTable for each unique value of SalesOrderNumber.

The configuration of the PivotTable is shown in Figure 8.27. Using natural language, you could 
describe the PivotTable like this:

FIGURE 8-25:   Sales order Line Items in the ResellerSales Table. 

FIGURE 8-26:   Example PivotTable of ResellerSales. 
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“Aggregate the data by the SalesOrderNumber column. For each unique SalesOrderNumber, count 
how many SalesOrderLineNumbers there are and sum the SalesAmounts.”

When you think of it this way, PivotTables are a combination of two things:

 ➤ Aggregation columns (e.g., SalesOrderNumber).

 ➤ Aggregation functions (e.g., Count and Sum).

Because they are so common and useful, dataframes offer rich support for aggregations. The key to 
pivoting (i.e., aggregating) dataframes is thinking in terms of aggregation columns and functions.

8.5.1   Aggregating by One Column
The groupby() method is provided by dataframes to define aggregation columns. Enter and run the 
following Python formula in cell B45:

# Aggregate SalesAmounts by SalesOrderNumber
sales_order_agg = (reseller_sales_large
                      .groupby('SalesOrderNumber')
                  )

The Python Editor output for cell B45 shows that the returned object is a DataFrameGroupBy. Think 
of this object as representing the very first step of building an Excel PivotTable – creating groups for 
the data. In this case, each group is defined by a unique SalesOrderNumber.

Next, make the Python formula in cell B45 look like the following and run it again:

# Aggregate SalesAmounts by SalesOrderNumber
sales_order_agg = (reseller_sales_large
                      .groupby('SalesOrderNumber')
                      ['SalesAmount']
                      .agg('sum')
                  )

FIGURE 8-27:   Example PivotTable Configuration. 
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Consider the extended code in cell B45. The code adds ['SalesAmount'] to access the column for 
each of the groups created by groupby().

Next, the code in B45 calls the agg() method. The agg() method is how you specify which aggrega-
tion function(s) should be used (i.e., the aggregation function’s name as a string). In this case, the code 
specifies that the sum() method should be called on SalesAmount for each group.

The output for the revised Python formula is a Series object where the index is each unique 
SalesOrderNumber and the column is the sum() of all SalesAmounts for each sales order.         
Figure 8.28 shows the Series card for cell B45.

Notice how Figure 8.28 is starting to resemble an Excel PivotTable? However, there is a problem. 
The Series index contains valuable information that you typically want surfaced as a DataFrame 
column. Enter and run the following Python formula in cell B46 to achieve this:

# "Flatten" the Series into a 2-column DataFrame
sales_order_agg = sales_order_agg.reset_index()

You can think of the reset_index() method as a means of “flattening” indexes into dataframes. 
When aggregating dataframes, you typically want to call this method to produce data that is most 
useful for your analyses. Figure 8.29 shows the dataframe card for cell B46.

FIGURE 8-28:   The Series Card for Cell B45. 
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As shown in Figure 8.29, the resulting dataframe is much closer to an Excel PivotTable. And like an 
Excel PivotTable, you’re not limited to only a single aggregation function. Enter and run the follow-
ing Python formula in cell B47:

# Aggregate SalesAmounts by SalesOrderNumber
sales_order_agg = (reseller_sales_large
                      .groupby('SalesOrderNumber')
                      ['SalesAmount']
                      .agg(['size', 'sum', 'min', 'max', 'mean', 'median'])
                      .reset_index()
                  )

The code in cell B47 uses a list of aggregation functions to apply to the SalesAmounts for each 
unique SalesOrderNumber. Note that each of these string values (e.g., 'median') corresponds to the 
methods you learned about in Chapter 7. Figure 8.30 shows the dataframe card for cell B47.

Consider the first row of data shown in Figure 8.30. For the sales order SO43661:

 ➤ size is the count of the rows of data (i.e., 15 order line items).

 ➤ sum is the total SalesAmount for these 15 rows.

 ➤ min/max are the smallest/largest SalesAmount values for these 15 rows.

 ➤ mean/median are typical SalesAmount values for these 15 rows.

Just as you are not limited to a single aggregate function, you are also not limited to aggregating by 
just a single column at a time.

FIGURE 8-29:   The Dataframe Card for Cell B46. 
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8.5.2   Aggregating by Multiple Columns
It shouldn’t surprise you that, to aggregate by multiple columns, you simply use a list of the column 
names. Enter and run the following Python formula in cell B48:

# Aggregate using multiple columns
(reseller_sales_large
    .groupby(['ProductCategory', 'SalesOrderNumber'])
    ['SalesAmount']
    .agg(['size', 'sum', 'min', 'max', 'mean', 'median'])
)

As with the Excel PivotTables, the order of columns matters when creating the groups. The code 
in cell B48 tells groupby() to group by unique ProductCategory values first, and then by unique 
SalesOrderNumber values within each ProductCategory.

Figure 8.31 shows the dataframe card for cell B48 and it depicts something new – there appear to be 
two indexes (i.e., ProductCategory and SalesOrderNumber).

What is shown in Figure 8.31 is known as a hierarchical index. Hierarchical indexes represent some-
thing I’m sure you’ve seen in Excel PivotTables. Figure 8.32 is a PivotTable representation of this idea.

Once again, these indexes tend to be most useful as dataframe columns, so using the reset_index() 
method is usually a good idea. Enter and run the following Python formula in cell B49:

# Aggregate using multiple columns
(reseller_sales_large
    .groupby(['ProductCategory', 'SalesOrderNumber'])
    ['SalesAmount']
    .agg(['size', 'sum', 'min', 'max', 'mean', 'median'])
    .reset_index()
)

FIGURE 8-30:   The Dataframe Card for Cell B47. 
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Open and review the dataframe card for cell B49. As expected, you will see that ProductCategory 
and SalesOrderNumber have been transformed into standard Series objects (i.e., columns) within 
the dataframe, and the index is now integer-based.

The agg() method also supports defining specific column names and the calculations to populate 
these columns. Enter and run the following Python formula in cell B50:

# Aggregate using multiple columns and defined aggregates
(reseller_sales_large
    .groupby(['ProductCategory', 'SalesOrderNumber'])
    .agg(SalesAmountTotal = ('SalesAmount', 'sum'),
         ProfitTotal = ('Profit', 'sum'))
    .reset_index()
)

FIGURE 8-31:   The Dataframe Card for Cell B48. 

FIGURE 8-32:   Hierarchical Index in a PivotTable. 
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The code in cell B50 demonstrates the steps for creating these custom aggregates:

 ➤ Provide a column name for the aggregate (e.g., SalesAmountTotal).

 ➤ Provide the logic to populate the column as a tuple.

 ➤ The first part of the tuple is the column name that provides the data (e.g., 'Profit').

 ➤ The second part of the tuple is the aggregation function to use (e.g., 'sum').

Figure 8.33 is the dataframe card for cell B50, and it shows how flexible the agg() method can be in 
creating aggregated data.

As an Excel user, you’ll probably be happy to know that using groupby() and agg() is the not the 
only way you can aggregate dataframes.

8.5.3   The pivot_table() Method
In the last section you saw how the combination of orderby() and agg() can produce dataframes 
that resemble Excel PivotTables. While these methods are undoubtedly useful, many Excel users find 
the DataFrame’s pivot_table() method more intuitive.

The parameters of the pivot_table() method closely align to Excel’s interface for specifying 
PivotTable rows, columns, and values. Enter and run the following Python formula in cell B51:

FIGURE 8-33:   The Dataframe Card for Cell B50. 
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# Create a pivot table of SalesAmount and Profit
(reseller_sales_large
    .pivot_table(index = 'CountryRegionName', columns = 'ProductCategory',
                 values = [‘Profit’, 'SalesAmount'], aggfunc = 'sum')
)

The code in cell B51 produces a PivotTable with:

 ➤ Unique values of CountryRegionName for the index (i.e., the rows).

 ➤ Unique values of ProductCategory for the columns.

 ➤ The sum of Profit values for each combination of row/column.

 ➤ The sum of SalesAmount values for each combination of row/column.

The aggfunc parameter allows for the specification of one or more aggregation functions by name 
to be used in the PivotTable’s calculations. As you’ve seen previously, you use a list of function names 
when you want to apply multiple aggregate functions.

Figure 8.34 shows the dataframe card for cell B51 and shows how dataframes also support hierarchi-

cal columns. As with hierarchical indexes, columns structured in this way are typically not useful for 
analytics.

Hierarchical columns are instances of what is known as a MultiIndex in pandas. The “Continue Your 
Learning” section later in this chapter has a link where you can find more information.

Unfortunately, using the reset_index() method only partially addresses the situation. Enter and run 
the following Python formula in cell B52:

# Create a pivot table of SalesAmount and Profit
(reseller_sales_large
    .pivot_table(index = 'CountryRegionName', columns = 'ProductCategory',
                 values = ['Profit', 'SalesAmount'], aggfunc = 'sum')
    .reset_index()
)

FIGURE 8-34:   The Dataframe Card for Cell B51. 
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As shown in Figure 8.35, the dataframe still lacks the ideal structure for analytics (e.g., hierarchical 
columns remain).

The solution to this problem is to switch from “wide” to “long” PivotTables by using a combination 
of hierarchical indexes and the reset_index() method. Enter and run the following Python formula 
in cell B53 to see how this technique works:

# Change the pivot table format from "wide" to "long"
(reseller_sales_large
    .pivot_table(index = ['CountryRegionName', 'ProductCategory'],
                 values = ['Profit', 'SalesAmount'], aggfunc = 'sum')
    .reset_index()
)

Figure 8.36 is the dataframe card for cell B53. It illustrates two important ideas when working with 
PivotTables using Python in Excel:

 ➤ Wide PivotTables are most useful for direct visual inspection by humans.

 ➤ Long PivotTables are most useful for analytics using Python code.

The next chapter demonstrates this second bullet using visual data analysis with charts like histo-
grams and bar charts.

When working with PivotTables, it’s often useful to sort them for human visual inspection. The sort_
values() method allows you to sort any dataframe, including PivotTables.

FIGURE 8-35:   The Dataframe Card for Cell B52. 
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Enter and run the following formula in cell B54 to sort the PivotTables in descending order by 
SalesAmount:

# Sort the pivot table by SalesAmount in descending order
(reseller_sales_large
    .pivot_table(index = ['CountryRegionName', 'PromotionType'],
                 values = ['Profit', 'SalesAmount'], aggfunc = 'sum')
    .sort_values(by = 'SalesAmount', ascending = False)
    .reset_index()
)

The code in cell B54 overrides the ascending parameter’s default (i.e., to sort in ascending order). 
However, the AdventureWorks data analysis could benefit from sorting across multiple columns 
simultaneously.

Once again, this is possible by using list objects in your code. Enter and run the following Python 
formula in cell B55:

# Sort the pivot table by multiple columns
(reseller_sales_large
    .pivot_table(index = ['CountryRegionName', 'ProductCategory'],
                 values = ['Profit', 'SalesAmount'], aggfunc = 'sum')
    .sort_values(by = ['Profit', 'SalesAmount'], ascending = [True, False])
    .reset_index()
) 

FIGURE 8-36:   The Dataframe Card for Cell B53. 



198   ❘   CHAPTER 8  WORKING WITH DATA TABLES

The code in cell B55 performs the following sorting based on the ordering of the lists passed to the by 
and ascending parameters:

 ➤ Primary sorting is based on the Profit column in ascending order.

 ➤ Secondary sorting is based on the SalesAmount column in descending order.

As with joining on multiple columns, you must ensure that the order within the list objects is correct. 
Otherwise, you will get unexpected results that you will need to debug.

Figure 8.37 is the dataframe card for cell B55. This sorted PivotTable provides critical insights into 
the AdventureWorks data for large resellers in Canada and the United States:

 ➤ Of the eight rows of data, two show negative profit (i.e., losses).

 ➤ The largest product category based on sales volume (i.e., Bikes) is responsible for all losses.

 ➤ All other product categories are profitable but only exceed the losses in the Bikes category by 
a small amount.

While the analysis could continue using various pivots, there’s a far better way to analyze 
AdventureWorks’ data – using visualizations (i.e., charts). That’s what you’ll learn about in the next 
chapter.

FIGURE 8-37:   The Dataframe Card for Cell B55. 
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8.6   THE WORKBOOK SO FAR

If you have been following along using the PythonInExcelStepByStep.xlsx workbook, the Ch 8 

Python Code worksheet should now look like Figures 8.38 and 8.39.

Be sure to save the workbook before moving on to the next chapter.

FIGURE 8-38:   The Workbook So Far, Part 1. 
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8.7   CONTINUE YOUR LEARNING

As an open-source programming language, Python has extensive documentation available online. To 
continue your learning, check out the following links:

 ➤ The pandas DataFrame query method:

https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.query.html

 ➤ The Excel VLOOKUP function:

https://support.microsoft.com/en-us/office/vlookup-function-0bbc8083-26fe- 

4963-8ab8-93a18ad188a1

 ➤ The pandas DataFrame merge method:

https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.html

 ➤ The pandas MultiIndex:

https://pandas.pydata.org/docs/user_guide/advanced.html

FIGURE 8-39:   The Workbook So Far, Part 2. 

https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.query.html
https://support.microsoft.com/en-us/office/vlookup-function-0bbc8083-26fe-4963-8ab8-93a18ad188a1
https://support.microsoft.com/en-us/office/vlookup-function-0bbc8083-26fe-4963-8ab8-93a18ad188a1
https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.html
https://pandas.pydata.org/docs/user_guide/advanced.html


Data Visualization  

    In this chapter you continue with the AdventureWorks data analysis scenario by learning how 
to use one of Python in Excel’s most powerful capabilities: visually analyzing data. 

 As you will see in this chapter, Python in Excel can produce charts (i.e., data visualizations) that 
are difficult, or impossible, to replicate using out-of-the-box Excel features.  

  9.1    INTRODUCING  PLOTNINE

 Like Microsoft Excel, Python has rich support for crafting data visualizations that help you 
analyze data and tell data stories. Over the years, many Python libraries have been built for 
visualizing data. Examples include the  matplotlib  and  seaborn  libraries. 

 Data visualization is so important in real-world analytics that the  pandas  library also offers 
charting functionality (e.g., creating a bar chart of a column). However, in this chapter you 
learn about my go-to library for data visualizations with Python in Excel  –  the mighty  plotnine . 

 As a quick aside on terminology, I treat the terms  chart, visual, visualization , and  data visualization  
as synonymous in this chapter. 

 One of the goals of the  plotnine  library is to produce print-quality visualizations (e.g., for 
academic journals). This means that  plotnine  is very flexible and offers a lot of control over 
your data visualizations –   far more than provided by Excel charts. 

 This is important to note because when I teach  plotnine  I often get asked, “Dave, can I use 
plotnine  to do X?” The answer is  plotnine  can do just about anything you can think of. You just 
need to learn how to code up want you want from  plotnine’s  extensive collection of functions 
and function parameters. 

 For many this answer can be intimidating. The good news is that you don’t need to learn 
everything about  plotnine  before you build powerful visualizations. This chapter will teach 
you the  plotnine  foundation you need that will serve you more than 80 percent of the time. 

        9 
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The “Continue Your Learning” section in this chapter has links to where you can learn more about 
plotnine (e.g., common chart types not covered in this chapter).

9.1.1   The Grammar of Graphics
The plotnine library is a port of another famous data visualization library from the R programming 
language – ggplot2. What makes plotnine and ggplot2 different from other visualization libraries is 
that both implement what is known as the grammar of graphics.

A grammar is a collection of rules for a language. For example, the Python programming language has 
a grammar. What makes plotnine so powerful is that it follows a grammar for creating visualizations 
(i.e., graphics).

Every type of visualization you create in plotnine follows consistent rules based on a layered approach. 
This means that if you learn how to create bar charts using plotnine, learning how to create line charts 
is very simple because both visualizations follow the same grammar.

In this chapter I use the metaphor of painting to make learning plotnine’s grammar easier. Just 
like you craft a painting one layer at a time, so is the process of using plotnine. You build plotnine 
visualizations by composing various aspects of the grammar of graphics:

 ➤ The data you want to visualize.

 ➤ The aesthetic mappings of the data to elements of the visual (e.g., which column maps to the 
x-axis).

 ➤ Controlling the look and feel of your visualizations using themes.

 ➤ The layers of the visualization – for example, geometric objects.

 ➤ Geometric objects (geoms) are the points, lines, boxes, and so on, that you see in the 
visualization.

This is all a bit abstract but will become clear in this chapter, as you learn to build plotnine data 
visualizations layer by layer.

9.1.2   Coding Patterns
When using plotnine for crafting your data visualizations, there are a couple of coding patterns that 
you will see throughout this chapter.

First, I’m once again going to make use of multiline method chaining in all the plotnine code in this 
chapter. While not technically required (e.g., you could put all the code on a single line), using multiline 
method chaining results in Python code that conceptually aligns to the grammar of graphics.

Second is copy-and-paste reuse. As you will see throughout this chapter, the most efficient way to use 
plotnine is not to write the code from scratch for every visual. Here’s the high-level process I use in 
my projects:

 ➤ Craft a plotnine visual (e.g., a bar chart).

 ➤ Copy and paste the Python formula into a new cell.

 ➤ Tweak the code as needed (e.g., switch columns).
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As you work through the Python formulas in this chapter, look for opportunities to use copy-and-paste 
reuse. With practice, you will find that you can often create visualizations faster using plotnine than 
using out-of-the-box Excel charts.

9.2   CATEGORICAL VISUALIZATIONS

Visualizing categorical data is a bread-and-butter skill in business analytics. Not only is categorical data 
(e.g., BusinessType in the AdventureWorks data) very common, but you can also wrangle numeric 
data to be categorical to facilitate your data analyses.

Because of the importance of categorical data, the bulk of this chapter focuses on teaching plotnine 
using the go-to visual for categorical data – a bar chart. This makes bar charts the best place to start 
learning plotnine.

This chapter’s Python formulas should be entered in the Ch 9 Python Code worksheet of the 
PythonInExcelStepByStep.xlsx workbook. The code in this worksheet has been structured to 
reflect how you will use Python in Excel in real-world analytics. For convenience, select this worksheet 
from within the Python Editor, as shown Figure 9.1.

FIGURE 9-1:   Selecting the Chapter Worksheet. 
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Because of the Python formula calculation order, you may find it takes a while for your formulas to 
be calculated because of previous chapter worksheets. You can move this chapter’s worksheet to the 
left and have its formulas calculated first, as shown in Figure 9.2.

9.2.1   Initial Data Wrangling
You learned much about data wrangling in the last chapter, and you typically need to wrangle your 
data to craft the best plotnine visualizations. The Ch 9 Python Code worksheet comes prepopulated 
with six data wrangling formulas aligned to the AdventureWorks profitability data analysis scenario 
introduced in the last chapter.

Most of the data wrangling code will be familiar to you, so I won’t exhaustively explain each formula. 
I show each of the six Python formulas, briefly describe the “why” of each formula, and call out any 
items of interest.

First up is the Python formula in cell B4, which loads and wrangles the Products Excel table. The 
code is the same as you saw in the last chapter:

# Load the Products table
products = xl("Products[#All]", headers = True)
        
# Wrangle the Products table
products_wrangled = (products
   .assign(ProductCategory = lambda df_: df_['ProductCategory'].fillna('Missing'),
           ProductSubcategory = lambda df_:
df_['ProductSubcategory']. fillna('Missing'))
)

The Python formula in cell B5 loads and wrangles the Resellers Excel table. The code is the same as 
you saw in the last chapter:

# Load the Resellers table
resellers = xl("Resellers[#All]", headers = True)
          
# Wrangle the Resellers table
resellers_wrangled = (resellers
   .assign(RevenuePerEmployee = lambda df_: df_['AnnualRevenue'] / 
                                            df_['NumberEmployees'])
)

The Python formula in cell B6 filters the resellers to the largest located in Canada and the United 
States (US). The filtering logic is the same as you saw in the last chapter:

# Filter to the largest resellers in the US and Canada
resellers_large = resellers_wrangled.query('NumberEmployees >= 35 and '
                                           'AnnualRevenue >= 150000 and '

FIGURE 9-2:   Changing the Worksheet Order. 
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                                           'CountryRegionName in '
                                           '["Canada", "United States"]')

The Python formula in cell B7 loads and wrangles the ResellerSales Excel table:

# Load the ResellerSales table
reseller_sales = xl("ResellerSales[#All]", headers = True)
          
# Wrangle the ResellerSales table
reseller_sales_wrangled = (reseller_sales
   .assign(Profit = lambda df_: df_['SalesAmount'] - df_['TotalProductCost'],
           ProfitMargin = lambda df_: df_['Profit'] / df_['SalesAmount'],
           IsProfitable = lambda df_: df_['Profit'].gt(0))
)

The code in cell B7 is different from what you saw in the last chapter in that it creates a new 
IsProfitable column. This column is populated with True/False values based on whether each 
sales order line item’s Profit is greater than zero.

The IsProfitable column is a great example of how numeric columns can be transformed into a 
categorical representation. As you will see in the next section, creating categorical representations 
allows you to craft visualizations that allow you drill into your data to glean more information.

The Python formula in cell B8 joins all three dataframes to produce a combined dataset also filtered 
for just the largest US and Canadian resellers:

# Join tables and filter to only large resellers in the US and Canada  
reseller_sales_large = (reseller_sales_wrangled
                           .merge(products_wrangled, how = 'left', on = 'ProductKey')
                           .merge(resellers_large, how = 'inner', on = 'ResellerKey')
                        )

The Python formula in cell B9 aggregates the combined dataset:

# Aggregate the dataset based on country, type of business, promotion, and product
reseller_sales_large_agg = (reseller_sales_large
   .groupby(['CountryRegionName', 'BusinessType', 'PromotionType', 'ProductCategory'])
   .agg(TotalSalesAmount = ('SalesAmount', 'sum'),
        TotalProfit = ('Profit', 'sum'))
   .reset_index()
   .assign(Profitability = lambda df_: np.where(df_['TotalProfit'] > 0, 'Profit', 
'Loss'))
)

Compared to the last chapter, the code in cell B9 is doing a couple of things differently:

 ➤ Calculations are being performed for each unique combination of CountryRegionName, 
BusinessType, PromotionType, and ProductCategory.

 ➤ After the aggregated dataframe is created and reset_index() is called, a new 
Profitability column is added.
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The Profitability column is populated using the where() function from the numpy library. Python 
in Excel creates the np alias for the numpy library; hence the code in cell B9 uses np.where().

The where()function is vectorized to efficiently perform logic checks against entire columns of data. 
In the case of cell B9, the function is checking each value of the TotalProfit column.

Where each value of TotalProfit is greater than zero, where() returns the string value Profit. 
Otherwise, where() returns the string value Loss. This is yet another example of how to transform a 
numeric column into a categorial representation to be used in a later visualization.

The where() function is extremely useful in many data wrangling situations. A link to the function’s 
documentation is included in the “Continue Your Learning” section in this chapter.

9.2.2   Bar Charts
With the data wrangling completed, everything is in place to visually analyze the AdventureWorks 
data. As you learned in the last chapter, most AdventureWorks product categories are profitable, 
except for the Bikes category.

Given there are quite a few categorical columns in the Adventure works data (e.g., ProductCategory, 
BusinessType, CountryRegionName, etc.), a reasonable place to start the analysis is by visualizing 
the categorical data using a bar chart.

Bar charts in plotnine visualize the counts (i.e., frequencies) of categorical values in columns. As 
you will see, plotnine bar charts can be powerful tools for visualizing the interactions of multiple 
categorical columns simultaneously.

Your first bar chart will visualize the ProductCategory column. Enter the following Python code 
into cell B12. While you can run the code, this isn’t necessary at this point:

# Import functions from plotnine
from plotnine import ggplot, aes, geom_bar

The code in cell B12 imports the various plotnine functions needed to create a bar chart. Using the 
metaphor of painting, here’s the purpose of each of these functions:

 ➤ The ggplot() function sets up a blank canvas and the palette of paints (i.e., a dataframe) for 
the painting.

 ➤ The aes() function is short for aesthetic and defines the mapping of how each paint  
(i.e., column) will be used in the painting.

 ➤ The geom_bar() function is a geometry and defines what the painting will be (i.e., a bar 
chart).

In case you are curious, the reason that the function is named ggplot() is because plotnine is a port 
of the ggplot2 library from the R programming language. The various functions of plotnine have the 
same names as in ggplot2.

Update the code in cell B12 to look like the following and run the Python formula:
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# Import functions from plotnine
from plotnine import ggplot, aes, geom_bar
          
# A simple bar chart
(ggplot(reseller_sales_large) +
    geom_bar(mapping = aes(x = 'ProductCategory'))
)

As demonstrated by the code in cell B12, the first step in creating a plotnine visual is to call the ggplot() 
function and pass it a dataframe. Next, the + operator is used to build the visual layer by layer. Using the 
painting metaphor, the code in cell B12 is layering a bar chart on top of the blank canvas.

Before the geom_bar() function paints the bar chart on the blank canvas, it needs to know how to 
paint the chart. Using the mapping parameter, you can specify how the bar chart should be painted by 
providing an aesthetic.

The aes() function creates the aesthetics for how the bar chart will be painted. In this case, aes() is 
coded to map the ProductCategory column to the x-axis of the bar chart.

Given that plotnine bar charts provide the frequencies of categorical values, this is all that is needed 
to craft a visual. Figure 9.3 shows the resulting visualization within the Python Editor output.

Given that reseller_sales_large contains individual sales order line items, what is displayed in 
Figure 9.3 are the counts of these line items by ProductCategory. For example, there are less than 
2500 line items for the Accessories category.

While this is useful information (e.g., knowing that a large number of line items belong to the unprofitable 
Bikes category), this visualization can be greatly enhanced by adding the IsProfitable column.

FIGURE 9-3:   The Bar Chart for Cell B12. 
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Enter and run the following Python formula in cell B13. Be sure to use copy-and-paste reuse from cell 
B12 rather than coding everything from scratch:

# Adding a second dimension to the bar chart
(ggplot(reseller_sales_large) +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'))
)

The only change in the visualization code between cell B12 and cell B13 is the addition of the fill 
parameter in the call to aes(). The code in cell B13 tells plotnine to color-code (i.e., fill) the bars 
of the chart based on the values of IsProfitable. Figure 9.4 shows the updated visual in the Python 
Editor output.

As shown in Figure 9.4, when you specify a categorical column for fill, the counts of the fill 
column are added to the visual and are segmented by the other columns in the bar chart. In this case, 
the True/False counts of IsProfitable are segmented by ProductCategory.

This is a powerful plotnine feature because you typically use fill with the outcome of interest you 
are analyzing. For the AdventureWorks analysis, the outcome of interest is profitability.

In data visualization, the term dimension is often used instead of column. Figure 9.4 demonstrates 
an important idea in visual data analysis. As you add more dimensions to your visualizations, you 
increase the chances of discovering new information.

In other words, more dimensions mean more power.

FIGURE 9-4:   The Updated Bar Chart for Cell B13. 
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By adding IsProfitable as a second dimension, we’ve increased the information we can glean from 
the visual. In the case of Figure 9.4:

 ➤ The Accessories category has only profitable sales order line items.

 ➤ The Bikes category has less than 50 percent profitable line items.

 ➤ The Clothing category has approximately 2/3 profitable line items.

 ➤ The Components category has almost all profitable line items.

Figure 9.4 also illustrates another important aspect of plotnine visuals – themes. The default plotnine 
theme is a light gray background with white lines for the visual’s axes values.

The plotnine library includes many themes that you can use to tailor the look of your visuals. Enter 
and run the following Python formula in cell B14 to change the theme to one of my favorites. Again, 
use copy-and-paste reuse rather than writing all the code from scratch:

# Import a theme function
from plotnine import theme_bw
          
# Using a theme to alter the visual
(ggplot(reseller_sales_large) +
    theme_bw() +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'))
)

The code in cell B14 demonstrates how you can iteratively build up a visual layer by layer by chaining 
plotnine functions using the + operator. You may be wondering why theme_bw() was placed where it 
was in the code. The painting metaphor makes this very intuitive.

A real-life painting is crafted by adding layer upon layer of paint. Each subsequent layer of paint 
can obscure the previous layers. You organize your plotnine code similarly. Think of the latter parts 
of the code as being layered on top of earlier parts. Figure 9.5 illustrates this output of this layering 
approach in the Python Editor.

Bar charts like the one shown in Figure 9.5 are very useful in data analysis because the visual depicts 
counts. Think of these counts as showing where the data is concentrated. For example, 100 percent of 
the Accessories line items are profitable. However, Figure 9.5 shows that this product category makes 
up a small percentage of all sales order line items.

The main downside of using counts in bar charts like Figure 9.5 is that you must estimate propor-
tions using your eyes. Luckily, plotnine has an easy solution.

9.2.3   Proportional Bar Charts
Using copy-and-paste reuse, it’s easy to transform a count-based bar chart into a bar chart  
showing proportions. From now on, I’m not going to explicitly instruct you to use copy-and-paste 
reuse. Always be on the lookout for these opportunities in your plotnine code.
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Enter and run the following Python formula in cell B15 to transform the bar chart of Figure 9.5 into 
a proportional bar chart:

# Make the bars proportional
(ggplot(reseller_sales_large) +
    theme_bw() +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'), 
             position = 'fill')
)

The code in cell B15 uses position = 'fill' to tell geom_bar() to render the bars as propor-
tions rather than counts. Also notice that the code in cell B15 does not import the various plotnine 
functions. Since these functions were imported by previously run Python formulas, they are available 
for subsequent formulas to use.

Figure 9.6 shows the proportional bar chart in the Python Editor output. When look at Figure 9.6, it’s 
worth noting the following:

 ➤ The height of all bars is 1.0 or 100 percent.

 ➤ The bars are filled with the values of IsProfitable based on the proportion for each 
ProductCategory.

As demonstrated by Figure 9.6, the AdventureWorks profitability analysis is enhanced by examining 
the proportions of profitable sales order line items by ProductCategory (e.g., less than 50 percent of 
Bikes line items are profitable).

FIGURE 9-5:   The Layered Bar Chart of Cell B14. 
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Figures 9.5 and 9.6 are a common strategy I use when analyzing data. I use count-based bar charts 
to understand the various concentrations of the data and proportional bar charts to characterize the 
outcome of interest based on data concentrations.

In the case of the AdventureWorks data, Bikes is clearly an area in the data where more analysis is 
warranted because it mostly unprofitable and represents a large concentration of sales order line 
items.

9.2.4   Faceted Bar Charts
One of the most powerful features of plotnine is the ability to drill down into data using facets. 
Facets provide an easy way to create a distinct visual for each intersection of unique column 
values.

This is a bit abstract but becomes quite clear when you see an example. Enter and run the following 
Python formula in cell B16. It will create a faceted proportional bar chart based on the unique values 
of CountryRegionName:

# Import the facet_grid function
from plotnine import facet_grid
          
# Created a faceted proportional bar chart
(ggplot(reseller_sales_large) +
    theme_bw() +

FIGURE 9-6:   The Proportional Bar Chart of Cell B15. 
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    facet_grid('~ CountryRegionName') +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'), 
             position = 'fill')
)

The code in cell B16 uses the facet_grid() function to add a layer of facets to the visual.  
facet_grid() requires a specification of how to create the facets, which is provided by the  
'~ CountryRegionName' string parameter.

In the facet_grid() specification, think of the tilde (~) character in natural language as “by.” The 
following natural language describes the faceting specification:

“Facet the visual using a grid by the unique values of the CountryRegionName column.”

Figure 9.7 shows the resulting faceted proportional bar chart.

Consider the visual in Figure 9.7 in terms of dimensionality. The use of faceting has increased the 
number of dimensions (i.e., columns) to three. Each bar in the visual contains information from the 
CountryRegionName, ProductCategory, and IsProfitable columns.

Faceted visualizations align conceptually to Excel PivotTables. As you add more rows and columns to 
a PivotTable, you “drill down” into the data. Similarly, as you add more facets, you drill down further 
into the data. Because human beings are very good at visual pattern recognition, this makes faceted 
visuals far more powerful than PivotTables for analyzing data.

FIGURE 9-7:   The Faceted Proportional Bar Chart of Cell B16. 
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However, Figure 9.7 has a problem that needs to be addressed. The ProductCategory labels have 
been rendered on top of each other, making them hard to read. Enter and run the following Python 
formula in cell B17 to rotate the labels:

# Import additional functions
from plotnine import theme, element_text
          
# Rotate the x-axis labels to be vertical
(ggplot(reseller_sales_large) +
    theme_bw() +
    facet_grid('~ CountryRegionName') +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'), 
             position = 'fill') +
    theme(axis_text_x = element_text(angle = -90))
)

The code in cell B17 imports and uses the theme() and element_text() functions to customize the 
look of the visual. As I mentioned previously, plotnine provides many customization options for your 
visuals. This is just one example.

The code uses the axis_text_x parameter with element_text() to customize how the x-axis labels 
are rendered in the visual. Specifically, setting angle = -90 to rotate the x-axis labels to be vertical. 
Figure 9.8 shows the updated visual.

FIGURE 9-8:   The Updated Visual of Cell B17. 
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The faceted bar chart shown in Figure 9.8 shows that the proportions of profitable sales order line items 
appear to be very similar (if not the same) between Canada and the United States. While it’s likely that 
the counts (i.e., concentrations) will be different across the countries, what this visualization shows is that 
the profitability problems across ProductCategories are common for both countries.

It’s possible that increasing the dimensionality of this visual can provide additional information. Enter 
and run the following Python formula in cell B18. It adds a second facet to the visualization:

# Add a second facet to the visual
(ggplot(reseller_sales_large) +
    theme_bw() +
    facet_grid('PromotionType ~ CountryRegionName') +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'), 
             position = 'fill') +
    theme(axis_text_x = element_text(angle = -90))
)

The faceting layer specification in cell B18 adds the PromotionType column. In the visual, each 
unique value of PromotionType will become a row, and there will be a proportional bar chart 
for every unique combination of CountryRegionName and PromotionType. Figure 9.9 shows the 
updated visualization.

Figure 9.9 demonstrates another similarity between faceted visuals and PivotTables – they get larger 
and more complicated as you add columns. Not surprisingly, plotnine provides the ability to customize 
the size of your visualizations.

FIGURE 9-9:   Adding a Second Facet to the Visual of Cell B18. 
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Enter and run the following Python formula in cell B19 to increase the size of the visual to be 10 
inches by 10 inches:

# Make the visual larger
(ggplot(reseller_sales_large) +
    theme_bw() +
    facet_grid('PromotionType ~ CountryRegionName') +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'), 
             position = 'fill') +
    theme(axis_text_x = element_text(angle = -90), figure_size = (10, 10))
)

The code in cell B19 uses the figure_size parameter of the theme() function to alter the size of the 
visual. Figure 9.10 shows the larger output in the Python Editor.

This latest iteration of the visual provides quite a bit of additional information for the 
AdventureWorks profitability analysis of the largest resellers in the United States and Canada:

 ➤ All instances of the Discontinued Product, Excess Inventory, and New Product promotions 
only apply to the Bikes category.

 ➤ All these promotions are unprofitable.

 ➤ The No Discount and Volume Discount promotions show relatively large proportions of 
unprofitable sales order lines items.

 ➤ Across all the promotions, only Accessories and Components are consistently profitable.

Figure 9.10 also illustrates another problem with faceted visualizations – as they grow larger, the 
Python Editor output can be constraining. As your faceted visualizations grow (and they should for 
the most powerful analyses), you may find viewing the visuals in the worksheet a better option.

Within the worksheet, you can right-click on the Python formula cell. From the context menu, choose 
Picture in Cell > Create Reference. Figure 9.11 shows the context menu.

Figure 9.12 shows the picture reference. You can move, resize, and save the picture reference to disk 
as an image file if you would like. I often save my plotnine visualizations to disk for use in my data 
storytelling presentations. When you’re done with the reference, simply delete it. Your Python code is 
not harmed in any way.

Consider how you might report on the AdventureWorks profitability analysis to the leaders of the 
company. Yes, you could send them an Excel workbook, but my experience has been that leaders 
typically want a presentation (e.g., a PowerPoint file) instead.

As part of preparing your plotnine visuals for presentation, it’s often a good idea to use labels to 
communicate what’s been found in the data. Enter and run the following Python formula in cell B20:

# Import the labels function
from plotnine import labs
          
# Add labels to the visual
(ggplot(reseller_sales_large) +
    theme_bw() +
    facet_grid('PromotionType ~ CountryRegionName') +
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    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'), 
             position = 'fill') +
    theme(axis_text_x = element_text(angle = -90), figure_size = (10, 12)) +
    labs(title = 'Bike Sales Are Overwhelmingly Unprofitable',
         y = 'Percentage of Profitable Sales Order Line Items', 
         x = 'Product Category', fill = 'Is Profitable?')
)

FIGURE 9-10:   The Larger Visualization of Cell B19. 
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FIGURE 9-11:   Adding a Picture Reference to the Worksheet. 

FIGURE 9-12:   The Picture Reference in the Worksheet. 
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The labs() function allows you to specify string values for the various labels of a visualization 
(e.g., changing the label for the fill to read 'Is Profitable?'). Figure 9.13 shows the picture 
reference within the workbook.

As shown in Figure 9.13, the title of the visualization is Bike Sales Are Overwhelming Unprofitable 
because it conveys what the audience should glean from the visualization. This is important because you 
can’t count on any person “seeing” the same thing you do in the data. Explicitly call out what you see.

The remaining labels should be used to give human-friendly descriptions of what is being visualized. 
For example, the y-axis in Figure 9.13 is labeled Percentage of Profitable Sales Order Line Items. 
Typically, the word percentage resonates better than proportion. Strive to use terminology that will 
resonate with your audience.

FIGURE 9-13:   The Labeled Visual of Cell B20. 
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What you’ve seen so far is importing plotnine functions as needed. However, I rarely do this in 
practice. Typically, I import a long list of functions for my first plotnine visual and then import the 
additional rare function as needed.

Enter and run the following Python formula in cell B21 to import my usual list of functions for bar 
charts and add a third facet to the visual:

# My usual list of imports for bar charts
from plotnine import ggplot, theme_bw, facet_grid, geom_bar, aes, theme, element_
text, labs
          
# Bar chart of counts
(ggplot(reseller_sales_large) +
    theme_bw() +
    facet_grid('PromotionType ~ CountryRegionName + BusinessType',
               labeller = 'label_both') +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable')) +
    theme(axis_text_x = element_text(angle = -90), figure_size = (12, 17)) +
    labs(title = 'Profitability by Country, Business Type, Promotion Type, and 
 Product Category',
         y = 'Count of Sales Order Line Items', 
         x = 'Product Category', fill = 'Is Profitable?')
)

The code in cell B21 adds the BusinessType column to the facet specification using the + operator. 
This will make the resulting visualization larger because it will contain a column for each unique 
combination of CountryRegionName and BusinessType.

Because of this additional complexity, the code also uses labeller = 'label_both' in the call to 
facet_grid(). This code adds both the column name and column value as facet labels. Figure 9.14 
illustrates the whole visualization, and Figure 9.15 shows a close-up of the facet labels.

The faceted bar chart of counts shown in Figure 9.14 shows that the highest concentration of data is 
in the row corresponding to No Discount promotions, and the concentration everywhere else in the 
visual is tiny by comparison.

However, this is just one view into the data. As I mentioned earlier, it’s always a good idea to also 
look at the proportions. Enter and run the following Python formula in cell B22:

# Bar chart of proportions
(ggplot(reseller_sales_large) +
    theme_bw() +
    facet_grid('PromotionType ~ CountryRegionName + BusinessType',
               labeller = 'label_both') +
    geom_bar(mapping = aes(x = 'ProductCategory', fill = 'IsProfitable'),
             position = 'fill') +
    theme(axis_text_x = element_text(angle = -90), figure_size = (12, 17)) +
    labs(title = 'Profitability by Country, Business Type, Promotion Type, and  
Product Category',
         y = 'Proportion of Sales Order Line Items', 
         x = 'Product Category', fill = 'Is Profitable?')
)
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FIGURE 9-14:   The Entire Visual for Cell B21. 
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Figure 9.16 shows the picture reference for the proportional bar chart, and it tells a bit of a different 
story about the data.

While the No Discount promotion is the highest concentration of data in terms of sales order line 
item counts, four other promotions (e.g., Volume Discount) appear to represent significant sources of 
unprofitable sales order line items.

While the visualizations of Figures 9.14 and 9.16 provide powerful information for the 
AdventureWorks profitability analysis, they cannot tell an important aspect of the story – the financial 
impacts.

9.2.5   Column Charts
As you’ve seen, the geom_bar() function works with counts of categorical values. However, it’s also 
common to use bar charts to visualize numeric values as well. The geom_col() function is offered by 
plotnine to create these visuals (i.e., column charts).

By default, geom_col() expects a single value to be present in the dataframe for each unique 
combination of categorical values. The dataframe created in cell B9 is a great example of what 
geom_col() expects. Figure 9.17 shows the dataframe card for cell B9.

FIGURE 9-15:   Close-up of Facet Labels for Cell B21. 
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FIGURE 9-16:   The Picture Reference for Cell B22. 
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The dataframe card of Figure 9.17 shows the columns to the far right. The TotalSalesAmount and 
TotalProfit columns represent calculated values for each unique combination of:

 ➤ CountryRegionName

 ➤ BusinessType

 ➤ PromotionType

 ➤ ProductCategory

Lastly, the Profitabilty column is a categorical indicator that can be used to fill a column chart. 
Enter and run the following Python formula in cell B23 to create a profitability column chart:

# Import the column chart function
from plotnine import geom_col
          
# Create a column chart of profitability
(ggplot(reseller_sales_large_agg) +
    theme_bw() +
    facet_grid('PromotionType ~ CountryRegionName + BusinessType',
               labeller = 'label_both') +
    geom_col(mapping = aes(x = 'ProductCategory', y = 'TotalProfit', 
                           fill = 'Profitability')) +
    theme(axis_text_x = element_text(angle = -90), figure_size = (12, 17)) +
    labs(title = Losses Overwhelmingly Come From Bike Sales to Warehouse
 Resellers',
         y = 'Total Sales Order Profitability in Dollars', 
         x = 'Product Category')
)

FIGURE 9-17:   The Dataframe Card for Cell B9. 
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The code in cell B23 once again illustrates the ability for copy-and-paste reuse. Notice how most of the 
code is the same as cells B21 and B22? In my experience, this is why plotnine is the most productive 
way to visually analyze data.

Figure 9.18 shows the picture reference for cell B23. The lengths of the bars are dollar amounts 
extending upwards from zero in the case of profit and downwards from zero in the case of losses.

FIGURE 9-18:   The Picture Reference for Cell B23. 
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Also notice in Figure 9.18 how the Profitability column is used to color-code the visual to make 
it easier to differentiate between Profit and Loss. Lastly, the visual’s title clearly communicates the 
findings and the visual shows:

 ➤ Most losses come from Warehouse resellers.

 ➤ Bikes is the only Product Category with financial losses.

 ➤ Bikes financial losses were tied to the following promotions:

 ➤ Discontinued Product

 ➤ Excess Inventory

 ➤ New Product

 ➤ Volume Discount

 ➤ The profit/loss patterns were consistent for both Canada and the United States.

In a real-world profitability analysis, you would drill into the data further. For example, moving 
beyond ProductCategory to analyze ProductSubcategory and ProductName. You would apply the 
same plotnine patterns you have learned to conduct these analyses.

The faceted visualizations you’ve learned so far are powerful and are commonly used. However, they 
do have one downside – they are static representations (e.g., the visuals in this section used all the 
historical data).

9.3   TIME SERIES VISUALIZATIONS

Just about every business process (maybe all of them) has a time aspect. It doesn’t matter if the 
business process is related to sales, customer service, IT, HR, or the supply chain. Analyzing processes 
over time is one of the most powerful ways to use data to craft insights.

When your data is organized by time (e.g., years and months), it is referred to as time series data. 
Because of its importance, plotnine provides rich support for visualizing time series data.

9.3.1   Time Series Data Wrangling
You can think of plotnine as being “datetime aware.” In practice, this means if you format your time 
series dataframes correctly, plotnine will automatically recognize the datetime aspects of the data and 
visualize it appropriately.

The first step in crafting a time series dataframe is selecting the grain of the data. The grain of the 
data is simply the combination of values you want to visualize over time.

For example, enter and run the following Python formula in cell B26 to create a time series dataframe 
at the grain of monthly profit:

# Create a monthly profit time series DataFrame
monthly_profit = (reseller_sales_large
   .assign(YearMonth = lambda df_: df_['OrderDate'].dt.to_period('M'))
   .groupby(['YearMonth'])
   .agg(MonthlySalesAmount = ('SalesAmount', 'sum'),
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        MonthlyProfit = ('Profit', 'sum'))
   .reset_index()
   .assign(YearMonth = lambda df_: df_['YearMonth'].dt.to_timestamp())
)

You are very familiar with most of the coding patterns used in cell B26. Because of this, I only call out 
what’s new in the code.

First, because the AdventureWorks data covers multiple years, the grain of the dataframe needs to be 
at the combination of month and year. The code creates a YearMonth column that plotnine will use to 
order any time series visualizations.

The YearMonth column is populated using the to_period() datetime method offered by the Series 
class. This method converts a datetime column to a specified time period. In the case of cell B26, the 
'M' parameter specifies a monthly time period.

The to_period() method returns objects (e.g., PeriodIndex) that are not directly compatible with 
plotnine time series visualizations. The last line of code in cell B26 converts the YearMonth column 
into datetime objects to correct this.

Cell B26 demonstrates a common pattern you will use with your plotnine time series visualizations. 
The “Continue Your Learning” section in this chapter has a link to the to_period()method’s online 
documentation.

Figure 9.19 shows the dataframe card for cell B26. Each row in the dataframe has a date corresponding 
to the first day of each year–month combination and financial totals corresponding to each year–month.

Time series dataframes do not have to be limited to just combinations of days, months, quarters, and 
years. Some of the most powerful time series analyses are born of visualizing various groups over 
time. Enter and run the following Python formula in cell B27 to create a monthly profit by country 
time series dataframe:

# Create a monthly profit by country time series dataframe
country_monthly_profit = (reseller_sales_large
   .assign(YearMonth = lambda df_: df_['OrderDate'].dt.to_period('M'))
   .groupby(['CountryRegionName', 'YearMonth'])
   .agg(MonthlySalesAmount = ('SalesAmount', 'sum'),
        MonthlyProfit = ('Profit', 'sum'))
   .reset_index()
   .assign(YearMonth = lambda df_: df_['YearMonth'].dt.to_timestamp())
)

Once again (I know, my apologies), notice the opportunity for cut-and-paste reuse with plotnine code. 
Figure 9.20 shows the dataframe card for cell B27.

Enter and run the following Python formula in cell B28 to create a third time series dataframe at the 
grain of monthly profit by promotion. Figure 9.21 shows the dataframe card.

# Create a monthly profit by promotion time series DataFrame
promo_monthly_profit = (reseller_sales_large
   .assign(YearMonth = lambda df_: df_['OrderDate'].dt.to_period('M'))
   .groupby(['PromotionType', 'YearMonth'])
   .agg(MonthlySalesAmount = ('SalesAmount', 'sum'),
        MonthlyProfit = ('Profit', 'sum'))
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   .reset_index()
   .assign(YearMonth = lambda df_: df_['YearMonth'].dt.to_timestamp())
)

FIGURE 9-19:   The Dataframe Card for Cell B26. 

FIGURE 9-20:   The Dataframe Card for Cell B27. 
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9.3.2   Line Charts
While bar charts can be used to visualize time series data, line charts should be your first stop for 
time series visualizations. The reason that you should prefer line charts is due to the way humans 
perceive visual patterns. Specifically, the connecting lines allow us to visualize movement and change 
over time.

The plotnine library has rich support for line charts, with many options available for customization. 
What you learn in this chapter are the basics that you use more than 80 percent of the time. The 
“Continue Your Learning” section in this chapter has links where you can learn more.

Enter and run the following Python formula in cell B31 to create a basic line chart of total monthly 
profitability:

# My usual list of imports for line charts
from plotnine import ggplot, aes, theme_bw, facet_grid, geom_line, geom_point,
theme, labs
          
# Create a profitability line chart of total profit by year and year
(ggplot(monthly_profit, aes(x = 'YearMonth', y = 'MonthlyProfit')) +
    theme_bw() +
    geom_line() +
    geom_point() +
    labs(title = 'The Bulk of Losses Occurred in 5 Monthly Periods',
         x = 'Year and Month', y = 'Total Monthly Profit')
)

FIGURE 9-21:   The Dataframe Card for Cell B28. 
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The code in cell B31 uses two new geometries (i.e., geom_line() and geom_point()) to construct 
the visualization.

As you likely guessed, geom_line() does most of the work in the visualization, automatically 
organizing the visual by the YearMonth column on the x-axis and rendering the line using the 
values of MonthlyProfit.

The geom_point() function adds points (i.e., dots) to the visualization, also using the combination 
of YearMonth and MonthlyProfit. Because geom_line() and geom_point() use the same mapping, 
the code in cell B31 does something you haven’t seen before.

The code in cell B31 defines an aesthetic in the call to ggplot(). Think of this as a painting-wide map-
ping that every geometry will use by default. This is why the calls to geom_line() and geom_point() 
don’t have any mappings defined. Figure 9.22 shows the resulting line chart.

In the context of the AdventureWorks profitability analysis, the line chart shown in Figure 9.22 demon-
strates that there are five monthly periods where the bulk of the losses happened over a three-year period.

Line charts like the one in Figure 9.22 often provide clues about where to continue an analysis. For 
example, analyzing the data to uncover the drivers of why the five months depicted in Figure 9.22 
were so unprofitable.

One powerful technique you could use would be a faceted bar chart for each of the five unprofitable 
months (e.g., the query() method would be quite handy for this).

FIGURE 9-22:   The Picture Reference for Cell B31. 
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You could also use additional line charts to drill into the data. Enter and run the following Python 
formula in cell B32 to create a monthly profitability line chart by country:

# Create a profitability line chart with a line for each country
(ggplot(country_monthly_profit, aes(x = 'YearMonth', y = 'MonthlyProfit')) +
    theme_bw() +
    geom_line(mapping = aes(group = 'CountryRegionName', color = 'CountryRegionName'),
              size = 1) +
    theme(figure_size = (8, 6)) +
    labs(title = 'Canada and the US Have Similar Loss Patterns',
         x = 'Year and Month', y = 'Total Monthly Profit', color = 'Country')
)

The code in cell B32 creates an aesthetic for geom_line() using the group and color parameters. 
These parameters are set to use the values of the CountryRegionName column. This has the effect of 
creating a line on the chart for each unique value of CountryRegionName where each line will also 
have an associated color based on the country name.

The code in cell B32 also uses the size parameter of geom_line() to increase the thickness of the 
lines drawn in the visualization. Figure 9.23 shows the resulting line chart.

The line chart shown in Figure 9.23 provides only a little bit of additional information for the 
AdventureWorks profitability analysis. The line chart demonstrates that the patterns in profitability 
over time were similar between Canada and the United States.

I should also mention that geom_point() has a size parameter you can use to control the size of the 
points added to a line chart. I encourage you to experiment with the code, using different values for 
size and seeing how the visuals change.

FIGURE 9-23:   The Picture Reference for Cell B32. 
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Previous bar charts showed that certain promotions were associated with a lack of profitability in 
AdventureWorks’ sales. Therefore, a line chart of monthly profitability by promotion might provide 
important information. Enter and run the following Python formula in cell B33:

# Create a profitability line chart with a line for each promotion
(ggplot(promo_monthly_profit, 
        aes(x = 'YearMonth', y = 'MonthlyProfit')) +
    theme_bw() +
    geom_line(mapping = aes(group = 'PromotionType', color = 'PromotionType')) +
    geom_point(aes(color = 'PromotionType')) +
    theme(figure_size = (10, 6)) +
    labs(title = 'Promotions Are Not Profitable',
         x = 'Year and Month', y = 'Total Monthly Profit', color = 'Promotion')
)

The code in cell B33 uses geom_point() with color-coding based on PromotionType to make the 
visualization easier to read. Figure 9.24 shows the visualization.

The line chart in 9.24 tells a powerful story about AdventureWorks’ profitability over time. Here’s a 
summary of what the line chart shows:

 ➤ In general, AdventureWorks’ promotions are not profitable. In the worst-case scenario, 
promotions have been extremely unprofitable.

 ➤ For the five most unprofitable months, the Discontinued Product and New Product promotions 
are responsible for most of the financial losses.

FIGURE 9-24:   The Picture Reference for Cell B33. 
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 ➤ The Excess Inventory and Seasonal Discount promotions were unprofitable, but overall, both 
were limited in terms of negative financial impact.

 ➤ The Volume Discount promotion appears to add little in the way of profit and may, in totality, 
be unprofitable over the time shown in the line chart.

What you’ve seen in this chapter is just a glimpse into how plotnine can be used to craft powerful data 
visualizations. In addition to bar, column, and line charts, plotnine supports many more visualizations, 
including:

 ➤ Histograms

 ➤ Box plots

 ➤ Scatter plots

 ➤ Violin plots

While many of these visuals can be created out-of-the-box using Microsoft Excel, Excel’s charting is 
much more limited in terms of customizations and, most importantly, creation of multidimensional 
visualizations.

I cannot emphasize that last point enough. If you have a large enough monitor, you can add many 
dimensions to your plotnine visualizations to increase their power. For example, I’ve used plotnine 
visuals using six columns simultaneously!

This is why plotnine is the go-to Python data visualization library I use in my analytics work. Trust 
me: Taking the time to build plotnine skills is well worth it.

9.4   THE WORKBOOK

If you have been following along using the PythonInExcelStepByStep.xlsx workbook, the Ch 9 

Python Code worksheet should now look like Figure 9.25.

Be sure to save the workbook.

9.5   CONTINUE YOUR LEARNING

As an open-source programming language, Python has extensive documentation available online. To 
continue your learning, check out the following links:

 ➤ The plotnine library guide:

https://plotnine.org/guide/introduction.html

 ➤ Bar charts with plotnine:

https://plotnine.org/reference/geom_bar.html
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 ➤ Column charts with plotnine:

https://plotnine.org/reference/geom_col.html

 ➤ Line charts with plotnine:

https://plotnine.org/reference/geom_line.html

 ➤ Histograms with plotnine:

https://plotnine.org/reference/geom_histogram.html

 ➤ Box plots with plotnine:

https://plotnine.org/reference/geom_boxplot.html

 ➤ Scatter plots with plotnine:

https://plotnine.org/reference/geom_jitter.html

FIGURE 9-25:   The Workbook. 
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 ➤ Violin plots with plotnine:

https://plotnine.org/reference/geom_violin.html

 ➤ The pandas to_period() datatime method:

https://pandas.pydata.org/docs/reference/api/pandas.Series.dt.to_

period.html

 ➤ The numpy where() method:

https://numpy.org/doc/stable/reference/generated/numpy.where.html



Your DIY Data Science 
Roadmap  

    Congratulations on building your Python in Excel foundation! With these skills you are now 
well-positioned to embrace what Microsoft sees as the future of Excel: do-it-yourself (DIY) data 
science. 

 This chapter provides you with a roadmap for building the DIY data science skills you need to 
use Python in Excel for high-impact analytics. 

 Additionally, you learn why DIY data science skills with Python in Excel are required for the 
artificial intelligence (AI)-powered future with Copilot in Excel.  

  10.1    YOU’VE GOT THIS 

 At the time of this writing, I’ve been doing hands-on analytics work for 14 years and have   
successfully taught data science to more than 1000 professionals from various roles/backgrounds. 
So, you can trust me when I tell you this. 

 You can learn battle-tested data science techniques that are useful to any professional in any 
role in any industry. It doesn’t matter if you work in healthcare, government, non-profit, or 
for-profit. These techniques are universal. 

 And do you want to know the best part? 

 You don’t have to go back to school and learn a bunch of mathematics or statistics to learn 
how to use these tools effectively. In fact, most of these techniques require nothing beyond 
middle school math if you dive into how they work under the hood (although this isn’t   
necessary to use them effectively). 

 Now, I must make something crystal clear in all fairness. If your goal is to switch careers and 
land a data scientist role, then you do have to learn all the math because that’s what the   
interviewers expect. 

        10 
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However, business stakeholders will not care whether you know the underlying mathematics of these  
techniques if you learn how to apply them correctly. In business analytics, what matters is producing 
results that are “good enough” to make a business decision.

If you’re ready to build skills for the future of Microsoft Excel, the next section provides you with a 
roadmap of what to learn. You’ve got this if you want it!

10.2   THE ROADMAP

The following roadmap is based on my years of experience as a hands-on analytics professional and 
educator. If the size of the roadmap seems intimidating, know that you can start delivering value fast 
by taking the following incremental approach.

In the beginning of your journey, focus on the first two stops of the roadmap. Learn the fundamentals 
and then build experience by using your new skills to analyze important business questions.

Once you’ve built some experience, then move on to the next two stops of the roadmap. These addi-
tional skills will open even more opportunities for you to analyze data and drive real business impact.

Lastly, take on the last two stops if it makes sense for your analysis needs. It’s okay if you don’t need 
the last two stops right away, or ever. In my own work, I’ve found that the first four stops of the 
roadmap handle a wide variety of real-world business analytics.

The “Continue Your Learning” section in this chapter has resources where you can learn more about 
DIY data science.

10.2.1   Stop #1: Decision Trees
A decision tree is a type of machine learning predictive model. At a high level, decision trees learn pat-
terns from historical data and then use these learned patterns to make future predictions.

While decision trees are one of the simplest machine learning (ML) techniques and have been used for  
40 years, they have become the foundation for state-of-the-art ML techniques that are commonly used 
today.

Here are some reasons why decision trees are the best place to start your DIY data science journey:

 ➤ You can learn how to use decision trees effectively using a graphical, intuitive approach.

 ➤ Decision trees, and ML techniques based on decision trees, are very effective when your  
historical data comes in the form of a table.

 ➤ The intuitive nature of decision trees makes learning about other aspects of crafting valuable 
ML predictive models (e.g., model tuning) much easier.

 ➤ Decision trees make no assumptions about the nature of your data, unlike Stops #5 and #6 
on the roadmap.

 ➤ If you decide to learn the math of decision trees, middle school mathematics is sufficient to 
understand how decision trees work.

 ➤ Decision trees can be easily understood by business stakeholders.
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Figure 10.1 shows a visualization of a decision tree predictive model. Even without ML training, it is 
very easy to understand decision trees and how they work.

Figure 10.1 depicts a decision tree predictive model where the outcome of interest is the income level 
for each row in the dataset. In this case, whether the income level is more than $50,000 annually  
(i.e., >50K) or less (i.e., <=50K).

As an example of interpreting the predictive model, the decision tree depicted in Figure 10.1 predicts 
that anyone who is younger than 30 years old does not make more than $50,000 annually (i.e., the 
prediction is <=50K for these individuals).

Python in Excel has rich support for crafting, evaluating, and visualizing decision tree predictive 
models via the scikit-learn library. This is the same library used by professional data scientists  
worldwide, and Microsoft is now providing easy access to millions of Excel users.

10.2.2   Stop #2: Random Forests
The next stop on your DIY data science roadmap is the random forest machine learning technique. 
Random forests are ML predictive models that are composed of many decision tree models working 
together to create predictions.

FIGURE 10-1:   A Decision Tree Predictive Model. 
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Random forests are built using the intuitive idea that many predictive models working together will 
tend to make fewer mistakes and produce higher quality predictions compared to using a single  
predictive model (e.g., a single decision tree).

The technical term for the approach random forests take is known as ensembling. In ML, ensembling 
is a technique for combining many different predictive models to produce predictions that are better 
than can be achieved using just a single predictive model. ML techniques that use ensembles of  
decision trees are state-of-the-art in business analytics because most historical data comes in the form 
of a table.

Given that they are ensembles of decision trees, learning random forests is trivial after the first stop 
on this roadmap. However, don’t make the mistake of thinking that the ease of learning random  
forests means they aren’t useful.

Random forest predictive models are used for production solutions in all manner of organizations  
worldwide. It’s important to realize that the word “production” can mean two different ML 
scenarios:

 ➤ Deploying an ML model in an automated way. For example, integrating an ML model into 
an e-commerce website.

 ➤ Using an ML model to analyze data for insights into how to improve processes.

While automated ML deployments are certainly valuable, too many organizations start using ML 
in this way before they are ready. What I love about Python in Excel is that it’s all about the second 
scenario – using ML to improve processes.

Using ML in this way is not new. The earliest predictive modeling techniques (e.g., linear regression) 
were invented before computers. These techniques were used to analyze processes to develop insights 
into the important factors for predicting an outcome of interest.

In modern organizations, random forests are used to analyze historical data to answer important 
business questions. Typically, these business questions are aligned with a key performance indicator 
(KPI) for the organization. Examples of these questions include:

 ➤ Human resources (HR): What are the factors that predict star employees quitting?

 ➤ Product management: What feature usage and other behaviors predict that a user will be 
sticky (e.g., continue paying a monthly subscription)?

 ➤ Non-profit: What characteristics of potential donors predict that they will, in fact, donate?

 ➤ Government: What characteristics and behaviors are highly predictive of fraudulent claims 
(e.g., unemployment insurance)?

This is a short list but hopefully illustrates the idea that building skills with random forests is useful 
for any professional – including you. As with random forests, every subsequent stop on this roadmap 
is universally applicable.

Figure 10.2 shows the analysis results of using a random forest predictive model. What you see in 
Figure 10.2 is a ranking of the most important columns (i.e., features) for correctly predicting an  
outcome of interest. In this case, the outcome of interest is income level (i.e., <=50K or >50K).
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In the case of Figure 10.2, Age is the single most important feature for making correct  
predictions, followed closely by the EducationNum feature, and so on.

Everything you need to craft and analyze random forest predictive models is provided by Python in 
Excel with the scikit-learn and plotnine libraries.

10.2.3   Stop #3: K-means Clustering
Stops #1 and #2 are a particular form of ML known as supervised learning. Supervised learning is all 
about building predictive models using historical data. To use supervised learning, every row of data 
must contain a particular piece of data – the outcome of interest the ML model learns to predict.

For example, consider a product manager (PM) wanting to understand which feature usages and 
behaviors predict that a user will be sticky (continue to pay a monthly subscription) by using  
supervised learning. The PM’s table of historical data must be structured like so:

 ➤ Each row is a user.

 ➤ Each column is a feature usage, characteristic, or other behavior.

 ➤ One additional column indicates whether each user was sticky.

In machine learning, that last bullet is commonly referred to as a label. To build ML predictive 
models, you must have labelled data. But there’s a huge problem with this – most of the world’s data 
is not labelled.

FIGURE 10-2:   Analyzing Data using a Random forest. 
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Let’s say this hypothetical PM wants to learn more about their users. This PM has data about feature 
usage, characteristics, and other behaviors, but no labels. In this scenario, the PM can use what is 
known in ML as unsupervised learning.

The most used form of unsupervised learning is clustering. Clustering is the process of mining  
groupings directly from the data based on similarities between the rows – no labels are required. 
Once these groupings (i.e., clusters) are mined from the data, they can be analyzed to understand 
what drives rows of data to one cluster and not another.

Our hypothetical PM can use a clustering technique known as k-means. K-means clustering is 
commonly used to perform what is known as segmentation. The goal of segmentation is to mine 
clusters from your data to derive insights. Here are some examples:

 ➤ Healthcare: For patients with a certain condition, you can segment the patients based on 
characteristics and lifestyle behaviors to uncover any significant differences between the 
clusters.

 ➤ Marketing: You can segment customers based on characteristics and behaviors to design more 
effective targeted marketing per cluster.

 ➤ Information technology (IT): You can mine network traffic, looking for small clusters that are 
radically different from the others (i.e., anomaly detection).

Getting back to the PM, they can use k-means to segment users and then analyze the resulting clusters 
to find the important factors that assigned a user to one cluster and not one of the others. The results 
of this analysis can be useful for:

 ➤ Prioritizing which existing features deserve additional development.

 ➤ Understanding which devices are most important to target.

 ➤ Crafting data-driven user personas.

The techniques you learned in Chapter 9 are a common way to analyze the results of applying 
k-means clustering. Figure 10.3 shows a faceted bar chart for analyzing a k-means clustering of 
patients in a healthcare dataset.

Python in Excel provides everything you need to conduct and analyze k-means clustering with 
libraries like scikit-learn, plotnine, and prince.

10.2.4   Stop #4: DBSCAN Clustering
Many ML techniques have been developed over the decades. Some of these techniques are specialized 
to address specific problems, while many are built to be general purpose tools. Not surprisingly,  
general purpose ML techniques have strengths and weaknesses.

Stop #3 is k-means clustering. K-means is a powerful general-purpose tool that has been battle-tested 
over decades. However, as useful as k-means is to any professional, there are times when it might not 
perform well for a given dataset.

This is where having skills with another clustering technique becomes very useful. So, the next stop on 
the roadmap is the density-based spatial clustering of applications with noise (DBSCAN) technique.

69971eb3-8735-11f0-adf5-1866da8e27ac.xhtml#chapter9
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Don’t let the fancy name scare you. DBSCAN is as powerful as it is simple to use. Without getting too 
technical, DBSCAN is a clustering technique that works in a completely different way than k-means.

FIGURE 10-3:   Visually Analyzing a K-means Clustering. 
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Because of this difference, DBSCAN can produce better results with certain datasets compared to 
k-means. The opposite is also true. Unfortunately, with real-life datasets containing many columns, 
it is impossible to know which will work better. This is why I commonly use both k-means and 
DBSCAN in my projects and compare the results. I sometimes combine the two when it makes sense.

Like k-means, you can learn to be effective with DBSCAN by building an intuition of how the  
technique works. If you decide to learn the underlying math, you need nothing beyond middle school 
level to do so.

Everything you need to perform and analyze DBSCAN clustering is provided with Python in Excel 
using the combination of the scikit-learn, prince, and plotnine libraries.

10.2.5   Stop #5: Logistic Regression
Logistic regression is a predictive modeling ML technique where the predictions are one of two  
possible values. The technical term for these kinds of predictions is binary. Examples include:

 ➤ True/False

 ➤ Yes/No

 ➤ Approve/Deny

 ➤ Legitimate/Fraudulent

While binary predictions might seem very limiting on the surface, in practice you will find that many 
of the most important business questions can be distilled down to a binary form.

It might have occurred to you that the business questions covered in the previous section on  
random forests are binary predictions. That means you can also use logistic regression to answer these 
business questions. The reason why the chosen ML techniques are the first two stops on the roadmap 
boils down to the following:

 ➤ They are easier to learn and apply successfully.

 ➤ They often produce superior predictions.

 ➤ They are often all you need.

Logistic regression is sometimes preferred over random forests when logistic regression models can 
provide interpretations that resonate with business stakeholders. Here are some example logistic 
regression model interpretations:

 ➤ The odds of a lead becoming a donor are 1.75 times higher if they have had a live one-on-one 
interaction with our organization.

 ➤ The odds of a customer making a purchase are 2.3 times higher when they’ve clicked on a 
digital ad.

 ➤ The odds of heart disease are 4 times higher for males.

Like decision trees and random forests, logistic regression is useful to professionals in any role in 
any industry. However, logistic regression is different because it is a statistical technique that makes 
assumptions about your data.
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Part of learning to use logistic regression successfully is understanding these assumptions and  
validating these assumptions. By way of comparison, decision trees and random forest make no 
assumptions about your data (i.e., they are easier to use effectively).

Another aspect of successfully using logistic regression is learning how to interpret the model output. 
Figure 10.4 shows an example of logistic regression model output.

To be clear, you don’t have to go back to university and take statistic courses to learn how to  
effectively apply logistic regression. However, based on my experience as a data science instructor, 
professionals typically find decision trees and random forests easier to learn at first.

In case you’re interested in logistic regression, Python in Excel supports logistic regression modeling 
and analysis with the scikit-learn, statsmodels, and plotnine libraries.

10.2.6   Stop #6: Linear Regression
Linear regression is a predictive modeling technique that has been around since the late 1800s. Linear 
regression models predict continuous numeric quantities like sales, height, weight, and so on.

The word “continuous” is important because it highlights an important consideration when using 
linear regression – it makes many assumptions about your data.

In the case of linear regression predictions, continuous means that the predictions should logically 
contain a fractional component. That is, linear regression models predict floating point (e.g., sales) 
and not integer (e.g., count of orders) values.

FIGURE 10-4:   Logistic Regression Model Output. 
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Conceptually, linear regression shares many of the same characteristics of logistic regression:

 ➤ Both make assumptions about your data.

 ➤ Both require you learn how to validate (and potentially fix) data that doesn’t meet these 
assumptions.

 ➤ Both require you to learn how to interpret model output.

However, linear regression makes even more assumptions about your data than logistic regression. 
Once again, you don’t need to be a statistics genius to learn how to use linear regression, but it does 
require more of an investment to learn than the other stops on this roadmap.

There are two primary reasons why you might want to invest in building linear regression skills:

 ➤ Linear regression models have high levels of interpretability for your business stakeholders.

 ➤ Linear regression models are good at predicting numeric values.

Regarding the first bullet, linear regression model output looks very similar to what is shown 
in Figure 10.4. Also, linear regression models allow for interpretations along the lines of the 
following:

“For every extra dollar we spend on digital advertising, the model predicts an increase of 1.4 dollars 
in sales on average.”

While you can use decision trees and random forests to build models that predict numeric quantities, they 
have one major limitation – they can never predict a value larger or smaller than what is in the dataset.

This idea is known as extrapolation. A linear regression model can extrapolate and produce  
predictions that are not in the dataset used to build the model (e.g., making a prediction larger than 
any value in the dataset).

For example, a linear regression model can estimate how many sales would result from an 
increase in digital advertising. Even if this increased amount is far larger than anything previ-
ously spent. Extrapolation is why linear regression models are the foundation for many fore-
casting techniques.

When you’re ready to learn linear regression, Python in Excel supports linear regression modeling and 
analysis with the scikit-learn, statsmodels, and plotnine libraries.

10.3   AI WITH COPILOT IN EXCEL

Copilot is Microsoft’s brand name for their AI technology. Copilot is being integrated into most of 
Microsoft’s products, including Excel. While the name might be the same, the experience of using 
Copilot is fundamentally different in Excel than other Microsoft products.

For example, consider Copilot in Word. Two common use cases for Copilot in Word are helping 
you to write better/faster and summarizing document contents. Now, consider Copilot in Excel. 
The primary use cases are all data-related and include helping you write Excel formulas, generate 
PivotTables, and analyze data.



10.3   AI With Copilot In Excel ❘ 245

While Copilot in Word is undoubtedly useful for millions of professionals in helping them be more 
productive, I would argue the use cases are not game-changing like Copilot in Excel are. Let me 
explain with an example.

At the time of this writing, Copilot in Excel has two modes of operation. The first I refer to as the 
default mode. Copilot in Excel’s default mode is geared for everyday Excel tasks like writing formulas 
and creating PivotTables. Copilot in Excel also offers the advanced analysis mode. This is where the 
future of Excel will be different and game-changing.

Copilot in Excel’s advanced analysis mode is the AI experience that is all the rage in the media and 
what leaders obsess about deploying in their organizations. My example of Copilot’s advanced  
analysis mode uses a customer purchase behavior dataset.

Figure 10.5 shows the Copilot in Excel pane at the time of this writing. When using Copilot, you have 
the option of using suggested instructions for Copilot (i.e., prompts) or writing your own prompts. As 
shown in Figure 10.5, I’ve selected the suggested Get deeper analysis results using Python prompt.

In response to clicking the suggested prompt, Copilot asks to start the advanced analysis mode. The 
first thing Copilot does in advanced analysis mode is create a new worksheet. This worksheet will 
contain all the Python in Excel code Copilot will generate to conduct any analyses.

That last sentence is critical to understanding the future of Excel. The future is AI-powered, and the 
Copilot AI relies on Python in Excel to work its magic. However, as you will see, that’s not all that is 
critical to the future of Excel.

Copilot will automatically generate a few Python formulas to load the dataset and perform some 
first-pass analyses on the data. Copilot’s advanced analysis mode is quite smart. As shown in  
Figure 10.6, Copilot was able to recognize the nature of the dataset and generate appropriate 
analyses.

FIGURE 10-5:   The Copilot in Excel Pane. 
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After the first-pass analyses, Copilot provides some suggested prompts. One of these prompts is based 
on Copilot’s understanding of the nature of the dataset. Figure 10.7 demonstrates.

At the time of this writing, there is a popular idea in the AI space known as vibing. Vibing is the 
idea that you can use AI to perform tasks that would normally take specialized skills. One example 
is vibe coding. For example, using the AI to generate all the code for a website based solely on 
prompting – even if the viber has no coding skills.

The Copilot in Excel version of this idea is what I call vibe analytics. It’s very tempting to think that 
Excel users without any specialized skills can use Copilot in Excel’s advanced analysis mode for high 
impact. However, as you will see, vibe analytics can be dangerous.

In response to clicking the suggested prompt, Copilot generates even more Python in Excel code to 
conduct the clustering using k-means. Figure 10.8 shows Copilot’s response, including all the steps 
the generated Python in Excel code will follow.

Figure 10.9 illustrates why vibe analytics with Copilot’s advanced analysis mode is dangerous. The 
comments suggest that Copilot has picked four clusters of customers arbitrarily. However, I would 
argue that it’s highly unlikely that an Excel vibe analyst would even bother to look at the code.

Let’s assume that our Excel vibe analyst doesn’t bother to look at the Copilot-generated code for the 
customer segmentation. Copilot is very confident in its work and provides reassurance, as shown in 
Figure 10.10.

On the surface, everything looks great. Our Excel vibe analyst might even ask Copilot for a 
human-friendly summary of the differences between clusters to use in a report for their business 
stakeholders. However, there’s a huge problem.

FIGURE 10-6:   Copilot Recognizing the Nature of the Dataset. 

FIGURE 10-7:   Copilot Suggesting a Segmentation Analysis. 
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FIGURE 10-8:   Copilot’s Steps for Clustering with K-means. 

FIGURE 10-9:   Copilot-generated Python in Excel Code. 

FIGURE 10-10:   Copilot is Confident. 
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You see, Copilot is like every other AI technology in popular use today – Copilot makes mistakes. The 
technical term for these mistakes is hallucinations. Hallucinations are a fundamental limitation of all 
AI technologies like Copilot. There’s nothing you can do to get rid of them.

In the case of analytics with Copilot in Excel, you must follow the mantra of trust but verify.  
Figures 10.11 and 10.12 demonstrate this mantra.

The back-and-forth with Copilot shown in Figures 10.11 and 10.12 show yet another danger of vibe 
analytics. If our Excel vibe analyst has no skills with k-means clustering, how would they be able to 
verify Copilot’s work?

To really cement the danger of vibe analytics, Figure 10.13 demonstrates what happens when I 
double-check Copilot’s work using my knowledge of k-means clustering.

Figure 10.13 shows Copilot’s response to my interpretation. It illustrates why the AI has the name 
Copilot. At the time of this writing, the best way to leverage the power of Copilot in Excel is to develop 
the skills necessary to partner with the AI (e.g., by re-running the analysis based on my input).

FIGURE 10-11:   Trust but Verify Copilot’s Work. 

FIGURE 10-12:   Always Double-check Copilot. 
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I would bet our Excel vibe analyst wouldn’t want to stake their reputation with business stakeholders 
on a segmentation analysis that is arguably incorrect. And to be crystal clear, the trust but verify 
mantra applies to anything that Copilot does – not just clustering with k-means.

This is why learning the techniques in the roadmap are so important to be successful with the future of 
Excel. Copilot commonly relies on decision trees, random forests, k-means clustering, and so on to work 
its magic.

Whether you write the Python in Excel code yourself or decide to partner with Copilot, the future 
of Excel is DIY data science skills. I wish you the best of luck on your journey. Until next time, stay 
healthy and happy data sleuthing!

10.4   CONTINUE YOUR LEARNING

Here are two of my favorite books for learning the techniques covered in this roadmap:

 ➤ Introduction to Statistical Learning is a great introduction to DIY data science. It is freely 
available online and is light on mathematics. Consider this book a high-level introduction:

https://www.statlearning.com/

 ➤ Introduction to Data Mining is a textbook that is my all-time favorite for learning DIY data 
science. This book contains no code but provides detailed explanations of all the techniques. 
There is some math, but you can tackle that as you need.

Tan, P.N., Steinback, M., Karpatne, A., and Kumar, V. (2021). Introduction to Data Mining 
(2nd ed.). Pearson India.

FIGURE 10-13:   Correcting Copilot when It’s Wrong. 

https://www.statlearning.com
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lambdas, 96–99

resource of, 99

returning objects, 90–92

variable scope, 92–96, 93

writing, 96

G

global scope, 94

government, 238

grammar of graphics, 202

graphical user interface (GUI), 5

gt() methods, 130–132, 131

H

hallucinations, 10, 248

head() method, 111–112, 112, 127, 127

healthcare, 240

helper object, 92

hierarchical columns, 195

hierarchical index, 192

human resources (HR), 238

I

if/else statements, 61–69, 62

adding else, 63, 63

basic if, 62, 62

comparison operators, 68–69

elif, 64–65

logical operators, 65–68

nesting, 63–64



254

immutable, 160

tuple, 50–51, 51

indexing, 55–56, 56, 106, 127, 127–128

dataframe, 116–118, 116–118
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