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Preface 

The integration of artificial intelligence (AI) agents and large language models 
(LLMs) is transforming the finance and trading sectors. These technologies enhance 
data analysis and decision-making by processing vast datasets with unparalleled 
speed and accuracy. AI agents identify patterns and predict market trends, while 
LLMs interpret unstructured data, providing deeper insights for trading strategies. 
This convergence improves trading efficiency and profitability, reshapes risk manage-
ment and compliance, and personalizes financial services. As AI and LLMs evolve, 
they democratize access to advanced trading tools, benefiting individual traders and 
smaller institutions while driving innovation across the financial ecosystem. 

This book delves into the foundational principles and recent advancements of 
LLMs and their integration into financial systems and managerial environments. It 
explores how these models enhance decision-making, improve predictive accuracy, 
and streamline operations. Each chapter focuses on a specific application of LLMs 
in finance, offering insights, methodologies, and case studies that illustrate their 
transformative potential. 

LLMs are revolutionizing the financial industry by enhancing decision-making, 
predictive accuracy, and operational efficiency. Their capabilities include processing 
vast amounts of data, understanding complex financial concepts, and providing 
actionable insights. However, their integration also presents challenges, such as data 
privacy concerns, the need for significant computational resources, and ensuring 
model interpretability. 

One notable application of LLMs is LLM-based time series analysis and regime 
detection, enhanced by Retrieval-Augmented Generation (RAG), contributing to 
adaptive trading strategies by enabling machines to better understand market 
contexts, conditions, and the implications of political and economic events. Fine-
tuned, open-source LLMs can also enhance quantitative trading strategies by inte-
grating numerical and textual data through techniques such as Low-Rank Adaptation 
(LoRA) and RAG. Another important application is in housing price appraisal, where 
models like ChatGPT demonstrate impressive reasoning capabilities and accuracy in 
real estate valuation. These advancements enable sophisticated and adaptive trading 
strategies, optimizing portfolio management.

vii
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LLMs also play a vital role in analyzing voluntary sustainability disclosures, 
assessing the impact of third-party assurance on corporate transparency, and exam-
ining the relationship between verbal masculinity in corporate communications and 
CEO compensation. Empirical evidence from India highlights factors influencing AI 
adoption in finance, while the intersection of federated learning and blockchain tech-
nology offers innovative solutions for collaborative AI model training. Finally, AI 
agents and deep learning algorithms are revolutionizing automated trading, driving 
the development of efficient market strategies. 

This book is tailored for researchers, financial professionals, and enthusiasts 
eager to understand the transformative impact of LLMs on the financial industry 
and managerial decision-making. Through detailed explanations, practical exam-
ples, and forward-looking insights, readers will gain the knowledge and tools to 
harness the power of LLMs in their financial pursuits. 

Ithaca, New York 
Kowloon, Hong Kong 

Paul Moon Sub Choi 
Seth H. Huang
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Large Language Models in Finance: 
An Overview 

Paul Moon Sub Choi , Seth H. Huang , and Qishu Wang 

Abstract The rapid advancement of large language models (LLMs) is revolution-
izing industries, with finance emerging as one of the most promising beneficiaries. 
Financial LLMs (FinLLMs), developed on their foundations, can leverage advanced 
natural language processing techniques to process and generate insights from vast 
volumes of unstructured financial data. Particularly in specialized areas like quan-
titative investing, FinLLMs are poised to redefine the landscape by emulating the 
decision-making process of top traders. They can more efficiently capture market 
expectations, evaluate the impacts of market events, and aid investors across a 
wide range of investment practices. However, systematic research in the field of 
FinLLMs remains in its early stages. This paper provides a comprehensive overview 
of FinLLMs, aiming to encourage broader exploration of their mature applications 
in finance. The main content is summarized as follows: Firstly, we present a chrono-
logical overview tracing the evolution from general-domain pre-trained language 
models (PLMs) to specialized FinLLMs, highlighting critical advancements such 
as FinBERT, BloombergGPT, and FinMA. Secondly, we compare major FinLLMs 
by examining their training methods, datasets, and corresponding fine-tuning strate-
gies. Thirdly, we summarize the characteristics and performance evaluations of seven 
benchmark financial NLP tasks. In addition, we explore the practical applications 
of FinLLMs in traditional finance and behavioral finance. Finally, we discuss the
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challenges and opportunities in the adoption of FinLLMs, including issues like data 
privacy and ethical considerations, while proposing directions for future research. 

Keywords Large language models · Artificial intelligence · Fintech · Banking ·
Investing 

1 Introduction 

The rapid advancement of Artificial Intelligence (AI), particularly in Natural 
Language Processing (NLP), has catalyzed the development of LLMs, which excel 
at understanding and generating human language. Built upon transformative archi-
tectures like the Transformer [1], LLMs have revolutionized applications across 
various domains, including finance. In the financial sector, the growing complexity 
of data sources, including regulatory filings, earnings reports, and market news, has 
necessitated the adoption of sophisticated NLP solutions. This trend has spurred the 
application of LLMs in diverse financial tasks, such as predictive analytics, ques-
tion answering, and risk modeling [2]. While general-purpose LLMs like GPT and 
BERT laid the groundwork [3, 4], domain-specific models, such as FinBERT [5] 
and BloombergGPT [6], have emerged to meet the unique demands of the financial 
sector, such as numerical reasoning and specialized financial vocabulary. 

Recent innovations in FinLLMs have introduced various strategies for domain-
specific specialization. These advancements include instruction fine-tuning with 
financial datasets such as FiQA-SA [7] and AnalystTone [8], as well as leveraging 
extensive corpora like Bloomberg’s FinPile [6]. These models address a wide array of 
financial applications, from regulatory compliance to ESG impact analysis and finan-
cial document summarization. Models like FinMA [9] and InvestLM [10] exemplify 
task-specific adaptability, setting new benchmarks for performance in specialized 
financial tasks. 

Given the immense potential of LLMs in finance, this overview explores the evolu-
tion from general-domain LMs to FinLLMs. It reviews foundational developments, 
highlights their transformative applications in finance, and evaluates the performance 
of key models across critical benchmarks. By synthesizing insights from state-of-the-
art financial LLMs, our work highlights emerging challenges, including data privacy 
[11] and ethical considerations, while exploring opportunities for future research and 
applications. The key contributions of this overview are outlined as follows:

. We examine the progression from general-purpose language models to special-
ized FinLLMs, focusing on methods and datasets that enhance domain-specific 
capabilities.

. We provide a comparative analysis of techniques and performance across promi-
nent FinLLMs, highlighting innovations in instruction fine-tuning and data 
integration.
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. The key financial tasks enabled by FinLLMs, such as risk assessment, senti-
ment analysis, and compliance optimization, are comprehensively summarized 
and evaluated in this work.

. We discuss opportunities and challenges in the field, particularly in relation to 
data privacy, model interpretability, and ethical considerations, offering insights 
into future research directions. 

2 Evolution Survey of LLM for Finance Sector 

2.1 Foundational Developments in Language Models 

Recent advances in artificial intelligence, particularly in natural language processing, 
have led to the development of powerful LLMs like ChatGPT. These foundational 
models, constructed on increasingly sophisticated architectures, have significantly 
advanced NLP, enabling broader and more efficient language applications. The 
finance industry can benefit from the deployment of LLMs, as effective language 
understanding and generation can inform trading, risk modeling, customer service, 
and more. 

However, this transformation was gradual rather than instantaneous. Initially, 
earlier iterations of recurrent neural networks (RNNs) and long short-term memory 
(LSTM) units were effective for various tasks but were limited, especially in handling 
long sequences of text due to issues such as vanishing gradients and computational 
inefficiency [12]. In response to these challenges, the introduction of the transformer 
architecture by Vaswani et al. [1] marked a significant breakthrough, facilitating the 
development and scaling of more advanced LLMs. The transformer’s self-attention 
mechanism enables the simultaneous processing of entire sentences, enhancing scal-
ability and operational efficiency. This innovation laid the groundwork for models 
like BERT [3] and GPT [4] to extend the range of NLP tasks they could handle, from 
translation to text generation and question answering. 

Building on this foundation, BERT and GPT introduced novel methods for 
managing language tasks. BERT excelled in understanding text through its bidi-
rectional training, proving highly effective for tasks requiring deep contextual 
understanding, such as sentiment analysis and named entity recognition [13, 14]. 
Conversely, GPT was designed for generating text, excelling in tasks such as text 
generation and dialog systems [15]. As these models evolved, their capabilities 
expanded, with GPT-3 (175 billion parameters) demonstrating few-shot learning, 
which enables it to perform new tasks with minimal examples [16]. Beyond scaling, 
new techniques like retrieval-augmented generation (RAG) further enhanced LLMs 
by integrating external knowledge sources, thereby improving performance on 
knowledge-intensive tasks [17].
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2.2 From General-Domain LMs to Financial-Domain LMs 

While general models like BERT and GPT were powerful, they could not fully 
meet the specific requirements of the financial sector, such as interpreting complex 
financial texts and performing numerical reasoning. This gap prompted the develop-
ment of financial PLMs, which subsequently evolved into larger and more advanced 
FinLLMs [2, 5]. As depicted in Fig. 1, this flowchart mirrors the continual evolution 
of these models in response to changes in corpus size and the application of advanced 
techniques. 

2.2.1 Financial PLMs: Early Adaptation with Financial-Specific 
Corpora 

The earliest financial-domain models, known as financial PLMs, marked the initial 
adaptation of general-domain language models for financial tasks. Models like 
FinBERT-19 [18] were among the pioneers in fine-tuning the BERT architecture 
for finance-specific tasks such as sentiment analysis and named entity recognition 
(NER). Built on relatively small datasets like the Financial Phrase Bank and FiQA-
SA, these models had limited capacity for handling complex financial reasoning. 
Their successors, FinBERT-20 and FinBERT-21 [5, 8], integrated progressively 
larger datasets, such as AnalystTone and FinSBD19, enabling them to undertake 
more comprehensive pre-training tasks. This enhancement greatly improved their 
effectiveness in financial sentiment analysis and document summarization, while 
also laying the groundwork for more advanced financial document analysis and 
decision-making support.

Fig. 1 From general-domain LMs to financial-domain LMs 
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2.2.2 Mixed-Domain PLMs for Broader Financial Applications 

As financial tasks grew more complex, financial PLMs were required to incorporate 
knowledge from both general and financial domains. FLANG [19] is the first model 
to integrate general-domain and financial-domain data during its pre-training phase. 
Unlike FinBERT models, which are limited to financial corpora, FLANG utilizes a 
combination of general English language datasets and finance-specific datasets. This 
hybrid approach enables it to excel in both financial tasks and general NLP tasks. 

Specifically, FLANG adopts the training methodology of ELECTRA [13], 
including a span boundary task. This task involves predicting masked tokens using 
a language model initially and then employing a discriminator to determine whether 
the tokens are original or substituted. The generator and discriminator are trained end 
to end, with masking using both words and financial terminology. The discriminator 
is then fine-tuned on specific tasks within the contributed benchmark suite, Financial 
Language Understanding Evaluation (FLUE) [19]. Shah et al. [19] conducted exper-
iments that demonstrated FLANG’s superior performance over FinBERT across all 
benchmarks, while maintaining the same number of parameters. This superiority 
was especially notable in tasks such as sentiment analysis, text classification, and 
question answering. 

2.2.3 Transitioning to Large Financial LLMs 

The further breakthrough in financial NLP came with the transition from financial 
PLMs to large-scale financial LLMs, exemplified by models like BloombergGPT [6]. 
Unlike the earlier FinBERT and FLANG models, which relied on relatively small 
corpora and task-specific datasets, BloombergGPT is trained on a vast general corpus 
(345 billion tokens) and a large financial corpus (363 billion tokens), including data 
from the web, news, filings, press releases, and Bloomberg’s proprietary data. This 
extensive training enabled it to tackle more sophisticated financial tasks, such as 
deeper sentiment analysis, question answering, and even the generation of financial 
documents. 

To further verify performance, Wu et al. [6] used GPT-NeoX, OPT, and BLOOM as 
control groups. Among all models evaluated, BloombergGPT demonstrated superior 
performance in four of the five tasks, specifically in ConvFinQA, FiQA-SA, FPB, 
and Headline tasks, and ranked second in named entity recognition (NER). 

2.2.4 Instruction Fine-Tuning for Task-Specific Adaptability 

The continuous refinement of LLMs for specialized financial tasks has been made 
possible through the introduction of instruction fine-tuning. This process involves 
additional training with explicit textual instructions aimed at enhancing the capabili-
ties and controllability of LLMs. Models such as FinMA [9] and InvestLM [10]  have  
been at the forefront of transforming existing financial datasets into instructional
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datasets, which are then utilized to fine-tune LLMs. By leveraging task-specific 
instruction datasets, these models are better equipped to adapt to evolving financial 
scenarios. 

FinMA optimizes the LLaMA model by fine-tuning with 136,000 instructional 
data samples. It includes an evaluation framework with five tasks and nine datasets, 
allowing it to accurately follow instructions for various financial tasks. In comparative 
tests on financial NLP tasks, FinMA consistently outperforms other LLMs, such as 
BLOOM, ChatGPT, and BloombergGPT, particularly in the FPB, FiQA-SA, and 
Headline datasets. This underscores the effectiveness of domain-specific instruction 
tuning in boosting LLM performance within specific sectors [9]. 

InvestLM is based on the LLaMA-65B model, leveraging a specialized financial-
domain instruction dataset [20]. It employs the low-rank adaptation (LoRa) method 
[21] to enhance parameter tuning to enable more efficient training. Additionally, it 
uses linear rope scaling at a scale of 4, allowing a context length of 8,192 tokens. 
This expansion helps InvestLM better manage extensive financial texts, such as 
SEC filings, corporate disclosures, and analyst reports, optimizing it for regulatory 
compliance and financial document summarization. 

2.3 Horizontal Comparison of Financial-Domain LLMs 

Building on the evolutionary analysis in Sect. 2, this section offers a horizontal 
comparison, examining how updates in datasets and methods across FinLLMs have 
expanded their practical applications (Table 1). FinBERT-19, which primarily relied 
on the Financial PhraseBank (FPB) and FiQA-SA datasets, was initially designed for 
sentiment analysis [18]. This gave it a narrow scope, as it mainly focused on inter-
preting the sentiment of financial texts. However, with the introduction of FinBERT-
20, the model expanded its capabilities by incorporating the AnalystTone dataset [8]. 
This dataset allowed for more detailed sentiment analysis, particularly by extracting 
sentiment embedded within analyst reports, which enhanced the model’s utility in 
tracking real-time market sentiment. FinBERT-21 further advanced these capabili-
ties by integrating FiQA-QA and FinSBD19 datasets, enabling it to excel in ques-
tion answering tasks and business document summarization. These improvements, 
supported by a larger corpus of 12 billion financial tokens, allowed FinBERT-21 to 
effectively handle more complex financial data [2, 5].

FLANG leverages datasets such as FiQA-QA and Headline to specialize in real-
time financial event extraction, text classification, and named entity recognition. 
These datasets have expanded FLANG’s capabilities beyond mere static sentiment 
analysis, enabling it to adeptly process dynamic and time-sensitive financial informa-
tion, such as breaking news or market developments [19]. BloombergGPT is based 
on the comprehensive dataset “FinPile,” which encompasses a variety of English 
financial documents, including news, filings, press releases, web-scraped financial 
content, and social media posts drawn from Bloomberg’s archives. This significantly 
enhances its responsiveness to the foundational tasks [6].
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FinMA extends further to include datasets such as StockNet, CIKM18, and 
BigData22. This expansion enables it to perform more complex stock movement 
prediction tasks. Unlike financial NLP tasks, financial prediction tasks align more 
closely with real-world scenarios and present greater challenges. 

InvestLM leverages an instructional dataset covering a broad spectrum of finan-
cially related topics, from Chartered Financial Analyst (CFA) exam questions to 
SEC filings and stack exchange discussions on quantitative finance. Consequently, 
InvestLM demonstrates enhanced capabilities in understanding financial texts and 
offers more insightful responses to investment-related queries than previous models 
[10]. And the notable advancement for FinGPT lies in its use of the FinRED dataset 
[22], a dataset specifically designed for relation extraction in the financial domain. 
This allows FinGPT to further broaden the specific scope of tasks based on previous 
models, providing a foundation for extracting and understanding financial relations 
within textual data. 

2.4 Traditional Versus AI-Driven Finance 

In summary, the transition from traditional financial models to AI-driven LLMs 
marks a significant transformation in financial data processing and analysis. Tradi-
tional models, while effective for structured and historical data, struggle with the 
vast amounts of unstructured data generated today. These models are limited by 
static data sources and rigid rules, which hinder their ability to process real-time 
information and nuanced textual data. In contrast, AI-driven models excel at inte-
grating real-time market data, news feeds, social media sentiment, and regulatory 
documentation, providing critical insights for modern financial decision-making. 
AI models are particularly effective at processing large-scale, real-time data across 
multiple modalities, including text, numbers, and even multimedia. This gives them 
an advantage over traditional models, which struggle with unstructured data. Tradi-
tional models, often grounded in statistical methods, cannot match the speed and 
adaptability of AI models when responding to rapidly shifting market conditions. 

Additionally, unlike rule-based models that require manual updates, models like 
InvestLM and FinMA can quickly adapt to new financial environments through 
fine-tuning and prompt engineering. This adaptability is particularly valuable for 
regulatory compliance, where AI models can analyze complex legal texts faster than 
traditional systems, ensuring institutions stay up to date with evolving regulations 
[9, 10]. A notable example is its application in areas like anti-money laundering 
(AML) practices [23]. In these contexts, the ability of LLMs to rapidly process 
and interpret complex regulatory documents enables financial institutions to identify 
suspicious activities and ensure compliance with evolving legal standards. However, 
this widespread use of LLMs in compliance also brings concerns regarding data 
privacy and security. For the sake of information security, many institutions prefer 
to process sensitive internal documents using in-house LLMs rather than public
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models. For example, the use of public LLMs—whether free or subscription based— 
is often restricted to non-sensitive tasks like translation or grammatical verification 
of publicly available information. Even with non-confidential, internal information, 
there is a risk that using public models could allow the inference of sensitive financial 
insights. As such, companies prioritize internal LLMs for handling data that, while 
not strictly confidential, could indirectly reveal key financial details. These consid-
erations highlight that while AI-driven finance offers significant advantages, it also 
brings various risks that must be carefully managed. 

Lastly, AI-driven models also excel in predictive analysis, such as forecasting 
stock market trends and merger outcomes, integrating qualitative data like sentiment 
and policy interpretations for more comprehensive insights than traditional models 
can offer. 

3 Cognitive Processes of LLMs: How Are They 
Transforming Financial Services? 

3.1 Financial Data Extraction 

Financial data extraction is the critical foundational stage in integrating LLMs into 
financial services. The abundance of financial texts provides valuable resources for 
analysts and investors, but how to efficiently extract useful information inside is 
even more important. As it is estimated that 80–90% of financial data is unstructured 
[24], manual extraction and filtering could be infeasible and unsustainable. NLP 
technology offers the pathway to automate this process. 

Named Entity Recognition (NER) serves as a foundational task in this context, 
extracting critical structured information such as company names, transaction dates, 
stock prices, currencies, and events from unstructured financial text. This struc-
tured data enables downstream financial NLP tasks to operate more effectively. 
For instance, in question answering, NER can extract target entities from a query, 
allowing the model to pinpoint accurate answers. As in response to the question 
“What was Tesla’s revenue last year?” NER identifies “Tesla” and “last year” as key 
entities, driving the system to efficiently locate the relevant information. 

It is worth noting that the original NER task is the extraction of information such 
as locations, organizations, and persons for general domain. But its application in 
finance requires specialized knowledge. This expertise is essential for extracting rele-
vant data from complex documents like regulatory filings, news articles, and financial 
reports. For instance, publicly traded companies must file reports in extensible Busi-
ness Reporting Language (XBRL) format. Manually annotating these documents is 
both labor intensive and expensive. In response, Loukas et al. [25] have adapted 
XBRL tagging for financial entity extraction and developed the FiNER-139 dataset, 
containing over 1.1 million sentences labeled with gold-standard XBRL tags. This
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dataset has an extensive array of 139 different entity types, which has significantly 
enhanced the performance of BERT-based models in this domain. 

Additionally, the integration of NER with relation extraction in the KPI-BERT [26] 
model facilitates the analysis of key performance indicators (KPIs) within financial 
reports. This integrated approach helps in identifying and contextualizing critical 
metrics within dense datasets. Their final experimental results also show significantly 
improved predictive performance on a practical dataset of German financial reports, 
surpassing multiple robust baselines, including a competing state-of-the-art span-
based entity tagging approach. 

However, once key information is recognized, managing this information remains 
challenging. Financial participants often seek to locate relevant portions of vast 
datasets through clear categorization. Financial Text Classification (FTC) is an 
NLP task designed to achieve this goal, enabling models to classify financial docu-
ments into predefined categories. Common applications include sentiment analysis 
of financial news and the classification of reports based on their relevance to specific 
market sectors. For instance, the FOMC dataset [27] categorizes FOMC documents 
as Dovish, Hawkish, or Neutral, reflecting the sentiment conveyed in the materials. 

Moreover, multiple dimensions of information, such as price direction, interest 
rate trends, and even customer service queries in banking, are often classified. FLUE 
dataset includes the Gold News Headline collection [28], featuring 11,412 news head-
lines categorized into binary classes across nine different labels such as “price up” 
and “price down,” aimed at text classification tasks. Meanwhile, the FedNLP dataset 
[29] is derived from diverse FOMC documents. It is annotated with labels like Up, 
Maintain, or Down, reflecting decisions on the Federal Reserve’s Federal Funds 
Rate for upcoming periods. The Banking77 dataset [30] contains 13,083 entries 
pertaining to 77 distinct banking-related customer service intents, including situa-
tions like “card loss” or “linking to an existing card,” and is specifically designed for 
intent recognition and developing conversational systems. 

Additionally, the FTC task underscores the considerable potential for progress in 
handling incomplete datasets. Zhao et al. [31] conducted a study focusing on how text 
classification models manage incomplete data in financial news classification. They 
developed a character-level vocabulary from the financial dataset and mapped text 
segments to high-dimensional spatial vectors. These vectors undergo processing with 
spatial convolution to pinpoint local features and are integrated with gated recurrent 
units that capture temporal dynamics. The classification is then executed using a 
SoftMax function that leverages these spatial and temporal features, managing to 
maintain a certain level of accuracy despite the challenges posed by fragmented 
real-time data. 

After achieving functions like targeting broad objectives and general classifica-
tions, research has increasingly focused on directly extracting financial summaries to 
further expedite information processing. Financial Text Summarization task thus 
emerged, creating summaries to help decision-makers quickly access key insights. 
InvestLM includes summarization tasks for the first time, conducting experiments 
on the ECTSum dataset [32]. ECTSUM is a dataset with transcripts of earnings
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calls (ECTs), hosted by publicly traded companies, as documents, and short expert-
written telegram-style bullet-point summaries derived from corresponding Reuters 
articles. Their work demonstrated how models trained on this dataset could produce 
bullet-point summaries that effectively capture key aspects of discussions on financial 
performance and strategic plans, thus facilitating more informed decision-making by 
analysts. 

Further, by combining ECTSUM with other text summarization datasets in the 
financial domain for the instruction-tuning step, Lee et al. [33] developed a method 
to convert the basic model, Llama3 8B, into a FinLLM, a specialized tool for summa-
rizing financial texts. This transformation allows the model to become an “expert” 
in distilling key information from complex financial documents. They explored how 
LLMs could be fine-tuned to generate coherent summaries from regulatory filings 
and market analysis reports. Utilizing datasets like ECTSUM, summaries of earn-
ings calls, and financial news, these models are trained to pinpoint essential details in 
intricate documents. This capability is especially valuable in scenarios where stake-
holders need to review substantial information within a limited timeframe, such as 
during quarterly earnings announcements or in response to regulatory changes. 

Beyond the general summarization and extraction of key information, identi-
fying and classifying relationships between entities mentioned in text is also crucial 
in the financial domain. Financial Relation Extraction (FRE) has emerged as a 
widely used NLP task addressing this need. Financial news is often filled with noise, 
and not every sentence is useful for decision-making. FRE directly extracts critical 
relationships, such as identifying which entities (companies, individuals, events) 
are connected and how they interact, something that general information extraction 
often cannot clarify. For example, in the news headline “Microsoft plans to acquire 
Activision Blizzard for $69 billion to strengthen its position in the gaming market,” 
FRE task can extract the structured relationship as: [Microsoft]—[acquires for $69 
billion]—[Activision Blizzard]. This structured data captures the transaction amount, 
target company, and strategic purpose, enabling analysts to rapidly evaluate and make 
informed decisions. 

Beyond mergers, acquisitions, partnerships, and organizational structures, FRE 
is also crucial for regulatory compliance. For example, most previous AML systems 
relied on manually crafted rules and structured databases, which were ineffective at 
identifying complex and hidden money laundering activities, especially those with 
dynamic or time-varying characteristics, resulting in high false-positive rates. By 
using FRE and NER together, systems can more effectively build the relationship 
network of a target entity [34], analyzing complex hidden connections with suspi-
cious entities, such as circular fund transfers or the use of shell companies—common 
indicators of money laundering activities. 

To achieve optimal training outcomes, large-scale FRE datasets are also essential. 
Kaur et al. [35] utilized the REFinD dataset, currently the most extensive collection 
of relationships within financial documents, containing around 29,000 cases across 
22 types of relationships among 8 categories of entity pairs. This detailed, struc-
tured dataset is crucial for capturing typical relationship types found in corporate 
filings and financial statements. It significantly improves FinLLMs’ capabilities to
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discern complex interrelations, for example, linking specific financial indicators to 
overall financial health, thereby enhancing the precision of automated relationship 
extraction methods. Another significant dataset, FinRED [22], which is compiled 
from financial news and earnings call transcripts, encompasses a broader spectrum 
of financial relationships, including ownership ties, investment links, and contractual 
commitments. This dataset can theoretically provide a comprehensive benchmark for 
training models to detect nuanced relationships in financial documents. 

3.2 LLM-Based Financial Decision-Making 

Following data extraction, one of the most transformative advantages of FinLLMs 
over traditional deep learning methods lies in their reasoning capabilities. Unlike 
earlier models that primarily focus on data fitting, FinLLMs emulate human-like 
reasoning, enabling more effective interpretation of financial information. This is 
particularly evident in tasks such as sentiment analysis and market expectations, 
where the complexity and volume of related data often surpass human analytical 
capacity. 

Market Sentiment Analysis is a vital NLP task here for decision-making, espe-
cially in stock investment. Despite the apparent efficiency of markets, stock prices 
often fluctuate independently of the discounted value of assets, or the technologies 
held by companies. Market sentiment, heavily influenced by social media, news, and 
trends, has emerged as a key driver of these fluctuations. However, discerning the 
hidden patterns inside is highly challenging for most individual investors. Effectively 
identifying sentiments in related financial texts is therefore essential for making quick 
and informed decisions. 

For example, Bloomberg reported that portfolios based on trading sentiment 
significantly outperformed benchmark indices [36]. Previous studies in financial 
economics also indicate that news articles and social media sentiment can help predict 
market returns and company performance [37, 38]. The unique nature of sentiment, 
however, makes accurate analysis or application highly domain dependent. Araci 
[18] was the first to effectively implement this idea with FinBERT, which is specif-
ically fine-tuned for financial text analysis. FinBERT was trained on a large corpus 
of financial documents, including earnings calls and market reports, allowing it to 
detect nuanced sentiments—positive, negative, or neutral—with high accuracy. 

Based on FinBERT-19, FinBERT-20 and FinBERT-21 utilized datasets such as 
AnalystTone, FiQA-SA, and FinSBD19 to further refine sentiment analysis [5, 
8, 18]. The AnalystTone dataset consists of labeled sentiment data from analyst 
reports, offering insights into the sentiment expressed by financial analysts regarding 
company performance and market conditions. The FiQA-SA dataset [7] focuses on 
extracting opinions and sentiment from financial question–answer pairs, providing a 
valuable resource for training models to understand investor and market participant 
reactions to various financial events and news. Additionally, the FinSBD19 dataset,
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which contains labeled financial news and social media data, enables the model to 
quickly adapt to new trends and news that could influence market sentiment. 

Building on a similar foundation as market sentiment analysis, the core goal 
of Question Answering (QA) task in the financial domain is to provide users of 
the extracted financial information with a faster pathway. For instance, addressing 
questions like “How did the company perform last year?” from financial statements 
requires capturing specific profitability or capital indicators as references. However, 
when users are uncertain about specific indicators, an intuitive Q&A output format 
aligns more closely with their general needs. 

Maia et al. [7] first demonstrated this potential through the Financial Opinion 
Mining and Question Answering (FiQA) challenge, where QA models successfully 
extracted both factual data and nuanced opinions from financial texts, providing a 
practical foundation for analysts to gain insights into market dynamics and company-
specific sentiment. Compared to QA tasks in general domains, the financial sector 
requires more complex numerical reasoning and the ability to interpret diverse 
data formats. To bridge this gap, Chen et al. [39] developed FinQA, a large-scale 
dataset of question–answer pairs from financial reports authored by financial experts. 
These answer pairs are primarily designed to address complex questions within 
financial data, theoretically offering more effective means to automate the anal-
ysis of large financial document corpora. ConvFinQA further advances this area 
by enabling conversational interactions, allowing a model to engage in multi-turn 
dialogs with users to extract information across rounds of questioning, thus enhancing 
contextual understanding of financial documents [40]. These datasets are critical for 
training models, as they provide structured resources that enable FinLLMs to adeptly 
extract and interpret detailed financial data, significantly reducing the time and effort 
required for manual analysis. 

Finally, as an NLP task oriented toward future trends, Stock Market Prediction 
focuses on directly forecasting stock prices or trends. Compared to basic tasks like 
information extraction or sentiment analysis, stock market prediction further inte-
grates the extracted information, leveraging time-series modeling and causal rela-
tionship analysis to deliver clear quantitative or qualitative predictions for financial 
decision-making recommendations. 

For example, Wu et al. [41] proposed a novel Cross-modal attention-based Hybrid 
Recurrent Neural Network (CH-RNN), inspired by the developed DA-RNN model 
[42]. CH-RNN consists of two essential modules: one uses DA-RNN to capture stock 
trend representations across different stocks, and the other employs recurrent neural 
networks to model daily aggregated social texts. This integration allows the model 
to incorporate both textual sentiment and historical trends into its predictions. 

To train such models more effectively, datasets that combine sentiment data with 
stock price movements are essential. The StockEmotions dataset [43], which detects 
emotions in the stock market, includes 10,000 English comments from StockTwits, a 
financial social media platform. Inspired by behavioral finance, this dataset proposes 
12 fine-grained emotion classes that capture the spectrum of investor emotions with 
more detailed features, such as investor sentiment classes, nuanced emotions, emojis, 
and time-series data. This granularity allows models to respond more sensitively to
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sudden shifts in investor sentiment, offering predictions that better reflect real-time 
market dynamics. 

4 Practical Performance of FinLLMs: How They Operate 
in Financial Market? 

The practical application and performance of FinLLMs in current financial markets 
merit further exploration, particularly regarding the improvement and updates of 
baseline models, which will influence the future development of FinLLMs. This 
section will delve into the practical performance of these models across various 
tasks, including market trading, portfolio management, regulatory compliance, and 
behavioral finance applications. 

4.1 FinLLMs for Trading Enhancements 

FinLLM trading agents focus on leveraging LLMs to analyze vast amounts of external 
data, such as news, financial reports, and stock prices, extracting insights to generate 
buy or sell signals. However, the practical directions and effectiveness of these trading 
agents vary depending on the characteristics and analytical processes of the models. 

Firstly, news-driven architectures are the most fundamental types, integrating 
individual stock news and macroeconomic updates into the prompt context, then 
directing the LLM to predict stock price movements in the next trading period 
[44–47]. For instance, Lopez-Lira and Tang [44] demonstrated that ChatGPT can 
significantly predict out-of-sample daily stock returns, with stronger predictability 
observed for smaller stocks and those following negative news. Subsequently, studies 
such as Zhang et al. [48], Kirtac and Germano [49], and Delgadillo et al. [50] fine-
tuned LLMs with financial datasets, showing enhanced performance by aligning the 
models with domain-specific knowledge. 

More advanced architectures involve summarizing and refining news data as well 
as reasoning about the relationships between news and stock price movements. This 
process often requires effective utilization of financial text summarization modules. 
In some studies, these summaries are managed through a memorization module. 
During trading, relevant “memory” is retrieved as a “recommendation” context to 
inform the final trading decision [51]. Specifically, Fatouros et al. [51] developed 
MarketSenseAI, a framework that leverages GPT-4’s advanced reasoning capabili-
ties for stock selection in financial markets by integrating Chain of Thought and In-
Context Learning. MarketSenseAI analyzes diverse data sources and, through empir-
ical testing on the competitive S&P 100 stocks over a 15-month period, achieved an 
excess return ranging from 10% to 30% and a cumulative return of up to 72% over 
the sample period.
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Building on this foundation, subsequent research introduced trading agents, such 
as those incorporating extracted memory, further enhanced with reflection. Reflec-
tion, as described by Park et al. [52], is built on extracted memory using LLM-based 
summarization. This architecture extends an LLM to store a comprehensive record 
of the agent’s experiences, synthesize these memories into higher level reflections 
over time, and dynamically retrieve them for planning behavior [52]. In the context 
of financial market trading, this could represent higher level knowledge and insights 
progressively aggregated from raw memories and observations. 

FinMem [53] and FinAgent [48] are representative models in this domain. 
FinMem introduces a trading agent with layered memorization and characteristic 
profiling. Raw inputs, such as daily news and financial reports, are summarized into 
structured memories. Its architecture consists of three core modules: profiling, to 
customize the agent’s traits; memory, which processes layered messages by retrieving 
relevant memories and integrating them with new observations to produce reflections 
stored in a layered memory bucket; and decision-making, where these memories and 
reflections are retrieved to generate final trading decisions. Using multi-source finan-
cial data from platforms like Yahoo Finance and Alpaca News API, FinMem’s perfor-
mance was benchmarked against various algorithmic agents, including FINGPT and 
the general-purpose generative agent from Park et al. [52]. Experimental results 
validated its superior trading performance and can significantly boost cumulative 
investment returns. 

FinAgent [48], building on a similar layered memory and reflection design, further 
incorporates a multimodal module that processes numeric, text, and image data to 
capture market dynamics and historical trading patterns. Additionally, it introduces a 
diversified memory retrieval system for market intelligence and reflection modules, 
effectively separating trading and retrieval tasks to enhance functionality and reduce 
noise. Comprehensive experiments on six financial datasets, including stocks and 
cryptocurrencies, demonstrated FinAgent’s superior performance across six financial 
metrics, outperforming nine state-of-the-art baseline models, including FinMem, 
with an average profit increase of over 36%. 

4.2 LLM-Driven Portfolio Management Innovations 

When managing portfolios comprising multiple stocks, FinLLM requires relatively 
more precise and rigorous strategies [48, 49, 54]. A common approach is to use 
ranking-based strategies. These strategies assign numerical scores to rank stocks and 
allocate funds based on the scores. Konstantinidis et al. [54] employed a fine-tuned 
Llama 2 7B model, named FinLlama, to perform sentiment analysis on all stocks 
in the S&P 500 index. Companies were ranked daily according to their sentiment 
signals, omitting those without sentiment data on a given day. With daily sentiment 
scores ranging from -1 to 1, the top 35% were assigned long positions, while the 
bottom 35% were allocated short positions. Experimental results demonstrated that
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FinLlama outperformed the leading method in the field, FinBERT, achieving cumu-
lative returns that exceeded FinBERT by 44.7%. Moreover, FinLlama delivered a 
significantly higher Sharpe ratio of 2.4 and exhibited lower annualized volatility, indi-
cating its potential to provide investors with valuable guidance while simultaneously 
reducing portfolio risk. 

Kirtac and Germano [49] also explored sentiment analysis using models such as 
GPT-3-based OPT, BERT, and FinBERT on 965,375 U.S. financial news articles from 
2010 to 2023. Their results showed that the GPT-3-based OPT model significantly 
outperformed the others, achieving a prediction accuracy of 74.4% for stock market 
returns. Employing an OPT-based long-short strategy, and accounting for transaction 
costs of 10 basis points (bps), the model achieved a Sharpe ratio of 3.05. Between 
August 2021 and July 2023, this strategy generated a return of 355%, surpassing 
other strategies and traditional market portfolios. 

FinLLMs can be further applied to ESG and impact investing in portfolio manage-
ment. With the growing importance of environmental concerns and the rise of sustain-
able development, public attention to corporate non-financial information has inten-
sified, prompting investors to integrate ESG ratings into their portfolio decisions 
[55–57]. Since most ESG information is presented in textual formats such as reports, 
disclosures, press releases, and 10-Q filings, FinLLMs can efficiently integrate 
ESG factors into portfolio management strategies through advanced frameworks 
and methodologies. Specifically, machine learning algorithms can classify compa-
nies based on ESG performance, identify ESG leaders and laggards, and construct 
diversified portfolios prioritizing sustainability. 

The most updated models in this domain include ESGBERT [58] and GPT4ESG 
[59]. ESGBERT builds on a domain-specific adaptation of BERT by fine-tuning 
pre-trained BERT weights using a Masked Language Model (MLM) task on an 
ESG corpus, followed by further fine-tuning for Sequence Classification to predict 
two types of intelligence: (1) whether there is a change in environmental scores 
and (2) whether the change in environmental scores is positive or negative based 
on ESG-related text in 10-Q filings [58]. Experimental results demonstrated that 
ESGBERT outperforms the original BERT and baseline models in environment-
specific classification tasks, confirming the potential of LLMs for further research 
and application in ESG investing. 

Building on this foundation, Lin et al. [59] developed GPT4ESG, a system 
architecture combining BERT and GPT to rapidly analyze ESG investments and 
impacts of companies. They curated a dataset comprising ESG reports of prominent 
publicly listed U.S. technology companies, which was cleaned and preprocessed 
for compatibility with the model. A customized GPT assistant was then used to 
provide scoring, with results validated by experts. Additionally, a classification layer 
was integrated into the model’s output, and fine-tuning was conducted with sector-
specific ESG expertise. Experimental results revealed that the customized GPT4ESG 
model outperformed ESGBERT in ESG data classification, further simplifying ESG 
reporting and enabling stakeholders to make responsible portfolio decisions.
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4.3 LLM and Banking Industry 

In an increasingly digital world, customer experience has become a key differentiator 
for banks and financial institutions, alongside interest rates and fees [60]. Providing 
excellent customer support is a critical component of enhancing the overall experi-
ence, and advancements in technology are particularly vital in this area. The emer-
gence of LLMs has driven significant transformations in the industry. A prominent 
application is conversational banking, offering 24/7 support and timely solutions for 
customer inquiries [61], while also enabling automation of back-office operations. 
To some extent, LLMs may even replace human financial advisors. Although they 
currently cannot provide tax advice, the prospect of AI fundamentally reshaping the 
role of traditional financial advisors in the future is not far-fetched. 

For instance, in March 2023, Morgan Stanley Wealth Management (MSWM) 
collaborated with OpenAI to develop customized solutions using GPT-4 [62]. This 
tool allows financial advisors to quickly access Morgan Stanley’s knowledge base and 
generate research reports or investment insights, enhancing client services. By June 
2023, JPMorgan Chase began developing an AI investment advisor named IndexGPT, 
designed to analyze and select securities tailored to client needs. Similar to OpenAI’s 
ChatGPT, IndexGPT is specialized for financial services and aims to provide person-
alized investment advice. Other firms, including BlackRock, Vanguard, and Fidelity, 
are also exploring similar AI-driven advisory products, underscoring the growing 
application of such tools in banking and financial services [63]. 

Additionally, LLMs can assist with credit scoring and loan processing. Banks 
often struggle with information asymmetry, lacking enough data to evaluate 
borrowers’ creditworthiness. Traditionally, this process is manual, slow, and prone 
to errors. With LLMs like ChatGPT, financial institutions can automate the initial 
stages of loan processing, extracting and analyzing data from loan applications. 
However, despite generally high accuracy, variations in application formats or data 
representations may require human validation, especially for handling outlier cases. 
Similarly, for credit scoring, LLMs can efficiently combine structured and unstruc-
tured data to analyze borrowers’ credit histories and quickly compute credit scores, 
accelerating the assessment process. Sanz-Guerrero and Arroyo [64], for example, 
fine-tuned BERT on loan descriptions from the Lending Club dataset to distinguish 
between default and non-default loans. Their findings demonstrate that integrating 
BERT-generated risk scores into traditional credit-granting models can significantly 
improve default predictive performance. 

Lastly, fraud, particularly credit card fraud, remains a critical concern for the 
banking sector. With advancements in artificial intelligence, the scale and complexity 
of fraud may increase further. In response, AI shows potential for faster and more 
efficient detection and analysis of online fraud [65–67]. Korkanti [66] utilized the UCI 
Credit Card Fraud Detection Dataset, which contains transactions made by European 
cardholders in September 2013. The public dataset covers 2 days of transactions, 
with 492 fraud cases out of 284,807 transactions. They initially employed isolation 
forests and autoencoders for anomaly detection, followed by logistic regression and
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Gradient Boosting Machines (GBMs) to validate transactions, achieving promising 
results in fraud detection. Building on this foundation, fine-tuned GPT-3 models 
can extract subtle features often overlooked by traditional models, particularly from 
unstructured data in transaction narratives and customer communications. 

The role of LLMs in financial markets resembles a double-edged sword, simul-
taneously managing risks while posing challenges. The banking industry inherently 
involves significant risks, including data security, privacy concerns, and regula-
tory compliance. Handling sensitive financial and personal information under strict 
data governance requirements complicates the development and deployment of such 
models. Current research focuses primarily on ChatGPT’s practical applications in 
this context, with fewer fine-tuned models tailored specifically for banking. More-
over, the fragmentation and proprietary nature of banking datasets limits the acces-
sibility and scalability of fine-tuning efforts for domain-specific LLMs, hindering 
broader adoption and development. For these reasons, major banks such as JPMorgan 
Chase, Bank of America, Citigroup, and Goldman Sachs have restricted employees 
from using ChatGPT [68]. Further research and development are needed to explore 
compliant and secure implementations of LLMs in the banking sector. 

4.4 Behavioral Analysis with FinLLMs 

In previous sections, we discussed how FinLLMs can process unstructured texts 
from various sources, such as social media, news, and investor communications, to 
extract insights into market sentiment, investor preferences, and the dynamics of 
collective behavior. These capabilities significantly contribute to behavioral finance 
research, which, unlike the traditional rational market behavior hypothesis, examines 
how psychological factors and biases influence financial decision-making. FinLLMs 
excel at sentiment extraction by analyzing nuanced textual data and capturing subtle 
emotional undertones, such as optimism, fear, or uncertainty. Unlike traditional 
methods that rely on simple word counts or sentiment lexicons, FinLLMs embed 
these sentiments within a broader linguistic framework, enabling deeper and more 
precise analysis [44–50]. 

Moreover, we posit that beyond sentiment analysis, FinLLMs hold significant 
potential for identifying investor risk preferences and behavioral biases. By analyzing 
written decision justifications, trading logs, or survey responses, these models can 
uncover systematic trends such as risk aversion, overconfidence, or the disposi-
tion effect. Investors are also subject to various financial behavioral biases, such 
as recency bias and authority bias [69]. Xiao et al. [70] evaluated these biases using 
a curated multimodal dataset, DynoStock, which integrates stock histories of S&P 
500 companies with their quarterly Earnings Per Share (EPS) reports. Their findings 
indicate that recent open-sourced Large Vision-Language Models (LVLMs), such as 
LLaVA-NeXT, MobileVLM-V2, Mini-Gemini, MiniCPM-Llama3-V2.5, and Phi-
3-vision-128 k, are significantly affected by these biases. In contrast, proprietary 
models like GPT-4o showed negligible influence. GPT-4o’s superior performance
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likely stems from its larger scale and meticulously curated training data, which helps 
reduce susceptibility to human-like biases. This underscores the critical importance 
of sufficiently long historical datasets in mitigating recency bias. 

Zhou et al. [71] proposed the “Financial Bias Indicator” (FBI) framework, 
consisting of components like Bias Unveiler, Bias Detective, Bias Tracker, and Bias 
Antidote, to identify, analyze, and mitigate irrational biases in LLMs. An evaluation 
of 23 leading models revealed that nearly all demonstrated financial irrationality. 
Notably, FinLLMs exhibited more pronounced biases compared to smaller, general-
purpose models. This phenomenon is attributed to the amplification of biases during 
continued pre-training or fine-tuning with financial data. 

To address this, they created the FinCausal dataset, comprising 200,000 finan-
cial causal text entries extracted from research reports, and utilized a Retrieval-
Augmented Generation (RAG) approach to recall relevant causal knowledge. Exper-
imental results showed that recalling four causal knowledge entries per test point 
significantly improved reasoning capabilities and reduced biases in the models. 

By implementing and refining these measures, FinLLMs are expected to achieve 
greater financial acuity and reduced biases. For example, models akin to cognitive 
bias alerts could be advanced to filter massive transaction data, identify client trading 
biases, and mitigate them. However, opportunities and challenges often coexist, 
particularly in finance-related fields where information security and privacy concerns 
are paramount, as discussed in detail in the following section. 

5 Challenges and Limitations for LLMs in Financial 
Market 

The training of LLMs requires substantial data, often including sensitive informa-
tion, leading to significant privacy and security challenges [11, 72–77]. Yao et al. 
[11] reviewed LLM security and privacy issues, discussing beneficial applications 
(e.g., vulnerability detection, secure code generation), negative effects (e.g., phishing, 
social engineering), vulnerabilities (e.g., jailbreak attacks), and defense measures. 
Li et al. [72] categorized privacy attacks in LLMs, outlined defense strategies, and 
explored future directions for enhancing privacy. Similarly, Neel et al. [73] examined 
privacy risks, such as memory retention of sensitive data, and reviewed mitigation 
techniques, focusing on red-teaming efforts to reveal vulnerabilities. Derner et al. 
[74] investigated ChatGPT-specific risks, but the focus on ChatGPT alone limited its 
scope. Qammar et al. [75] traced chatbot evolution, identifying vulnerabilities but 
offering limited depth on specific solutions. Schwinn et al. [76] analyzed threats 
and defenses, emphasizing evolving adversarial attacks while lacking details on 
specific methodologies. Yan et al. [77] emphasized addressing privacy leakage and 
attacks at different stages of the LLM lifecycle, such as federated learning, differen-
tial privacy, knowledge unlearning, and hardware-assisted privacy protection. They 
highlighted the need to advance pivotal technologies for privacy protection while
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acknowledging that each stage still has significant room for improvement or further 
research, indicating a long journey ahead. 

Furthermore, AML applications underscore both the potential and risks of LLMs 
in financial compliance [23]. By analyzing complex transaction patterns and regu-
latory texts, LLMs enhance AML efforts, enabling institutions to detect suspicious 
activities and adhere to evolving standards [78, 79]. However, the widespread applica-
tion of LLMs in compliance raises serious concerns about data privacy and security. 
To ensure information security, many organizations prefer deploying on-premises 
LLMs rather than public models for processing sensitive internal documents. For 
instance, both free and subscription-based public models are typically limited to non-
sensitive tasks, such as translation or grammar checks for publicly available content. 
Nevertheless, even non-confidential internal data processed by public models carries 
the potential risk of inferring sensitive financial insights. Therefore, organizations 
prioritize internal LLMs for handling data that, while not strictly confidential, may 
indirectly expose critical financial information. These considerations highlight that 
while AI-driven financial technology offers substantial benefits, its potential risks 
must be carefully addressed. 

Regulatory compliance poses another major challenge, particularly given the 
black-box nature of LLMs. A black box refers to a system whose internal work-
ings are opaque or invisible to users. Users can input data and receive outputs, 
but the logic or code generating those outputs remains hidden. This characteristic 
is common in many AI systems, where any of the three components—algorithms, 
training data, or models—may function as a black box. While algorithms are often 
public, developers may choose to keep models or training data confidential to safe-
guard intellectual property. However, regulatory frameworks require explainable and 
traceable decision-making processes, especially in critical areas such as fraud detec-
tion or loan approval. For instance, if an LLM flags a transaction as suspicious, 
regulators may require clear evidence for this decision, which can be difficult to 
extract from opaque models. Explainable AI (XAI) techniques are being developed 
to address these limitations [80, 81], offering mechanisms to make LLM-driven deci-
sions interpretable without compromising their computational efficiency. But most 
current XAI techniques focus on technical aspects, neglecting the user-developer 
interactions needed for trust. Interactive systems that provide explanations and feed-
back are also essential to empirically demonstrate the trustworthiness of AI systems 
to users and decision-makers [82]. 

Lastly, ethical concerns further complicate the adoption of LLMs in finance. 
Biased training datasets may perpetuate discriminatory practices, such as unfair 
loan denials or incorrectly flagging legitimate transactions as fraudulent. These 
biases often stem from insufficient diversity in training data or inherent flaws in 
human-labeled datasets, necessitating financial institutions to address such issues 
to ensure fairness. Moreover, the misuse of LLMs to manipulate markets or evade 
regulatory scrutiny raises accountability challenges [83]. Assigning responsibility 
for errors or harmful decisions—whether to developers, data providers, or end-
users—remains contentious. Governance frameworks must evolve to establish clear 
accountability standards, such as tailored ethical guidelines for specific domains and
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dynamic auditing systems adapted to varying environments to mitigate ambiguity in 
accountability. 

6 Conclusion 

This overview has traced the transformative journey of LLMs from their inception as 
general-purpose models to their specialization as FinLLMs. We began by outlining 
the pivotal role of general models such as GPT and BERT in laying the foundation 
for FinLLMs, emphasizing innovations like transformer-based architectures and in-
context learning. Then, we highlighted the evolution toward domain-specific adap-
tations like FinBERT, BloombergGPT, and InvestLM, which leverage fine-tuning on 
financial datasets and instruction tuning to address unique demands in the financial 
sector. 

A comparative analysis of FinLLM technologies revealed their strengths across 
various tasks. For example, BloombergGPT demonstrated remarkable breadth, 
excelling in regulatory compliance and sentiment analysis through its extensive 
training corpus, while FinMA and InvestLM showcased task-specific adaptability via 
instruction fine-tuning and the integration of structured and unstructured financial 
datasets. The evaluation of key tasks such as risk assessment, compliance optimiza-
tion, and market sentiment analysis affirmed FinLLMs’ ability to outperform tradi-
tional models in speed, accuracy, and context sensitivity. These advancements signify 
a paradigm shift in how financial data is analyzed, enabling better decision-making 
for investors and regulators alike. 

Despite their promise, FinLLMs also present critical challenges and opportunities, 
as discussed throughout the overview. Data privacy remains a major concern, particu-
larly given the reliance of these models on sensitive financial data. Many institutions 
prefer in-house models to mitigate risks of data leakage or inference of confidential 
insights. Similarly, model interpretability poses challenges in high-stakes environ-
ments like compliance and fraud detection, where decisions must be transparent and 
justifiable. Ethical considerations, such as bias in training data leading to unfair finan-
cial decisions or potential misuse for market manipulation, further underscore the 
need for robust safeguards. Future research should then focus on developing more 
explainable FinLLMs, integrating XAI methodologies to ensure transparency and 
accountability in decision-making. Additionally, innovative techniques for secure 
and federated learning can enhance data privacy without compromising model perfor-
mance. Ethical guidelines tailored to FinLLMs should also be prioritized to navigate 
their dual potential for beneficial and harmful applications. 
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Abstract This study investigates the applicability of a large language model (LLM) 
to housing price appraisal in terms of predictive power and explainability. We first 
transform a hedonic dataset into a convertible format to construct the LLM-based 
appraisal framework using the established prompt engineering. We then compare 
the results to those obtained using a traditional hedonic pricing model. Our find-
ings reveal that LLM outperforms the traditional benchmark model concerning two 
accuracy measures (i.e., root mean square error and R2 value) in appraising housing 
prices. This outcome indicates the substantial capability of LLM for seizing nonlin-
earity in the hedonic dataset. Furthermore, the LLM-based appraisal framework 
provides three-dimensional interpretations, including (1) the directional impacts, 
(2) the qualitative importance of the hedonic variables concerning housing prices, 
and (3) narrative reasoning for the appraised prices. These findings reinforce that 
the proposed LLM-based valuation model is a potential tool for understanding the 
mechanism of housing prices. Investors can implement our framework to estimate 
properties and support decision-making through explainable LLM results. Moreover, 
policymakers can benchmark our results when developing monitoring systems and 
designing transparent real estate markets. 
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1 Introduction 

Real estate assets, which comprise substantial funds, have been appreciated by 
various valuation frameworks as the fluctuations in housing prices can affect the 
national economic system and financial stability [1–3]. The significance of accurate 
housing price estimation has garnered the interest of academic circles and prac-
titioners in scrutinizing the way of constructing precise models for housing price 
appraisal. Furthermore, transparency has been fundamental in advancing housing 
price appraisal frameworks because unveiling how each housing factor affects prop-
erty prices can foster the reliability of valuation models [4] and facilitate insightful 
interpretations derived from the results [5].1 

Hedonic price models (HPMs) have been intensively applied in appraising housing 
prices [8, 9] because they are well-versed approaches in interpreting the impacts of 
hedonic variables on housing prices. However, the embedded linearity in HPMs calls 
for more advanced valuation frameworks for precisely appraising housing prices [10, 
11], including machine learning and deep learning models; however, such sophisti-
cated models have been likened to a “black box” [12]. Their outstanding capability of 
seizing nonlinearity is boosted by the complex nature of model structures, resulting 
in an opaque valuation process. In this sense, housing price appraisals necessitate a 
stand-alone model framework alongside flexibility (to guarantee precise estimations) 
and transparency (to reinforce the reliability of the results). 

As an alternative yet nascent approach, the existing literature has investigated 
how large language models (LLMs) can be used to explore market price move-
ments [13, 14] and investment sentiment analysis [15, 16]. In a concurrent paper, 
Gloria et al. [17] demonstrated that an investment scenario using ChatGPT (a chat 
generative pre-trained transformer) can provide significantly profitable investment 
decisions. The studies above contended that LLMs could be state-of-the-art instru-
ments for forecasting market returns and extracting significant information from 
textual resources; however, LLMs’ reasoning capability has been largely overlooked 
in finance studies. Moreover, the applicability of LLMs in appraising housing prices 
has yet to be explored. 

We found three notable findings. (1) The LLM-based housing price appraisal 
model can valuate housing prices more precisely than the HPM by injecting contex-
tual information into input prompts. (2) The estimated results can be interpreted for 
each hedonic variable’s qualitative importance and directional impact on housing 
prices. (3) The LLM-based valuation model can provide narrative reasoning for the 
appraised housing prices, where the rationale aligns with existing empirical evidence. 
Investors can utilize our research framework to evaluate real estate assets precisely 
and facilitate decision-making processes by supporting explainable results derived 
from LLM. Furthermore, policymakers can benchmark the results when developing 
monitoring systems and constructing transparent real estate markets.

1 Identifying hedonic variables’ effects on housing prices can be a pivotal means in allocating 
public resources and services when constructing urban systems [6] and scheming timely policies 
and regulations [7]. 
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The remainder of this study is as follows: Section 2 describes the dataset used 
and methodology conducted in the current study, Section 3 presents the results and 
discusses our findings, and Section 4 concludes the study. 

2 Data and Methodology 

2.1 Data 

This study utilizes an aggregated hedonic dataset of 30,698 apartment2 transaction 
records from Busan, South Korea, in 2018 and 2019. Busan is considered the survey 
area since this site is well urbanized. It has a large population and various envi-
ronmental infrastructures, including natural parks, green spaces, and seafronts [8], 
leading to rich interpretations of how hedonic variables impact housing prices. 

We refined our compiled dataset by eliminating outliers and duplicate records. 
From the whole housing factor group, 16 hedonic variables are used in appraising 
housing prices; the variable structure aligns with existing literature [5, 19–21]. The 
variables whose distributions show non-Gaussian features are transformed into a 
logarithmic scale. Table 1 summarizes the description of variables. The Variables 
column indicates the name of each hedonic variable denoted in this study and the 
Detail column delineates each hedonic variable’s characteristics.

2.2 Experimental Design 

Figure 1 graphically illustrates the analytical procedures. First, we transform the 
entire hedonic dataset into a convertible format to interact with LLM (i.e., the prompt 
form of numerical values). We then conduct prompt engineering to improve the 
capability of the LLM-based housing price appraisal model in terms of predictive 
power and reasoning tasks. Two prompt formats are used in the training procedure, 
followed by the hyperparameter optimization. We validate the predictive power by 
comparing the LLM-based model to HPM regarding root mean square error (RMSE) 
and R2 based on randomly sampled sub-datasets from the whole dataset. Each sub-
dataset has 2,000 observations, divided into a train set with a fraction of 0.6 and a test 
set with a fraction of 0.4, respectively. Finally, we compare the reasoning capability 
of the LLM-based appraisal model to the signs of HPM’s regression coefficients 
and empirical evidence from existing literature regarding directional impacts and 
qualitative importance.

2 Apartments are the dominant housing type in South Korea [18]. 
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Table 1 Description of hedonic variables 

Variables Detail 

Property 
prices* 

Log-transformed Korean Won (KRW) per square meter (KRW/m2) 

Property characteristics 

Size Unit size aggregated in square meters (m2) 

Floor Floor level of transacted property 

Year The year of each apartment complex was built 

Units Number of households in an apartment complex 

Parking Number of parking spaces divided by the number of units 

Environmental amenities 

Dist. 
green* 

Log-transformed network distance to the nearest park, hill, or mountain in meters 

Dist. 
water* 

Log-transformed network distance to the nearest river, stream, pond, or seashore in 
meters 

Local built environment 

Dist. 
subway* 

Log-transformed network distance to the nearest subway station in meters 

Local demographics 

Top univ. Number of Seoul National University entrants from high schools within a 5-km 
radius of properties 

Sex ratio Percentage of the number of men divided by the number of women 

Median age The age that divides the population equally 

Pop. 
density* 

Log-transformed number of people per square kilometer (km2) 

Higher 
degree 

Percentage of the number of people with a higher degree divided by the number of 
people aged 15 years or older 

Seasonality controls 

Spring Seasonal dummy indicating that a transaction occurred in March, April, or May 

Fall Seasonal dummy indicating that a transaction occurred in September, October, or 
November 

Winter Seasonal dummy indicating that a transaction occurred in December, January, or 
February 

Note Variables with an asterisk have been transformed into a logarithmic scale

2.3 HPM 

HPM has long been utilized in appraising housing prices [8–10, 22], and HPM can be 
a representative approach for capturing each hedonic variable’s marginal contribution 
to housing prices [23, 24]. The log-linear form of HPM can be expressed as follows:
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Fig. 1 Flowchart of experimental design

ln pi = α + 
J.

j=1 
βjxij + 

K.

k=1 
θkQik + ei, (1)

where pi represents the price per square meter of each transacted housing unit i; α is 
the intercept; J is the number of hedonic variables, including property characteristics, 
local demographics, and environmental amenities; K(= 3) refers to seasonal dummy 
variables; the coefficients βj and θk are regression coefficients using the ordinary least 
squares method; and ei is the residual error. 

2.4 GPT-4o-Based Housing Price Appraisal Model 

Generative pre-trained transformers (GPT), such as GPT-3.5 (ChatGPT) and GPT-
4, have shown their superiority in finance studies, including financial text analysis 
[25] and short/long-term times series forecasting [26]. Specifically, the GPT-based 
LLMs take the input form of a “token” and mainly comprise autoregressive decoder 
architecture. This architecture sequentially predicts the next token by leveraging 
information from the previous token. This intrinsic nature can facilitate the learning 
of contextual relationships between tokens [27], showcasing that GPT-based LLMs 
(GPT-4) are proficient on financial literacy tests [28]. 

The GPT-based LLMs can be adapted to new tasks alongside a few training 
steps [29]; hence, we conjecture that the GPT-based housing price appraisal model
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has a competitive predictive power compared to HPM. Specifically, we expect that 
LLM’s capability of appraising housing prices can effectively persist even when it is 
trained on a small portion of the dataset. Furthermore, GPT models have substantial 
reasoning capability [30] via the input-output context window [31], contextually 
explaining and rationalizing the appraised housing prices. This study employs the 
GPT-4o model, the advanced version of the GPT-4 model,3 to develop the LLM-based 
housing price appraisal model. 

2.5 Fine-Tuning 

We tune the GPT-4o model utilizing the application programming interface. LLMs 
have increased their sizes with tremendous parameters to address various disciplines; 
however, a stand-alone scaling up may require additional training tactics to signif-
icantly improve understanding of the given tasks [33], such as logical and mathe-
matical reasoning [34]. Therefore, we configure two fine-tuning strategies: prompt 
engineering and optimizing hyperparameters. 

Previous studies show that prompt engineering can be a practical approach to 
optimize and improve the LLMs’ applicability to downstream tasks [35] in terms of 
precision [36] and accuracy of reasoning [37]. Accordingly, we introduce the prompt 
engineering approach to enhance the predictive power and transparency of the GPT-
4o-based housing price appraisal model. First, the role-play framing is conducted 
when configuring each prompt to improve LLM’s understandability and capability 
[38] regarding appraising housing prices and reasoning the results. That is, we impose 
the model’s role when initiating the prompting. 

Referencing Ding et al. [39] and Hegselmann et al. [40], we first construct a 
straightforward input prompt (Prompt 1) and an engineered prompt (Prompt 2) by 
injecting contextual information corresponding to each hedonic variable. Prompt 1 
configures the input prompt by naively arraying the numerical values of hedonic 
variables and Prompt 2 further includes the contextual description for hedonic vari-
ables, as summarized in Table 1. Thus, we designed two GPT-4o-based housing price 
appraisal models for each prompt in the comparative analysis. 

In the optimization process, OpenAI primarily suggests the tunable hyperparam-
eter set of epochs, batch size, and scaling factor for learning rate [41]. Accordingly, 
we iterate the training steps to find an optimal hyperparameter set to achieve the 
highest training accuracy. This approach results in the triplet of (3, 2, 2) for (epochs, 
batch size, and scaling factor for the learning rate), respectively. Figure 2 graphi-
cally describes our fine-tuning strategies, including role-play framing, and exempli-
fies some prompts used in this study. Figure 3 presents the output of LLMs derived 
from the constructed prompts and fine-tuning strategies.

3 The GPT-4 model is architected based on the transformer style and pre-trained on a variety of 
documents [32]. 
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Fig. 2 Graphical description for fine-tuning strategies 

Fig. 3 Output of GPT-4o-based housing price appraisal model
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Table 2 Comparison of predictive power 

HPM Prompt 1 Prompt 2 

RMSE R2 RMSE R2 RMSE R2 

Dataset 1 0.3028 0.6394 0.2922 0.6709 0.2678 0.7236 

Dataset 2 0.3190 0.6476 0.2667 0.7585 0.2792 0.7354 

Dataset 3 0.2975 0.7026 0.2596 0.7781 0.2476 0.7980 

Dataset 4 0.2824 0.7218 0.2581 0.7723 0.2463 0.7925 

Dataset 5 0.3033 0.6862 0.2538 0.7848 0.2779 0.7418 

Average 0.3010 0.6795 0.2661 0.7529 0.2638 0.7583 

3 Results and Discussion 

3.1 Predictive Power of Appraising Housing Prices 

We first compare the predictive power of GPT-4o-based housing price appraisal 
models to that of HPM regarding RMSE and R2. Table 2 shows that the GPT-4o-
based housing price appraisal models surpass the HPM across all sub-datasets. On 
average, the LLM trained on Prompt 2 shows a higher predictive power than that 
trained on Prompt 1. This finding implies that our prompt engineering strategy can 
facilitate the capability of LLM to appraise housing prices. 

Figure 4 highlights that injecting contextual description into the prompting (i.e., 
Prompt 2) can improve the precision of LLM’s housing price appraisal. When consid-
ering the standard deviation (±1σ ) from the average of R2, LLM’s accuracy boundary 
with Prompt 1 overlaps with that of HPM, as shown in Panel (a) of Fig. 4. In contrast, 
the LLM trained on Prompt 2 has a distinct accuracy boundary against the HPM, as 
shown in Panel (b) of Fig. 4. This outcome reinforces that prompt engineering can 
enhance the applicability of LLM in terms of predictive power [36], leading to the 
precise capture of nonlinearity embedded in the housing price dataset.

3.2 Reasoning Capability of LLM Retrieved from Each 
Prompt 

After training two LLMs on each prompt to appraise housing prices, we inves-
tigate their interpretability and reasoning capability through additional prompting. 
Figure 5 presents the question prompt and the reasoning results for each LLM. Prompt 
1, configured with naively arrayed numerical values, misinterprets the appraised 
housing prices along with irrelevant housing factors. In contrast, Prompt 2 desir-
ably explains how each hedonic variable used in this study affects housing prices. 
These results align with existing evidence and show that prompt engineering can
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(a) GPTT-4o trained oon Prompt 1 

Fig. 4 Model results of R2 for sub-datasets (a) GPT-4o trained on prompt 1, (b) GPT-4o trained 
on prompt 2

improve the understandability of LLM to given tasks [33], enhancing the accuracy 
of reasoning capability [37].

3.3 Validation of Reasoning Capability 

We validate the reasoning capability of LLM with Prompt 2, which shows more 
plausible interpretation results against the LLM with Prompt 1. Accordingly, we 
compare the reasoning results of LLM with Prompt 2 to the signs of regression
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(b) GPT 4o trained on Prompt 2 

Fig. 4 (continued)

coefficients in the HPM concerning directional impacts and to the existing empirical 
evidence regarding the qualitative importance in appraising housing prices. 

While the LLM is tailored to Prompt 2 and a sub-dataset, the sign of each regres-
sion coefficient in HPM is derived from the whole dataset. This setup enables us 
to identify whether the fine-tuned LLM with little information can have compat-
ible interpretability in the comparative analysis concerning directional impacts on 
housing prices.
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Fig. 5 Question prompt and reasoning outputs for each LLM

3.3.1 Directional Impacts and Qualitative Importance of Hedonic 
Variables 

Table 3 summarizes the directional impact and qualitative importance derived from 
the two models. The interpretations regarding the qualitative importance of the GPT-
4o model are layered as (1) high- or mid-level significance for housing characteris-
tics, urban infrastructures, and local demographics and (2) low-level significance for 
seasonality controls.



38 S. Bae et al.

Table 3 Signs of regression coefficients, directional impacts, and qualitative importance 

Variables HPM GPT 

Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 

Size Positive Positive 
(High) 

Positive 
(High) 

Positive 
(High) 

Positive 
(High) 

Positive 
(High) 

Floor Positive Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Year Positive Positive 
(High) 

Positive 
(Medium) 

Positive 
(Medium) 

Positive 
(High) 

Positive 
(Medium) 

Units Positive Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Parking Positive Positive 
(Medium) 

Positive 
(Medium) 

Positive 
(Medium) 

Positive 
(Medium) 

Positive 
(Medium) 

Dist. green Negative Negative 
(High) 

Negative 
(Medium) 

Negative 
(Medium) 

Negative 
(Medium) 

Negative 
(Medium) 

Dist. water Negative Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Dist. subway Negative Negative 
(High) 

Negative 
(High) 

Negative 
(High) 

Negative 
(High) 

Negative 
(High) 

Top univ. Positive Positive 
(Medium) 

Positive 
(Medium) 

Positive 
(Medium) 

Positive 
(Medium) 

Positive 
(Medium) 

Sex ratio Negative Neutral 
(Low) 

Negative 
(Low) 

Negative 
(Low) 

Negative 
(Low) 

Negative 
(Low) 

Median age Positive Negative 
(Medium) 

Negative 
(Medium) 

Negative 
(Medium) 

Negative 
(Medium) 

Negative 
(Medium) 

Pop. density Positive Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Higher 
degree 

Positive Positive 
(High) 

Positive 
(Medium) 

Positive 
(Medium) 

Positive 
(High) 

Positive 
(Medium) 

Seasonality Positive Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Neutral 
(Low) 

Note Positivity in the Seasonality variable indicates that all seasonal dummy variables (spring, fall, 
and winter) positively impact housing prices; this variable is derived from GPT-4o based on Prompt 
2. The qualitative importance is described in each parenthesis. The shaded areas denote the variables 
of high- or mid-level qualitative importance 

In sub-dataset cases, the LLM concludes that the directional impacts on housing 
prices are consistent for the group of hedonic variables that hold high- or mid-level 
quantitative importance. The same group’s directional impacts are accorded with the 
signs of regression coefficients in HPM, except for the case of Medium Age.  This  
outcome implies that the LLM with a small portion of the information set can be 
compatible with the traditional econometric model with a complete information set 
in terms of identifying the directional impact of each hedonic variable on housing
price.
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Table 4 Reasoning results of GPT-4o-based prompt 2 

Variables Reasoning description 

Size Larger properties typically have higher prices due to increased space and utility 

Floor Lower levels may have less desirability, but the impact is minimal compared to 
other factors 

Year Newer properties are generally more desirable and command higher prices 

Units The number of households can indicate community size but has a lesser impact 
on price 

Parking More parking spaces per household increase convenience and desirability 

Dist. green Closer proximity to green spaces is generally preferred 

Dist. water While proximity to water can be desirable, its impact here is minimal 

Dist. subway Proximity to subway stations is a key factor in property desirability 

Top univ. Proximity to prestigious schools often increases property values 

Sex ratio The gender ratio has minimal direct impact on property prices 

Median age Older neighborhoods might be less desirable, impacting prices negatively 

Pop. density While density can affect desirability, its impact is less significant 

Higher 
degree 

Areas with more educated residents often have higher property values 

Seasonality Seasonal variations can affect prices, but the impact is typically low 

Note The shaded areas denote the variables of high- or mid-level qualitative importance 

3.3.2 Rationale for the Interpretation Results of LLM 

Table 4 represents the results responding to the prompt, “…Provide a brief explana-
tion for each.” We highlight the results of Dataset 4 in which the GPT-4o based on 
Prompt 2 shows the highest predictive power in RMSE.4 

Each description shows the directional impacts and/or qualitative importance of 
each hedonic variable in which information is narratively reasoned. For example, 
the delineation concerning the Sex Ratio variable mainly portrays the qualitative 
importance in relation to housing prices. In the case of explaining the Year vari-
able, the description articulates, “Newer properties are generally more desirable 
and command higher prices.” This describes both the qualitative importance and 
directional impacts on housing prices. 

Finally, we compare the results of narrative reasoning to existing empirical 
evidence. The GPT-4o-based reasoning results indicate that residents pay more 
premiums for spacious dwelling areas [42], newly constructed buildings [43], and 
affordable parking spaces [44]. In short, housing characteristics like Size, Year, and 
Parking have high- and mid-level qualitative importance with positivity concerning 
housing prices [5]. Moreover, the LLM acknowledges the impacts of proximity to

4 The LLM with Prompt 2 on Dataset 3 also has the most precise accuracy in terms of R2; thus, 
we checked the case of Dataset 3 and confirmed the symmetric findings with those in the case of 
Dataset 4. 
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transportation systems [19] and green spaces [8, 45] on housing prices. Overall, 
these findings support the applicability of LLM in analyzing the relationship between 
hedonic variables and housing prices. Through interactive prompt inputs, the LLM-
based housing price appraisal model can provide three-dimensional interpretation, 
including directional impacts, qualitative importance, and narrative explanations. 

4 Conclusion 

This study investigated the potential of GPT-4o-based LLM in appraising housing 
prices and delineated the estimated results. We improved the predictive power and 
reasoning capability of LLM using fine-tuning strategies, including prompt engi-
neering and hyperparameter optimization. We compared the precision of housing 
price appraisals and the validity of interpretations to the results of HPM and previous 
studies. Our findings demonstrated that incorporating contextual descriptions for 
each hedonic variable into the prompting process can foster precise housing price 
appraisals and clear interpretations. 

Findings suggest the implications focusing on LLM’s competitive predictive 
power and reasoning capability concerning housing prices. First, investors can 
consider engaging LLMs as their valuation frameworks to estimate real estate assets 
and benefit decision-making processes from a triplet of reasoning results. Policy-
makers can use LLM’s scalability to construct real-time monitoring systems and 
scheme timely regulations for transparent real estate markets. 
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Abstract This paper explores the latest methodologies for fine-tuning open-source 
Large Language Models (LLMs) in enhancing quantitative trading strategies by 
integrating numerical data (e.g., historical prices, technical indicators) with textual 
data (e.g., news, earnings reports, social media sentiment). We employ Retrieval-
Augmented Generation (RAG) with a vector database to efficiently handle and 
contextualize textual data, alongside Low-Rank Adaptation (LoRA) techniques 
for cost-effective and scalable model fine-tuning. The proposed approach aims to 
create a hybrid trading model that combines the predictive power of LLMs with 
traditional quantitative methods, improving accuracy and adaptability in financial 
markets. This study details the implementation process, highlighting practical inno-
vations such as the integration of real-time data pipelines and adaptive model tuning. 
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1 Introduction 

This paper explores the latest methodologies for fine-tuning open-source Large 
Language Models (LLMs) in enhancing quantitative trading strategies by integrating 
numerical data (e.g., historical prices, technical indicators) with textual data (e.g., 
news, earnings reports, social media sentiment). 

We employ Retrieval-Augmented Generation (RAG) with a vector database to 
efficiently handle and contextualize textual data, alongside Low-Rank Adaptation 
(LoRA) techniques for cost-effective and scalable model fine-tuning [1–3]. The 
proposed approach aims to create a hybrid trading model that combines the predic-
tive power of LLMs with traditional quantitative methods, improving accuracy and 
adaptability in financial markets. 

This study details the implementation process, highlighting practical innova-
tions such as the integration of real-time data pipelines and adaptive model tuning. 
Experimental results show significant improvements in predictive accuracy and risk-
adjusted returns, demonstrating the practical value of these advanced fine-tuning 
methodologies in finance. 

Section 2 details the experimental design, including data collection, pre-
processing, and fine-tuning for numeric and textual data. It also covers the use of 
RAG and LoRA to enhance model performance. Section 3 presents results, eval-
uating the model with metrics like the Sharpe ratio, and discusses limitations, the 
penetration effect on the price movement of NVDA, and future improvements such 
as expanded datasets and advanced trading strategies. 

2 Experimental Design and Methodology 

This study focuses on trading stocks based on news and earnings announcements 
while also investigating the potential penetration effect. It analyzes 50 stocks from 
industries closely connected to NVIDIA (NVDA) to evaluate whether their price 
movements influence NVDA’s performance. Covering the period from July 31, 2023, 
to October 31, 2024, this research serves as a proof of concept. 

2.1 Data Collection 

Numeric Data 

Historical financial data, including stock prices, trading volumes, and market indica-
tors, was sourced from reputable platforms such as Bloomberg, Reuters, and various 
financial data APIs. Minute-level closing price data and volatility metrics for the 
selected stocks were retrieved through the Polygon API, providing in-depth insights
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into market dynamics and enabling a comprehensive analysis of price movements 
and volatility trends. 

Earnings surprise data were collected for all 50 stocks based on quarterly 
announcements and compared against Bloomberg analysts’ consensus estimates. 
Key metrics analyzed include revenue surprise (%), EPS surprise (%), EBIT and 
EBITDA surprise (%), gross margin surprise (%), pretax income (loss) surprise (%), 
and net income surprise (%). The data were meticulously mapped to Refinitiv’s 
announcement timelines to ensure accurate temporal alignment, enabling a precise 
assessment of how earnings surprises impacted stock performance during the study 
period. 

Textual Data 

Social media sentiment was analyzed using the Reddit API (PRAW) to extract posts 
related to the 50 selected stocks within the specified time window. The API provided 
metadata such as the number of likes, dislikes, and comments for each post. These 
additional metrics enable feature engineering, which will be explored further in 
Sect. 2.2. 

Earnings call transcripts were scraped from Capital IQ using the Beautiful Soup 
library, extracting both timestamps and full transcript content. This data provides 
insights into the timing and context of key statements, enhancing the understanding 
of company performance and management commentary. 

News articles with accurate timestamps were sourced from Refinitiv, primarily 
focusing on Reuters as a reliable provider of real-time financial news. This ensures 
the data captures market-relevant events in real time, enabling analysis of stock price 
changes directly influenced by news releases. To maintain accuracy, GPT was not 
used to gather news data, as its summaries may lack real-time detail and fail to reflect 
immediate market impacts. 

2.2 Data Pre-processing 

Numeric Data Pre-processing 

To ensure a reliable dataset, numerical data was standardized, missing values were 
addressed, and key features were engineered. 

Trend indicators, such as the Simple Moving Average (SMA) and Exponential 
Moving Average (EMA), were derived from the engineered minute-level price data 
collected. These indicators facilitate the identification of price trends by smoothing 
fluctuations. Volatility metrics, including Standard Deviation and Bollinger Bands, 
measure price variability and assist in detecting overbought or oversold conditions. 
Momentum indicators, such as the Relative Strength Index (RSI) and Momentum, 
assess the rate and magnitude of price movements. Additionally, tools like the 
Moving Average Convergence Divergence (MACD) and Williams %R are employed 
to identify market extremes and provide buy or sell signals.
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Fig. 1 AMZN price reaction to earnings announcement on August 3, 2023. Source Authors 

10-min pre-and post-announcement stock price changes are extracted from the 
existing price data, to examine the market reactions to earnings surprises. Accurate 
data is sourced and validated using Refinitiv timestamps, enhancing the model’s 
ability to predict the impact of financial events on stock prices (Fig. 1). 

Textual Data Pre-processing 

Clean and pre-process textual data by removing noise, performing tokenization, and 
applying NER to identify relevant financial entities. Use sentence embeddings to 
convert texts into vectors suitable for further analysis. 

The news dataset was refined through a structured cleaning process to ensure 
relevance and consistency for modeling. Starting with 71,059 articles, duplicates 
and irrelevant content, such as stock price targets, general summaries, and opinion 
pieces, were removed, reducing the dataset to 31,667 articles. Articles without corre-
sponding price data at the specified timestamp were excluded, narrowing the dataset 
to 18,717 entries. These were converted into 3,072-dimensional word embeddings 
using OpenAI’s “text-embedding-3” model [4] and stored in a vector database. 

2.3 Fine-Tuning Methodologies 

Retrieval-Augmented Generation (RAG) 

The integration with a vector database involves implementing Retrieval-Augmented 
Generation (RAG) using a tool like Pinecone to efficiently retrieve relevant textual 
information based on the contextual queries provided by the LLM. This approach 
allows the model to ground its predictions in real-time, relevant data, enabling it to 
produce more accurate and context-aware outputs [1]. 

The implementation involves setting up a pipeline where incoming financial news 
and reports are indexed into a vector database. The LLM is fine-tuned to dynamically 
query this database, retrieving the most relevant information, such as similar past
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news events, their associated technical indicators, and the respective price changes. 
This process enhances the model’s ability to generate informed and accurate outputs 
for trading signal generation. 

Low-Rank Adaptation (LoRA)

. Advanced LoRA Techniques: Utilize LoRA to fine-tune large open-source 
models (such as Llama 3.2, GPT-4o-mini) by injecting task-specific knowledge 
through low-rank matrices, reducing computational costs and memory require-
ments [2, 3]. Explore recent advancements in LoRA, such as dynamic adaptation 
layers, to further optimize model performance for financial tasks.

. Implementation: Fine-tune the LLM on a domain-specific corpus of finan-
cial texts using LoRA. Apply task-specific prompts and leverage prompt tuning 
techniques to enhance model relevance and accuracy without needing extensive 
retraining of the full model.

. Model details: The model employs Unsloth pre-quantized 4-bit models for 
memory and computational efficiency. LoRA updates, with a rank of 16 and 
scaling factor (LoRA Alpha) of 16, target key transformer components, including 
attention projections and feed-forward layers. Gradient checkpointing reduces 
memory usage, enabling longer context handling. Training utilizes Hugging 
Face’s transformers and trl libraries, with a batch size of 2 (gradient accumulation 
over 4 steps), a learning rate of 2e-4, and 10 epochs. The adamw_8bit optimizer 
ensures memory efficiency with a weight decay of 0.01 to prevent overfitting, 
balancing resource efficiency and performance. 

2.4 Hybrid Model Integration

. Sentiment and Contextual Analysis: Use the fine-tuned LLM to generate senti-
ment scores and contextual insights from textual data. In the Capital IQ tran-
scripts and Reddit social media posts, we apply sentiment analysis (using the 
NLTK VADER API) to textual data, such as titles and content bodies, to calcu-
late standardized atmospheric metrics for trading specific stocks at a given time. 
DistilBERT was also deployed to determine the relevance of each media post. For 
numeric data, such as net upvotes and the number of comments, we standardize 
values by dividing them by their 20-day exponential moving averages to prioritize 
recent posts while retaining historical trends. We further adjust these values using 
a decay factor of 1.1-t, assuming a half-life of 7 days (Figs. 2 and 3).

. Model Architecture: Develop a hybrid model that incorporates both numerical 
features and LLM-derived insights. Use an ensemble approach where predictions 
from both data types are combined to generate a final trading signal.
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Fig. 2 Sentiment and activity-based relevancy scoring system. Source Authors

2.5 Experimental Setup 

Triggering events include real-time earnings surprises, earnings call transcripts, and 
financial news articles related to specific stocks or sectors. These inputs are supported 
by a vector database containing past news articles and earnings transcripts, annotated 
with historical price impacts and sentiment metrics. This database retrieves contex-
tually similar historical events to enhance predictions and provide insights into the 
market impact of real-time events. 

A robust backtesting framework is implemented to simulate trades based on the 
outputs of the hybrid model. A trading signal is generated when the LLM predicts a 
price movement exceeding a 2% threshold, factoring in a 0.5% transaction cost per 
trade (1% per buy and sell trading signal) to reflect realistic trading conditions. To 
ensure the validity of results and avoid forward-looking bias, the framework strictly 
separates the train and test datasets, ensuring the training data is always prior to 
the test set in time. This approach enables an accurate assessment of the model’s 
predictive performance and trading strategy efficiency. 

Model performance is assessed using both technical and financial metrics to ensure 
a comprehensive evaluation. For backtesting, standard classification metrics are used, 
including the confusion matrix, accuracy, precision, recall, and F1-score. Financial
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Fig. 3 Retrieval-augmented generation for financial event analysis. Source Authors

performance is measured through key metrics such as the Sharpe ratio and Sortino 
ratio to evaluate risk-adjusted returns, along with profit and loss (P&L) analysis and 
drawdown statistics to capture portfolio performance and risk exposure. 

2.6 Results and Analysis

. Performance Evaluation: Compare the hybrid model’s performance against 
baselines. Highlight improvements in predictive accuracy, risk-adjusted returns, 
and adaptability to different market conditions.

. Sensitivity and Robustness Analysis: Conduct sensitivity analysis to under-
stand how variations in textual data quality or numerical inputs affect the model’s 
performance. Test the model’s robustness by simulating scenarios with noisy or 
incomplete data.
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3 Results and Findings 

3.1 Results and Analysis 

From the confusion matrix, it is evident that while the model’s precision is not very 
high, the trading strategy remains effective due to the 2% threshold for generating 
signals. Even in cases of false positives, if the magnitude of the stock’s movement 
exceeds the transaction cost of 1%, the trade can still yield a profit. This highlights 
the practical utility of the model despite its precision limitations, as it focuses on 
capturing significant market movements. 

Accuracy 0.986 True positives 32 Sharpe ratio 0.623 

Precision 0.533 True negatives 3659 Sortino ratio 1.787 

Recall 0.571 False positives 28 Cum. profit 
and loss 

+151.16% 

F1-score 0.552 False negatives 24 Maximum 
drawdown 

−3.85% 

The simulated trading gains may not fully reflect the actual performance of the 
strategy due to the presence of certain forward-looking biases. In this proof of 
concept, a 20-min trading window is introduced to ensure that the fine-tuned model 
captures price changes driven solely by the news and associated metrics. However, 
implementing a buy/sell strategy that establishes positions 10 min before a triggering 
event is unrealistic in real-life scenarios. In practice, significant price jumps often 
result from short-term extreme events, which cannot be anticipated with perfect 
timing. 

In Sect. 3.2, we will conduct a simulation using delayed entering of 1 min after 
the triggering event (Fig. 4).

3.2 Delayed Execution 

In the previous sections, we set the trading window to 10 min before and after the 
triggering events to demonstrate that the fine-tuned LLM can capture the price impact 
of such events. However, this approach introduces a degree of forward-looking bias, 
as in real-world scenarios, trade cannot be executed prior to uncertain triggering 
events (Fig. 5).

From Fig. 6, we observe that the profit increases as the trading window is extended, 
likely due to the current limited adoption of LLM-driven trading, which requires 
human traders time to react.

Additionally, a lower signal generation threshold typically yields higher profits 
despite reduced precision, as evidenced by the highest return scenario of + 206.87%, 
which achieved a precision of only 0.785. This is likely because, while the fine-tuned
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Fig. 4 Change in portfolio worth (%) driven by news and earnings call. Source Authors

model may not predict the exact magnitude of price movements, it accurately captures 
trends, leading to more frequent trade at lower thresholds. 

3.3 Cross Comparison of Llama and GPT 

Llama 3.2 excels in domain-specific tasks with optimized parameters, while GPT-
4o-mini offers broader generalization and cost-efficiency, highlighting task-specific 
trade-offs [5]. 

Two models—LlaMA 3.2 3B and GPT-4o mini—were fine-tuned for 1,600 steps 
each. Figure 7 presents the comparative results.

The results show that even the lowest performing fine-tuned model from OpenAI, 
GPT-4o-mini, trained with 90% fewer steps, still outperforms the Llama 3.2 3B 
model in profitability under the scenario where the threshold is 0.5, trades start at 
+ 1 min, and positions close at + 31 min.
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Fig. 5 Horizontal comparison of different trading timings. Source Authors

3.4 Other Experiments 

Pre-trained models (Llama 3.2 3B) 

Pre-trained models exhibit limitations in accurately understanding content and 
adhering to specific instructions. Despite being explicitly tasked with generating a 
2-decimal numerical output, these models often produce irrelevant or non-numerical 
responses, likely due to their tendency to overgeneralize and elaborate on the provided 
input (Figs. 8 and 9).
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Fig. 6 Frequency distribution of percentage price changes across different trading windows. Source 
Authors

Excluding earnings call transcripts 

Relying solely on news as the triggering event reduces accumulated returns, yielding 
+ 126.13% compared to + 151.16% reported in Sect. 3.1. 

Accuracy 0.987 True positives 29 Sharpe ratio 0.568 

Precision 0.569 True negatives 3666 Sortino ratio 1.188 

Recall 0.527 False positives 22 Cum. profit 
and loss 

+126.13% 

F1-score 0.547 False negatives 26 Maximum 
drawdown 

−6.83% 

3.5 Penetration Effects Driving Price Movement on NVDA 

Since the selected companies are correlated with NVDA, we are investigating 
whether trading NVDA based on news announcements of individual stocks is 
feasible—specifically, if these announcements significantly impact NVDA’s price. 
However, our analysis of the frequency of 3% price movements in NVDA induced 
by these stocks revealed no strong alignment with their correlation coefficients. This
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Fig. 7 Comparative performance of the LlaMA 3.2 3B and GPT-4o mini models after 1,600 fine-
tuning steps Source Authors

is reasonable, as correlation coefficients measure long-term pairwise movements and 
do not account for sudden surges in individual stocks. Additionally, if a trader holds 
significant positions in both the individual stock and NVDA, capital shifts between 
them could trigger opposing price movements in NVDA (Fig. 10).
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Fig. 8 Output of a pre-trained model compared to actual percentage change. Source Authors 

Fig. 9 Change in portfolio worth driven by news-triggered signals only. Source Authors

4 Future Improvement 

This is a proof of concept, and the data depth and time horizon can be further adjusted. 
With these modifications, the streamlined approach can be implemented in real-life 
scenarios.
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Fig. 10 Correlation coefficient with NVDA does not imply that news from other stocks directly 
affects NVDA price change in short term. Source Authors

4.1 Higher Quality Data 

We are currently working with 1.5 years of data but plan to extend the time span 
and include broader, high-quality news sources for fine-tuning. Future improvements 
will also incorporate additional trading information as well as covering more social 
media (e.g., Twitter) to enhance signal accuracy. 

4.2 Integration of Additional Quantitative Models 

Surprise data can be quantified and incorporated into existing quantitative trading 
models, such as XGBoost, Random Forests, or neural networks. This integration can 
create a more comprehensive model and improve predictive accuracy. 

4.3 Trading Strategy 

We are currently implementing a simple buy or sell strategy within a certain time 
span. In the future, we can introduce the time span as well as the trading signal 
generating threshold as variables and incorporate derivatives, such as option prices, 
to enhance the model’s capability for generating real-time trading signals.
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5 Conclusion 

In this study, we explored the potential of integrating financial news and earnings 
transcripts into quantitative trading models using fine-tuned language models. By 
implementing a robust backtesting framework and incorporating key evaluation 
metrics, we assessed the effectiveness of our approach in generating accurate trading 
signals. While limitations such as forward-looking bias and data constraints remain, 
our framework demonstrates the feasibility of leveraging hybrid models to predict 
market movements within short time spans. Future enhancements, including broader 
datasets, advanced technical indicators, and the inclusion of derivatives, can further 
improve the model’s accuracy and responsiveness, making it a valuable tool for 
real-time trading strategies. 
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1 Introduction 

The rise of large language models (LLMs) has brought about a new era in artifi-
cial intelligence, transforming how we address complex challenges across various 
domains [ 1]. With its intricate decision-making processes, vast amounts of hetero-
geneous data, and high-stakes outcomes, the financial industry is especially ready 
for transformation through LLM-based solutions. 

Finance has always been a data-centric domain. Professionals navigate through 
structured datasets like stock prices and economic indicators, as well as unstructured 
sources such as earnings reports, regulatory texts, and customer inquiries. This infor-
mation’s sheer scale and diversity make extracting meaningful insights an arduous 
task, traditionally reliant on human expertise and specialized tools. Imagine financial 
data as an orchestra with various instruments—text, numbers, charts, audio—each 
needing special attention from expert “musicians.” Historically, integrating these var-
ied data forms into cohesive insights has been labor intensive and disjointed. LLMs 
can act as the conductor of this orchestra, harmonizing the entire ensemble into a 
cohesive performance and producing insights that were previously difficult to obtain. 

Advancements in AI, exponential growth in data availability, and increasing 
demand for actionable insights have created an ideal environment for LLM adop-
tion in finance. As companies face mounting regulations, unpredictable markets, and 
rising customer expectations, LLMs’ ability to adapt, learn, and deliver value has 
become more critical than ever. For instance, in regulatory compliance—a constant 
challenge for financial institutions—regulations are often conveyed in lengthy, com-
plex legal texts, necessitating hours of meticulous review by compliance teams. LLMs 
can parse and summarize these texts, flagging critical elements and inconsistencies, 
thereby accelerating human workflows and reducing the risk of oversight. Similarly, 
in the realm of investment strategies, LLMs assist by synthesizing market sentiment 
from vast datasets, identifying trends, and even generating actionable investment 
theses [ 2]. These examples underscore the transformational potential of LLMs in 
the financial sector. They automate repetitive tasks and augment human decision-
making, bridging gaps in efficiency and capability. The confluence of technological 
advancements and industry needs positions LLMs as pivotal tools in reshaping the 
financial landscape. 

This chapter invites readers to explore the synergy between finance and LLMs 
through detailed analyses and practical examples. We delve into LLMs’ architec-
ture, training methodologies, and data optimization techniques, focusing on those 
specialized for financial applications. By breaking down LLMs from multiple 
perspectives—including their training, architecture, datasets, and size—we aim to 
illuminate their working mechanisms and transformative potential in finance. Specif-
ically, we begin by discussing the ongoing digital transformation within finance, the 
types of financial data that LLMs handle, and the specific roles LLMs play in the 
industry. We then explore LLMs specialized for financial usage, detailing their con-
struction, fine-tuning methodologies and data optimization techniques. Finally, we 
examine practical applications of financial LLMs, such as retrieval-augmented gen-
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eration (RAG) [ 3] for real-time insights and multimodal integrations that combine 
text with other financial data formats like time series and multimedia. 

This chapter aims to foster innovation and redefine the future of financial services 
by bridging the gap between cutting-edge AI technology and financial practice. We 
invite you to engage with the material, consider the possibilities, and envision how 
LLMs can be leveraged to drive efficiency, insight, and competitive advantage in the 
financial industry. 

2 The Financial Sector and LLMs 

This chapter explores the increasing role of LLMs within the rapidly evolving finan-
cial sector. As the industry undergoes a sweeping digital transformation, financial 
institutions leverage unprecedented volumes of data to enhance decision-making, 
improve customer experiences, and identify new opportunities. Against this back-
drop, LLMs have emerged as powerful tools capable of automating traditionally 
human-driven analytical tasks, thus reshaping operational paradigms across mobile 
banking, online payments, and digital assets, leading to substantial improvements 
in customer experience and operational efficiency [ 4, 5]. This chapter examines the 
digital shift in the financial industry, then outlines the nature of financial data and 
the tasks it enables, and finally discusses how LLMs are being integrated to tackle 
these tasks with growing sophistication. 

2.1 Digital Transformation of the Financial Industry 

The financial sector has historically been at the forefront of innovation, as its out-
comes are closely tied to profitability, making it highly sensitive to even subtle 
changes in economic conditions. It has consistently introduced new products, ser-
vices, and regulatory frameworks in response to shifting economic landscapes. Pre-
viously, financial services relied heavily on paper-based documentation, manual 
recordkeeping, and face-to-face client consultations. Over the last few decades, how-
ever, the industry has steadily adopted digital technologies—ranging from online 
banking portals and electronic trading platforms to real-time risk management 
systems—profoundly [ 6] changing how these services are delivered and consumed. 

This digital transformation has accelerated in recent years, propelled by 
widespread high-speed Internet access, the proliferation of mobile devices, and the 
diversification of financial offerings. Complex computational models, algorithmic 
trading tools, and advanced risk assessment techniques now form integral parts of 
everyday financial operations. As a result, the financial ecosystem generates enor-
mous volumes of structured and unstructured data, including transactional records, 
client communications, regulatory filings, social media commentary, and detailed 
market analytics.
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Until recently, making effective use of this varied and complex information for 
strategic decision-making had almost exclusively required extensive domain exper-
tise in areas such as economics, corporate finance, and market analysis. Without 
advanced AI solutions, this expertise-driven approach was the primary method for 
extracting meaningful insights. As the industry continues to evolve, however, emerg-
ing AI tools, including LLMs, are poised to enhance and streamline these processes, 
amplifying the capabilities of financial experts and transforming how data-driven 
insights are generated. 

2.2 Types and Characteristics of Financial Data and Tasks 

As the financial industry’s digital landscape expands, so does the variety and com-
plexity of the data it generates. Understanding the types of information available and 
the tasks they enable is critical for recognizing how LLMs can be applied effectively. 
Historically, such data-driven activities relied on the skills and judgment of finance 
professionals, but with LLMs becoming more accessible and sophisticated, these 
processes are increasingly ripe for automation and augmentation. 

Financial Data 
Financial data today encompasses a broad spectrum, ranging from cleanly structured 
numerical feeds to more complex, unstructured textual sources. Common categories 
include [ 7] 

1. Market Data: Prices, trading volumes, volatility measures, and yield curves are 
central to activities like trading, market making, and portfolio management. These 
streams are often updated at high frequencies, requiring robust real-time ingestion 
and analysis systems. 

2. Fundamental Data: Corporate filings such as annual reports, earnings state-
ments, and regulatory disclosures provide insights into a company’s performance, 
capital structure, and risk profile. This data type underpins fundamental analysis, 
credit risk assessment, and valuations. 

3. Transactional and Behavioral Data: Payment records, loan applications, credit 
card usage patterns, and insurance claims offer detailed perspectives on consumer 
behavior and financial health. Such data informs credit scoring, fraud detection, 
customer segmentation, and targeted marketing. 

4. Sentiment and News Data: Unstructured sources—including news articles, ana-
lyst reports, social media posts, and central bank announcements—provide con-
text for market events and investor sentiment. While notoriously challenging to 
process at scale, these sources can influence trading strategies, guide portfolio 
rebalancing, and help institutions anticipate regulatory changes. 

Financial Tasks
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The sheer volume and diversity of financial data have given rise to numerous tasks [ 8] 
aimed at extracting actionable insights. These tasks traditionally required domain 
specialists equipped with advanced quantitative skills and deep sector knowledge: 

1. Risk Management and Compliance: Assessing creditworthiness, evaluating 
market and liquidity risks, and ensuring adherence to regulatory standards demand 
a nuanced understanding of complex data. Regulatory changes or newly disclosed 
information often require manual review by experts, who interpret and apply rules 
to maintain compliance. 

2. Portfolio Construction and Investment Analysis: Analysts must integrate mar-
ket data, economic indicators, and corporate fundamentals to identify promising 
investment opportunities. They then construct portfolios aligned with specific 
objectives, risk tolerances, and market conditions, adjusting allocations as cir-
cumstances evolve. 

3. Trading and Market Forecasting: High-frequency traders and long-term 
investors rely on accurate market forecasts. Complex models draw from his-
torical price patterns, macroeconomic indicators, and real-time sentiment data. 
Before advanced AI tools, these forecasts typically rested on human intuition 
supplemented by statistical models. 

4. Customer Engagement and Personalization: Financial institutions strive to 
offer personalized advice, products, and services. This customization relies on 
analyzing individual transaction histories, credit behaviors, and communications, 
which is traditionally a labor-intensive process driven by human relationship man-
agers and marketing teams. 

5. Fraud Detection and Cybersecurity: Protecting consumers and institutions from 
fraudulent activities requires constant vigilance. Analysts or dedicated fraud teams 
have historically monitored transaction flows, user activities, and unusual behav-
ioral patterns, identifying anomalies through extensive domain know-how. 

2.3 LLMs and Finance 

Until the advent of robust AI solutions, carrying out these tasks depended heavily 
on human expertise, lengthy documentation reviews, and manual cross-referencing 
of multiple data sources. Finance professionals often combine their understanding 
of economic theory and market structure with firm-specific knowledge and industry 
best practices [ 9]. This approach, while effective, is time-consuming, labor intensive, 
and prone to human error, prompting an ongoing search for methods to automate, 
scale, and refine these essential activities. 

LLMs have entered this landscape as powerful tools capable of processing both 
structured and unstructured information at unprecedented scales. By interpreting 
text, summarizing lengthy documents, and extracting key insights, LLMs offer new 
avenues for efficiency and accuracy in tasks that were once the sole domain of human 
experts. In risk management, for example, LLMs can swiftly review thousands of
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Fig. 1 Diagram illustrating the structure of an RNN (a) and the self-attention block of a 
Transformer (b)  [  11, 12] 

regulatory filings, flagging relevant changes for compliance officers to consider. 
These models can synthesize market reports, earnings calls, and analyst opinions 
for investment analysis, providing a quick overview of complex scenarios. In cus-
tomer engagement, LLMs enable more sophisticated chatbots and recommendation 
systems that help clients navigate products and services with intuitive, conversa-
tional interactions [ 10]. Similarly, LLM-driven fraud detection systems can detect 
subtle linguistic cues and anomalies in transaction logs, enhancing early warning 
capabilities. 

By lowering the cost and time associated with data interpretation, LLMs do more 
than just replicate human-level analysis; they augment it. Financial experts are freed 
from routine tasks, allowing them to focus on strategic decision-making, critical 
interpretation, and scenario planning. As LLMs continue to evolve, they promise to 
make financial institutions more agile, informed, and customer-centric, redefining 
future financial professionals’ skill sets and value propositions (Fig. 1). 

3 Brief Introduction to LLM 

LLMs are increasingly being adopted in the financial industry, where they assist with 
tasks like analyzing market sentiment, automating report generation, and enhancing 
customer interactions [ 13]. Their ability to process large volumes of textual data with 
accuracy and contextual understanding makes them valuable tools for navigating 
the complexities of financial language. While their success is often attributed to 
breakthroughs in architectures like the Transformer [ 14], the training methodologies 
also play a critical role in their performance. Key processes such as pre-training on 
large datasets and post-training on domain-specific data ensure these models can
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handle the complexities of financial language. In this chapter, we will explore the 
general architecture of LLM (i.e., Transformer), the development of finance-specific 
Pre-trained Language Models (PLMs), and the importance of post-training methods. 

3.1 Transformer 

The Transformer architecture, introduced in 2017, revolutionized Natural Language 
Processing (NLP) by addressing limitations in previous models (e.g., RNNs [ 15] and 
LSTMs [ 16]). By processing all words in a text simultaneously rather than sequen-
tially, the Transformer is faster and better suited to analyzing complex documents. 

What Makes the Transformer Special? 
Several key features set the Transformer apart from earlier models, making it partic-
ularly powerful: 

1. Self-Attention (Attention) 
Self-attention allows the Transformer to understand how different words in a 
sentence relate to each other, regardless of their position. For example, in “The 
weather today is sunny, and it’s perfect for a picnic,” the model understands that 
“it” refers to “the weather.” This capability ensures deeper comprehension of text 
by focusing on relevant relationships. 

2. Multi-Head Attention 
With multi-head attention, the model can analyze text from multiple perspectives 
simultaneously. This feature enables it to recognize both fine-grained details, like 
identifying named entities, and broader patterns, such as understanding the tone 
of a conversation. 

3. Positional Encoding 
Since the Transformer processes words in parallel rather than sequentially, posi-
tional encoding retains the order of words. It is crucial for understanding sentences 
where meaning depends on word sequence, such as “The cat chased the mouse” 
versus “The mouse chased the cat.” 

These features allow the Transformer to excel in core NLP tasks like machine 
translation, text summarization, and sentiment analysis, offering unprecedented accu-
racy and efficiency (Fig. 2). 

How These Advantages Translate to Finance? 
The strengths of the Transformer in NLP also benefit financial applications by 
enabling better analysis of complex language and large datasets: 

1. Understanding Context: Self-attention helps models identify relationships in 
financial texts, such as linking earnings results to market trends.
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Fig. 2 Visualization of self-attention and multi-head attention results [ 14, 17] 

2. Identifying Key Patterns: Multi-head attention allows models to detect trends 
or anomalies, such as correlating news sentiment with stock movements. 

3. Preserving Order: Positional encoding ensures accurate interpretation of sequen-
tial data, like transaction histories or market updates. 

While the Transformer’s design was not created specifically for finance, its gen-
eral strengths in processing complex language and context make it a powerful tool. 
Models like FinBERT [ 18], which adapt the Transformer for financial tasks, have 
demonstrated its ability to effectively tackle the unique challenges of financial lan-
guage. 

3.2 Finance PLM (Pre-trained Language Model) 

The Transformer architecture has proven transformative for NLP tasks, enabling 
models to capture complex patterns and contextual relationships in textual data. 
Finance-specific Pre-trained Language Models (PLMs) leverage the same architec-
ture (i.e., Transformer), adapting it to meet the challenges of finance. By fine-tuning 
the Transformer’s capabilities, PLMs can address the nuanced demands of finan-
cial NLP tasks, including sentiment analysis, entity recognition, and text classifica-
tion. These PLMs share an identical architecture and pre-training methodology with 
LLMs, differing primarily in scale. Despite their smaller size, PLMs have played a 
critical role in bridging the gap between general-purpose NLP tools and the special-
ized needs of the financial industry. 

How Do We Pre-train LM? 
Pre-training is a foundational step in building a language model, enabling it to learn 
patterns, semantics, and relationships from large volumes of text. The core idea 
behind pre-training is rooted in “distributed semantics,” which assumes that the 
meaning of a word can be inferred from its surrounding words. This principle allows
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language models to predict missing or related words and develop a deep understand-
ing of context. One of the most effective and widely used pre-training tasks is Masked 
Language Modeling (MLM), as introduced in models like BERT [19]. MLM involves 
masking random words in sentences and training the model to predict the masked 
words based on their context. For example, in the sentence “The company’s [MASK] 
rose by 15%,” the model learns to predict “profit.” MLM helps the model capture 
bidirectional context, a critical feature for tasks requiring nuanced understanding. 

Models are typically trained on large text corpora. For general-purpose mod-
els, this includes diverse datasets such as books and encyclopedias. Finance-specific 
PLMs, like FinBERT, focus on financial texts, such as news articles, earnings reports, 
and regulatory documents, to adapt the model to domain-specific language and ter-
minology. By leveraging BERT’s foundational methods, Finance PLMs overcome 
the challenges of domain-specific language, such as jargon and complex structures. 
The next section will explore Finance LLMs, building on these foundations to scale 
up capabilities for broader and more complex financial applications. 

FinBERT-series 
FinBERT is a model that applies these characteristics of BERT to the financial 
domain. Both FinBERT-19 and FinBERT-20 are specialized in finance sentiment 
analysis but differ in their pre-training approaches. FinBERT-19 initializes its weight 
with a BERT model pre-trained on a general corpus, followed by further pre-
training on a financial-domain corpus. The model is then fine-tuned on a financial-
domain-specific corpus to specialize in financial sentiment analysis [ 18]. In contrast, 
FinBERT-20 is pre-trained on a financial communication corpus from scratch and 
then undergoes fine-tuning. FinBERT outperforms typical BERT in financial senti-
ment analysis tasks [ 20]. FinBERT-21, on the other hand, is designed for financial 
text mining. It adopts a mixed domain pre-training approach, which sits between 
continuous pre-training and financial-domain-specific pre-training from scratch. The 
model gains expertise in financial knowledge by utilizing both general-domain- and 
financial-domain-specific corpora during pre-training, while retaining a broad under-
standing of general semantic information [ 21]. 

FLANG (Financial LANGuage) 
Google’s model ELECTRA adopts Replaced Token Detection (RTD) [ 22] as its 
training objective instead of the typical Masked Language Modeling (MLM). RTD 
involves replacing certain tokens with plausible tokens generated by a generator (sim-
ilar to masking) and then training a discriminator to predict whether a given token has 
been replaced or not. This process creates a competitive learning between the gener-
ator and the discriminator. FLANG applies the RTD training objective to the finan-
cial domain. FLANG trains the discriminator to predict whether these tokens have 
been replaced by using financial keywords and phrases as the replacement tokens. 
This process enables the model to learn finance-specific word representations. The 
study about FLANG also introduced five financial NLP benchmark tasks collectively 
named Financial Language Understanding Evaluation (FLUE). FLUE includes tasks 
such as Sentiment Analysis, Headline Text Classification, Named Entity Recogni-
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tion, Structure Boundary Detection, and Question Answering. FLANG has demon-
strated its utility by outperforming typical BERT and ELECTRA models on these 
benchmarks [ 23]. 

So far, we have explored Finance PLMs before the advent of Finance LLMs. 
Although smaller in scale compared to LLMs, Finance PLMs have leveraged the 
characteristics of NLP domain models to capture the trends and complexities of the 
vast and intricate financial domain, contributing to tasks such as financial sentiment 
analysis and financial text mining. Section 4 will delve into Finance LLMs, discussing 
their necessity and utility in greater detail. 

3.3 Post-training 

Post-training is the process of refining a language model after its initial training to 
make it better suited for specific tasks or more aligned with user needs. Imagine 
a language model as a well-educated person with a broad understanding of many 
topics. Post-training is like giving them extra training in a particular profession, such 
as finance, to ensure they excel in their job. This step is critical in turning a general-
purpose model into a highly effective tool for specialized domains like financial 
analysis. In simple terms, post-training fine-tunes a pre-trained model by teaching it 
specific skills. The initial pre-training phase equips the model with general language 
understanding, but post-training ensures it becomes an expert in a particular field. 
This is achieved by showing the model examples of how to solve specific problems 
or follow particular instructions. 

Supervised Fine-Tuning (SFT) is a technique that fine-tunes a model in a super-
vised fashion using input and ground-truth answer pairs for a specific task. Instruc-
tion Fine-Tuning (IFT) is similar to SFT but involves instructions in the dataset. For 
instance, consider the task of financial sentiment analysis. Labeled data structured 
in the format “input: [statement about the financial situation], label: [positive/neu-
tral/negative]” is fed into the model and makes the model predict the label for a 
given input. In the case of IFT, instructions are given which can directly accelerate 
the performance and controllability of the response. For example:

. (In the case of IFT) Instruction: “What is the sentiment of this news? Please choose 
an answer from positive/neutral/negative.”

. Input: “The company reported a significant increase in its quarterly profits.”Label: 
positive.

. Input:“The company’s revenue fell short of expectations, leading to a sharp decline 
in its stock price.” 
Label: negative. 

The model is fine-tuned to predict the corresponding label based on the given 
instruction and input. 

Reinforcement Learning with Human Feedback (RLHF) [ 24, 25]  trains  a  
model to generate responses aligned with human preferences by utilizing reinforce-
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Fig. 3 Illustration of RLHF process 

ment learning and human feedback. Unlike typical machine learning or deep learning 
algorithms, reinforcement learning involves an agent and an environment interacting 
during the learning process. The main goal of reinforcement learning is to enable 
the agent to learn a policy—a set of actions—that maximizes rewards in a given 
environment (Fig. 3). 

For example, imagine an office worker starting to invest in stocks. The worker 
might have various questions about how to buy and sell stocks or how to invest 
successfully. To find answers, he consulted both a stock market expert and a friend 
who had been investing for just a year. Naturally, the expert’s answers, which are 
more professional and effective regarding market trends and strategies, would take 
precedence over the friend’s advice. The worker would likely highlight the expert’s 
advice in his investment notebook, prioritizing it over the friend’s. 

From an RLHF perspective, the worker’s notebook acts as a trained reward model 
that assigns higher rewards to the expert’s responses compared to the friend’s. When 
the worker starts buying and selling stocks, he would follow the expert’s advice 
from the notebook, learning how to act can maximize the profit in various situations. 
Eventually, he could achieve significant profits. Here, let’s consider the worker as a 
language model and worker’s behavior as the language model’s output. This process 
mirrors how a reward model assigns rewards to language model’s outputs. If the 
reward is low, the model avoids those outputs, and if the reward is high, it generates 
similar outputs by adjusting its parameters accordingly. RLHF trains a model to align 
with human preferences by learning what responses maximize rewards in various 
financial situations. It ensures the model’s outputs align with real human preferences 
and market dynamics as closely as possible. 

To summarize, these post-training methods are valuable tools for significantly 
improving a model’s alignment and performance within specific domains.
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3.4 Emergent Abilities—The Secret Behind Scaling 

Many people might have wondered, seeing the rise of recent Large Language Models 
(LLMs), why the size of these models continues to grow. The simple answer is that as 
the size of a model increases, its ability to understand and generate language improves 
significantly. In other words, as language models grow larger, they do more than just 
incrementally enhance in performance—they begin to exhibit emergent abilities [ 1] 
that were not present in smaller models. These abilities represent surprising skills 
that arise once the model surpasses a certain size threshold, transforming LLMs into 
invaluable tools across various domains. 

One domain where the transformative power of LLMs is becoming increasingly 
evident is finance. In the financial sector, Natural Language Processing (NLP) tech-
niques are actively being applied to tasks such as sentiment analysis, question answer-
ing, and stock market prediction. A representative example is BloombergGPT [ 26]. 
BloombergGPT, a type of LLM trained with 50 billion parameters, combines 345 
billion tokens of general-domain data and 363 billion tokens of financial-domain 
data. Compared to traditional Language Models (LMs), it has achieved outstanding 
performance in financial data analysis and NLP tasks. 

In addition, models such as FinMA [ 27], InvestLM [ 28], and FinGPT [ 29]  have  
demonstrated excellent performance in the financial domain by leveraging LLM-
based models that exhibit emergent abilities.

What Are Emergent Abilities? 
Emergent abilities are capabilities that develop spontaneously in larger models, even 
though these models were not explicitly trained for those tasks. According to a study 
by Brown et al. [ 1], they are defined as the model’s ability to perform tasks for which 
it was not explicitly trained. While such abilities are not observed in smaller models, 
they suddenly emerge in larger models. 

This phenomenon can be compared to a person suddenly discovering a talent 
after mastering the basics of a skill. For instance, a larger language model may unex-
pectedly gain the ability to perform tasks like logical reasoning or following com-
plex instructions—capabilities that smaller models cannot achieve effectively. This 
demonstrates how scaling up model size and training data leads to the spontaneous 
development of advanced skills, further enhancing the versatility and performance 
of large language models. 

In-context Learning (ICL) 
In-Context Learning (ICL) allows the model to learn and adapt to a task by observing 
examples provided within the prompt without requiring additional fine-tuning. For 
instance, if a user gives a few examples of how to classify financial news as “positive” 
or “negative,” the model can quickly generalize and apply this classification to new 
data within the same interaction. 

The central concept of ICL is to enable learning by drawing analogies. ICL uti-
lizes a prompt context consisting of a few examples written in natural language 
templates. Subsequently, the question is combined with the prompt context to form
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the input, which is then fed into the language model to generate predictions. Unlike 
supervised learning, this process does not involve updating the model’s parameters; 
instead, the model identifies patterns from the given examples and predicts the results 
accordingly. 

ICL provides an intuitive and interpretable interface between humans and lan-
guage models by leveraging example-based learning [ 1]. It has gained attention 
for effectively incorporating human knowledge into models simply by modifying 
prompts and templates [ 30, 31]. Additionally, ICL operates like human analogy-
based learning processes [ 32] and functions as a training-free framework that adapts 
to new tasks without requiring additional training stages. This approach reduces com-
putational costs and allows easy application to large-scale, real-world tasks [ 33]. 

In complex tasks such as Relation Extraction (RE) [ 34], ICL has demonstrated 
performance comparable to, or even better than, traditional supervised learning mod-
els with only a few examples. For instance, in the financial domain, ICL-based RE 
can accurately extract and classify relationships between entities from unstructured 
data, such as news articles, corporate earnings reports, and regulatory filings. This 
approach is highly efficient as it allows the rapid integration of domain-specific 
knowledge while reducing the computational cost of processing large-scale data. 
Moreover, providing more relevant examples in the prompt context can further 
improve the model’s performance and help mitigate unnecessary hallucinations [ 35] 
during predictions. Therefore, in specialized fields such as the financial domain, ICL 
offers a flexible and intuitive solution with the potential for practical application in 
various real-world tasks. 

Prompt Engineering 
This refers to the model’s ability to respond effectively to tailored instructions or 
queries. By crafting a well-structured prompt, users can guide the model to gener-
ate concrete outputs. For example, asking, “Summarize this earnings report in one 
paragraph for investors”, can yield a concise and relevant summary. 

This capability highlights the importance of prompt engineering. By utilizing 
task-specific instructions, known as prompts, prompt engineering enhances model 
efficiency without modifying its core parameters, similar to ICL. Instead of updating 
the model parameters, prompts guide the model’s behavior solely based on the given 
input, enabling the flexible integration of pre-trained models into various downstream 
tasks. The following methodologies are representative examples: 

1. Zero-Shot Prompting: Zero-shot prompting is a technique that represents a 
paradigm shift in utilizing LLMs, as it does not require extensive training data [36]. 
Instead, it uses prompts that only describe the task, guiding the model to perform 
new tasks. This approach provides no labeled input–output examples, but the 
model generates predictions for the new task by leveraging its pre-trained knowl-
edge. 

2. Few-Shot Prompting: Few-shot prompting involves providing a small number 
of input–output examples to help the model understand and perform the task, 
unlike zero-shot prompting, which includes no examples [ 1]. Even a few high-
quality examples can significantly improve the model’s performance on complex



72 Y. Chung et al.

Fig. 4 Various prompting techniques: zero-shot prompting (without sample), in-context learning 
(with samples), and CoT prompting (with samples and corresponding reasoning) [ 1, 31] 

tasks; however, including examples incurs additional token costs. Moreover, the 
selection and composition of examples in the prompt can significantly influence 
the model’s behavior, and the model may exhibit biases, such as a preference for 
frequently occurring words. 

3. Chain-of-Thought (CoT) Prompting: CoT prompting is a technique that guides 
large language models to follow a consistent and step-by-step process for solving 
complex reasoning problems [ 31]. This approach presents a logical reasoning 
chain within the prompt, helping the model break the problem into intermediate 
steps. For instance, when solving multi-step math problems, the reasoning process 
is divided into sequential steps to derive the final answer. This method effectively 
enables the model to generate more logical and structured responses. 

Through these methods, prompt engineering plays a key role in various tasks 
such as financial data analysis, risk management, report summarization, and senti-
ment analysis. For example, it can be applied to automatically summarize structured 
financial data into reports or analyze customer reviews and news articles to evalu-
ate market sentiment. Additionally, in risk management, carefully designed prompts 
enable the swift and accurate identification and assessment of risk factors for specific 
companies or industries (Fig. 4). 

4 LLMs in Financial Analysis 

4.1 Necessity for Building Financial LLMs 

General LLMs are not optimized for finance, so retraining is required to incorporate 
the economic knowledge that these models lack. Even in the case of ChatGPT [ 37], 
it does provide plausible answers to finance questions but cannot provide answers at
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the level of an expert. A general LLM can be likened to someone who has “studied 
finance” but lacks the ability to offer specialized answers or analysis. They have 
a basic finance understanding but cannot provide expert insights. However, if this 
person were to study finance diligently and for an extended period, they could become 
an expert, and we would then be able to trust the financial knowledge they possess. 
Similarly, if an LLM with a basic understanding of finance is trained with a large 
amount of economic knowledge, a highly reliable Financial LLM can be created. 
These Language Models in Finance are referred to as FinLLMs [ 38]. 

4.2 Major Finance LLMs 

FinLLMs can be broadly divided into two categories [ 38]: 

1. Mixed-Domain LLM with Prompt Engineering: This refers to cases where 
financial knowledge is imparted to the model by leveraging financial corpora 
during the pre-training phase. 

2. Instruction Fine-Tuned LLM with Prompt Engineering: This involves impart-
ing financial knowledge to the model through fine-tuning with instruction data. 

An example of the former is BloombergGPT [ 26], while an example of the latter 
is FinGPT [ 29]. 

Instruction fine-tuning, as explained in Sect. 3.3, is a technique that became possi-
ble as language models grew larger, and so is prompt engineering. Prompt engineer-
ing refers to strategies for adjusting prompts to improve the accuracy of a model’s 
responses. One example is the Chain-of-Thought (CoT) [ 31] method, which allows 
models to break down multi-step problems into intermediate steps, allocating addi-
tional computation to problems that require more reasoning. 

Using such tuning techniques, which can be applied to large models, FinLLMs 
optimized for the finance domain are created. 

BloombergGPT 
BloombergGPT [ 26] is a FinLLM that uses BLOOM (BigScience Large Open-
science Open-access Multilingual Language Model) [ 39] as its backbone model. 
It is pre-trained in financial corpora, particularly a proprietary dataset called FinPile, 
which is created from internal documents selected by Bloomberg analysts and exter-
nal documents. This high-quality dataset enables BloombergGPT to achieve superior 
performance and handle challenging and specific tasks. 

BloombergGPT excels in tasks such as the generation of Bloomberg Query Lan-
guage (BQL), suggesting news headlines, and answering financial questions. The 
generation of BQL involves converting natural language queries into BQL, a lan-
guage designed for querying and analyzing data on the Bloomberg platform. For 
instance, a query like “Tell me the last stock price of Apple” is translated into a BQL 
command like 

SELECT PX_LAST FROM AAPL US Equity WHERE FIELDS = ’LAST PRICE’
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Fig. 5 Testing the abilities of various LLMs, including BloombergGPT [ 26] 

allowing users to retrieve Apple’s latest stock price (PX_LAST) accurately and effi-
ciently. Stock price fluctuations can also be easily obtained by converting them into 
BQL language, which can complement LLM’s weakness in mathematical reason-
ing. Another noteworthy task is Financial Question Answering. BloombergGPT, 
trained on vast financial-domain-specific data, delivers highly accurate answers to 
finance-related queries. For example, it performs exceptionally well in identifying 
a company’s CEO. In a comparison presented in Fig. 5, BloombergGPT correctly 
identified CEOs, whereas GPT-NeoX failed, and FLAN-T5-XXL consistently pro-
duced unrelated results by ignoring the given company in the query. This highlights 
BloombergGPT’s ability to provide more accurate responses than general-purpose 
LLMs due to its extensive training in high-quality financial corpora. 

However, BloombergGPT has some limitations. With a model size of 50 bil-
lion parameters, the computational cost for training is extremely high. Additionally, 
restricted access to its dataset imposes barriers to further research and development, 
presenting a significant challenge for broader model advancements. 

FinGPT 
FinGPT [ 29] is an open-sourced and data-centric framework developed to address the 
limitations of BloombergGPT. Designed to integrate with various open-source LLMs 
of different sizes, FinGPT emphasizes data democratization in its research approach. 
The framework includes a Data Source Layer and a Data Engineering Layer in its 
pipeline (Fig. 6), ensuring that high-quality data is collected and curated for model 
training. This focus is essential because financial data is highly time-sensitive and 
exhibits a low Signal-to-Noise Ratio (SNR). For such data, filtering out irrelevant or 
noisy information is critical to selecting only the most valuable insights for training. 
FinGPT overcomes these challenges through techniques like prompt engineering and 
feature extraction, as illustrated in its architectural pipeline (Fig. 6). 

As of November 2024, FinGPT implementations are available on Hugging 
Face [ 40], leveraging several open-source LLMs such as Llama-2 (7B, 13B) [ 41], 
Falcon (7B) [ 42], MPT (7B) [ 43], and BLOOM (7B1) [ 39]. Using open-source LLMs 
enhances trust in the model by providing full access to the codebase. This openness 
accelerates research and enables the development of personalized models through 
fine-tuning.
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Fig. 6 FinGPT framework [ 29] 

Two key fine-tuning methods used in FinGPT are Low-Rank Adaptation 
(LoRA) [ 44] and Reinforcement Learning on Stock Prices (RLSP). LoRA is a 
Parameter-Efficient Fine-Tuning (PEFT) technique that updates only a small subset 
of parameters instead of retraining the entire model, making it an efficient approach 
for model tuning [ 45]. Details about LoRA are provided in Sect. 5.1. RLSP trains 
FinGPT by rewarding accurate stock price predictions and penalizing incorrect ones, 
helping the model improve iteratively. This mechanism is analogous to Reinforce-
ment Learning with Human Feedback (RLHF) used in ChatGPT but tailored for 
stock price prediction. 

Another fine-tuning method suggests three stages of Instruction Fine-Tuning 
(IFT) [ 46] as shown in Fig. 7. The first is Task-Specific Instruction Tuning, where 
the model is fine-tuned with instruction data specific to a particular task, such as sen-
timent analysis or stock price prediction, to create a model specialized for that task. 
The second is Multi-Task Instruction Tuning [ 48], which involves using instruction 
data from multiple domains simultaneously to enable the model to handle various 
tasks. Finally, the third is fine-tuning the model to provide high-quality responses 
with zero-shot prompting without additional explanation. This paradigm enhances 
adaptability to various financial datasets while enabling cost-effective and systematic 
benchmarking in task-specific, multi-task, and zero-shot instruction tuning tasks. 

Other Open-Source FinLLMs 
Other open-source financial LLMs include FinMA (or PIXIU) [ 27] and 
InvestLM [ 28]. FinMA utilizes two fine-tuned LLaMA models [ 49] (7B, 30B) as its 
backbone and has also developed an evaluation benchmark called FLARE (Financial 
Language Understanding And Prediction Evaluation Benchmark). FLARE includes 
financial prediction tasks such as stock movement prediction and credit scoring. 
InvestLM, on the other hand, employs LLaMA (65B) as its backbone model. In its
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Fig. 7 Overview of the proposed instruction tuning paradigm in FinGPT [ 47] 

research, InvestLM focuses on building its own instruction dataset, further enhancing 
the model’s ability to handle financial-specific tasks effectively (Table 1). 

In this way, research and development on FinLLMs that can obtain high-quality 
and accurate answers by specializing LLMs in finance are actively underway. LLMs 
that have undergone the pre-train or fine-tune introduced above can perform the work 
required in the field of finance more accurately than general LLMs. 

5 Challenges and Opportunities in Financial LLM 
Applications 

In the digital era, financial institutions and banks leverage LLMs to streamline 
decision-making processes and enhance customer satisfaction. In the financial sector, 
providing users with the most up-to-date information to support informed decision-
making is crucial. However, LLMs face certain limitations in this regard. Due to 
their size and complexity, LLMs need help to incorporate real-time information 
effectively. Additionally, as black-box models, their inner workings are not easily 
interpretable, raising concerns about explainability. Moreover, the high computa-
tional cost of running large models can make frequent use financially prohibitive for 
users. This chapter will explore how these challenges can be addressed and overcome 
across various sections. 

5.1 Reflecting Real-Time Data 

In finance analysis and finance-related AI services, incorporating the latest data and 
real-time updates (i.e., real-time fluctuations) is crucial. The financial environment 
constantly changes as news, social media posts, and other market-related informa-
tion flow every minute and second. However, due to the nature of LLMs, which
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Fig. 8 Estimated training cost and computation of selected AI models [ 50] 

generate responses based solely on pre-trained information, it is very challenging to 
incorporate the latest data in real time. 

If fine-tuning a pre-trained model can be done quickly (i.e., reducing computa-
tional costs), it would be possible to inject the latest data into the model relatively 
quickly. This is achieved through efficient parameter tuning and model compression. 

On the other hand, if LLMs could be directly connected to live social media feeds, 
news sites, or other frequently updated information sources, they would be able to 
provide users with the latest information. This technology is referred to as RAG [ 3]. 

Cost Issue 

AI services in finance are often implemented on edge devices, such as ATMs, mobile 
banking applications, and branch-embedded systems, where AI models are deployed. 
However, these devices face significant constraints in computational power and 
memory. Additionally, since edge devices directly interact with customers, the ser-
vices must operate quickly to provide a satisfactory user experience. Large language 
models (LLMs), with their billions of parameters, pose a challenge in resource-
constrained environments due to the difficulty of delivering fast results. Furthermore, 
deploying AI services on a wide scale must consider operational costs, which are 
inevitably high for LLMs due to their substantial computational resource require-
ments (Fig. 8). 

Reducing the model size while maintaining its performance can address these 
challenges. Smaller models can execute faster in resource-constrained environments 
and require less computational power for storage and processing, thereby lowering 
operational costs.
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The effectiveness of this approach can be illustrated with an example. The 
BloombergGPT [ 26] model is a leading AI model for financial natural language 
processing, but its development entails substantial investment. Training this model 
requires approximately 50 billion parameters and a dataset comprising 708 billion 
tokens, leading to significant computational costs. Moreover, continually retraining 
the model to reflect the evolving financial market becomes costly. 

However, a framework that addresses the challenges of BloombergGPT has been 
introduced: FINGPT [ 29]. This framework collects and utilizes financial data in real-
time while employing Low-Rank Adaptation (LoRA) [ 44] to significantly reduce 
the number of trainable parameters. Specifically, FINGPT gathers diverse financial 
data sources such as Financial News, Company Filings, Social Media Discussions, 
and Company Announcements to update the model continuously. 

By integrating LoRA for efficient updates, FINGPT reduces the number of train-
able parameters from 6 billion to just 3 million. This dramatic reduction alleviates the 
computational burden of retraining while ensuring that the model remains updated 
with the latest financial information, making it a cost-effective and resource-efficient 
solution for real-world applications in finance. 

To reduce computational costs in FINGPT, the method LoRA was applied. LoRA 
is a technique that learns downstream tasks by injecting low-rank decomposed matri-
ces into a pre-trained model. Specifically, it freezes the parameters of the pre-trained 
model and introduces low-rank decomposed matrices into each layer, which are then 
trained on task-specific information. Because only the low-rank matrices are trained, 
the number of parameters involved in training and the memory requirements are 
significantly reduced. Compared to fine-tuning the GPT-3 model with 175 billion 
parameters, LoRA reduces the number of trainable parameters by a factor of 10,000 
and decreases GPU memory requirements by threefold (Fig. 9). 

Fig. 9 LoRA’s concept [ 44]
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LoRA belongs to a broader class of techniques known as Efficient Parameter 
Tuning [ 45], which involves adding a small number of parameters to a language 
model and fine-tuning only these added parameters. Other methods in this category 
include Adapter Tuning [ 51] and Prefix Tuning [ 52]. These techniques enable tuning 
of a fraction of the parameters while achieving performance comparable to full fine-
tuning. This means fewer parameters need to be trained and stored, but the model’s 
overall performance remains intact. 

In addition to efficient parameter tuning, there are methods for model compression 
that achieve similar effects. While efficient parameter tuning focuses on reducing the 
parameters added for downstream tasks, model compression techniques aim to mini-
mize the size and memory requirements of the backbone model itself. Representative 
methods include quantization, pruning, and knowledge distillation. 

Quantization [ 53] reduces the number of bits needed to represent the trained 
parameters of a model. Memory usage and latency can be significantly decreased by 
converting weights stored as 32-bit or 16-bit floating-point numbers to 8-bit integers 
(INT8). 

Pruning reduces the model size by removing less important weights [ 54]. The 
general process involves [ 55] 

1. Assigning importance scores to weights. 
2. Comparing weights within groups. 
3. Removing weights with the lowest importance scores in each group. 

Early pruning methods required retraining or iterative processes, demanding sub-
stantial computational resources. However, recent advancements allow pruning in a 
single forward pass using calibration data, eliminating the need for repeated retrain-
ing. This streamlined approach effectively reduces model size while maintaining 
performance (Fig. 10). 

Knowledge distillation [ 56] transfers knowledge from a large model (the teacher 
network) to a smaller model (the student network) to enable the student model to 
achieve performance similar to the teacher model. The training process involves [ 57]

. Soft labeling: The teacher network generates soft labels, representing probability 
distributions over classes. These labels help the student network learn from the 
nuances of the teacher’s predictions.

. Loss function [ 58]: Metrics such as KL-divergence measure the output differences 
between the teacher and student, guiding the training process (Fig. 11). 

Fig. 10 Pruning’s concept [ 54]
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Fig. 11 Knowledge distillation’s concept [ 56] 

Let’s examine a study that applied knowledge distillation to financial time series 
forecasting tasks [ 57]. This study addressed the issue of training stability caused 
by noisy data in financial time series forecasting by utilizing an online distillation 
approach. 

In this method, the teacher network and student network are trained simultane-
ously in an online manner. The process involves the following steps: 

1. Teacher Network Ensemble: The teacher network ensemble is trained using exist-
ing labels, which inherently contain noise. 

2. Label Refinement: The ensemble extracts refined labels that mitigate the noise 
effect. 

3. Student Network Training: These refined labels are then used to train the student 
network. 

This approach effectively creates a smaller, noise-resilient model. 

Both efficient parameter tuning and model compression methods like quantiza-
tion, pruning, and distillation significantly reduce computational resource require-
ments. This reduction lowers operational costs and enhances the speed of AI services, 
delivering better user experiences. Continuous research in these areas is critical to 
developing advanced financial services. Applying novel methods to financial LLMs 
will remain essential for creating efficient and high-performing AI solutions. 

Retrieval-Augmented Generation (RAG) 

Retrieval-Augmented Generation (RAG) [ 3] introduces an information retrieval pro-
cess, which enhances the generation process by retrieving relevant objects from avail-
able data stores, leading to higher accuracy and better robustness [ 59]. In the case 
of LLMs, since they generate answers based on large pre-trained datasets, they can-
not know external domain-specific data, internal knowledge from an organization, 
or newly discovered knowledge. By using RAG, LLMs can access unseen data-
external knowledge that was not parameterized during pre-training—allowing them 
to generate answers with the latest information. Furthermore, while LLMs are black-
box models and cannot show which information was used or why a specific output 
was generated, RAG provides the advantage of checking which documents were 
retrieved and used. This approach helps address the black-box issue in the model’s 
decision-making process, thereby increasing the reliability of the generated results. 
Compared to fine-tuning to incorporate new data, RAG requires less time and cost to 
return relevant data, making it a more cost-effective and efficient approach (Fig. 12).
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Fig. 12 A representative instance of the RAG process applied to question answering [ 60] 

Fig. 13 Framework of retrieval-augmented large language model for financial sentiment analy-
sis [ 61] 

Let me introduce a framework that combines RAG with the previously discussed 
FinGPT [ 61]. They present a retrieval-augmented LLM framework specifically 
designed for financial sentiment analysis, optimizing information depth and context 
through external knowledge retrieval, thereby ensuring nuanced predictions [ 62]. 
The RAG structure in FinGPT follows a two-step knowledge retrieval process: 1. 
multi-source knowledge querying and 2. similarity-based retrieval (Fig. 13).
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Fig. 14 A showcase of RAG-instruction-tuned LLM [ 64] 

Before searching, it is crucial to distinguish the sources of the data, as the accuracy 
of the results greatly depends on where the data is retrieved from. The sources 
are categorized into news outlets like Bloomberg, Yahoo Finance, Reuters, CNBC, 
and Market Screener; renowned institutions like Goldman Sachs’ Marquee, Citi’s 
Velocity, and Seeking Alpha and social media platforms such as X (formerly Twitter) 
and Reddit. Now, the two-step knowledge retrieval process produces query results 
in two stages. 

In the first step, the multi-source knowledge querying phase, unnecessary content 
such as financial article headlines or tweets is filtered out based on the query. If the 
query includes time-related information, the search is restricted to that specific time 
range to improve the quality of the search. The search then returns a list of relevant 
context snippets from the identified financial sources. 

In the second step, the most relevant content from the results obtained in the first 
stage is filtered and extracted. Experimentally, only contexts with a similarity score of 
0.8 or higher are selected. To accurately search for key financial terms and catch subtle 
differences in specific financial terms, the Szymkiewicz–Simpson coefficient [ 63]  is  
used as the similarity measurement. This allows for a precise search, especially in 
financial news, where it is crucial to identify the correct stock tickers and financial 
terminology. As a result, the LLM can generate appropriate responses to the query 
using the retrieved context from the RAG mechanism (Fig. 14). 

For example, when given the sentence “Company A’s stock surged 15% after 
reporting record-breaking quarterly revenue,” the structure for determining whether 
the statement is positive or negative using RAG is shown. 

In this way, RAG allows for the incorporation of external knowledge to reflect 
the latest information. However, information retrieval is inherently flawed due to 
information loss in item representations and Approximate Nearest Neighbor (ANN) 
searches [ 59]. This is a fundamental limitation of RAG, meaning that irrelevant 
content or misleading information could be retrieved and returned. Therefore, even 
if RAG is used, it is not 100% reliable due to the intervention of various factors, so 
it should be kept in mind that some caution should be exercised when using it.
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5.2 Explainability 

As black-box models, LLMs lack transparency in how they generate results, making 
it difficult to understand the internal processes behind their outputs [ 4]. This charac-
teristic gives rise to explainability issues, where explainability refers to the ability to 
articulate the model’s outcomes in human-understandable terms [ 65]. 

In the financial sector, explainability issues raise significant concerns about using 
LLMs. Transparency in decision-making processes is crucial in this field, as incorrect 
decisions can lead to substantial financial losses. To address these concerns and 
facilitate the adoption of LLMs in finance, the integration of explainable AI (XAI) 
is essential. 

The necessity of explainable AI (XAI) can be clearly identified through regu-
latory requirements [ 65]. The Monetary Authority of Singapore (MAS) mandates 
adherence to the principles of Fairness, Ethics, Accountability, and Transparency 
(FEAT) in developing AI solutions. This emphasizes the importance of consider-
ing model transparency. Similarly, the European Union’s General Data Protection 
Regulation (GDPR) introduced a “right to explanation” in 2018. Under this law, indi-
viduals affected by automated decision-making solutions have the right to request 
an explanation of the results produced by the model. 

In line with these demands for explainable AI, related research in the financial 
sector has been actively pursued [ 65]. Key focus areas include credit evaluation, 
financial prediction, and financial analytics.

. Credit Evaluation: Research in this domain has addressed explainable AI for 
credit assessment, credit risk management, and credit scoring.

. Financial Prediction: Studies have focused on asset allocation, market condition 
forecasting, volatility forecasting, algorithmic trading, financial growth rate pre-
dictions, economic crisis forecasts, bankruptcy prediction, fraud detection, and 
mortgage default prediction.

. Financial Analytics: Research has explored explainable AI applications in finan-
cial text classification and the analysis of spending behavior. 

These efforts aim to enhance the transparency and reliability of AI systems used 
in finance, ensuring compliance with regulatory expectations and fostering trust in 
automated decision-making processes. 

Some detailed method for enhancing the interpretability of LLM include local 
explanation methods. As illustrated in Fig. 15, local explanation can be catego-
rized into four subareas that provide insights into how individual predictions are 
formed [ 66]: 

1. Attention-Based Visualization: For example, a bipartite graph can represent the 
attention weights at a particular transformer layer, illustrating how the model 
focuses on specific parts of input sentences (see [ 17]). 

2. Perturbation Experiments: Modifying an input question by removing certain 
words can paradoxically increase a model’s confidence in nonsensical answers, 
demonstrating how sensitive models are to small input changes (see [ 67]).
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Fig. 15 Overview of local explanation framework to enhance explainability of LLM [ 66] 

3. Attribution Methods: Techniques like Shapley values identify and quantify each 
input token’s contribution to a model’s predictions, making it clearer why certain 
outputs are generated (see [ 68]). 

4. Common-sense Reasoning and Model Robustness: Providing explanations for 
which parts of the input are most crucial helps the model justify its reasoning 
process. Further, testing the model with negative examples and imperceptible 
adversarial perturbations reveals its strengths, weaknesses, and susceptibility to 
shifts in input structure (see [ 69– 71]). 

Let us examine a specific study related to financial prediction [ 5]. This research 
focuses on predicting weekly and monthly returns of NASDAQ-100 stock prices 
using time series data while also generating explanations for the results. The study 
leverages the ability of large language models (LLMs) to produce natural language 
outputs, enabling the model to articulate its reasoning process. To achieve this, the 
researchers used GPT-4 [ 72], the state-of-the-art LLM at the time, combined with 
structured prompts. The prompt provided instructions on the task to be performed 
and included the data. Additionally, the phrase “Can you reason step by step before 
the finalized output?” was appended to the prompt, prompting the model to output 
both the results and the reasoning process. 

However, this study has limitations. Notably, it does not account for the potential 
issue of LLM hallucinations. Hallucination in LLMs refers to the phenomenon where 
the model generates incorrect information or presents non-existent facts as true. The 
evaluation in this study relies solely on automated text similarity metrics such as 
ROUGE [ 73] and BLEU [ 74], without addressing hallucination risks. Consequently, 
there is a possibility that the explanations generated for the reasoning process may 
not always be accurate, highlighting a critical limitation of the approach. 

As highlighted in the aforementioned study, the limitation of not evaluating hal-
lucinations in LLMs ties into a broader challenge [ 65]: the lack of suitable metrics
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Fig. 16 Learning performance versus explainability trade-off for several categories of learning 
techniques 

for assessing explanations in explainable AI (XAI). In other words, no universally 
accepted metric measures the quality of explanations generated by models. While 
some research has been conducted in this area, evaluation methods fall into two main 
categories: statistical evaluations and expert opinion-based evaluations.

. Statistical Evaluations: These involve quantitative measures like F1-score and 
accuracy. Although research into quantitative evaluation has been undertaken, it 
remains limited. Moreover, comparative studies across various XAI techniques 
are even rarer. This is because the models used by different techniques vary, and 
the structures of their explanations differ, making comparisons challenging.

. Expert Opinion-Based Evaluations: These rely on subjective assessments of 
what constitutes a “good” explanation. However, there is no consensus on appro-
priate metrics for expert evaluations. 

This highlights the need for more extensive research into establishing suitable 
metrics for evaluating explanations in XAI (Fig. 16). 

Another challenge [ 65] is the trade-off between performance and interpretability. 
It remains challenging to satisfy both criteria simultaneously. Current choices often 
involve sacrificing one for the other: for instance, opting for interpretable white-box 
models like decision trees at the expense of performance or using high-performance 
black-box models like GPTs [ 72, 75, 76] while compromising interpretability. How-
ever, the financial sector demands models that excel in both performance and inter-
pretability. Therefore, it is necessary to continue advancements in XAI research.
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6 Conclusion 

This chapter provides comprehensive exploration of how LLMs are revolutionizing 
the financial industry. It begins by addressing the challenges of managing diverse and 
complex financial data and ongoing digital transformation within financial domains. 
LLMs are presented as pivotal tools that not only automate repetitive tasks but also 
augment human decision-making by extracting actionable insights from massive 
datasets. The chapter delves into the underlying mechanisms of LLMs and their 
adaptations for financial applications, illustrating their versatility through domain-
specific models like BloombergGPT and FinGPT. These models demonstrate supe-
rior performance over general-purpose LLMs (or LMs) in specialized financial tasks 
like market forecasting. However, despite their impressive capabilities, LLMs face 
critical challenges, including high computational costs, insufficient interpretability, 
and difficulties in processing real-time data-factors, that are especially crucial in 
financial sector. To address these limitations, we thus discuss potential solutions for 
these challenges like Retrieval-Augmented Generation (RAG), model compression 
techniques (e.g., LoRA, quantization, pruning), and explainable AI frameworks to 
alleviate shortcomings of LLMs. In conclusion, this chapter underscores the transfor-
mative potential of LLMs in finance, emphasizing their ability to automate processes, 
enhance decision-making, and meet evolving industry demands. 
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Voluntary Sustainability Disclosure 
and Third-Party Assurance: A Large 
Language Model Perspective 

SoHyeon Kang and Sewon Kwon 

Abstract This chapter explores the influence of third-party assurance on the senti-
ment and subjectivity of corporate sustainability reports. As sustainability reporting 
grows in importance for corporate transparency and stakeholder engagement, the 
role of assurance—whether limited or reasonable and provided by audit or non-
audit firms—has become increasingly critical in shaping report narratives. Utilizing 
advanced sentiment analysis methodologies, including BERT-based models, we 
analyze the tonal qualities and factual content of sustainability reports. Findings indi-
cate that reports without assurance exhibit more positive sentiment, while those with 
limited or reasonable assurance reflect varying degrees of narrative objectivity and 
sentiment neutrality. Reports assured by audit firms tend to convey more neutral and 
comprehensive narratives, emphasizing factuality over subjective tones, compared to 
those assured by non-audit entities. This analysis contributes to the understanding of 
how assurance practices impact the perceived credibility and faithful representation 
of narrative sustainability disclosures. By combining natural language processing 
insights with empirical data, our study underscores the transformative role of assur-
ance in enhancing nonfinancial disclosures quality and fostering accountability. The 
results provide policy and practical implications for the discussion on mandating 
third-party assurance of nonfinancial disclosures. 
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1 Introduction 

In recent years, sustainability or nonfinancial disclosures have become a critical 
element of corporate accountability. As businesses navigate the complexities of envi-
ronmental, social, and governance (ESG) reporting, the role of third-party assurance 
has gained prominence for its potential to enhance the credibility and reliability 
of disclosed information. This study examines the sentiment and subjectivity of 
sustainability report narratives, comparing reports with different levels of assurance 
and those assured by different types of assurance providers. Leveraging advanced 
sentiment analysis techniques, including BERT-based LLM models, the analysis 
seeks to uncover how assurance status and provider influence the tonal and factual 
composition of corporate disclosures. By bridging linguistic and financial insights, 
this research highlights the nuanced impact of assurance on narrative sentiment and 
objectivity. 

Sentiment analysis, in this context, provides a window into the perceived inten-
tions and faithful representation embedded within corporate reports. The increasing 
reliance on natural language processing tools underscores the importance of accu-
rately capturing public perception and linguistic subtleties. This study’s approach 
sheds light on how different assurance frameworks and providers impact sustain-
ability narratives, offering policy and practical insights into the discussion on 
mandating third-party assurance for sustainability reports, while exploring the 
qualitative nuances of corporate ESG communication beyond mere compliance. 

2 Literature Survey 

2.1 Trends in Mandatory ESG Disclosure and Third-Party 
Assurance 

2.1.1 Mandatory ESG Disclosure Trends in Global Contexts 

The rise of mandatory ESG disclosures is reshaping corporate social responsibility on 
a global scale. The IFRS Foundation established the ISSB, which released the S1 and 
S2 standards and is expected to continue issuing sustainability disclosure standards 
under its ‘building blocks approach’. Another significant factor has been the Euro-
pean Union’s leadership with the Non-Financial Reporting Directive (NFRD) and 
the subsequent Corporate Sustainability Reporting Directive (CSRD), which require 
extensive ESG reporting by companies. In 2024, EFRAG published the initial ESRS 
package regarding mandatory ESG related disclosures, which will become effec-
tive in 2026. Furthermore, on 26 February 2025, the European Commission put 
forward its EU Omnibus Simplification Package. Research by Cuomo et al. [1] 
underscores the impact of the NFRD, indicating that it has led European firms to 
enhance their social responsibility disclosures and comply with elevated reporting
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standards. Moreover, as reporting standards develop, studies observe that manda-
tory disclosures increase the likelihood of ESG information affecting firm valuation, 
particularly in firms where ESG metrics were previously weak (INSPIRE [2]). 

In the United States, mandatory ESG reporting remains less prescriptive but is 
increasingly reinforced by the Securities and Exchange Commission (SEC) through 
frameworks focused on climate-related disclosures and social impact transparency 
(Deloitte [3]). The SEC’s focus on climate risk disclosure aligns with global stan-
dards, but the United States continues to favor a “comply-or-explain” approach, 
resulting in a mixed impact across sectors and often limited comparability with Euro-
pean disclosures (Azeus Convene [4]). Research by Krueger et al. [5] further supports 
that, globally, mandatory ESG disclosure is associated with enhanced corporate trans-
parency, reduced ESG-related risks, and improved informational environments for 
investors. 

Other countries, such as Malaysia and Hong Kong, have adopted mandatory or 
“comply-or-explain” ESG frameworks to address regional sustainability concerns. 
Malaysia, for example, requires publicly listed companies to report on diversity, 
human rights, and environmental policies, moving closer to international frame-
works such as the Task Force on Climate-Related Financial Disclosures (TCFD) 
standards. Hong Kong, meanwhile, uses a “comply-or-explain” approach, while 
applying specific mandates for companies listed under the Main Board Listing Rules 
(Azeus Convene [4]). These diverse regulatory landscapes underscore the challenges 
in achieving global consistency, but also reflect the expanding influence of ESG 
disclosure mandates across financial markets and industries worldwide. 

2.1.2 The Role of Third-Party Assurance in Enhancing ESG Disclosure 
Quality 

Companies within the scope of the CSRD are required to obtain third-party assur-
ance on ESG reports starting in 2025, for those producing their first reports based 
on the financial year beginning on or after January 1, 2024. Similarly, the SEC has 
announced that firms disclosing Scope 1 and/or Scope 2 emissions will be required 
to obtain an assurance report at the limited assurance level. Comparable regula-
tions have been enacted in Australia, New Zealand, Singapore, and India. Based 
on current trends in ESG assurance regulation, empirical evidence suggests that 
third-party assurance significantly enhances the credibility of ESG disclosures by 
increasing transparency and minimizing risks of greenwashing. Du and Wu [6] find 
that external assurance is particularly effective in reducing CSR-related misconduct 
by providing a level of validation that stakeholders value. This finding is reinforced 
by Maroun [7], who examines integrated reporting in South Africa and concludes that 
assurance can improve report quality by aligning disclosed information with stake-
holder expectations. The study indicates that externally assured reports are associated 
with higher quality and greater corporate accountability. 

Recent studies emphasize the strategic importance of external assurance in 
managing ESG reputation risk, with Asante-Appiah and Lambert [8] showing that
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external auditors play a key role in ensuring the reliability of ESG information, 
thereby protecting corporate reputations from the potential fallout of misstated 
disclosures. 

2.2 Sentiment Analysis Before and After Large Language 
Models (LLMs) 

Sentiment analysis has become a crucial tool for understanding subjective aspects of 
textual data that quantitative financial or operational metrics alone cannot capture. As 
organizations increasingly recognize the value of public perception, customer feed-
back, and social media sentiment, sentiment analysis provides a method to analyze 
opinions, emotions, and attitudes toward products, services, and events. These qual-
itative insights, extracted through linguistic and computational techniques, allow 
organizations to gauge public sentiment, track brand reputation, and respond proac-
tively to potential crises. In particular, sentiment analysis is widely applied in fields 
such as finance, marketing, and political science, where understanding the subtleties 
of public opinion or consumer attitudes can drive strategic decisions (Liu [9]). For 
instance, in financial contexts, sentiment analysis of news articles or social media 
posts can reveal market sentiment trends predictive of stock price movements and 
investor behavior, capturing a level of human perception and market psychology not 
evident in numerical data alone (Pang and Lee [10]). This ability to systematically 
decode subjective information has propelled sentiment analysis to the forefront of 
computational linguistics and natural language processing research, as organizations 
seek to understand and quantify qualitative data through linguistic methods. 

2.2.1 Sentiment Analysis Before Large Language Models (LLMs) 

Sentiment analysis, also known as opinion mining, aims to identify, classify, and 
quantify sentiment information in text, focusing on emotions, opinions, and attitudes. 
Before the advent of Large Language Models (LLMs), sentiment analysis primarily 
relied on rule-based methods, traditional machine learning techniques, and relatively 
shallow neural networks. 

• Rule-Based and Lexicon-Based Approaches 

Early sentiment analysis methods were dominated by rule-based and lexicon-based 
approaches, which depended heavily on predefined dictionaries or lexicons that 
mapped specific words to sentiment labels, such as positive, negative, or neutral. 
For instance, the SentiWordNet lexicon and VADER (Valence Aware Dictionary 
and sEntiment Reasoner) were widely used tools, especially for short texts like
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tweets and product reviews. These lexicon-based methods offered simplicity and 
interpretability but struggled with complex sentence structures and subtle sentiment 
nuances [9]. Lexicon-based methods provided a foundation for sentiment analysis 
by mapping words and phrases to predefined sentiments, but they often lacked the 
sophistication to detect nuanced sentiment and contextual dependencies [9]. 

• Traditional Machine Learning Methods 

In the late 2000s and early 2010s, traditional machine learning algorithms, including 
Naïve Bayes, Support Vector Machines (SVMs), and Logistic Regression, became 
standard in sentiment analysis [10]. These models were trained on large, labeled 
datasets such as the IMDB movie review dataset or Twitter sentiment datasets, using 
features like word frequencies, n-grams, and part-of-speech (POS) tags to improve 
predictive accuracy. While more adaptable than rule-based methods, these models 
had limitations in capturing the contextual and sequential nature of language, often 
failing to recognize sarcasm, complex emotions, or ambiguous language constructs. 
The field began to evolve as researchers recognized the need for models that could 
understand context better and capture sentiment more accurately across varying 
domain [10]. 

• Shallow Neural Networks and Word Embeddings 

The introduction of word embeddings, such as Word2Vec and GloVe,  marked  a  shift  
toward using vector representations to capture semantic similarities between words. 
Word embeddings allowed early models to detect semantic relationships in words 
based on their co-occurrence patterns, paving the way for more nuanced sentiment
analysis [11]. Combined with shallow neural network architectures like Recurrent 
Neural Networks (RNNs), these embeddings enabled early sentiment models to 
understand words in their context, which improved performance. However, shallow 
networks and static embeddings were limited in handling nuanced sentiment, as they 
could not dynamically adjust meanings based on context. This led to the development 
of more advanced language models that could better address the limitations of prior 
methods [11]. 

2.2.2 Sentiment Analysis with Large Language Models (LLMs) 

With the advent of Large Language Models (LLMs) such as BERT (Bidirectional 
Encoder Representations from Transformers), GPT (Generative Pre-trained 
Transformer), and RoBERTa, sentiment analysis entered a transformative phase. 
These models, based on the Transformer architecture, are pre-trained on massive 
datasets and fine-tuned on specific tasks, allowing for more nuanced and context-
aware sentiment analysis [12]. 

• Contextualized Word Embeddings and Deep Transformer Models 

LLMs like BERT introduced contextualized embeddings, where a word’s meaning 
varies based on surrounding context. For instance, the word “great” in “a great
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deal of trouble” would convey a different sentiment than in “a great day.” BERT’s 
bidirectional training enables it to understand both preceding and following words, 
which improves its accuracy in capturing sentiment nuances and even implicit senti-
ment. Studies comparing BERT to traditional sentiment analysis approaches show 
that BERT-based models achieve superior performance on complex sentiment tasks, 
particularly where context shifts the sentiment meaning [12]. 

• Fine-Tuning and Transfer Learning 

LLMs are typically pre-trained on large, general datasets before fine-tuning on 
domain-specific sentiment analysis datasets, enabling effective transfer learning. This 
approach has led to strong performance improvements, particularly in domains like 
finance, healthcare, and social media. For example, FinBERT has been fine-tuned 
on financial sentiment data to capture sector-specific language and sentiment, such 
as bullish versus bearish sentiments, which traditional models could not accurately 
distinguish (Yang et al., 2020 [13]). This level of domain adaptability, enabled by 
transfer learning, represents a significant advancement from previous models, which 
often struggled with domain-specific language [9, 10]. 

• Few-Shot and Zero-Shot Learning in Sentiment Analysis 

Advanced LLMs, such as GPT-3 and T5, enable few-shot and zero-shot learning, 
allowing sentiment analysis without extensive labeled datasets. GPT-3 can perform 
sentiment analysis by generating human-like text in response to specific prompts. In 
zero-shot settings, GPT-3, for instance, has shown a capacity to correctly infer senti-
ment from a brief prompt, without prior task-specific training, enabling adaptable 
sentiment analysis across diverse industries and languages (Brown et al. [14]). This 
represents a paradigm shift, as previous models typically required large amounts of 
labeled data for each specific application. 

• Applications and Challenges with LLM-Based Sentiment Analysis 

LLMs have facilitated sentiment analysis applications across domains, such as social 
media monitoring, financial forecasting, and customer feedback. However, chal-
lenges remain, including computational resource requirements and potential biases 
embedded in large datasets. Furthermore, LLMs may still struggle with sarcasm and 
irony, although ongoing advancements in prompt engineering and model fine-tuning 
continue to address these limitations [15]. Despite these challenges, the adaptability 
of LLMs to multiple domains has made them a powerful tool for sentiment anal-
ysis, pushing the boundaries of what qualitative sentiment analysis can capture in 
real-world applications [12].
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2.3 Subjectivity Analysis in Textual Data 

Subjectivity analysis, distinct from sentiment analysis, focuses on identifying 
whether statements in textual data are objective (fact-based) or subjective (opinion-
based). While sentiment analysis aims to detect positive, negative, or neutral 
emotions, subjectivity analysis evaluates the factuality versus opinionated nature 
of the content. This type of analysis is critical in fields like media, social media, and 
content moderation, where the ability to separate objective information from opinion-
based commentary enhances accuracy in reporting, public sentiment tracking, and 
organizational response strategies. 

2.3.1 The Role of Subjectivity Analysis in Text Mining 

Subjectivity analysis has gained prominence as organizations increasingly need to 
differentiate between factual information and opinion in digital content. This distinc-
tion is particularly valuable in journalism and policy analysis, where understanding 
the tone and nature of content is essential for accurate information dissemination and 
data-driven decision-making. Subjective texts often reflect personal opinions, beliefs, 
or emotional expressions, while objective texts present verifiable information or fact-
based descriptions. As the digital media landscape grows, the line between fact and 
opinion becomes blurred, making subjectivity analysis even more crucial to prevent 
misinformation and manage public perception effectively [16]. 

2.3.2 Methods and Tools for Subjectivity Analysis 

• Lexicon-Based Approaches 

Lexicon-based methods are among the most commonly used techniques in subjec-
tivity analysis, relying on predefined word dictionaries that tag words according to 
their likelihood of being subjective or objective. For example, the MPQA Subjec-
tivity Lexicon assigns values to words based on their association with opinionated 
or factual content. These lexicons contain words that frequently appear in subjective 
statements, such as “believe,” “wonder,” or “think,” and words that denote factual 
content, like “report,” “measure,” or “confirm.” 

Lexicon-based approaches are straightforward and highly interpretable, making 
them ideal for real-time applications in monitoring user-generated content or news 
articles. However, they have limitations in handling nuanced language, idiomatic 
expressions, or culturally specific terms that may not be covered in the lexicon. 
As such, they may misinterpret context-dependent expressions or fail to capture 
subjectivity in complex or domain-specific texts [16].
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• Machine Learning-Based Approaches 

While lexicon-based tools remain widely used, machine learning has advanced 
subjectivity analysis by allowing models to learn from labeled data. Traditional 
models, such as Naïve Bayes and Support Vector Machines (SVMs), are trained 
on labeled datasets to classify texts as objective or subjective based on features like 
part-of-speech tags, word n-grams, and syntactic patterns. These features help capture 
patterns that distinguish objective from subjective statements more effectively than 
simple lexicons. 

Machine learning models tend to improve accuracy and adaptability to linguistic 
diversity, but they require large labeled datasets and can lack interpretability 
compared to lexicon-based methods. However, their flexibility makes them well-
suited for analyzing varied content types, including opinionated articles, social media 
posts, and reviews [17]. 

• Deep Learning and Transformer-Based Models 

The development of deep learning and transformer-based models, such as BERT 
(Bidirectional Encoder Representations from Transformers), has brought a new 
level of accuracy to subjectivity analysis. Transformer models are context-aware, 
meaning they account for the surrounding words in a sentence when determining if 
the language is factual or opinion-based. BERT and other transformer-based models 
can be fine-tuned on subjectivity-specific tasks to detect nuanced expressions of 
objectivity or subjectivity in complex sentences [12]. 

These models are particularly effective at identifying subtle shifts in language, 
such as sarcasm or implied subjectivity. Unlike lexicon-based or traditional machine 
learning models, transformers can adapt dynamically to context, making them more 
reliable in distinguishing subjective content within complex language structures. 
However, transformer models require substantial computational power and may be 
resource-intensive, which can limit their practical application in some contexts. 

2.3.3 Applications of Subjectivity Analysis 

Subjectivity analysis has broad applications across industries that require careful 
content categorization and moderation: 

• News and Media: In journalism, subjectivity analysis helps separate opinion 
pieces from fact-based reporting. This is essential for maintaining unbiased 
information environments, particularly for news aggregators and fact-checking 
platforms that aim to distinguish factual news from commentary. 

• Social Media Monitoring: Social media platforms host a mix of opinionated and 
factual posts. Subjectivity analysis enables organizations to track both objective 
mentions and subjective perceptions, providing a comprehensive view of public 
discourse that combines factual events with personal reactions.
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• Customer Feedback Analysis: For businesses, subjectivity analysis can help 
differentiate objective product issues from subjective opinions in customer feed-
back. This allows targeted responses by focusing on factual product concerns 
while understanding general customer sentiment and preferences. 

• Political Discourse Analysis: Subjectivity analysis is valuable in political science, 
where researchers evaluate objectivity in political statements, speeches, or policy 
documents. By distinguishing between factual claims and subjective statements, 
researchers can identify biases or partisanship in political messaging and assess 
public figures’ reliability. 

Subjectivity analysis distinguishes objective from subjective content, serving as 
a foundational tool in fields where the tone of communication impacts decision-
making and public perception. From lexicon-based approaches to advanced trans-
former models, subjectivity analysis tools offer flexibility and adaptability for varied 
applications, helping organizations and researchers to assess the tone and factuality 
of textual content in real time. 

3 Research Design 

We collected a total of 3,718 U.S.-based firms’ sustainability reports from companies 
with identifiable report publications in the Refinitiv database over the period from 
2013 to 2023. Subsequently, the data was merged with the Compustat database, 
excluding 371 firm-year observations lacking financial information. As a result, 
a total of 3,347 firm-year observations were used for sentiment and subjectivity 
analysis of the sustainability reports. 

We employed a combination of BERT-based sentiment analysis and TextBlob 
subjectivity analysis to evaluate sentiment and subjectivity in corporate responsi-
bility reports. The primary goal was to measure sentiment intensity across texts and 
differentiate subjective statements from objective ones, allowing for insights into 
the tonal quality and factuality within the reports by assurance types and entity who 
provide assurance. 

3.1 BERT-Based Sentiment Analysis 

BERT (Bidirectional Encoder Representations from Transformers) was utilized for 
sentiment analysis, leveraging its ability to interpret text in both forward and back-
ward contexts. The model classifies sentiment on a five-point scale from “1 star” (very 
negative) to “5 stars” (very positive), which allowed for a nuanced understanding of 
sentiment intensity within each sentence.
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BERT (Bidirectional Encoder Representations from Transformers) was utilized 
for sentiment analysis, leveraging its ability to interpret text in both forward and back-
ward contexts. The model classifies sentiment on a five-point scale from “1 star” (very 
negative) to “5 stars” (very positive), which allowed for a nuanced understanding of 
sentiment intensity within each sentence. 

1. Sentiment Scoring 
The function for BERT sentiment analysis categorized each sentence’s sentiment 
based on the following mapping: 

• 5 stars to 1.0 (very positive), 
• 4 stars to 0.5 (positive), 
• 3 stars to 0 (neutral), 
• 2 stars to –0.5 (negative), 
• 1 star to –1.0 (very negative). 

For each document, sentiment scores were aggregated to calculate the mean and 
median sentiment scores, offering an overview of the document’s general sentiment 
tone. 

2. Key BERT Mechanisms in Sentiment Analysis 
For each document, sentiment scores were aggregated to calculate the mean 
and median sentiment scores, offering an overview of the document’s general 
sentiment tone. 
BERT’s multi-layer Transformer architecture relies on a self-attention mecha-
nism, allowing it to weigh the importance of words relative to each other within 
a sentence. The self-attention mechanism is computed as follows: 

Attention (Q, K, V ) = softmax
(
QK T√
dk

)
V 

where 

• Q, K, and V represent the query, key, and value matrices from token 
embeddings, 

• dk is the dimensionality of the keys, acting as a scaling factor. 

This mechanism enables BERT to capture contextual dependencies effectively, 
which is essential for interpreting nuanced sentiment. The [CLS] token, representing 
the sentiment of the entire sentence, undergoes this attention processing to provide 
a sentiment score. 

3. Sentiment Classification via Softmax 
After the self-attention layers, the [CLS] token’s final hidden state h[CLS] acts as 
the sentence’s sentiment representation. The softmax layer converts this repre-
sentation into probabilities for each sentiment class, identifying the class with 
the highest probability as the predicted sentiment:
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P
(
y = c|h[CLS]

) = 
exp

(
wT 
c h[CLS] + bc

)
.

j exp
(
wT 
j h[CLS] + bj 

)

where 

• c denotes each sentiment class (e.g., 1 to 5 stars), 
• wc and bc are weights and bias for class c, 
• P

(
y = c|h[CLS] 

)
gives the probability of class c. 

3.2 Subjectivity Analysis Using TextBlob 

The subjectivity analysis metric, which assesses the degree of factual versus opinion-
based content, relies on lexicon-based and rule-based methods. This approach utilizes 
well-established subjectivity lexicons, which include words and phrases commonly 
associated with either objective or subjective language. Here’s how subjectivity 
scoring determines factual (objective) versus opinion-based (subjective) content. 

1. Lexicon-Based Approach 
The subjectivity scoring process primarily draws from subjectivity lexicons, 
such as the MPQA Subjectivity Lexicon. These lexicons are databases of words 
annotated for their likelihood of indicating subjective or objective content. Words 
that frequently appear in subjective expressions, such as “believe,” “think,” 
or “wonder,” are labeled as subjective, while words associated with factual 
reporting, such as “report,” “indicate,” or “confirm,” are considered objective. 

• Subjective Words: These words often reflect personal opinions, emotions, or 
evaluative statements. For instance, words like “wonderful,” “terrible,” and 
“prefer” are classified as subjective because they tend to express opinions or 
preferences. 

• Objective Words: Objective words are typically associated with neutral, 
factual language. Examples include words like “reported,” “calculated,” 
or “observed,” which are generally used in contexts that describe factual 
information. 

When analyzing a sentence, the scoring method checks the presence and frequency 
of these lexicon words to generate an overall subjectivity score. 

2. Rule-Based Heuristics 
In addition to lexicons, subjectivity scoring applies rule-based heuristics to 
refine the score. These rules consider factors like: 

• Modifier words: Certain modifiers, such as “very” or “quite,” can intensify 
subjective statements. The scoring adjusts the subjectivity level based on the 
presence of such intensifiers, recognizing that “very good” is more subjective 
than simply “good.”
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• Contextual Phrases: Phrases structured as expressions of opinion, such as 
“I think” or “we believe,” increase the subjectivity score of the sentence. 
Conversely, phrases like “according to data” or “the study shows” reduce the 
subjectivity score, indicating a more factual tone. 

3. Sentence-Level Aggregation and Scoring 
For each sentence, the subjectivity score ranges from 0 to 1: 

• Scores closer to 0 indicate a higher likelihood of objective content, where 
factual information and neutral descriptions are present. 

• Scores closer to 1 suggest a more opinion-based or evaluative tone, where 
subjective expressions and personal viewpoints are dominant. 

For a sentence like “The results clearly show significant improvement,” the subjec-
tivity scoring would recognize “significant” and “clearly” as modifiers that intro-
duce a subjective tone, potentially resulting in a higher subjectivity score. However, 
for a sentence such as “The data indicate a 5% increase in performance,” a lower 
subjectivity score would be assigned because “indicate” and “data” signal factual 
reporting. 

This approach to subjectivity combines lexicon-based analysis and rule-based 
heuristics to distinguish between factual and opinion-based language. By leveraging 
pre-labeled subjectivity lexicons and adjusting scores based on linguistic context, this 
method produces a nuanced subjectivity score that aligns closely with how objective 
or subjective each sentence is likely to be. This methodology serves as a reliable 
tool for analyzing the tone of textual content, providing insights into the balance of 
factual and evaluative language in documents [18]. 

4 Results 

4.1 Descriptives 

Table 1 presents descriptive statistics for the key variables in this study, based on 
3,347 observations. The variable “Auditfirm” denotes a dummy variable whether a 
report received third-party assurance from an audit firm, with a mean of 0.1264, 
indicating that most reports were not assured by audit firms. The mean sentiment 
score (Sentiment_bert), derived from BERT-based sentiment analysis, is 0.6613, 
with a median of 0.5, reflecting generally positive sentiment. The subjectivity score 
(Subjectivity), with a mean of 0.1710, suggests that most reports leaned toward factual 
content, though some variability is evident.

Table 2 illustrates the distribution of sustainability reports over the years, with a 
general increase over the past decade, indicating growing engagement with issuing 
sustainability reports as time goes by. Figure 1 displays the proportional distribution 
of assurance types, showing that limited assurance is the most prevalent, followed 
by reports with no assurance, and finally, reasonable assurance. This distribution
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Table 1 Descriptive statistics 

Variables N Mean Median S.D. Min Max 

Auditfirm 3,347 0.1264 0.0000 0.3323 0.0000 1.0000 

Sentiment_bert 3,347 0.6613 0.5000 0.2607 0.0000 1.0000 

Subjectivity 3,347 0.1710 0.1933 0.0967 0.0000 0.3412

Table 2 Sample distribution 
by year Year Freq. Percent 

2013 95 2.84 

2014 107 3.20 

2015 134 4.00 

2016 168 5.02 

2017 216 6.45 

2018 281 8.40 

2019 348 10.40 

2020 439 13.12 

2021 476 14.22 

2022 617 18.43 

2023 4661 13.92 

Total 3,347 100

provides context for understanding the varying levels of assurance and their potential 
impact on narrative sentiment and subjectivity. 

In Table 3, the industry with the highest frequency of sustainability reports within 
the sample is “Business Services,” representing 8.81% of the total observations. This 
is followed by “Chemicals and Allied Products” and “Holding and Other Investment 
Offices,” each contributing notably to the dataset’s representation.

4.2 Sentiment Analysis 

Table 4 presents the results of ANOVA and t-tests on the sentiment of sustainability 
report narratives, calculated using a BERT-based sentiment analysis. This analysis 
tests the hypothesis that reports without third-party assurance would exhibit more 
positive sentiment compared to those with assurance. This expectation is grounded 
in the observation that sustainability reports are typically voluntary disclosures, often 
leading companies to emphasize positive aspects of their performance while omitting

1 Sustainability reports are published in the year following the fiscal year, and the month of publi-
cation varies by company. As we collected data as of August 2024, sustainability reports for 2023 
fiscal year published after this date may not be included. 
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Fig. 1 Sample distribution by level of assurance

negative information. Such selective reporting practices can, if unchecked, lead to 
greenwashing, where companies present an overly favorable image of their environ-
mental practices, potentially misleading stakeholders (Lyon and Montgomery, 2015 
[19]). Additionally, the analysis hypothesized that reports assured by audit firms 
would exhibit more neutral and complete narratives compared to those assured by 
non-audit firms, resulting in less positive sentiment.

The results support these hypotheses, as all tests showed statistically significant 
differences between the groups. Panel a uses ANOVA to compare sentiment across 
three groups: reports with no assurance, reports with limited assurance, and reports 
with reasonable assurance. The results indicate significant differences in sentiment 
among the groups, with reports lacking assurance showing a higher positive senti-
ment. Panel B compares sentiment between limited assurance and reasonable assur-
ance groups, excluding reports without assurance. This t-test also shows a statis-
tically significant difference, highlighting variability in sentiment based on assur-
ance level. Panel C compares reports assured by audit firms versus non-audit firms, 
demonstrating that reports assured by audit firms exhibit less positive sentiment. 
This supports the idea that audit-firm-assured reports maintain more neutrality and 
completeness compared to those assured by non-audit firms, as predicted. 

4.3 Subjectivity Analysis 

Table 5 summarizes the results of tests comparing the subjectivity and factual nature 
of sustainability report narratives based on whether they received third-party assur-
ance and the type of institution providing the assurance. The analysis is based on
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Table 3 Sample distribution by industry 

Industry name 2-digit SIC Freq. Percent 

Agriculture, forestry, and fishing 01 3 0.09 

Metal mining 10 45 1.34 

Coal mining 12 17 0.51 

Oil and gas extraction 13 176 5.26 

Mining and quarrying of nonmetallic 
minerals 

14 13 0.39 

General building contractors 15 12 0.36 

Heavy construction, except building 16 15 0.45 

Special trade contractors 17 2 0.06 

Food and kindred products 20 153 4.57 

Tobacco products 21 16 0.48 

Textile mill products 22 10 0.3 

Apparel and other textile products 23 13 0.39 

Lumber and wood products, except 
furniture 

24 6 0.18 

Furniture and fixtures 25 26 0.78 

Paper and allied products 26 71 2.12 

Printing, publishing, and allied industries 27 2 0.06 

Chemicals and allied products 28 295 8.81 

Petroleum refining and related industries 29 31 0.93 

Rubber and miscellaneous plastics 
products 

30 51 1.52 

Leather and leather products 31 7 0.21 

Stone, clay, glass, and concrete products 32 13 0.39 

Primary metal industries 33 29 0.87 

Fabricated metal products 34 32 0.96 

Industrial and commercial machinery 
and computer equipment 

35 202 6.04 

Electronic and other electrical equipment 36 186 5.56 

Transportation equipment 37 104 3.11 

Measuring, analyzing, and controlling 
instruments 

38 123 3.67 

Miscellaneous manufacturing industries 39 12 0.36 

Railroad transportation 40 25 0.75 

Local and suburban transit and 
interurban highway passenger 

41 4 0.12 

Motor freight transportation and 
warehousing 

42 17 0.51

(continued)
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Table 3 (continued)

Industry name 2-digit SIC Freq. Percent

Water transportation 44 45 1.34 

Transportation by air 45 48 1.43 

Pipelines, except natural gas 46 3 0.09 

Transportation services 47 13 0.39 

Communications 48 41 1.22 

Electric, gas, and sanitary services 49 244 7.29 

Wholesale trade and durable goods 50 36 1.08 

Wholesale trade and nondurable goods 51 33 0.99 

Building materials, hardware, garden 
supply, and mobile home dealers 

52 5 0.15 

General merchandise stores 53 16 0.48 

Food stores 54 10 0.3 

Automotive dealers and gasoline service 
stations 

55 8 0.24 

Apparel and accessory stores 56 31 0.93 

Eating and drinking places 58 33 0.99 

Miscellaneous retail 59 39 1.17 

Depository institutions (Banks) 60 77 2.3 

Nondepository institutions 61 28 0.84 

Security and commodity brokers 62 70 2.09 

Insurance carriers 63 91 2.72 

Insurance agents, brokers, and service 64 14 0.42 

Real estate 65 35 1.05 

Holding and other investment offices 67 264 7.89 

Hotels, rooming houses, camps, and 
other lodging places 

70 35 1.05 

Personal services 72 3 0.09 

Business services 73 295 8.81 

Automotive repair, services, and parking 75 15 0.45 

Motion pictures 78 4 0.12 

Amusement and recreation services 79 32 0.96 

Health services 80 36 1.08 

Educational services 82 3 0.09 

Engineering, accounting, research, 
management, and related services 

87 24 0.72 

Nonclassifiable establishments 99 5 0.15 

Total 3,347 100
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Table 4 The results of ANOVA and T-Tests of sentiment analysis by groups 

Panel A: Assurance type (ANOVA) 

Group/Level Mean Std. dev Freq. Statistical 
comparison 

N/A 0.6913 0.2691 2,184 F = 43.52, p < 
0.001limited assurance 0.6083 0.2395 942 

Reasonable assurance 0.5894 0.2083 221 

Panel B: Assurance type (t-test for Limited versus Reasonable) 

Group/Level Mean Std. dev Freq. Statistical 
comparison 

Limited assurance 0.6083 0.2395 942 Mean Diff = 
0.0189 
t = 1.082 
p = 0.2795 

Reasonable assurance 0.5894 0.2083 221 

Panel C: Assurance by audit firm (Subsample Comparison) 

Group/Level Mean Std. dev Freq. Statistical 
comparison 

Assurance by non-audit 
firm (0) 

0.6154 0.2404 832 Mean Diff = 
0.0376 
t = 2.479 
p = 0.0133 

Assurance by audit firm 
(1) 

0.5778 0.2154 331

the hypothesis that reports with third-party assurance would be less subjective and 
more factual compared to those without assurance. This expectation aligns with 
findings that “third-party assurance enhances the credibility of sustainability reports, 
leading to more balanced and objective disclosures” [20]. Additionally, the type of 
assurance provider can influence report quality; for instance, “assurance provided 
by accounting firms is associated with higher quality disclosures compared to non-
accounting providers” [21]. These insights support the hypothesis that third-party 
assurance, particularly from reputable institutions which possess the specialty to 
provide expert assurance service, contributes to more factual and less subjective 
sustainability reporting.

Panel A presents an ANOVA comparing the subjectivity of narratives across 
three groups: reports with no assurance, reports with limited assurance, and reports 
with reasonable assurance. The results show that there is a statistically significant 
difference in subjectivity among these three groups. Panel B focuses on a t-test that 
compares limited assurance and reasonable assurance levels, excluding the sample 
with no assurance from Panel A. In this comparison, the difference between the two 
groups was not statistically significant. Panel C summarizes the t-test comparing 
reports with third-party assurance provided by audit firms versus non-audit firms. The 
results indicate a statistically significant difference, suggesting that reports assured 
by audit firms tend to be more factual and less subjective compared to those assured
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Table 5 The results of ANOVA and T-Tests of subjectivity analysis by groups 

Panel A: Assurance type (ANOVA) 

Group/Level Mean Std. dev Freq. Statistical 
comparison 

N/A 0.1746 0.0994 2,184 F = 4.40 
p = 0.0124limited assurance 0.1647 0.0931 942 

Reasonable assurance 0.1626 0.0878 221 

Panel B: Assurance type (t-test for Limited versus Reasonable) 

Group/Level Mean Std. dev Freq. Statistical 
comparison 

Limited assurance 0.1647 0.0931 942 Mean Diff = 
0.0021 
t = 0.315 
p = 0.7526 

Reasonable assurance 0.1626 0.0878 221 

Panel C: Assurance by audit firm (Subsample Comparison) 

Group/Level Mean Std. dev Freq. Statistical 
comparison 

Assurance by non-audit 
firm (0) 

0.1688 0.0900 832 Mean Diff = 
0.0156 
t = 2.687 
p = 0.0073 

Assurance by audit firm 
(1) 

0.1531 0.0886 331

by non-audit firms. These findings suggest that the existence and provider of third-
party assurance influence the subjectivity and factual nature of sustainability report 
narratives. 

5 Conclusion 

The findings of this study reveal meaningful patterns in the sentiment and subjec-
tivity of voluntary sustainability reports, driven by the presence and type of third-
party assurance. Reports without assurance often exhibit a more positive sentiment, 
potentially reflecting a focus on unmitigated corporate achievements. In contrast, 
reports with limited or reasonable assurance show differentiated tones, suggesting 
that the assurance process influences how companies communicate their commit-
ments and challenges. Furthermore, reports assured by audit firms demonstrate a 
more neutral and comprehensive narrative compared to those assured by non-audit 
firms, indicating an emphasis on factuality, faithful representation, and completeness 
that aligns with regulatory expectations. 

This research contributes to the broader discourse on ESG reporting by demon-
strating that assurance is more than a formal requirement; it shapes the narrative
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integrity and perceived credibility of corporate sustainability disclosures. As regu-
latory landscapes evolve and companies increasingly seek to validate their ESG 
commitments, understanding the implications of assurance practices on sentiment 
and subjectivity can provide strategic insights for practitioners and policymakers. 
Future research could further explore how different assurance practices impact 
specific industries and geographic regions, enriching the dialogue on transparent 
and accountable ESG reporting. 

Acknowledgements Ethan Jaesuh Kim provided excellent research assistance. 
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Verbal Femininity and CEOs 
Compensation 
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Abstract This study investigates how gender biases among board directors influ-
ence CEO compensation, focusing on the role of male CEOs’ verbal femininity. 
Given that verbal expression is another essential way to reveal feminine characters 
of CEOs, the femininity saliently cued in CEOs’ verbalizing habits can bring more 
distorted perception, which leads to the boards’ evaluation on their contributions. 
This is because verbal femininity, characterized by nurturing, empathetic, benevo-
lent, and collaborative communication styles, is argued to conflict with traditional 
masculine stereotypes of leadership. Drawing on role congruity theory, we contend 
that CEOs who exhibit verbal femininity are undervalued in compensation decisions 
due to biases against traits perceived as incongruent with the prototype of effective 
leadership. In this study, we specify the feminine characteristics which induce deci-
sion errors by using a Large Language Model (LLM). Acknowledging that LLMs are 
subject to pre-existing social prejudices and gender biases, we utilize this attribute of 
the models to develop a way to capture gender biases (especially femininity). In this 
study, we employ an LLM-driven algorithm to measure the extent to which a certain 
CEO’s words in official settings show femininity. Using this measure, we examine 
how the CEO’s verbal femininity can affect the assessment of CEO quality in the 
boardroom, determining the level of CEO compensation. Our findings contribute to 
the broader discourse on implicit gender biases in determining CEO compensation. 
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1 Introduction 

CEO compensation is a critical aspect of corporate governance, reflecting not only the 
perceived value of an executive’s contributions but also the implicit biases that may 
influence decision-making within boardrooms [1–4]. While compensation decisions 
are often linked to objective performance metrics, subjective factors, such as a CEO’s 
communication style, are increasingly recognized as shaping these evaluations [2, 5]. 
Among these, verbal femininity—a communication style characterized by nurturing, 
empathetic, benevolent, and collaborative traits—offers a unique lens through which 
to explore how traditional gender biases impact compensation outcomes. 

Verbal femininity challenges the established norms of leadership evaluation, 
which are deeply rooted in traditional masculine stereotypes emphasizing assertive-
ness, decisiveness, and control [6–9]. Role congruity theory suggests that these 
stereotypes create implicit expectations for effective leadership [8, 10, 11], which 
may conflict with the qualities associated with verbal femininity. As a result, CEOs 
who exhibit verbal femininity are often undervalued in board evaluations, particularly 
when gender biases are prevalent among directors. This undervaluation has direct 
implications for compensation decisions, raising critical questions about fairness and 
inclusivity in corporate governance. 

Existing research on CEO compensation has extensively examined factors such as 
financial performance, firm characteristics, and CEO demographics [12]. However, 
the role of communication styles—especially those that reveal feminine charac-
teristics—remains underexplored. Moreover, while studies have acknowledged the 
presence of gender biases in board evaluations [2, 5, 8, 13–18], they have not 
directly examined how such biases interact with specific traits of CEO’s, like verbal 
femininity, to influence compensation outcomes. Addressing these gaps is essen-
tial for understanding the subtle yet pervasive ways in which stereotypes shape 
decision-making processes in determining CEO compensation. 

This study aims to fill these gaps by examining the relationship between CEO 
verbal femininity and CEO compensation, with a specific focus on gender biases 
among board directors. To measure verbal femininity, we employ a novel method-
ology using a Large Language Model (LLM)-driven algorithm that quantifies the 
feminine characteristics of CEOs’ verbal expressions in official settings. Recognizing 
that LLMs themselves are subject to pre-existing social prejudices and gender biases 
(e.g., [19]), this study leverages these attributes of the models to capture gender biases 
in the capital market and identify how femininity cues in CEOs’ verbal habits influ-
ence board evaluations, ultimately determining the level of CEO compensation. Our 
findings reveal how verbal femininity, as a signal, can trigger distorted perceptions 
among biased board directors, leading to undervaluation in compensation decisions. 

By uncovering the implicit penalties associated with verbal femininity, this study 
contributes to the broader discourse on gender biases in determining CEO compen-
sation. The results highlight the need for boards to address these biases to ensure 
equitable compensation practices, while also advancing theoretical insights into the 
intersection of communication styles, gender roles, and leadership evaluations.
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2 Theory and Hypothesis 

2.1 Cognitive Biases Through the Lens of Gender Role 
Incongruity 

Gender stereotypes play a critical role in shaping leadership evaluations and 
compensation decisions, particularly in male-dominated organizational contexts [8]. 
According to role congruity theory, women are often associated with communal traits 
such as empathy, collaboration, and nurturance, while men are linked to agentic qual-
ities like assertiveness, independence, and decisiveness. These stereotypes create 
a perceived incongruity between the communal traits ascribed to women and the 
agentic qualities typically associated with effective leadership roles. This incon-
gruity leads to biased evaluations of female leaders, as they are perceived as less 
aligned with the expectations of leadership positions [8, 18]. 

One critical channel through which such biases manifest is the verbal communi-
cation style of CEOs. Verbal femininity, which encompasses nurturing, empathetic, 
benevolent, and inclusive communication, may signal a leadership style that empha-
sizes collaboration and relationship-building. While these qualities can be advanta-
geous in certain organizational contexts, they may also be interpreted by board direc-
tors as indicative of a lack of authority or decisiveness. This perception arises from 
entrenched stereotypes that equate effective leadership with traditionally masculine 
communication styles, such as directness, assertiveness, and goal orientation. 

Boards, as the primary evaluators of CEO performance, are not immune to these 
biases. When board directors interpret verbal femininity through the lens of role 
incongruity, they may undervalue the CEO’s leadership effectiveness. For instance, 
feminine verbal styles may be viewed as misaligned with the agentic qualities 
required for navigating high-stakes corporate environments, thereby diminishing 
the perceived competence and strategic acumen of the CEO. This bias can result in 
lower evaluations of CEO performance. 

According to Shin and You [20], a CEO’s language serves as a signal to the 
board regarding their leadership qualities and strategic priorities. In male-dominated 
corporate cultures, signals of verbal femininity may be interpreted as weakness or an 
inability to assert control, reinforcing existing stereotypes. These biased perceptions 
not only affect the immediate evaluation of the CEO’s contributions but also shape 
long-term decisions regarding leadership succession and strategic alignment. 

The persistence of such biases underscores the challenges faced by CEOs who 
deviate from traditional leadership prototypes. Verbal femininity, while potentially 
a strength in fostering collaboration and stakeholder engagement, is often devalued 
in contexts where agentic qualities are prioritized. This dynamic illustrates how role 
incongruity perpetuates gender bias in leadership evaluations, particularly in settings 
where stereotypical views of effective leadership remain dominant. 

By framing board-level biases through the lens of gender role incongruity, this 
study aims to elucidate how a CEO’s feminine communication styles affect CEO 
evaluations and compensation decisions.
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2.2 Verbal Femininity and CEO Compensation 

Compensation decisions for CEOs are influenced by multiple factors, including orga-
nizational performance, leadership style, and board perceptions. This is because the 
difficulty in measuring intangible aspects of leadership effectiveness and the influ-
ence of external factors on firm outcomes make it challenging to objectively evaluate 
CEO performance [21, 22]. As a result, board directors often rely on heuristics and 
cognitive shortcuts, such as symbolic cues and social signals, to form their judgments 
[20, 23–25]. 

In this respect, prior studies have examined that heuristic cues such as vocal and 
facial signals can significantly influence board evaluations, particularly in contexts 
where there is limited information about a CEO’s actual performance [20]. Indeed, 
Nair et al. [2] demonstrate that verbal masculinity, characterized by assertive and 
dominant language, is positively associated with CEO compensation. This is because 
physical strength was a key indicator of leadership effectiveness, psychological 
mechanisms evolved over time to link deeper, more masculine vocal tones with 
perceptions of leadership capability [26, 27]. Similarly, Gupta and Wowak [28]  show  
that deeper, more masculine vocal tones are associated with authority and confidence, 
attributes that are valued in leadership roles. These imply that biased perceptions 
significantly affect how corporate leaders are perceived and the decisions they make 
[29]. That is, gendered biases rooted in societal stereotypes significantly shape how 
boards evaluate CEO effectiveness, particularly for traits or behaviors that deviate 
from traditional leadership norms. 

According to role congruity theory [8], verbal femininity may signal traits that 
are incongruent with the agentic expectations of effective leadership. Building on the 
lens of gender role incongruity, we argue that directors’ biased perceptions of verbal 
femininity undermine CEO evaluations and compensation. This is because gender 
stereotypes create a perceived incongruity between communal traits, commonly asso-
ciated with women, and the agentic characteristics expected of effective leaders. 
Traditional leadership roles emphasize decisiveness, authority, and assertiveness— 
qualities historically aligned with masculine stereotypes. This incongruity can lead 
to negative evaluations of leaders who exhibit feminine traits, as they are perceived to 
lack the assertiveness required for high-stakes decision-making and strategic leader-
ship. These biases can result in less favorable evaluations of CEO effectiveness, ulti-
mately influencing compensation decisions. In sum, we contend that CEOs exhibiting 
verbal femininity are likely to face biases that devalue their leadership qualities, 
resulting in lower compensation. Thus, the suggested hypothesis is as follows: 

Hypothesis. Male CEOs’ verbal femininity is negatively related to the level of 
CEO compensation.
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3  Metho  d

3.1 Settings 

To evaluate our argument that CEO compensation is influenced by verbal femininity, 
we base our research on three key assumptions. First, the sample firms are publicly 
traded. Public companies are required to have a board of directors responsible for 
decision-making, including setting CEO compensation. Additionally, since public 
firms separate management from ownership, decisions regarding CEO pay can be 
made independently and at the board’s discretion. Second, CEOs are gendered in 
this study. Specifically, all CEOs in the sample firms are male. Female CEOs are 
excluded because the feminine traits of male CEOs are more likely to be perceived 
as incongruent with traditional gender roles, making them more pronounced in the 
analysis. Third, the verbal representations of CEOs are socially constructed. Verbal 
femininity is not considered an innate characteristic of a CEO but rather a socially 
constructed trait that evolves over time (e.g., [30, 31]). For empirical analysis, this 
means the sample firms have recorded CEOs’ verbal expressions across multiple 
time periods, all within consistent institutional contexts. 

Based on these assumptions, we selected firms listed on the U.S. capital market as 
our sample. We focused on this market because firm behaviors are institutionalized 
there, with shared market-related practices, such as earnings conference calls, aimed 
at enhancing firm value (e.g., [32]). From the publicly traded U.S. firms, we sampled 
those where a male CEO had served across multiple time periods. 

To construct our sample, we utilized several databases, including Compustat, 
Execucomp, ISS (formerly RiskMetrics), and Seeking Alpha. First, we identified 
firms where a male CEO had served across multiple time periods (i.e., more than 
3 years) [33–35]. Next, we combined the Compustat, Execucomp, and ISS datasets 
using firm and year identifiers to compile accounting and financial data, CEO infor-
mation, and board data. From this merged dataset, we generated a list of sample firms. 
Using the identified list of firms, we retrieved earnings conference call transcripts 
for each firm from Seeking Alpha. Firms that did not hold any earnings confer-
ence calls between 2006 and 2020 were excluded from the sample. The time frame 
was truncated at 2020 to mitigate the impact of the economic disruption caused by 
COVID-19. This process resulted in a final dataset comprising 117 firms and 516 
firm-years. 

3.2 Measures 

Dependent variables. The dependent variable in this study is CEO compensation, 
measured annually as the total sum of base salary, bonuses, restricted stock, grants, 
LTIP payouts, option grants, and other annual rewards received by the CEO [36– 
38]. Specifically, we utilized the TDC1 variable from Execucomp to represent
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this measure. To address its right-skewed distribution, we applied a logarithmic 
transformation to the original variable. 

Independent variable. The independent variables for our hypothesis are verbal 
femininity and verbal masculinity, which together represent culturally ingrained traits 
associated with gender roles and expressed through language (e.g., [39–41]). Verbal 
femininity refers to linguistic expressions that align with traits culturally deemed 
desirable for women, such as warmth, empathy, collaboration, and sensitivity. These 
traits are deeply rooted in societal gender norms and are reflected in communication 
patterns that prioritize relational and affiliative language [42–44]. For example, verbal 
femininity may manifest in speech through the frequent use of supportive phrases, 
inclusive language, and expressions of concern for others [39–41]. On the other hand, 
verbal masculinity refers to linguistic expressions that align with traits culturally 
associated with men, such as assertiveness, independence, dominance, and compet-
itiveness [39]. These traits are reflected in communication patterns that emphasize 
control, authority, and task-oriented language [39, 42, 45]. Verbal masculinity may 
be evident in direct, commanding speech, the use of declarative statements, and 
language that projects confidence and certainty [39–41]. 

Given that our sample consists of male CEOs, we conceptualize CEOs’ verbal 
expressions of femininity and masculinity as complementary and intertwined dimen-
sions. To capture verbal femininity, as well as verbal masculinity, we employed a large 
language model. Large language models (LLMs) are advanced machine learning 
systems trained on vast amounts of text data to understand and generate human-like 
language [46]. These models leverage transformer-based architectures to capture 
semantic, syntactic, and contextual information in text [47–49]. By pre-training on 
diverse datasets and fine-tuning for specific tasks, LLMs demonstrate remarkable 
versatility, enabling applications such as text generation, translation, and classifica-
tion [50]. Building on the capabilities of LLMs, zero-shot classification is a method 
that uses similarities with previously learned data to categorize new, unseen classes 
without requiring training examples for those classes [51]. It leverages pre-trained 
language models to identify semantic features in text and apply them to classification 
tasks. The key strength of zero-shot classification lies in its ability to predict novel 
classes not explicitly represented in the training data, making it particularly valuable 
for datasets that are difficult to label [51]. 

In this study, we employed zero-shot classification to quantify verbal femininity 
and verbal masculinity in earnings call transcripts. To represent these constructs, 
we defined distinct sets of labels corresponding to feminine and masculine verbal 
attributes [39–42]. For verbal femininity, the labels were “Collaborative,” “Sup-
portive,” “Understanding,” “Empathetic,” and “Soft.” For verbal masculinity, the 
labels included “Aggressive,” “Assertive,” “Strong,” “Dominant,” and “Decisive.” 
The transcripts of earnings conference calls were gathered annually to assess verbal 
masculinity and femininity using the specified labels. For years with multiple earn-
ings calls, all transcripts were consolidated into a single set. Since the transcripts 
include dialogue from various participants in the conference calls (e.g., analysts, other 
executives, and moderators), we specifically identified the portions of the transcripts 
attributed to the CEO and extracted their spoken contents for analysis.
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Based on the extracted texts of each sample firm for the given year, we employed 
a pre-trained transformer model for zero-shot classification to compute similarity 
scores between the texts and each label. These scores, ranging from 0 to 1, indi-
cate the degree to which the CEO’s verbal expressions semantically align with the 
label [51]. To measure verbal femininity and verbal masculinity, we calculated the 
aggregated score for each construct as the product of the similarity scores for the 
five corresponding labels. This method emphasizes the simultaneous presence of all 
related verbal attributes, as a low score on any label will significantly reduce the 
overall aggregated score. This approach provides a more stringent measure of the 
extent to which CEOs’ verbal expressions exhibit strongly feminine or masculine 
characteristics. Using multiplication ensures that the aggregated score reflects consis-
tency across all labels, giving more weight to instances where multiple attributes align 
strongly with either femininity or masculinity. 

Control variables. To account for factors influencing CEO compensation, we 
included control variables at the industry, firm, and board levels. For industry-level 
controls, industry size, environmental munificence, and environmental dynamism 
were measured. Industry size was calculated the aggregate total assets of all firms 
within a given industry, identified using the 3-digit SIC code. This metric captures 
the overall scale of the industry. Environmental munificence was defined as the 
abundance or scarcity of critical resources available to firms within an environ-
ment [52]. This was operationalized as the growth rate of the industry in which the 
focal firm operates. Environmental munificence is widely recognized as an essen-
tial environmental condition that facilitates firm survival and growth by providing 
ample resources [53–56]. On the other hand, environmental dynamism refers to 
“to the volatility and unpredictability of a firm’s external environment” [57]. We 
measured this by calculating the variation in industry revenues over a five-year period. 
Environmental dynamism reflects the degree of uncertainty and change within the 
industry, potentially impacting strategic decision-making and performance. These 
two industry-level variables were incorporated into the regression model to control for 
external environmental factors that could influence CEO compensation. The specific 
measures for environmental munificence and dynamism are detailed in the regression 
equation below. This approach ensures a comprehensive understanding of how both 
resource availability and environmental volatility shape CEO pay dynamics. 

Rit = α + βRit−1 + εit, (1)

where Rit represents the revenues of industry j (identified using the 3-digit SIC code) 
over the past five years leading up to time t. The parameter β denotes the growth rate of 
industry revenue and is used as a measure of environmental munificence. Meanwhile, 
the standard error of β serves as an indicator of environmental dynamism [54–56]. 

Firm-specific characteristics were defined using several key variables: market 
share, firm size, ROA, sales growth, current ratio, debt-equity ratio, R&D intensity, 
and marketing intensity. Market share was calculated as the proportion of a firm’s 
sales relative to the total sales in the industry. Firm size was proxied by the dollar 
amount of total assets (in thousands), with a logarithmic transformation applied
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to address skewness in the data. ROA was calculated as the ratio of net income 
to total assets, providing an indicator of operational efficiency. Sales growth was 
calculated as the change in sales divided by the previous year’s sales, representing 
the firm’s growth rate. Current ratio was calculated as the ratio of current assets to 
current liabilities, a measure of a firm’s short-term liquidity [58, 59]. Debt-equity 
ratio is computed as the total value of short-term and long-term debt divided by 
the equity value, reflecting the firm’s leverage [59]. R&D intensity was computed 
as the ratio of research and development expenditures to total assets, indicating 
the firm’s investment in innovation. Marketing intensity is defined as the ratio of 
administrative expenditures to total assets, capturing the firm’s focus on marketing 
and administrative activities. 

Finally, the board-level control variables include the proportion of outsider direc-
tors and the number of Caucasian male directors on the board. The outsider-directors 
variable is measured as the proportion of directors on the board who are not part of 
the firm. The Caucasian-male-directors variable represents the total number of white 
male directors serving on the board. Table 1 presents the descriptive statistics of the 
variables that are used in the empirical analysis.

3.3 Estimation Model 

To investigate the relationship between verbal femininity and CEO compensation, 
we employed a fixed effects model, chosen based on the results of the Hausman test 
[60]. The Hausman test evaluates whether the fixed effects model provides more 
consistent estimates than the random effects model. When the test statistic yields 
a p-value below the 0.05 significance threshold, it indicates the fixed effects model 
is the superior choice. In this study, the Hausman statistic was 25.30 (p < 0.05), 
confirming the appropriateness of the fixed effects approach for our analysis. 

In addition, to address potential selection bias in the sampled firms, we accounted 
for sample selection bias by incorporating the Inverse Mills Ratio. This correction 
began with a Probit model, which estimated the likelihood of a firm being included 
in the sample from the entire Compustat dataset. The Probit model considered firm 
size (proxied by the number of employees) and sales normalized by total assets as 
predictors. The resulting Inverse Mills Ratio was then included in the fixed effects 
model to ensure robust and unbiased estimation.
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4 Results 

4.1 Verbal Femininity and CEO Compensation 

Table 2 presents the fixed-effects estimations of CEO compensation in relation to 
verbal femininity and verbal masculinity. Model 1 includes only the control variables, 
while Models 2 through 4 incorporate the focal predictors: verbal femininity and 
verbal masculinity. In Model 4, the results indicate that verbal femininity significantly 
reduces CEO compensation (β =  −  2.6967; p = 0.003), whereas verbal masculinity 
significantly increases it (β = 1.6939; p = 0.024). In the contexts of male CEOs, 
verbal masculinity aligns with traditional gender roles, and this congruence leads 
to more favorable evaluations by the board. In contrast, when a male CEO exhibits 
feminine traits in his narratives, this is perceived as inconsistent with gender-based 
expectations, resulting in less favorable evaluations from the board.

While our arguments are grounded in the theory of gender role incongruity [8, 
61], we recognize that verbal femininity and verbal masculinity are not mutually 
exclusive. Instead, they coexist within individuals in unique androgynous config-
urations [42, 62–65]. To account for these androgynous aspects of CEO narra-
tives, we identified two distinct communication styles: masculinity-focused narra-
tives and femininity-focused narratives. Masculinity-focused narratives indicate 
a stronger tendency toward masculine traits compared to feminine ones, while 
femininity-focused narratives reflect a greater emphasis on feminine traits rela-
tive to masculinity. To examine how these communication styles influence board 
evaluations, as reflected in CEO compensation, we developed two variables: verbal 
masculinity focus and verbal femininity focus. These variables measure the extent 
to which verbal masculinity or verbal femininity predominates in a CEO’s commu-
nication. Operationally, we calculated these variables using the measures of verbal 
masculinity and verbal femininity, as detailed below 

VFM 
it = VFit if VFit > 0; 0  else  

VFF 
it = |VFit | if VFit < 0; 0  else  

s.t. VFit = Mit
(Mit+Fit ) − F it

(Mit+Fit )
(2) 

where VFM 
it and VFF 

it denote verbal masculinity focus and verbal femininity focus 
respectively; VFF 

it indicates which a given CEO’s narratives focus more on between 
masculinity and femininity; Mit and Fit show verbal masculinity and verbal femi-
ninity, computed through the LLM with the zero-shot classification. As seen in Model 
5  in  Tab  le 2, we found the results consistent. That is CEO’s communication style that 
is dominated by masculine traits (i.e., verbal masculinity focus) tends to receive more 
favorable evaluations from the board (β = 0.4018; p = 0.074). In contrast, commu-
nication emphasizing feminine traits (i.e., verbal femininity focus) is associated with 
less favorable board evaluations (β =  −  0.5821; p = 0.076).

From the perspective of gender role congruity, we found that male CEOs who 
exhibit feminine traits in their communication may face unfavorable evaluations
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Table 2 Fixed-Effects estimation of CEO compensation with respect to verbal masculinity and 
verbal femininity 

Model 1 Model 2 Model 3 Model 4 Model 5 

Intercept 7.2748*** 7.2685*** 7.4474*** 7.3282*** 7.1190*** 

−0.9742 −0.9728 −0.9752 −0.964 −0.9738 

Industry size 0.0146 0.0147 0.0148 0.017 0.0182 

−0.0137 −0.0137 −0.0137 −0.0138 −0.014 

Environmental munificence 1.2603* 1.2607* 1.2260* 1.2067* 1.2451* 

−0.5742 −0.5738 −0.5751 −0.5697 −0.574 

Environmental dynamism 9.9363 9.9355 9.5257 8.9646 10.49 

−7.5574 −7.5648 −7.5357 −7.3984 −7.5144 

Market share −0.2719 −0.2756 −0.3345 −0.6127 −0.4526 

−0.449 −0.4513 −0.4561 −0.4717 −0.4392 

ln Total assets 0.0286 0.0291 0.0264 0.0539 0.0623 

−0.0701 −0.0711 −0.0702 −0.0711 −0.0703 

ROA 0.8211+ 0.8233+ 0.8204+ 0.9395* 0.9352* 

−0.424 −0.4269 −0.4216 −0.4313 −0.4235 

Sales growth 0.0001 0.0001 0.0001 0.0002+ 0.0002 

−0.0001 −0.0001 −0.0001 −0.0001 −0.0001 

Current ratio −0.0216 −0.0216 −0.0205 −0.0174 −0.0165 

−0.0415 −0.0415 −0.0412 −0.0405 −0.0404 

Debt-equity ratio 0.0005 0.0005 0.0005 0.0005 0.0005 

−0.0005 −0.0005 −0.0005 −0.0005 −0.0005 

R&D intensity −1.2016 −1.1978 −1.1913 −0.973 −0.9042 

−1.5929 −1.6009 −1.6316 −1.6412 −1.6232 

Marketing intensity 1.3832+ 1.3841+ 1.3627+ 1.3906+ 1.3377+ 

−0.717 −0.716 −0.7202 −0.7084 −0.7031 

% Outsider directors −0.2543 −0.2555 −0.2222 −0.2456 −0.2884 

−0.1915 −0.1931 −0.1871 −0.1847 −0.1923 

% White-male directors −0.0859 −0.0852 −0.1014 −0.0849 −0.0684 

−0.1036 −0.1043 −0.1029 −0.1023 −0.1033 

Inverse mills ratio −0.3068 −0.3076 −0.3075 −0.3537 −0.3623 

−0.2436 −0.2443 −0.245 −0.2442 −0.2412 

Verbal masculinity 0.0314 1.6939* 

−0.4744 −0.7454 

Verbal femininity −1.1957* −2.6967** 

−0.5859 −0.916 

Masculinity focus 0.4018+ 

−0.2245

(continued)
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Table 2 (continued)

Model 1 Model 2 Model 3 Model 4 Model 5

Femininity focus −0.5821+ 

−0.3274 

Firm and year fixed effects Yes Yes Yes Yes Yes 

Adj. R2 0.629 0.628 0.735 0.737 0.738 

#Firms 117 117 117 117 117 

#Observations 516 516 516 516 516 

This table presents the fixed-effects estimation of CEO compensation with respect to verbal 
masculinity and verbal femininity. CEO compensation is measured as the total compensation the 
give CEO is given at time t. The total compensation includes salary, bonus, restricted stock, grants, 
LTIP payouts, option grants, and all other annual rewards. Since the distribution of CEO compen-
sation in our sample is right-skewed, we take a logarithm to the variable. Verbal masculinity is 
captured through zero-shot classification by using the labels of “aggressive”, “assertive”, “strong”, 
“dominant”, and “decisive.” For verbal femininity, we employ the same LLM model with the labels 
of “collaborative”, “supportive”, “understanding”, “empathetic”, and “soft.” Robust standard errors 
in parentheses. + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001

from the board. Verbal femininity from male CEOs reveals that their behavior devi-
ates from traditional gender norms associated with leadership roles. In many cultural 
and organizational contexts, leadership is stereotypically aligned with masculine 
traits [66]. Given this, when male CEOs display feminine characteristics—such as 
empathy, collaboration, or softness—it may create a perception of gender role incon-
gruity, where their behavior is seen as inconsistent with the expectations of their role 
as male leaders [67]. 

4.2 Additional Analyses 

To gain deeper insights into the relationship between verbal femininity in male CEOs 
and their compensation, we examined various contingencies related to social percep-
tions of gender roles. One key factor we considered was growth. Specifically, we 
hypothesized that in growing firms, the board would place less emphasis on the 
CEO’s communication style, as the focus would likely be on performance metrics. 
In contrast, in stagnating firms, the board might pay greater attention to gendered 
communication traits, potentially amplifying the influence of gender roles on eval-
uations. To test this hypothesis, we divided the sample into two groups based on 
the median value of sales growth: a low-growth group and a high-growth group. We 
then conducted separate regression analyses for each subsample. The results indi-
cate that a negative relationship between verbal femininity and CEO compensation 
exists only in stagnating firms, suggesting that the board’s sensitivity to gendered 
communication traits is heightened in less dynamic performance contexts.
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Second, we explored firm performance as a potential contingency in the rela-
tionship between verbal femininity in male CEOs and their compensation. We 
conjectured that in underperforming firms, boards are likely to focus on strategies 
for improving performance and may pay less attention to the CEO’s communica-
tion style, including verbal femininity. Meanwhile, in high-performing firms, where 
immediate concerns about operational stability are reduced, boards may have more 
capacity to evaluate and be influenced by gendered communication traits, potentially 
leading to greater bias. To test this, we split the sample based on the median value of 
ROA, dividing firms into lower-ROA and higher-ROA groups. We then conducted 
separate regression analyses for each group. The results indicated no significant rela-
tionship between verbal femininity and CEO compensation in the lower-ROA group, 
suggesting that performance concerns overshadow biases related to communication 
style in underperforming firms. However, in the higher-ROA group, verbal femininity 
was found to have a significant negative effect on CEO compensation. This finding 
implies that in firms with strong financial performance, boards may be more suscep-
tible to gendered expectations and biases when evaluating a CEO’s communication 
style, emphasizing the situational nature of gender role incongruity in leadership 
assessments. 

Lastly, we examined the demographic composition of the board as a potential 
factor influencing the relationship between verbal femininity and CEO compensa-
tion. Given that gender role congruity theory is rooted in gendered social struc-
tures, cultural assumptions about leadership and communication are likely to shape 
how boards perceive and evaluate verbal femininity in male CEOs. To explore this, 
we divided the sample into two groups: firms with white-male-dominated boards 
and those with more diverse boards. Separate analyses were conducted for each 
subsample to identify how verbal femininity and masculinity affected CEO compen-
sation. The results revealed that white-male-dominated boards were more likely to 
factor verbal femininity into their decisions, negatively associating it with CEO 
compensation. In contrast, in boards that were not dominated by white males, 
verbal masculinity played a more significant role in influencing CEO compensation. 
These findings highlight how board demographics mediate the impact of gendered 
communication traits in leadership evaluations. 

5 Discussion and Conclusion 

In this study, we explore how cognitive biases in the boardroom, especially rooted in 
gender roles, influence the evaluation of CEO contributions. Specifically, this study 
examines the femininity-derived communication style of CEOs, i.e., verbal femi-
ninity, to determine whether gender biases affect boardroom evaluations of CEOs. 
To operationalize verbal femininity, we utilized a Large Language Model (LLM) 
to identify femininity-based cues in the communication of male CEOs. In the U.S. 
context, our findings reveal that verbal femininity has a negative impact on male 
CEOs’ compensation, while verbal masculinity is positively associated with higher
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compensation. These contrasting results align with the principles of gender role 
incongruity theory, highlighting the influence of gendered expectations on leadership 
evaluations. This incongruity of gender roles (i.e., femininity-derived communica-
tion styles of male CEOs), can lead to biased assessments by board members, who 
may interpret such communication styles as a lack of leadership strength or authority, 
thereby undervaluing the CEO’s contributions. As such, the board’s evaluation of the 
CEO, which often influences decisions about compensation and career progression, 
may be negatively affected. This suggests that gendered expectations in leadership 
play a significant role in shaping board perceptions and evaluations. 

Our findings offer theoretical implications and contributions to the literature. 
First, this study deepens the understanding of gender role theory by illustrating how 
gendered expectations shape leadership evaluations, even when the leader’s biolog-
ical gender conforms to traditional leadership norms. Specifically, it demonstrates 
that male CEOs who display verbal femininity may face penalties in compensation 
because their behavior conflicts with stereotypical notions of masculine leadership. 
This finding underscores the persistence of gender role incongruity in leadership 
assessments, offering new insights into how implicit biases operate in evaluating 
executive performance. 

Second, this study contributes to the leadership communication literature by 
demonstrating the nuanced role of communication style in shaping perceptions of 
leadership effectiveness. While prior studies have emphasized the importance of 
assertive and dominant communication in leadership evaluations, our findings reveal 
a double standard: traits culturally associated with femininity, though beneficial in 
fostering collaboration and relational dynamics, may still be undervalued or penal-
ized in high-stakes settings such as board evaluations. This highlights the need to 
reevaluate the traditional emphasis on masculine communication styles in leadership 
frameworks and expand them to accommodate diverse and inclusive definitions of 
effective leadership. 

Third, this study extends compensation and governance research by linking 
communication style to CEO compensation decisions. While compensation is tradi-
tionally viewed as a function of firm performance and governance mechanisms, our 
findings suggest that subjective factors, such as perceptions of a CEO’s alignment 
with gendered expectations, also play a critical role. This contribution underscores the 
importance of addressing biases in board decision-making processes to ensure that 
leadership evaluations and compensation outcomes are based on objective criteria 
rather than cultural stereotypes. 

Last, this study highlights the broader need to challenge traditional gender norms 
within the leadership domain. As organizations increasingly prioritize diversity, 
equity, and inclusion, it is imperative to recognize and mitigate the biases that 
undervalue leadership styles associated with femininity. By integrating these find-
ings into the leadership literature, we encourage future research to explore strategies 
for reducing the influence of gender role incongruity in leadership evaluations and 
fostering greater acceptance of diverse leadership styles. 

While this study presents significant contribution to the literature, it has more 
opportunities to further deepen our knowledge on verbal femininity and CEO
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compensation. Future research could examine how the negative impact of verbal 
femininity on CEO compensation varies across different organizational and cultural 
contexts. For example, do industries traditionally associated with collaboration and 
relational leadership, such as healthcare or education, exhibit similar biases against 
verbal femininity in male leaders? Conversely, are these biases more pronounced 
in highly masculine, performance-driven sectors such as finance or technology? 
Comparative studies across industries and cultural settings could provide deeper 
insights into the situational factors that amplify or mitigate these biases. 

Second, this study reveals implicit biases in board evaluations that penalize verbal 
femininity. Future research could delve into the decision-making processes within 
boards to uncover the mechanisms driving these biases. Questions to explore include: 
How do board member demographics, such as gender, age, or professional back-
ground, influence perceptions of gendered communication styles? Do boards with 
greater diversity or training in implicit bias exhibit less penalization of verbal femi-
ninity? Such studies could inform governance practices aimed at reducing bias in 
leadership evaluations. 

Third, while this study focuses on verbal femininity, future research could inves-
tigate how verbal traits interact with non-verbal behaviors or leadership actions. 
For example, does the combination of verbal femininity with traditionally mascu-
line behaviors, such as decisive decision-making, neutralize the negative evaluation? 
Exploring the interplay between communication styles and behavioral traits could 
offer a more holistic view of how gendered expectations shape leadership outcomes. 

Last, a longitudinal approach could explore how the use of verbal femininity or 
masculinity evolves throughout a CEO’s tenure and how these shifts affect percep-
tions of leadership effectiveness and compensation over time. Are leaders who consis-
tently exhibit verbal femininity eventually recognized for its relational benefits, or do 
these traits continue to be undervalued? This type of research could provide insights 
into the temporal dynamics of gendered communication styles in leadership. 

By pursuing these research directions, scholars can advance a more nuanced 
understanding of the interplay between gendered communication styles and leader-
ship evaluations while also contributing to more equitable and inclusive leadership 
practices. Moreover, further exploration into verbal femininity, verbal masculinity, 
or verbal androgyny is needed to clarify the gender biases in the boardroom. 
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Abstract This paper explores the latest methodologies for fine-tuning open-source 
Large Language Models (LLMs) to enhance quantitative trading strategies by inte-
grating numerical data (e.g., historical prices, technical indicators) with textual 
data (e.g., news, earnings reports, social media sentiment). We employ Retrieval-
Augmented Generation (RAG) with a vector database to efficiently handle and 
contextualize textual data, enabling LLMs to derive actionable insights from both 
structured and unstructured data. The proposed approach focuses on fully fine-tuning 
smaller models, such as GPT-4o Mini, for cost-effective and scalable applications in 
finance. The study aims to create a hybrid trading model that combines the predic-
tive power of LLMs with traditional quantitative methods, improving accuracy and 
adaptability in financial markets. Key innovations include the integration of real-time 
data pipelines and adaptive model tuning. Experimental results demonstrate signifi-
cant improvements in predictive accuracy and risk-adjusted returns, showcasing the 
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1 Introduction 

The proliferation of diverse data modalities [ 10] in financial markets, includ-
ing numerical time series, textual news, and macroeconomic indicators, presents 
both opportunities and challenges for quantitative trading and portfolio manage-
ment [ 11]. Traditional approaches often struggle to integrate such heterogeneous 
data sources effectively, limiting their ability to capture complex market dynamics. 
Recent advancements in LLMs [ 1, 3, 17] offer a promising solution, as these models 
are capable of processing and contextualizing multimodal data to generate actionable 
insights. 

LLMs, pretrained [ 2] on vast corpora of text and fine-tuned for specific applica-
tions, have demonstrated remarkable capabilities in understanding and generating 
human-like language. Beyond text, their adaptability allows for the incorporation of 
structured numerical data, enabling a unified framework for analyzing multimodal 
inputs. By leveraging RAG [ 6], LLMs can efficiently retrieve relevant information 
from large-scale databases and contextualize it with other data sources, enhancing 
their applicability in financial markets. 

Despite their potential, the application of LLMs in quantitative finance remains 
underexplored. Most existing studies focus on single-modality data, such as numeri-
cal time series [ 13] or isolated textual sentiment analysis [ 9]. Integrating both modal-
ities in a cohesive framework can provide a more comprehensive understanding of 
market behavior, improving predictive accuracy and decision-making. 

This study investigates the integration of fine-tuned LLMs [ 4] with RAG to 
enhance quantitative trading strategies. The proposed approach combines numerical 
financial data with textual insights from news and macroeconomic reports, aiming 
to create adaptive trading models capable of responding to evolving market con-
ditions. Experimental results demonstrate the feasibility of this approach, showing 
improvements in predictive performance and risk-adjusted returns. 

2 Data 

2.1 Time Series 

The time series data utilized in this study encompasses a wide range of financial 
metrics across multiple asset classes, including rates, credit, foreign exchange (FX), 
commodities, and equities. Each metric serves as a proxy for market behavior and 
provides insights into different facets of financial markets. Below, we detail each 
metric and its significance: 

• Rates: 

– Bloomberg US Treasury Index: Represents the total return of U.S. Treasury 
bonds, capturing overall performance in the government bond market.
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– U.S. Treasury 2-year/10-year yield spread: Tracks the yield spread between 
2-year and 10-year U.S. Treasury bonds, a widely used indicator of economic 
sentiment and potential recessionary trends. 

– Merrill Lynch Option Volatility Estimate (MOVE) Index: Measures implied 
volatility in the U.S. Treasury market, often referred to as the “VIX of bonds,” 
indicating uncertainty in interest rate expectations. 

• Credit: 

– Bloomberg U.S. Investment Grade Corporate Bond Index: Reflects the per-
formance of investment-grade corporate bonds in the U.S. market. 

– Bloomberg U.S. High Yield Corporate Bond Index: Tracks the high-yield 
(junk) bond market, providing insights into riskier credit instruments. 

• Foreign Exchange (FX): 

– U.S. Dollar Index: The U.S. Dollar Index, measuring the dollar’s value relative 
to a basket of major currencies. 

– EURUSD Implied Volatility: Represents the 3-month implied volatility of the 
EUR/USD currency pair, an indicator of expected future fluctuations. 

– USDJPY, EURUSD, GBPUSD: Exchange rates for major G10 currency pairs, 
providing insights into international trade and capital flows. 

• Commodities: 

– Brent Crude Oil Futures: Tracks the price of crude oil, a key indicator of 
global economic activity and energy markets. 

– XAUUSD: Reflects the price of gold in U.S. dollars, often seen as a safe-haven 
asset during market turmoil. 

• Equities: 

– VIX Index: Measures implied volatility in the SP500, often referred to as the 
“fear gauge.” 

– SPX Index: Tracks the performance of the SP500, a benchmark for U.S. equity 
markets. 

– MSCI World Index: Represents global equity market performance across 
developed markets. 

– MSCI Emerging Markets Index: Tracks equity performance in emerging mar-
kets. 

– NVDA, AAPL, AMZN, GOOG, META, MSFT, TSLA: Stock prices of lead-
ing technology and innovation-driven companies, representing a significant por-
tion of market capitalization and economic influence. 

• Macro Indicators: 

– U.S. Consumer Price Index: Measures year-over-year changes in the Consumer 
Price Index, a key inflation gauge.
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– U.S. Unemployment Rate Index: Represents total unemployment in the U.S., 
a critical labor market indicator. 

– U.S. Manufacturing Purchasing Managers’ Index: Tracks the Purchasing 
Managers’ Index (PMI) for manufacturing, indicating economic health in the 
industrial sector. 

– Consumer Confidence Index in the Eurozone: Measures consumer sentiment 
in the Eurozone, reflecting economic confidence. 

• Currency Pairs: 

– USDJPY, EURUSD, GBPUSD: Exchange rates for major G10 currency pairs, 
providing insights into international trade and capital flows. 

Each metric is preprocessed to derive meaningful insights. For most metrics, we 
calculate percentage changes to capture relative movements over time. In some cases, 
such as bond yields or inflation rates, absolute changes reflect the scale of movement. 
Additionally, rolling 125-day standard deviations are computed to assess volatility 
trends. Metrics with standard deviations exceeding a threshold (e.g., 3) are flagged 
as potential indicators of regime shifts within their respective asset classes. These 
regime shifts are then aggregated into a counter, ranging from 0 to 5, representing 
the number of asset classes experiencing elevated volatility simultaneously. 

2.2 News 

The news dataset used in this study comprises macroeconomic news articles sourced 
from Nasdaq.com, covering global financial developments from January 2023 to 
October 2024. These articles include announcements related to monetary policy, 
economic indicators, geopolitical events, and corporate earnings reports. By integrat-
ing this textual data, the study aims to capture qualitative insights that complement 
quantitative time series data. 

The news dataset is filtered for macroeconomic relevance by scanning articles for 
keywords such as “inflation,” “interest rates,” “GDP,” “unemployment,” and “central 
bank policy.” This ensures that only articles with potential implications for broad 
market dynamics are included, excluding company-specific updates that are less 
relevant to the study’s objectives. 

To link news events with financial metrics, a timestamp alignment is performed, 
matching the publication date of each article with the corresponding time series data. 
This enables the model to contextualize numerical trends within the broader macroe-
conomic landscape. For example, if a spike in bond market volatility coincides with 
a Federal Reserve announcement, the timestamp alignment allows for this relation-
ship to be captured in the analysis. This structured approach ensures that the textual 
data remains directly tied to macroeconomic events, providing actionable insights 
without introducing additional computational complexity.
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2.3 Regime Shift 

Regime shifts in financial markets refer to transitions between distinct phases of 
market behavior, often characterized by changes in volatility, correlations, or trends 
across asset classes. Detecting these shifts is critical for adaptive trading strategies 
and risk management, as they can signal changes in market conditions that require 
adjustments in portfolio allocations. For this study, we classify regime shifts based 
on the standard deviation of returns, identifying extreme events when the standard 
deviation exceeds a threshold of 3 over a 125-day rolling window. 

The rolling standard deviation (.σt :t+124) for a given window starting at time. t and 
ending at .t + 124 is calculated as 

.σt :t+124 =
.
.
.
.

1

125

t+124
.

i=t

(ri − r̄t :t+124)2, (1) 

where: 

• . ri represents the .i-th return within the window, 
• .r̄t :t+124 is the mean return over the 125-day window: 

.r̄t :t+124 = 1

125

t+124
.

i=t

ri . (2) 

A regime shift is identified for a specific asset class . k on day .t + 124 if: 

.σt :t+124,k > 3, (3) 

indicating an extreme deviation from typical market behavior within the 125-day 
rolling window. 

For each day.t + 124, the aggregate regime shift score.St across all.M asset classes 
is calculated as 

.St =
M

.

k=1

I (σt :t+124,k > 3), (4) 

where: 

• .M is the total number of asset classes, 
• .I (·) is an indicator function that equals 1 if .σt :t+124,k > 3, and 0 otherwise, 
• .σt :t+124,k is the rolling standard deviation for asset class . k over the window . t to 

.t + 124. 

The daily score.St ranges from 0 (no regime shifts across any asset classes) to . M
(all asset classes experience regime shifts). This provides a day-specific measure of 
extreme market activity across asset classes.
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Interpretation: The score. St reflects the intensity of regime shifts across asset classes 
on a given day. A heatmap of.St over time can be used to visualize periods of height-
ened market instability. Additionally, time-series plots of .σt :t+124,k for individual 
asset classes can help identify specific contributors to regime activity. 

The regime shift counter aggregates the number of asset classes experiencing 
these elevated volatility periods at any given time. This counter ranges from 0 (indi-
cating no regime shifts) to 5 (indicating simultaneous shifts across all asset classes). 
This aggregated measure provides a holistic view of market turbulence and aids in 
identifying systemic risk events. 

The identified regime shifts are further analyzed in conjunction with the news 
dataset. By correlating regime shift events with significant news articles, the study 
seeks to uncover causal relationships or patterns. For instance, a regime shift in 
the FX market may coincide with major central bank announcements, while shifts 
in the equities market could align with unexpected corporate earnings reports or 
geopolitical crises. This integrated approach enhances the model’s ability to interpret 
market dynamics and adapt trading strategies accordingly. 

3 Methodology 

3.1 Time Series Preprocessing 

Time series data in financial markets are often high-dimensional, making them com-
putationally expensive to process and challenging to integrate into models designed 
primarily for text processing [ 8], such as LLMs. To address these challenges, this 
study employs Symbolic Aggregate approXimation (SAX) [ 5, 7], a method that 
transforms numerical time series into symbolic representations, facilitating dimen-
sionality reduction and making the data more LLM-compatible. 

The SAX method involves three key steps: normalization, Piecewise Aggregate 
Approximation (PAA), and symbolization. First, a time series .T = [t1, t2, . . . , tn] is 
normalized to have zero mean and unit variance: 

. T' = T − μ

σ
,

where. μ is the mean of. T, and. σ is its standard deviation. Normalization ensures that 
the method is robust to differences in scale among time series. 

Next, the normalized series .T' is divided into .w equal-sized segments, and the 
mean of each segment is calculated. This process, known as Piecewise Aggregate 
Approximation (PAA), reduces the dimensionality of the series: 

. TPAA = [t̄1, t̄2, . . . , t̄w],

where .t̄i = 1
.

..
j=1 t j , and .. = n

w
is the segment length.
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Finally, the PAA-transformed series .TPAA is mapped to a discrete alphabet .A of 
size . a based on breakpoints derived from a Gaussian distribution. Each segment 
mean . t̄i is assigned a symbol .si ∈ A according to: 

. si = f (t̄i ),

where . f (·) maps . t̄i to a symbol based on its range relative to the breakpoints. The 
result is a symbolic representation of the time series: 

. TSAX = [s1, s2, . . . , sw].

The SAX representation offers several advantages. By transforming time series 
into symbolic sequences, it reduces computational costs and storage requirements, 
making it particularly suitable for scenarios involving large-scale data. Furthermore, 
the symbolic format aligns well with the input structure of LLMs, which are optimized 
for processing textual data. This enables the integration of time series data into LLM-
based frameworks without significant modifications to the model architecture. 

In this study, SAX is applied to financial time series such as stock prices. The 
symbolic representations are concatenated with textual data, allowing the model to 
analyze numerical and textual inputs in a unified manner. This preprocessing step 
not only reduces computational complexity but also enhances the interpretability of 
the time series data within the context of LLM-driven analysis. 

3.2 Regime Question Bank 

The Regime Question Bank is a critical component designed to enhance the model’s 
understanding of the macroeconomic environment, particularly during regime shifts. 
By retrieving and analyzing relevant news and contextual data, the question bank 
ensures that the model remains aware of prevailing market conditions and their 
potential implications [ 14]. This integration supports a more informed and adaptive 
trading strategy. 

Market-Wide Questions: The market-wide questions aim to capture broad trends 
and macroeconomic dynamics across global markets. These questions focus on 
understanding equity performance, interest rate trends, macroeconomic indicators, 
and geopolitical events. Examples include: 

• What is the current state of the global equity market? 
• How has the S&P 500 performed over the past quarter? 
• What are the key drivers of recent market volatility? 
• Are there any geopolitical events impacting global markets today? 
• What are the trends in interest rates, and how are they affecting bond markets? 
• What sectors are currently outperforming or underperforming in the market? 
• How is the Federal Reserve’s policy impacting investor sentiment?
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• Are there any major earnings reports or economic data releases today? 
• What is the market sentiment based on recent news and social media analysis? 
• How have macroeconomic factors like inflation or GDP growth influenced the 
markets this year? 

The embeddings for these questions are computed using a pretrained language 
model to encode their semantic meaning into a high-dimensional vector space. For a 
given question embedding. qi , the top-. k relevant news articles are retrieved by ranking 
their similarity to .qi using cosine similarity. This process ensures that the retrieved 
information directly corresponds to the key macroeconomic drivers. 

Asset-Specific Questions: To provide a detailed perspective on individual assets, 
asset-specific questions are dynamically generated for selected assets. These ques-
tions target asset-level metrics such as volatility, valuation, and recent news, help-
ing the model contextualize asset performance within the broader macroeconomic 
regime. Examples of asset-specific questions include 

• What is the historical volatility of [asset]? 
• How does [asset]’s price correlate with its sector or benchmark index? 
• Are there any recent news or earnings reports related to [asset]? 
• What is the current valuation of [asset] compared to its historical average? 
• How have dividends or other distributions affected [asset]’s returns? 
• What is the liquidity level of [asset] in the current market? 
• Are there any insider trading activities or large institutional movements related to 
[asset]? 

• What is the short interest ratio or sentiment surrounding [asset]? 
• How has [asset] performed in similar market conditions in the past? 
• What are the key risks and opportunities associated with [asset]? 

For each asset . a j , a set of embeddings .{q(1)
j , q(2)

j , . . . , q(m)
j } is computed. These 

embeddings are matched with news articles to retrieve the top-. k items most relevant 
to the asset. This ensures that the model is equipped with timely and asset-specific 
contextual information. 

Advantages of the Question Bank: The primary advantage of the Regime Question 
Bank is its ability to help the model understand the macroeconomic environment 
by maintaining awareness of regime shifts. By structuring queries to address both 
broad market conditions and asset-level specifics, the question bank ensures that 
the model integrates relevant information into its decision-making process. This 
approach enhances the model’s interpretability and adaptability, particularly during 
periods of heightened market volatility or systemic changes. 

Furthermore, the symbolic structure of the queries aligns well with the capa-
bilities of LLMs, enabling efficient integration of textual and numerical data. This 
design allows the model to contextualize regime shifts in real-time and adapt trading 
strategies accordingly, improving performance and risk management during turbu-
lent market conditions.
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3.3 Retrieval Augmented Generation 

RAG is a critical component of this study, enabling the integration of external knowl-
edge into the model’s decision-making process. By retrieving relevant information 
from a vector database and combining it with the model’s inherent capabilities, RAG 
enhances the interpretability and effectiveness of the trading strategies. 

Embedding News Articles: To facilitate retrieval, each news article is converted 
into a high-dimensional embedding vector using a pretrained embeddings model. 
This embedding captures the semantic meaning of the text, making it suitable for 
similarity-based retrieval. For longer news articles, the study employs an LLM to 
condense the content into a more concise representation before applying the embed-
ding process. This ensures that the embeddings remain focused on the most critical 
information, improving retrieval efficiency and relevance. 

The embeddings are stored in a vector database, such as Pinecone [ 12], which is 
used in this project. Pinecone allows for scalable and efficient storage and querying of 
high-dimensional vectors, enabling the retrieval of relevant news articles in real-time. 

Embedding Questions: In addition to embedding news articles, questions from the 
Regime Question Bank are similarly converted into embedding vectors. This ensures 
consistency in the representation of both the queries and the news articles, facilitating 
accurate similarity computations. 

Retrieval Process: During the retrieval phase, cosine similarity is used to measure 
the distance between the question embeddings and the news embeddings. For a given 
question embedding . q and a news embedding . n, the cosine similarity is defined as 

. Similarity(q, n) = q · n
||q||||n|| .

This similarity score quantifies the relevance of a news article to the query. The top-. k
news articles with the highest similarity scores are retrieved from the vector database 
and provided as input to the model for further processing. 

Advantages of RAG: The use of RAG provides several benefits in the context of 
this study. By dynamically retrieving relevant information from external sources, the 
model is able to incorporate up-to-date and contextually relevant insights into its 
analysis. The embedding and retrieval process ensures that both questions and news 
articles are represented in a format compatible with the model, enabling seamless 
integration. Additionally, the ability to condense long news articles reduces noise 
and computational overhead, focusing the analysis on the most pertinent details. 

By incorporating RAG into the framework, this study enhances the model’s ability 
to understand complex macroeconomic environments and adapt trading strategies in 
response to evolving market conditions.
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3.4 Chain of Thoughts 

The CoT framework employed in this study is a structured, step-by-step reasoning 
process designed to ensure transparency and robustness in decision-making. This 
process integrates time series predictions, regime detection, news retrieval, and trad-
ing decisions into a cohesive analytical workflow (Fig. 1). The CoT consists of the 
following four steps: 

Step 1: Time Series Prediction 
The process begins with the analysis of the input time series .T = [t1, t2, . . . , tn], 
which is preprocessed using the SAX algorithm to reduce dimensionality and 
represent the time series in symbolic form .TSAX = [s1, s2, . . . , sw], where . si ∈
{a, b, . . . , i}. Using this SAX-transformed time series, the model predicts the future 
return time series .T̂ = [ŝ1, ŝ2, . . . , ŝm] for the next .m time steps: 

. T̂ = fpredict(TSAX),

where . fpredict represents the prediction function based on the input time series. The 
predicted sequence . T̂ serves as the initial output for subsequent analysis. 

Fig. 1 Workflow of the LLM pipeline integrating SAX, RAG, and the Chain of Thoughts (CoT) [16] 
process. The pipeline combines asset and indicator time series data with news and question bank 
inputs to generate predictions, detect regime shifts, and provide trading decisions and explanations
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Step 2: Regime Shift Detection and Adjustment 
Following the time series prediction, the model evaluates the likelihood of a regime 
shift within the prediction horizon. This is based on a set of market indicators . I =
[i1, i2, . . . , ik] and retrieved news embeddings.N = [n1, n2, . . . , np]. A regime shift 
is detected if: 

. R = fregime(I, N) =
.

Yes, if P(R = Yes) > τ ,

No, otherwise,

where. fregime represents the regime detection function,.P(R = Yes) is the probability 
of a regime shift, and . τ is a predefined threshold. 

If .R = Yes, the initial time series prediction. T̂ is adjusted to reflect the impact of 
the regime shift. The adjusted prediction .T̂adjusted is calculated as 

. T̂adjusted = fadjust(T̂, R),

where. fadjust modifies the predicted returns based on the detected market regime (Yes 
or No for the regime shift). 

Step 3: Trading Decision 
Using the adjusted time series prediction .T̂adjusted, the model generates a binary 
trading decision.D ∈ {Long,Short} for the next. m days. The decision is based on an 
aggregation function that evaluates the directional trends in .T̂adjusted: 

. D = fdecision(T̂adjusted),

where . fdecision outputs Long if the predicted trend is upward and Short if the 
predicted trend is downward. 

Step 4: Explanation 
The final step involves generating a natural language explanation, providing trans-
parency and interpretability for the model’s predictions, regime detection, and trading 
decisions. Let . E represent the explanation, which is defined as 

. E = fexplain(N, R, T̂adjusted, D),

where . fexplain is a function that integrates the retrieved news embeddings . N,  the  
regime shift detection result . R, the adjusted time series prediction .T̂adjusted, and the 
trading decision . D. 

Advantages of the Chain of Thoughts Framework 
The CoT framework enhances the model’s ability to synthesize complex, multimodal 
inputs into coherent outputs. By structuring the workflow into discrete steps, the 
approach mitigates errors, improves interpretability, and ensures that predictions and 
decisions are grounded in a comprehensive understanding of market conditions [ 15]. 
This methodology is particularly effective for scenarios requiring the integration of
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Fig. 2 Portfolio performance across different rolling windows and trading strategies on the test set 

time series data, macroeconomic indicators, and real-time news retrieval, as it ensures 
the model remains adaptable to dynamic financial environments. 

4 Experiments 

The experiments evaluate the integration of fine-tuned LLMs with RAG in adaptive 
trading strategies. The dataset spans from January 1, 2023, to September 30, 2024, 
divided into training (70%), validation (15%), and test (15%) sets. 

Each input sequence includes 128 days of historical time series and retrieved 
textual data, with a prediction horizon of 7 days. Fine-tuning is applied exclusively 
to the GPT-4o Mini [ 1] model due to computational constraints, while GPT-4o is 
used without fine-tuning to benchmark performance. Key hyperparameters include 
model temperature, which controls prediction randomness, and the rolling window, 
which determines portfolio adjustment frequency.
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Fig. 2 (continued) 

Figure 2 illustrates the portfolio performance for different rolling windows (2-day, 
5-day, and 7-day) and trading strategies (long and long/short) at a model temperature 
of 0.7. The results are evaluated on the test set, demonstrating how fine-tuned GPT-4o 
Mini adapts to varying horizons and trading strategies. 

Table 1 presents results for regime shift detection and trading decision accuracy, 
along with their respective F1 scores. 

Fine-tuning the GPT-4o Mini model improves regime shift detection and trading 
decision accuracy, demonstrating its utility in this framework. For instance, at a 
temperature of 0.7, fine-tuned GPT-4o Mini achieves 53.7% regime shift accuracy and 
50.8% trading accuracy, outperforming the non-fine-tuned GPT-4o. This highlights 
the effectiveness of fine-tuning in task-specific adaptation. At a temperature of 0, 
fine-tuned models exhibit deterministic behavior, often outputting “No” for regime 
shifts and “Long” for trading decisions. While this ensures stable predictions, it limits 
adaptability to dynamic market conditions. 

Non-fine-tuned GPT-4o performs consistently but is less effective than fine-tuned 
GPT-4o Mini, particularly in capturing regime shifts. This underscores the value of
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Fig. 2 (continued) 

fine-tuning, which tailors smaller models to task-specific requirements while main-
taining computational efficiency. 

The results validate the framework’s effectiveness, with visualized portfolio per-
formance further supporting the adaptability of fine-tuned models across varying 
horizons and trading strategies. 

5 Conclusion 

This study demonstrates the integration of fine-tuned LLMs with RAG for adaptive 
trading strategies and portfolio management. By combining numerical time series 
data and textual insights from news and macroeconomic indicators, the proposed 
framework addresses the challenges of multimodal data integration in financial mar-
kets.
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Fig. 2 (continued) 

The experimental results highlight the value of fine-tuning smaller LLMs, such as 
GPT-4o Mini, which improves regime shift detection and trading decision accuracy 
while maintaining computational efficiency. The application of SAX enhances the 
compatibility of time series data with LLMs, while the CoT framework ensures 
transparency and robustness in decision-making. This proof-of-concept establishes 
a solid foundation for integrating advanced LLMs in quantitative finance. 

6 Future Work 

This study serves as a proof-of-concept, demonstrating the integration of fine-tuned 
LLMs with RAG for adaptive trading strategies and portfolio management. While the 
results establish the feasibility of the proposed approach, further research is needed 
to expand its scope and enhance its robustness.
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Fig. 2 (continued) 

Table 1 Experimental results for regime shift and trading decision 

Model Fine-tuning Temperature Regime/trading 
accuracy (%) 

Regime/trading 
F1 score (%) 

GPT-4o Mini Yes 1.0 48.8/48.8 49.2/46.6 

GPT-4o Mini Yes 0.7 53.7/50.8 53.7/46.5 

GPT-4o Mini Yes 0.5 48.4/52.9 46.8/45.3 

GPT-4o Mini Yes 0.2 48.4/50.8 45.5/35.8 

GPT-4o Mini Yes 0.0 52.5v52.0 36.1/35.6 

GPT-4o No 1.0 48.8/48.8 44.4/47.9 

GPT-4o No 0.7 47.1/46.7 42.0/46.3 

GPT-4o No 0.5 47.5/45.5 39.9/44.6 

GPT-4o No 0.2 44.7/47.5 30.0/44.8 

GPT-4o No 0.0 45.9/33.1 31.0/43.1
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Fig. 2 (continued) 

First, extending the methodology to incorporate higher-frequency data, such as 
intraday or tick-level time series, could enable strategies that respond to shorter 
time horizons and real-time market dynamics. Second, instead of relying on simple 
long/short and long-only strategies, future work could focus on models that directly 
generate trading signals or portfolio weights. This would facilitate seamless integra-
tion with execution frameworks and support portfolio optimization processes. 

Incorporating continual learning frameworks would allow the models to adapt 
to new data as it becomes available, ensuring their relevance and effectiveness in 
dynamic market environments. Additionally, exploring more complex trading strate-
gies, such as pairs trading, options-based approaches, and multi-asset portfolio opti-
mization, could further leverage insights generated by fine-tuned LLMs. 

These future directions provide a path for advancing LLM-based trading systems, 
improving their performance, adaptability, and application in financial markets.
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Empirical Factor Identification 
for Artificial Intelligence in Finance: 
Indian Evidence 

Rohit Kaushik 

Abstract In the fast-changing landscape of financial markets, artificial intelligence 
is making inroads into it. Artificial intelligence is a concept or technological advance-
ment which aims to mirror intelligence exhibited by the human beings and executes 
all the jobs to the perfection. Financial or investment domain is not an exception to 
this. Newer technologies are making their way to the horizon like Large Language 
Models (LLMs) as they present themselves into innovative and interactive methods 
of extracting information for making informed investment decisions. Before making 
any investment decision one has to look at various aspects and pay attention to various 
reports and constantly monitor the changes in stock prices, which is a very difficult 
job every person can’t claim to master this art, in this artificial intelligence comes 
to the rescue of such persons who can’t perform such tasks carefully. The present 
study is an attempt in this regard and it consists of respondents who are living in 
Delhi national capital of India. Data was collected with the help of questionnaire and 
analyzed by employing multiple regression method to ascertain the effect of artificial 
intelligence on investment decisions in addition to overconfidence bias which was 
another factor studied with artificial intelligence. 

Keywords Artificial intelligence · Robo-Advisory · LLMs · Investment 
decisions · Overconfidence bias 

1 Introduction 

Artificial intelligence has become a new development that is pervasive in all aspects. 
Most of the tasks in daily routine nowadays are performed to a great extent by the 
artificial intelligence as Alexa is doing all the household activities and managing 
all the appliances in the home of any individual. Financial sector is not unaffected 
by the advent of the artificial intelligence. This convergence of minds and machines 
has effected a momentous change in all the spheres of life. Human beings are prone
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to biases and ultimately they make inferior decisions and suffer losses. Artificial 
intelligence on the other hand is a software which does not rely on instincts and 
biases and very practical and takes very tough decisions without getting emotional. 

Artificial intelligence analyzes the market condition comprehensively and suggest 
course of action or takes action pragmatically. In stock markets, artificial intelligence 
is playing its role in the form of algorithm trading where with the help of intelligence 
algorithms investors take right decisions and execute many orders at a given point in 
time which gives them additional edge over other investors in the market. In many 
global institutions, these changes have taken place and Bank of Tokyo and Bank of 
America are examples in this regard Marinova et al. [1], Rosman et al. [2]. 

In the age of novel technology, people are always found doing their important work 
on smartphones and spending considerable time and fintech companies sensed the 
absence of such things or facilities in the banking or investment arena. Robo-advisors 
are a result of such concerted efforts of fintech companies to develop digital facilities 
for customers with smart technology and interactive too. A robo-advisor gathers 
information from the clients on regular basis pertaining to their financial condition 
and their financial goal and advise them accordingly. Evolution of robo-advisory is 
crucial to maintaining the transparency for ethical and round-the-clock functioning 
of the fintech companies and banking sector in general but its revolutionary nature 
has not resulted in full adoption by the masses in today’s scenario robo-advisors have 
totally changed the way investment services are offered and in a way disrupted the 
market Lukkanen et al. [3]. 

Large language models on the other hand is a new development in the domain 
of the technological advancements which help in the revolutionizing the financial 
behavior of investors. Earlier financial analysis was used to be done by the experts 
or analysts but with the advent of Large Language Models, a systemic change has 
occurred in which Large Language Models are performing financial analysis on 
the companies resulting in less errors. Expertise of Large Language Models lies 
in its ability to process and extract meaningful information from huge volumes of 
unstructured data. But application of Large Language Models in the financial sector 
is not without challenges as it requires integration with data sets, data training and 
concerns in relation to data privacy and security. 

The research intends to study the understand the preferences of consumers in 
relation to robo-advisory with respect to investment decisions of retail investors in 
Indian financial environment and it also provides valuable insights into extent of 
adoption of robo-advisory in Indian financial landscape, identify those factors which 
are going to result in faster adoption of robo-advisory by keeping in center the factors 
like perceived utility, external influence and internal influence.
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2 The Literature 

The advent of robo-advisory and artificial intelligence will transform the entire 
gamut of activities in financial sector and will have huge transformational value 
for all sectors cutting across all the dimensions of business sector Acemoglu et al. 
[4]. On the other hand Huang et al. [5] emphasized upon the eventuality which is 
awaiting the mankind in case the artificial intelligence is properly implemented in 
the system and human being are no longer needed to work, they also anticipated that 
artificial intelligence will develop all abilities ranging from mechanical to intuitive 
intelligence. 

Simultaneously researches were also focusing upon the challenges in the way of 
introduction of automation in the service sector, special emphasis was placed upon 
sectors where direct communication with consumers was needed. These researches 
noted that consumer interaction is going to be shaped profoundly with the intro-
duction of artificial intelligence and will also change the consumer behavior in the 
market, but the level of adoption of technology in service sector will depend on the 
presence of humans and relative capacity of artificial intelligence to socialize with 
consumers on daily basis Singh et al. [6], Han et al. [7],  Van  Doorn  et  al. [8], Grewal 
et al. [9], Ji [10]. 

In totality, there is a huge realization among companies to introduce artificial 
intelligence in their operation as part of increasing efficiency and range of products. 
Management strategies adopted by their companies in relation to their operations 
also get a boost and passively increase competitive advantage of all the companies 
employing artificial intelligence. 

Robo-advisors have been depicted as interactive and intelligent systems that are 
built on the foundations of information technology and helped consumers in taking 
crucial investment decisions Jung et al. [11]. Initially these systems first gather infor-
mation from consumers through questionnaire, on the basis of information provided 
by the consumers in the questionnaires, these systems start making recommendation 
to the consumers. 

Robo-advisors present a range of benefits to the entire community of consumers, 
unlike human advisors they are always on service for the human beings, resulting 
in cost reduction on the part of companies and also helping consumer in seeking 
professional advice regarding diverse investment options in an efficient manner and 
eliminating the scope of fraud which is always looming large in case of dealing with 
human advisors Faubion [12], Park et al. [13]. During the period 2019–22 assets 
managed by robo-advisors crossed $880,000 million. 

Apart from Robo-advisors one new technological development has taken place 
which is known as Large Language Models (LLMs), introduction of these sophisti-
cated models have resulted in the way of interaction of companies with their clients 
and also augment efforts of companies in providing 24/7 services to the consumers 
and giving expert investment advice. Besides this LLMs are also extremely useful in 
conducting sentiment analysis by processing large datasets available on the internet 
and providing valuable information to the company about the prevailing trends in
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the market and facilitate better preparation on the part of company professionals de 
Kok [14], Paul et al. [15]. 

LLMs are also exhibiting their utility in the area of fraud detection as the traditional 
methods of stopping frauds are proving to be insufficient and LLMs are becoming a 
potent weapon to understand the modus operandi of the fraudsters and minimizing 
the damage to the unsuspecting customers Ali et al. [16]. 

Even though this concept is evoking huge interest, but some studies have pointed 
out the obstacles in the introduction of robo-advisors and found that corporate world 
is more interested in exploring the capabilities of artificial intelligence and its appli-
cation in diverse areas whereas consumers are not ready to trust applications based 
on artificial intelligence due to security reasons. Customization is the unique advan-
tage of robo-advisors identified by the studies in relation to investment management 
Faloon et al. [17], studies have also found a correlation between increased usage of 
artificial intelligence and informed decision-making Heinrich et al. [18]. 

Considering freshness associated with the concept of robo-advisory in the process 
of investment management, there is lack of awareness about the key factors which 
determine the prospects for adoption of robo-advisory by the consumers, with help 
of robo-advisory the financial sector is making advisory services available to all the 
consumers for better decision-making Sironi [19]. 

The consumers’ thoughts and perceptions are conditioned by the thought process 
of people who are close to the consumer. The societal behavior acts as a pressure for 
the consumer to adopt a technology or disapprove of it Taylor et al. [20], Fishbein 
et al. [21]. 

People with limited information and also facing the situation or specter of a 
disruptive technology, as they lack relevant experience in the concerned field tend to 
behave like their relatives, peers, friends, basing their decisions on the experiences 
of others in order to enhance their assimilation in the society and appear modern in 
the eyes of others Belanche [22]. 

In the area of finance, there is considerable role played by the close social circle 
of an individual and the other non-human source of information like media and by 
this one can easily understand that consumers tend to gain some confirmation from 
others with respect to their decision Bhattacherjee et al. [23], Ryu [24]. 

Familiarity with any concept or new technology results in the adoption of that 
technology as that is going to enhance or decrease the willingness on the part of 
consumers to actually engage with the new technology in question. Same is the case 
with robo-advisors, in the 1980s and 90s all the banking jobs and investment manage-
ment services were provided by the human resources of the concerned organization 
but now robo-advisors are playing that role with increased efficiency and profession-
alism but all the consumers are not welcoming of the new change and a substantial 
part of the population is not exhibiting faith in adopting robo-advisors for investment 
management and with different level of knowledge and familiarity one can sense the 
difference in the extent of adoption Mäenpää et al. [25], consumers with limited 
information about new technology will be more reliant on the experiences of others 
Venkatesh et al. [26], Young et al. [27].
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3 Empirics 

3.1 Hypotheses 

By examining the available research and literature in the public domain, questionnaire 
was modeled to address the basic requirements of the present research. First part of 
the questionnaire was related to the socio-economic profile of the respondents and 
the other two parts were dedicated to the core areas of the research like perceived 
trust, internal and external influence and intention to use in relation to robo-advisory. 
The questions were designed with the help of Likert Scale. 

Sample size of the present study was of 100 people and all of them were residing 
in Delhi as Delhi is the political and financial capital of India. People from diverse 
background participate in the financial activities taking place in the city resulting in 
diverse opinions making it a near-perfect fit for carrying out research. 

Data collected in the study was analyzed with the help of SPSS software using 
Multiple Regression Methods to ascertain the influence of perceived trust, internal 
and external influence on intention to use robo-advisory. To streamline the process 
of research following hypothesis were formed (Table 1): 

Table 1 Demographic 
profile Variables Category Frequency % 

Gender Male 54 54 

Female 46 46 

Age 18–30 59 59 

31–45 29 29 

46–60 12 12 

Marital status Unmarried 46 46 

Married 54 54 

Education School education 11 11 

Graduation 44 44 

Post-Graduation 36 36 

Others 9 9 

Occupation Private employees 43 43 

Public employees 10 10 

Business 13 13 

Others 34 34 

Income < 5 lakhs 68 68 

5–10 lakhs 25 25 

> 10 lakhs 7 7
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. H 1: Perceived trust does not share a significant relationship with an intention to 
use robo-advisory services.

. H 2: Internal influence does not share a significant relationship with an intention 
to use robo-advisory services.

. H 3: External influence does not share a significant relationship with an intention 
to use robo-advisory services. 

3.2 Data Analysis 

For the validity of a research model, all the variables in the research have to fulfill 
some norms to avoid lopsidedness and biasedness. The data was collected from 100 
respondents. Acceptable value of a Cronbach Alpha test is 0.70 and a variable or 
construct must measure more than 0.70 Hair et al. (2006). Cronbach Alpha value 
more than 0.80 points toward the soundness of the constructs in terms of validity. The 
values attained by the constructs in the present study are in the range of 0.75–0.82 
(Tables 2, 3, 4 and 5). 

As can be observed in the results of the data analysis that independent variables 
have significantly affected the dependent variable (3, 96) = 75.221, p < 0.01 which 
is reflected by the effectiveness of the model. The model in the present study is able

Table 2 Reliability analysis 

Construct No. of items Alpha (α) 

Internal influence 3 0.82 

External influence 3 0.75 

Perceived utility 3 0.82 

Intention to use 3 0.78 

Table 3 Model summary 

R R2 Adjusted R2 Standard error of the estimate 

0.838 0.702 0.692 0.477 

The predictors are the intercept term, EF1,  PU1,  and  I  F1

Table 4 Anova 

Sum of squares df Mean square F Sig. 

Regression 51.332 3 17.111 75.221 0 

Residual 21.838 96 0.227 

Total 73.17 99 

The dependent variable is IU1. The predictors are the intercept term, EF1,  PU1,  and  IF1
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Table 5 Coefficients 

Variable Unstandardized coefficients Standardized 

Beta Std. error Beta t-stat. Sig. 

Intercept −0.184 0.295 −0.623 0.535 

PU1 0.384 0.086 0.359 4.472 0.000 

IF1 0.29 0.117 0.225 2.482 0.015 

EF1 0.41 0.078 0.387 5.268 0.000 

The dependent variable is IU1

to reflect the variations in the dependent factor due to independent factors in the 
question, to the tune of 70 percent as reflected by an R2 value of 0.70. 

As we delve deeper into the individual role played by the independent factors 
in relation to the dependent factor we find that Hypotheses 1 examined the relation 
between perceived utility and intention to use robo-advisory and the results in the 
study throw up significant relation between the factors (β = 0.384, t = 4.472, 
p = 0.00) and clearly showcase that utility clearly shapes the usage behavior of 
the respondents in relation to the robo-advisory and Hypothesis 1 is rejected in 
view of the results. H2 evaluates the relationship of advises of close relatives and 
family members and the adoption of robo-advisory services and intention to use it 
(β = 0.290, t = 2.48, p = 0.015) and clearly points out that views of immediate 
family members affect the perception of any person to use the robo-advisory services 
in a significant services. H3 studied the impact of external influence on the intention 
to use robo-advisory services in the form of friends and peer circle and the results 
found a significant relation between the two (β = 0.410, t = 5.268, p = 0.00) and in 
a much profound manner than internal influence and shaped immensely the intention 
of the individual to use the robo-advisory services and the hypothesis is rejected. 

3.3 Discussion 

In the ongoing emergence of FinTech companies, robo-advisory services caught 
the attention of investors and individuals in general as robo-advisers rely only on 
artificial intelligence and their advent and usage is resulting in fast replacement of 
humans from this area. From a customer’s perspective, it is very essential to identify 
those factors which result in the adoption of robo-advisory services in the area of 
investment management and personal financial management. As this study noted that 
subjective norms and perceived utility are the factors which immensely influenced 
the decision to adopt or use robo-advisory services. 

As the findings of the present study concluded that internal and external influence 
share a significant relation with the intention of usage of robo-advisory service and it 
is in conformity with the findings of other studies like [21] who have earlier concluded 
in their study that subjective norms like internal and external influence, found to be
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impacting intention of consumers regarding adoption of robo-advisory or artificial 
intelligence in the domain of investment management. 

On the other hand perceived utility was another factors which was studied in its 
impact on intention of consumer and it was also found to be sharing a significant 
relation with dependent variable in question, this relationship as thrown up by the 
findings is also consistent with previous studies’ findings Hernandez et al., 2009 as 
it has also concluded that perceived utility as a factor not only contributes to the 
decision of individuals before the actual usage of the robo-advisory but even after 
using the services it positively conditions the mind of individual. As the millennium 
generation is actively involved in the financial decision-making this results also 
takes into account the advance exposure of the current generation to the artificial 
intelligence and their willingness to adopt robo-advisory services is reflected in the 
results or findings of the study. 

As the major contribution of the research lies in divulging key aspects which can be 
focused upon by managers while introducing artificial intelligence in the form robo-
advisory services, they will have to present robo-advisors in a way which is very user 
friendly so that consumer adoption process is simplified as due to simple interface 
there is higher possibility of consumers switching to robo-advisory services. Finan-
cial institutions need to organize conferences to interact with their customer base to 
spread awareness about the concept of robo-advisors so that subjective norms can 
also be managed which have found to be impacting ultimate decisions of consumers. 

4 Concluding Remarks 

In the present study, small sample size plays a inhibiting role in terms of general-
ization study for that similar studies with comparatively large sample size need to 
be carried out in adjoining big cities in other studies. People were not willing to 
share their personal details and were giving biased responses to the questions in the 
questionnaire. The present study is going to be useful for the financial institutions 
to focus on those features which consumers attach a lot of importance and hence 
will result in enhanced customer adoption of robo-advisors in the area of investment 
management. 
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Federated and Decentralized Finance: 
Decentralized Reward Mechanisms 
for Advanced AI Learning 

Hyoseok Jang, Sangchul Lee, Haneol Cho, and Chansoo Kim 

1 Introduction 

Federated Learning (FL) is a distributed machine learning paradigm in which mul-
tiple clients collaboratively train a global model while keeping their private data 
local [ 2, 6, 8]. This setup significantly reduces the privacy risks associated with 
conventional centralized training, yet FL still faces important challenges. First, data 
across different clients often follow non-Independent and Identically Distributed 
(non-IID) distributions [ 11], which can slow convergence and introduce biases in 
the global model. Second, there is limited transparency or incentive for clients to 
contribute high-quality updates, creating vulnerabilities to malicious or low-quality 
participants [ 1]. Third, communication and aggregation overhead grows with the 
number of participating clients, complicating large-scale deployments. 

Concurrently, blockchain technology has garnered attention for its decentralized 
consensus mechanisms and transparent record-keeping [ 4, 9, 10]. These properties 
align well with FL’s core principle of distributed collaboration, suggesting a natural 
synergy. In particular, blockchain’s reward systems—originally devised to incen-
tivize honest participation in consensus—could help address FL’s incentive gap. By 
assigning tokens or other rewards proportionate to a node’s verified contribution, 
nodes in a federated network can be encouraged to provide accurate updates rather 
than harmful or trivial ones. Furthermore, a blockchain-based ledger can record all 
contributions in an auditable manner, aiding in the detection and penalization of 
malicious actors. 
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This paper introduces a Blockchain-Based Reward System (BBRS) for Feder-
ated Learning, outlining how tokenomics, delayed reward schemes, and transparent 
logging can mitigate FL’s trust and incentive problems. Specifically, 

• Incorporate non-IID data considerations into FL’s aggregation and reward 
design, ensuring clients are fairly compensated regardless of heterogeneous data 
distributions. 

• Leverage blockchain consensus algorithms (e.g., Proof of Stake, Practical Byzan-
tine Fault Tolerant) to securely track node updates with lower overhead than classic 
Proof of Work. 

• Propose a delayed payout mechanism that allows additional validation (e.g., via 
cross-validation or anomaly detection) before finalizing rewards. 

• Illustrate how real-world applications-ranging from IoT networks and smart cities 
to healthcare and autonomous vehicles-can benefit from this integrated system. 

By fusing FL with blockchain rewards, we seek to create an open, trustworthy, 
and autonomous learning environment, where stakeholders have both a technical 
framework and a strong economic incentive to collaborate honestly. In the following 
sections, we present the theoretical underpinnings of FL, describe how blockchain 
can address FL’s vulnerabilities, and detail our proposed reward mechanism and its 
potential impact. 

2 Theoretical Foundations of Federated Learning 

Federated Learning (FL) distributes machine learning tasks across multiple clients 
(or nodes), each holding a local dataset. Rather than pooling all data on a central 
server, FL coordinates local model training and then aggregates the results into a 
global model. The key objectives are to (1) protect data privacy by keeping raw data 
on-device, and (2) leverage distributed computational resources efficiently. 

2.1 Global Objective 

Consider .K clients, where client . k holds dataset .Dk . Due to variations in data-
collection environments, these local datasets often follow non-Independent and 
Identically Distributed (non-IID) distributions [ 11]. Formally, the global model 
parameters . w are obtained by minimizing a weighted sum of local loss functions: 

. min
w

F(w) =
K.

k=1

pk Fk(w),
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where 

• . w represents the model parameters (e.g., weights of a neural network), 
• .Fk(w) is the local loss on client . k’s data, 
• .pk ≥ 0 are scaling factors, often set as .pk = |Dk |.K

j=1 |D j | to reflect the dataset size. 

In non-IID contexts, each .Fk(w) may differ substantially, posing additional conver-
gence challenges (e.g., slower or biased training). 

2.2 Federated Learning Process 

Initialization A central coordinator (server) initializes a global model with param-
eters .w(0). The parameters are broadcast to all clients. 

Local Update At each training round. t , client. k receives the latest global model.w(t). 
It then performs local optimization (often mini-batch gradient descent) on .Dk for 
one or more local epochs: 

. w(t+1)
k = w(t) − η ∇Fk(w(t)),

where. η is the local learning rate. With non-IID data, each client’s gradient may vary 
significantly, affecting the global model’s convergence properties. 

Aggregation Upon completing local training, clients transmit their updated param-
eters (or gradients) back to the server. The server aggregates these updates: 

. w(t+1) =
K.

k=1

pk w
(t+1)
k .

This step ensures the global model reflects contributions from all participating clients. 
However, aggregator overhead increases with the number of clients. K . In large-scale 
scenarios (e.g., thousands or millions of devices), communication frequency and 
payload sizes can become a bottleneck. Hierarchical or asynchronous FL approaches 
have been proposed to mitigate this overhead. 

Iteration and Convergence The process (local update.→ aggregation) repeats until 
certain termination criteria, such as a global accuracy threshold or a maximum num-
ber of rounds, are met. In non-IID settings, additional rounds or adaptive methods 
(e.g., personalized FL) may be required to achieve satisfactory performance.
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2.3 Advantages and Limitations 

Advantages: 

• Data Privacy: Since only model parameters or gradients are exchanged, sensitive 
data remains local. 

• Parallelism: Clients train concurrently, leveraging distributed computational 
resources. 

• Scalability: FL can, in principle, incorporate large numbers of heterogeneous 
clients without necessitating a single data warehouse. 

Limitations: 

• Non-IID Distributions: Heterogeneous local data can slow global model conver-
gence or skew results [ 11]. 

• Reliability and Security: Malicious or compromised clients can inject harmful 
updates [ 1], demanding robust aggregation or anomaly detection. 

• Communication Overhead: Frequent model updates become expensive when . K
is large, necessitating efficient aggregator strategies or reduced synchronization 
frequency. 

• Incentive Structure: Clients currently have limited motivation to invest computa-
tional resources or share meaningful updates, as FL frameworks often lack explicit 
reward or compensation mechanisms. 

In light of these challenges, research has explored improved aggregation rules 
(e.g., secure aggregation [ 2], Byzantine-resilient updates), personalization strategies 
for non-IID data, and incentive frameworks to motivate honest participation. Later 
sections of this paper detail how blockchain-based rewards can help tackle both the 
trust gap and the economic incentive gap in FL. 

3 Using Blockchain to Address Federated Learning 
Challenges 

Although federated learning (FL) offers data privacy and distributed computation, it 
faces persistent challenges related to trust, incentive structures, and resilient model 
aggregation. Blockchain technology can address many of these gaps through its 
decentralized consensus mechanisms, transparent record-keeping, and token-based 
reward frameworks [ 4, 9, 10]. This section discusses how FL and blockchain align 
conceptually, then explores the role of blockchain reward systems and consensus 
algorithms in fortifying FL’s reliability and scalability.
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3.1 Conceptual Parallels Between FL and Blockchain 

Decentralization and Data Sovereignty Both FL and blockchain operate without 
a single controlling entity: 

• Federated Learning: Multiple clients retain control over their data and conduct 
local model training. 

• Blockchain: Each node in the network holds a replica of the ledger, enforcing a 
decentralized trust model. 

This shared focus on decentralized decision-making forms a natural foundation for 
their integration. 

Consensus and Global State Updates In FL, a “global model” emerges by aggre-
gating locally computed updates. In blockchain networks, consensus protocols (e.g., 
Proof of Work [ 9], Proof of Stake [ 5], Practical Byzantine Fault Tolerant (PBFT) [ 3]) 
ensure agreement on the “global ledger state.” Analogous to FL’s model averag-
ing, blockchain’s consensus reconciles possibly conflicting updates into a canonical 
version of the ledger. 

Security and Auditability FL preserves data privacy by localizing training to each 
client’s device, but verifying the integrity of these updates can be challenging [ 7]. 
Blockchain, by contrast, provides a tamper-resistant log of transactions (or any 
recorded data), enabling reliable auditing of node contributions. Combining these 
strengths allows for a verifiable record of local model updates while keeping raw 
data private. 

3.2 Blockchain Reward Systems and Consensus 
for Federated Learning 

Why a Blockchain-Based Reward? A key limitation in FL is the lack of incentive 
for nodes to contribute meaningful or high-quality updates. Clients may also behave 
maliciously by injecting erroneous gradients [ 1]. Blockchain was originally designed 
to reward honest actors who maintain the network’s consensus. By integrating a token 
reward mechanism into FL, we can 

• Motivate Participation: Nodes receive tokens (or other digital assets) based on the 
value (accuracy gain, resource usage) of their updates. 

• Encourage Fair Play: Malicious or low-quality contributions can be identified and 
penalized, due to transparent on-chain records and delayed reward distribution. 

• Create Sustainable Economies: A well-designed tokenomics model fosters a long-
term cooperative environment, offsetting computation/communication costs. 

Lower-Overhead Consensus: PoS and PBFT Classic Proof of Work (PoW) 
blockchains (e.g., Bitcoin [ 9]) ensure high security but incur heavy computational
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costs. In large-scale FL, such overhead is often prohibitive. Alternative algorithms 
like Proof of Stake (PoS) [ 5]  or  Practical Byzantine Fault Tolerant (PBFT) [3]  pro-
vide consensus with significantly lower energy consumption and higher throughput. 
Deployed in a federated learning context, these protocols can

• Reduce the resource burden required to validate updates, 
• Minimize latency for on-chain confirmations, 
• Achieve robust fault tolerance and mitigate Sybil attacks through staking or 
Byzantine-resilient replication. 

On-Chain vs. Off-Chain Storage Recording every local model update fully on-
chain may overwhelm blockchain storage. Instead, hybrid approaches can be 
considered: 

• On-Chain Metadata: Store hashes or encrypted proofs of contributions, ensuring 
immutability and auditability. 

• Off-Chain Bulk Storage: Large models remain off-chain, either on clients’ 
devices or in secure distributed storage. Smart contracts verify integrity by 
comparing hashes or zero-knowledge proofs. 

Such architectures balance transparency with scalability, preventing block size bloat 
while retaining a verifiable ledger of contributions. 

Malicious Node Detection and Penalization In federated learning, malicious nodes 
can degrade the global model or embed backdoors [ 1]. Blockchain-based solutions 
can incorporate: 

• Delayed Rewards: Final payouts for each update are withheld until additional 
validation (cross-validation, anomaly detection) confirms the update’s legitimacy. 

• Reputation or Slashing Mechanisms: Nodes found to produce harmful updates lose 
staked tokens or forfeit future rewards, mirroring slashing in PoS blockchains. 

This adds a credible deterrent against adversarial or low-quality participation. 

Extensions to Layer-2 Solutions Should the system require higher throughput, off-
chain or “Layer-2” protocols (e.g., payment channels, sidechains) can further reduce 
on-chain transaction load. A sidechain could, for instance, handle micro-rewards in 
near real-time, periodically anchoring results to the main chain for security. Such 
multi-layer designs allow FL networks to scale without sacrificing the security or 
integrity benefits of a fully decentralized ledger. 

Summary By choosing a suitable consensus mechanism and adopting on-chain/off-
chain partitioning, blockchain networks can handle verifiable rewards distribution 
for large-scale FL. This synergy not only addresses the incentive gap but also intro-
duces robust audit trails and fault tolerance, thereby reinforcing both the security and 
sustainability of federated learning (Fig. 1).
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Fig. 1 Conceptual figure illustrating how Federated Learning (FL) synergizes with a Blockchain-
Based Reward System (BBRS). Local data remains on each client, while weighted summaries are 
passed to the BBRS for verification and delayed payouts. On-chain/off-chain mechanisms, along 
with smart contracts, handle records, cross-validation, and anomaly checks. Malicious updates can 
be penalized, ensuring a transparent and trustworthy learning ecosystem 

4 Mathematical Formulations for Blockchain + FL 

This section presents key formulations for contribution metrics, reward distribution, 
and synergy quantification to illustrate how a Blockchain-Based Reward System 
(BBRS) can reinforce FL’s reliability, fairness, and performance. 

4.1 Defining Node Contribution 

Let .w(t) denote the global model parameters at round . t , and .w(t+1)
k be the locally 

updated parameters from client. k. In a non-IID setting, each client’s contribution can 
differ substantially. We define a contribution quality metric.Q(t+1)

k that captures both 
model improvement and resource usage:
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. Q(t+1)
k = λ1 · .Acc(t+1)

k.K
j=1 .Acc(t+1)

j. .. .
relative accuracy gain

+ λ2 · Rusage
k (t + 1)

.K
j=1 R

usage
j (t + 1)

. .. .
relative resource usage

,

where 

• ..Acc(t+1)
k = Acc

(
w(t+1)

with k

) − Acc
(
w(t)

)
measures how much client . k’s update 

improves the global model accuracy, 1

• .Rusage
k (t + 1) denotes the resource usage (e.g., GPU hours, CPU cycles) client . k

expends, 
• .λ1,λ2 are weighting coefficients balancing accuracy gains vs. resource contribu-
tions. 

This formulation encourages nodes that either (i) significantly boost model perfor-
mance, or (ii) invest substantial computation. One can extend.Qk to account for other 
factors (e.g., data quality, timeliness) as needed. 

4.2 Reward Distribution and Delayed Verification 

In a blockchain-based setting, each training round .t + 1 can be associated with a 
reward pool.R(t+1)

pool funded by minted tokens, transaction fees, or a predefined budget. 
A simple proportional allocation might be 

. R(t+1)
k = α · Q(t+1)

k · R(t+1)
pool ,

where . α is a scaling constant controlling the system’s overall payout level. 
However, to mitigate malicious updates [ 1], we employ a delayed reward 

mechanism: 

. Final_Payout
(
k, t + .T

) = f
(
R(t+1)
k , Verification_Results(k, t + .T )

)
,

where 

• .Verification_Results(k, t + .T ) includes metrics from cross-validation, anomaly 
detection, or consensus checks to confirm . k’s update is not malicious or low-
quality. 

• . f (·) reduces or nullifies .R(t+1)
k if the update is deemed harmful (e.g., a backdoor 

insertion), mirroring “slashing” concepts in Proof-of-Stake blockchains [ 5]. 

Thus, nodes only receive their full reward after a vetting period ..T , incentivizing 
honest behavior and discouraging adversarial attacks.

1 Or alternatively use reduction in loss,..Loss(t+1)
k . 
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4.3 Accounting for Aggregator Overhead 

As the number of participating clients .K grows, the server (or aggregator) must 
handle more frequent and larger model updates. Let .H(t) denote the aggregator 
overhead function at round . t . For instance: 

. H(t) = β · K γ or H(t) = β · log(K ),

where. β and. γ depend on the communication protocol and model size. Higher aggre-
gator overhead can slow training, especially in large-scale FL. While not directly 
part of each node’s reward, .H(t) can factor into a system-level synergy analysis, as 
described below. 

4.4 Synergy Quantification: Blockchain + FL 

To measure the net benefit of integrating blockchain-based rewards into FL, we define 
a synergy score . S comparing two scenarios: 

• Baseline FL: Standard federated learning without on-chain verification or rewards; 
final model .ŵ(T ) after . T rounds. 

• BBRS-Enhanced FL: FL with a blockchain-based reward system; final model.w̃(T ). 

We propose: 

. 
S = (

Acc(w̃(T )) − Acc(ŵ(T ))
) − β1

(
HBBRS − HBaseline

) + β2
(
PartRateBBRS − PartRateBaseline

)

+ β3
(
ResFairBBRS − ResFairBaseline

)
.

Here: 

• .Acc(·) is the final model accuracy, 
• .HBBRS vs. .HBaseline denotes aggregator overhead (or total communication cost) in 
each setup, 

• .PartRateBBRS vs. .PartRateBaseline measures how many clients actively participate 
(possibly due to newly introduced incentives), 

• .ResFair refers to a “resource fairness” index, indicating how well resource 
contributions correlate with actual rewards (closely related to .Q(t+1)

k ), 
• .β1,β2,β3 weight each term’s importance. 

A higher . S suggests the blockchain-based approach yields better accuracy, higher 
participation, or fairer resource compensation—even after accounting for extra 
overhead. 

Interpretation – .Acc(·) gain captures improvements in global model quality 
thanks to honest participation or better-quality updates. – The overhead penalty
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.β1[ HBBRS − HBaseline] acknowledges that using a blockchain could increase commu-
nication or computational costs. – Additional terms (.PartRate and.ResFair) highlight 
how incentives attract more nodes and reward them proportionally to their efforts. 

4.5 Discussion 

These mathematical building blocks outline how to track and incentivize individual 
client contributions in a federated setting. By factoring in aggregator overhead, mali-
cious node detection, and delayed rewards, the Blockchain-Based Reward System 
can systematically bolster FL’s trustworthiness and scalability. The synergy score 
. S helps evaluate trade-offs in different deployments, guiding future protocol design 
and system refinements. 

5 Potential Benefits and Remaining Challenges 

The proposed Blockchain-Based Reward System (BBRS) for Federated Learning 
(FL) aims to reinforce trust, incentivize active participation, and handle the complex-
ities of non-IID data. While promising, several hurdles must be addressed to achieve 
a secure, scalable, and sustainable ecosystem. Below, we highlight the advantages 
and outstanding questions. 

5.1 Enhanced Reliability and Trust 

• Transparent Contribution Tracking: By storing audit trails (e.g., hashed model 
updates) on a blockchain, both honest participants and oversight entities can verify 
the legitimacy of local training outputs. 

• Delayed Rewards and Verification: The use of delayed payouts (cf. Sect. 4.2)  dis-
courages malicious behavior, as harmful updates are flagged before final rewards 
are r eleased.

• Byzantine Resilience: Consensus algorithms like PBFT [ 3] provide fault tol-
erance even in adversarial conditions, complementing FL’s need for robust 
aggregation [ 1].
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5.2 Fairness and Incentives 

• Meaningful Rewards: Nodes that supply high-quality updates or invest substan-
tial computation receive proportionate compensation, as captured by the node 
contribution metric .Qk (Sect. 4.1). 

• Attracting Broader Participation: Token-based incentives can motivate resource-
constrained or otherwise reluctant clients to join FL, increasing the diversity and 
volume of data. 

• Resource Fairness: Incorporating computational effort (GPU/CPU hours) into the 
reward function helps ensure that participants who shoulder heavier training loads 
are recognized (Sect. 4.1). 

5.3 Tokenomics and Sustainability 

• Reward Pool Dynamics: Determining the appropriate rate of token issuance 
(.R(t+1)

pool ) is crucial; too high may cause inflation, while too low may discourage 
participation. 

• Slashing Mechanisms: Staking or collateral-based approaches (inspired by Proof 
of Stake [ 5]) could penalize malicious nodes by reducing their locked tokens or 
future reward eligibility. 

• Long-Term Incentive Alignment: A sustainable token economy should balance 
rewards with real FL improvements, ensuring long-term cooperation rather than 
short-term speculation. 

5.4 Scalability and Communication Overhead 

• Aggregator Bottlenecks: As the number of participating clients .K grows, the 
communication overhead .H(t) (Sect. 4.3) can impede timely model aggregation. 

• Hybrid On/Off-Chain Solutions: Storing large model updates fully on-chain is 
infeasible. Instead, on-chain references (e.g., hashes) combined with off-chain 
bulk storage can mitigate ledger bloat [ 4]. 

• Layer-2 Protocols: Payment channels or sidechains may further reduce on-chain 
load while periodically committing aggregated results back to the main ledger for 
finality.
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5.5 Non-IID Data and Personalization 

• Heterogeneous Updates: Divergent local data distributions can slow or bias the 
global model’s convergence [ 11], challenging straightforward reward schemes. 

• Personalized FL Approaches: Techniques that fine-tune per-client models or clus-
ter clients with similar data distributions could be integrated with the BBRS 
framework, potentially adding reward premiums for specialized, yet beneficial 
contributions. 

5.6 Security and Malicious Actors 

• Backdoor Attacks: Nodes injecting backdoor gradients [ 1] undermine the global 
model. Delayed rewards and reputation systems must detect and penalize such 
attempts (Sect. 4.2). 

• Smart Contract Vulnerabilities: If rewards are managed via on-chain contracts, 
these contracts themselves can be targets of exploits, demanding rigorous security 
audits. 

• Sybil Attacks: Bad actors could spawn numerous pseudo-clients to manipulate 
rewards. Consensus mechanisms like PBFT or PoS reduce Sybil risk by requiring 
real stake or computational identity. 

5.7 Regulatory and Ethical Considerations 

• Data Privacy Compliance: While FL localizes data, tokenized rewards for cross-
border collaborations may raise legal or jurisdictional issues related to data 
protection (e.g., GDPR). 

• Cryptocurrency Regulations: Laws regulating digital token issuance and trading 
vary by region, adding complexity to implementing a robust token economy. 

• Ethical Resource Use: Energy consumption, hardware usage, and the potential for 
environmental impact must be weighed against FL’s privacy-preserving benefits. 

5.8 Real-World Implementations 

• IoT and Smart Cities: Sensor networks across a city could collectively train 
anomaly detection or traffic forecasting models, receiving rewards for consistent, 
high-quality updates.
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• Healthcare Collaborations: Hospitals contribute patient data insights without 
exposing sensitive records, using on-chain logs to validate secure model exchanges 
and compensation distribution. 

• Autonomous Vehicles: Fleets share driving scenarios and model refinements, 
earning tokens for rare but valuable edge-case data (e.g., extreme weather 
conditions). 

Summary Despite these potential benefits, the road to a fully deployed blockchain-
integrated FL ecosystem involves substantial technical, economic, and regulatory 
challenges. Addressing aggregator overhead, malicious node detection, non-IID dis-
tributions, and tokenomic sustainability are key tasks for future research. A robust 
framework must provide verifiable rewards, protect against adversarial manipulation, 
and ensure the system scales in heterogeneous environments. 

6 Conclusion, Vision and Future Directions 

This work proposes a Blockchain-Based Reward System (BBRS) to strengthen 
Federated Learning (FL) in terms of trust, participation, and resilience. By uniting 
blockchain’s transparent, decentralized record-keeping with FL’s privacy-preserving, 
distributed training paradigm, we aim to create an open, trustworthy, and autonomous 
learning ecosystem. 

6.1 Summary 

We began by outlining the core challenges of FL, including non-IID data distributions, 
communication overhead, and a lack of incentives for honest node participation. The 
proposed BBRS addresses these concerns through: 

• Rewarding Quality and Resource Usage: Each client’s local update is quantita-
tively evaluated, incorporating accuracy gains (or loss reduction) and resource 
consumption. 

• Delayed Payouts for Security: Verification periods reduce the risk of backdoor or 
malicious updates [ 1], mirroring “slashing” concepts in Proof-of-Stake [ 5]. 

• Aggregator Overhead Modeling: Communication and computation costs in large-
scale FL scenarios are explicitly accounted for, enabling more robust system-level 
design. 

• Synergy Quantification: A proposed metric .S encapsulates gains in model 
accuracy, participation, and fairness, balanced against increased overhead.
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6.2 Vision for an Open, Trustworthy, and Autonomous 
Learning Model 

Looking beyond immediate integration challenges, the overarching goal is a global 
network where 

• Nodes Participate Freely: Devices or institutions (e.g., hospitals, IoT sensors, 
autonomous vehicles) join or leave based on transparent, on-chain incentives and 
verifiable contribution scores. 

• Trust Emerges from Decentralization: No single party dictates the process; rather, 
consensus protocols (e.g., PBFT [ 3], PoS [ 5]) ensure all legitimate updates are 
incorporated. 

• Data Remains Local: Privacy is preserved as raw data never leaves client devices, 
aligning with legal frameworks (GDPR, HIPAA) and ethical standards. 

• Self-Sustaining Ecosystem: Tokenomics spur ongoing model improvement. High-
quality, high-effort contributions are rewarded, while poor or malicious behavior 
is penalized. 

In essence, the model fosters an autonomous collective intelligence, where partici-
pants’ incentives align with building robust global models. 

6.3 Future Directions 

Although initial modeling and simulations show promise, real-world adoption of 
BBRS-based FL demands further exploration: 

(1) Large-Scale Pilot Implementations Applying the proposed system to industry-
scale datasets (e.g., healthcare, finance, or city-scale IoT) can reveal unanticipated 
bottlenecks in consensus overhead, aggregator scaling, or token distribution. 
(2) Enhanced Malicious Node Detection Methods like robust aggregation, anomaly 
detection, or advanced cryptographic techniques (e.g., homomorphic encryption, 
zero-knowledge proofs) can further thwart adversarial behaviors. Integrating these 
with delayed payout logic remains an active research area. 
(3) Tokenomics and Regulation Balancing reward pools, preventing inflation, and 
aligning with evolving cryptocurrency regulations pose practical hurdles. Smart 
contract vulnerabilities (e.g., reentrancy or manipulation) also require rigorous 
audits. 
(4) Personalized and Fair FL Future protocols might allocate additional rewards for 
specialized data distributions or underrepresented groups. Personalized FL could tai-
lor global models to diverse node populations while preserving fairness and avoiding 
resource imbalances. 
(5) Layer-2 and Hybrid Designs High-throughput off-chain (or Layer-2) solutions 
can reduce ledger overhead, making microtransactions feasible for frequent updates.
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Periodic anchoring of FL states to the main blockchain may strike a balance between 
scalability and security. 

6.4 Conclusion 

By combining FL’s privacy-centric data handling with blockchain’s transparent con-
sensus and incentive mechanisms, the BBRS paradigm offers a compelling new 
direction for collaborative AI. Realizing this vision entails careful attention to tech-
nical detail (e.g., aggregator overhead, non-IID data handling), economic design 
(e.g., token issuance, slashing policies), and regulatory contexts. As these pieces 
come together, the ultimate outcome is an open, distributed intelligence that respon-
sibly harnesses the world’s collective data and compute resources to solve complex 
problems without sacrificing trust, privacy, or fairness. 
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AI-Driven Financial Chart Analysis 
with Benchmarks: A Domain-Specific 
Large Language Model Approach 

Hyoseok Jang, Sangchul Lee, Haneol Cho, and Chansoo Kim 

1 Introduction 

Since the release of GPT-3.5, Large Language Models (LLMs) have taken a dra-
matic leap forward, surpassing previous state-of-the-art achievements in tasks such 
as reading comprehension, code generation, and creative text composition [ 1, 2]. This 
surge in capability has sparked wide-ranging interest: from customer service chat-
bots and legal document analysis to clinical support systems in healthcare [ 3, 4]. In 
the finance sector, in particular, emerging research suggests that LLM-driven tools 
can significantly bolster market predictions, investment decisions, and automated 
trading strategies [ 5, 6]. However, these gains do not always translate seamlessly 
into advanced financial analytics—where domain-specific expertise, strict regulatory 
considerations, and high-stakes outcomes demand specialized approaches. 

Despite LLMs’ remarkable progress, there remains a scarcity of rigorous and 
quantitative benchmarks that can thoroughly evaluate performance in specialized 
domains like finance [ 7, 8]. Many recognized LLM evaluation protocols—initially 
designed for broad language understanding—offer limited insights into tasks unique 
to financial markets, such as real-time market intelligence, complex derivatives 
pricing, and portfolio risk assessments. As an illustrative example, while GPT-3.5 
achieved a 92% accuracy on a commonly cited reading comprehension benchmark, 
its score dropped to 65% on a domain-specific test focusing on derivatives pricing 
and market risk [ 8]. This discrepancy underscores the nuanced demands of financial 
analytics and the limitations of generic evaluation methods. 
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From another perspective, given the rapid pace at which LLMs continue to 
evolve—driven by increasingly sophisticated training paradigms, larger parame-
ter sizes, and domain-specific fine-tuning—today’s 65% success rate could soon 
climb toward near-perfect performance. Much like buying clothes a size larger for a 
rapidly growing child, we need to anticipate these imminent breakthroughs, develop-
ing more demanding tests that remain relevant even as models become significantly 
more capable. While several efforts have attempted to address the finance domain 
with specialized benchmarks [ 9, 10], they still tend to focus narrowly on isolated 
tasks and rarely capture the full complexity of financial technical chart analysis. 

Technical chart analysis itself poses particular challenges for LLMs. Far from 
being a purely language-based task, it often requires interpreting time-series data, 
recognizing intricate price-action patterns, and integrating non-textual signals (e.g., 
volume or order flow) in near-real-time settings. In such high-stakes environments, 
even minor errors can lead to substantial financial or reputational consequences, 
emphasizing the need for robust, domain-specific testing and validation. 

In light of these considerations, this article proposes the construction of a spe-
cialized dataset for financial technical chart analysis, focusing on four key areas: (1) 
pattern recognition, (2) sentiment integration, (3) anomaly detection, and (4) multi-
market correlation. By proactively designing more demanding benchmarks, we aim 
not only to bridge the current performance gap but also to establish a scalable eval-
uation framework that evolves alongside future AI advancements. Ultimately, this 
work seeks to foster the continued growth and reliability of LLM-driven solutions 
in the increasingly complex world of finance. 

2 The Need for Elaborate Benchmarking 

As LLMs continue to show remarkable progress in general natural language tasks, 
many existing evaluation protocols are still rooted in earlier, broadly scoped NLP 
benchmarks that do not capture the unique-and often urgent-realities of financial 
markets [ 7, 8]. In this environment, even seemingly small delays or misinterpreta-
tions can lead to material losses. For instance, when earnings reports or regulatory 
announcements are released, market sentiment can shift dramatically in a matter 
of hours, sometimes minutes. Models that cannot integrate fresh data and respond 
appropriately risk providing outdated or misleading outputs. Consequently, timeli-
ness, domain knowledge, and reliability are crucial in finance, yet often overlooked 
in standardized benchmarks. 

A recent survey indicates that fewer than 20% of existing finance-oriented bench-
marks incorporate near real-time data feeds or domain-specific parameters such as 
volatility spreads and leverage ratios [ 9]. This gap reflects a broader set of challenges:

. Regulatory Constraints and Compliance: Financial institutions operate under 
strict legal frameworks, and any AI-driven recommendation or analysis may be 
subject to compliance scrutiny. Generic NLP benchmarks do not address the
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need for explainability in decision-making processes, especially in contexts where 
audits, legal liability, and investor protection measures come into play.

. Rapid Sentiment Shifts and Timely Analysis: When major events—such as 
earnings announcements, M&A news, or unexpected geopolitical developments— 
unfold, sentiment can pivot quickly. LLMs in finance must be able to parse new 
information on short notice, delivering context-aware insights that remain valid in 
a rapidly evolving environment.

. Complex Instruments Beyond Simple Price Predictions: Real-world finance 
involves a wide array of products like exotic derivatives, structured notes, and 
credit-based instruments. Accurately modeling and explaining these instruments 
demands specialized knowledge that generic NLP benchmarks neither require nor 
measure [ 8].

. Scalability and Vast Amounts of Unstructured Data: Financial analysts fre-
quently sift through massive volumes of textual information-research reports, 
social media chatter, regulatory filings-on top of numerical data such as intra-
day price movements and macroeconomic indicators. Designing benchmarks that 
reflect these multimodal, large-scale data requirements poses a level of complexity 
absent in typical NLP tasks. 

Together, these factors underscore the urgent need for more elaborate, finance-
specific benchmarks—ones that incorporate near real-time data handling, explain-
ability, and the capacity to tackle advanced instruments. Moreover, the finance sec-
tor itself continuously evolves with the emergence of new asset classes (e.g., digital 
assets, decentralized finance), meaning benchmarks must not only address current 
gaps but also remain flexible for future developments. 

To illustrate how such benchmarks might take shape, the following sections delve 
into four key pillars-pattern recognition, sentiment integration, anomaly detection, 
and multi-market correlation-and propose a specialized dataset and evaluation frame-
work built around them. By addressing these domain-specific requirements, we aim 
to bridge the gap between generic LLM capabilities and the sophisticated demands 
of institutional investors, regulators, and market participants. Ultimately, a robust, 
up-to-date suite of tests is essential for ensuring LLMs can perform reliably in the 
high-stakes world of finance, laying a solid foundation for the strategies we introduce 
next. 

3 Toward a Specialized LLM Evaluation Benchmark 
in Finance 

Recent advances in LLMs highlight their capacity to handle an ever-growing range 
of tasks, yet their performance on specialized financial problems often lags behind 
general NLP benchmarks. To address this gap, we propose a domain-specific eval-
uation framework centered on four key pillars essential to technical chart analysis: 
(1) pattern recognition,  (2)  sentiment integration,  (3)  anomaly detection, and (4)



176 H. Jang et al.

multi-market correlation. By going beyond generic language tests, these pillars aim 
to capture the real-world complexities of modern trading and risk management. 

3.1 Pattern Recognition 

Traders and analysts frequently rely on chart patterns—such as head-and-shoulders, 
double or triple tops and bottoms, triangles, wedges, pennants, and flags—to gauge 
market sentiment and anticipate price movements. These formations can signal trend 
reversals or breakouts, making them integral to both short-term tactical trades and 
longer-term strategy decisions [ 10]. An LLM that accurately identifies such patterns 
from raw or aggregated (OHLC) data demonstrates a strong grasp of time-series 
interpretation and market microstructure.

. Practical Relevance: In real-world trading, the ability to detect patterns quickly 
and reliably can yield better risk–reward outcomes and bolster investor confidence.

. Scope for Scalability: A robust benchmark might include commonly tracked 
geometric patterns (e.g., triangles) as well as more advanced or less frequent shapes 
(e.g., harmonic patterns), ensuring flexibility and extensibility. 

3.2 Sentiment Integration 

While traditional technical analysis focuses on price and volume, market sentiment— 
shaped by news articles, social media chatter, and public opinion—increasingly 
drives intraday price moves. For instance, an unanticipated regulatory development 
or a viral social media post can trigger momentum shifts far faster than would be pre-
dicted by technical factors alone. Consequently, LLM-based models capable of inte-
grating textual sentiment signals into their forecasts can deliver deeper, context-aware 
insights [ 5].

. Practical Relevance: During earnings season or unexpected announcements, 
sentiment often shifts in a matter of hours or minutes, directly influencing volatility.

. Broader Benchmark Utility: A sentiment integration test can differentiate 
between models that merely recognize positive/negative wording and those that 
effectively correlate sentiment changes with price action.
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3.3 Anomaly Detection 

Financial markets are prone to rapid swings triggered by unexpected events—such as 
liquidity shortages, geopolitical shocks, or systemic sell-offs. Past incidents, includ-
ing flash crashes or abrupt market reactions to global news, highlight the need for 
anomaly detection that extends beyond conventional volatility tracking [ 8].

. Core Motivation: Detecting anomalies helps institutions mitigate losses by identi-
fying early warning signs (e.g., sudden volume spikes, out-of-distribution moves), 
thereby enabling timely intervention or risk rebalancing.

. Scalable Complexity: Benchmarks can measure whether LLMs correctly catego-
rize anomalies (e.g., an illiquid market anomaly versus a news-driven crash) and 
adapt to shifting conditions across different trading sessions. 

3.4 Multi-market Correlation 

Today’s global financial system is highly interconnected: equity indices can move 
in tandem with commodities under certain market regimes, while emerging-market 
currencies respond to shifts in oil prices, and digital assets may exhibit unique cor-
relation patterns [ 11]. Evaluating an LLM’s ability to account for these cross-asset 
relationships tests its capacity to synthesize data beyond a single chart or asset class.

. Holistic Analysis: In practice, traders watch multiple markets—bonds, equities, 
currencies—to gain a fuller picture of market sentiment and liquidity.

. Benchmark Construction: This pillar can involve correlation matrices or 
dynamic correlation scores as ground truth, including scenarios where correlations 
temporarily break down. 

3.5 Synergies and Future-Proofing 

By bringing these four pillars together, we capture a broad swath of real-world 
financial challenges that purely text-focused NLP benchmarks overlook. Importantly, 
each pillar can scale with the increasing sophistication of LLMs:

. Pattern Recognition & Anomaly Detection naturally converge when unexpected 
price patterns emerge (e.g., flash crashes).

. Sentiment Integration complements technical signals, as abnormal volume or 
specific chart formations may correlate with sentiment spikes.

. Multi-Market Correlation adds a macro-level perspective, revealing whether 
patterns or sentiment changes in one asset are reinforced or contradicted by another.
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Table 1 Overview of the four key pillars for domain-specific LLM evaluation in financial technical 
chart analysis 

Asset type 

Single-asset focus Cross-asset focus 

Bias type Technical bias 
(price-based) 

Pattern recognition Multi-market 
correlation 

Fundamental bias 
(external news) 

Anomaly detection Sentiment integration 

This comprehensive approach helps ensure future-proofing as financial markets 
continue to evolve. New asset classes (e.g., digital tokens, carbon credits) or emerg-
ing factors (e.g., climate risk, geopolitical realignments) can be integrated into the 
framework by adding new datasets under one or more of these pillars. Thus, we not 
only address current performance gaps but also establish a scalable blueprint that 
can adapt to coming trends—ultimately paving the way for more robust and reliable 
LLM-driven financial tools (Table 1). 

4 Constructing a Technical Chart Analysis Dataset 

Building on the capabilities outlined in previous sections, we now turn to the practical 
steps required to assemble a robust dataset for LLM evaluation in financial technical 
chart analysis. By incorporating diverse market data, carefully chosen indicators, 
and clear labeling protocols, we aim to capture the multi-faceted nature of real-world 
trading environments. This section also highlights the importance of annotation 
consistency,  offers  example-driven guidance for each pillar, and briefly addresses 
how new data sources and advanced correlation structures can be inte grated.

4.1 Chart Data 

Raw Data (Tick Data) For the most granular view of trading activity, tick-by-
tick price and volume data can be collected from high-frequency feeds provided by 
brokers, exchanges, or reputable data vendors (e.g., Refinitiv, Bloomberg). Although 
sub-second latency is not always essential for medium- to long-term strategies, having 
tick data available allows researchers to investigate microstructure effects such as 
order book depth or bid–ask spreads. This level of detail can be especially relevant 
for studies of liquidity shocks or rapid volatility expansions. 

OHLC Data A more conventional approach is to aggregate tick data into Open-
High-Low-Close (OHLC) bars at various intervals (e.g., 1-minute, 15-minute, hourly, 
daily). Widely adopted by retail and institutional traders, OHLC data presents a
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clearer, noise-filtered view of market momentum [ 10]. Common data sources include 
CRSP for equities, ICE Data Services for futures, and Binance APIs for crypto assets, 
enabling researchers to capture broad market coverage. 

Indicator Augmentation To make the dataset richer for technical analysis, each 
OHLC bar can be supplemented with technical indicators—moving averages, 
Bollinger Bands, oscillators (e.g., RSI), volume-based measures, and so on. Using a 
range of parameters (e.g., 15-day versus 50-day moving averages) can help the bench-
mark reflect diverse trading strategies. More advanced measures such as Ichimoku 
Clouds or pivot points can also be included, mirroring real-world chart setups while 
preserving flexibility to accommodate new indicators as markets evolve. 

Chart Images For multimodal evaluation—where LLMs may leverage image 
processing—a subset of data can be converted into annotated candlestick charts. 
These images could contain overlays such as trendlines, support/resistance levels, 
or volume profiles. Such visual cues are invaluable for testing an LLM’s capacity to 
recognize price patterns, compare them across different instruments, and integrate 
textual signals (e.g., news headlines) with visual chart insights. 

4.2 Labeling for Four Benchmarking Tasks 

High-quality, consistent labeling is vital to ensure objective and reproducible eval-
uations, particularly in finance where subtle misinterpretations can lead to tangible 
monetary losses. Whenever possible, we recommend using inter-annotator agree-
ment metrics (e.g., Cohen’s kappa) to measure label reliability, especially for tasks 
with subjective boundaries or ambiguous signals [ 12, 13]. 

4.2.1 Pattern Recognition

. Labeling Chart Segments: Identify and label classic formations (e.g., head-and-
shoulders, triangles, flags) across different time frames. For instance, a 1-hour 
chart showing a head-and-shoulders formation can be marked with exact start and 
end points.

. Segmentation: Consistent segmentation rules (e.g., a minimum length for pattern 
formation) help minimize label drift. Annotators may also assign a confidence 
level to each pattern for borderline cases.

. Example Figure: A labeled screenshot might highlight a head-and-shoulders pat-
tern on a 15-minute chart of the S&P 500, with bounding boxes or colored lines 
indicating the left shoulder, head, and right shoulder.
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4.2.2 Sentiment Integration

. News and Media Data: Collect headlines and articles from multiple feeds (e.g., 
Dow Jones Newswires, social media platforms) linked to specific time windows.

. Event Tagging & False Positives: Alongside labeling sentiment (positive, negative, 
neutral), annotators should mark events where company or asset mentions do not 
actually influence market sentiment (false positives).

. Examples: An earnings-call transcript revealing unexpectedly high costs might be 
flagged as negative, correlating with a short-term price drop. 

4.2.3 Anomaly Detection

. Unusual Market Events: Label segments showing sudden volatility spikes, wide 
price gaps, or drastic volume surges. Real-world examples include the dramatic 
market plunge on March 16, 2020, when the S&P 500 opened significantly down 
amid COVID-19 fears.

. Categorization: Differentiating anomalies caused by liquidity shortfalls versus 
macro news versus technical glitches helps models learn to distinguish among 
varied types of extreme behavior.

. Interpretability: Marking the start/end time of an anomaly and the subsequent 
recovery period offers a clearer temporal footprint for downstream analysis. 

4.2.4 Multi-market Correlation

. Combined Datasets: Merge price data from multiple markets—equities, commodi-
ties, forex, crypto—sourced from platforms like CRSP, ICE, or Binance.

. Correlation Labels: Precompute correlation matrices or rolling correlation scores 
for relevant asset pairs. In addition, note any time-lagged relationships (e.g., 
currency swings that precede or follow equity moves by hours or days) [ 11].

. Scenario Coverage: Include epochs where correlations break down entirely (e.g., 
a flight-to-safety event) to challenge models relying on stable asset linkages. 

4.3 Transition and Outlook 

Collectively, these labeling protocols form a holistic view of financial technical chart 
analysis across multiple data modalities. By balancing objectivity (e.g., clear start/end 
points, systematic sentiment scoring) with real-world considerations (e.g., ambigu-
ous patterns, time-lagged correlations), the resulting dataset aligns closely with the
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Table 2 Summary of chart data components (Sect. 4.1) 

Data type Key characteristics Use cases/notes 

Tick data – Sub-second or per-trad data 
– Highest granularity 
– Potentially large volume 

– Captures microstructure 
details (e.g., order book depth) 
– Useful for liquidity or rapid 
volatility studies 

OHLC data – Aggregated 
Open-High-Low-Close at fixed 
intervals (1 m, 15 m, 1h, 4h, 
daily, weekly...) 
– Noise-filtered view of price 
momentum 

– Widely adopted by traders 
– Simpler than tick data, but 
loses intra-bar detail 

Indicator augmentation – Adds technical indicators 
(MA, Bollinger Bands, RSI, 
etc.) 
– Flexible parameter choices 
(15-day, 50-day, etc.) 

– Mimics common real-world 
chart setups 
– Enhances pattern recognition 
tasks 

Chart images – Visual candlestick or bar 
chart snapshots 
– Possible overlays: trendlines, 
support/resistance 

– Enables multimodal LLM or 
CV+NLP 
– Tests pattern recognition in a 
visual context 

demands of practitioners. In the next section, we detail how this labeled data inte-
grates into an evaluation protocol, including metrics, stress-testing procedures, and 
baseline comparisons for LLM-based models. Such a framework will not only val-
idate current performance but also adapt as financial markets and AI techniques 
continue to evolve (Tables 2 and 3). 

5 Benchmarking LLMs for Chart Analysis 

With a domain-specific dataset in place, we now focus on designing an evaluation 
protocol that thoroughly measures LLM performance across the four pillars intro-
duced in Sect. 3—pattern recognition, sentiment integration, anomaly detection, and 
multi-market correlation. The goal is a benchmark that not only reports raw accuracy 
metrics but also reflects the practical complexities of finance, including multi-step 
reasoning, interpretability demands, and exposure to dynamic market conditions.
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Table 3 Key labeling considerations for the four benchmarking tasks (Sect. 4.2) 

Task Labeling focus Example/special notes 

Pattern recognition – Identify chart formations 
(head-and-shoulders, triangles, 
etc.) 
– Mark pattern boundaries and 
confidence levels 

– E.g., label left/right shoulder 
points in head-and-shoulders 
– Capture partial/ambiguous 
patterns with caution 

Sentiment integration – Annotate news or social 
media items with sentiment 
scores 
– Mark event relevance and 
false positives 

– E.g., earnings call triggers a 
“negative” label 
– Distinguish truly influential 
news versus irrelevant 
mentions 

Anomaly detection – Tag sudden volatility spikes, 
price gaps, unusual volume 
– Add context for cause 
(liquidity short-fall, major 
news, glitch) 

– E.g., labeling flash crash on a 
specific date/time 
– Mark start/end times + 
recovery period 

Multi-market correlation – Correlation metrics among 
equities, forex, commodities, 
crypto 
– Track correlation regime 
shifts or break- downs 

– E.g., a rolling correlation 
window for S&P 500 versus 
Gold 
– Note time-lagged effects 
(leading/lagging correlation) 

5.1 Key Considerations 

5.1.1 Multi-dimensional Scoring Metrics 

Each of the four pillars benefits from tailored metrics. For classification-driven 
tasks (e.g., identifying specific chart patterns or labeling sentiment), F1-scores or 
precision–recall curves can be more informative than simple accuracy. Anomaly 
detection tasks should capture both timeliness (how quickly anomalies are flagged) 
and severity (e.g., large price gaps versus minor blips). In multi-market correlation, 
measuring the accuracy of predicted correlations or the error in dynamic correla-
tion transitions is key [ 11]. Additionally, real-world regulatory environments often 
demand explainability [ 10], making interpretability or auditability metrics highly 
relevant. 

5.1.2 Multi-step Evaluation Pipeline 

Unlike many NLP tasks that focus on a single, static input (e.g., a passage of 
text), financial LLM applications often require sequential or iterative processes. We 
recommend dividing the evaluation into incremental stages: 

1. Data Parsing: Assess the model’s ability to handle raw or OHLC data and 
technical indicators.
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2. Pillar-Specific Tests: Evaluate core competencies in pattern recognition, sentiment 
integration, anomaly detection, and correlation analysis independently. 

3. Integrated Tasks: Challenge the model to generate trading signals, risk assess-
ments, or scenario analyses that blend the four pillars. 

Such a pipeline approach can reveal which part of the workflow remains most 
challenging for an LLM, guiding focused improvements or additional fine-tuning 
efforts. 

5.1.3 Stress Testing 

To gauge robustness, we propose subjecting models to extreme or conflicting 
market conditions. For instance:

. Volatile Periods: Historical segments with large price swings, such as sudden 
liquidity drops or shock events (e.g., major policy announcements).

. Data Gaps: Partial data availability or missing feeds, reflecting real-world issues 
like system outages.

. Conflicting Signals: Situations where chart patterns suggest a bullish trend, yet 
social media sentiment is overwhelmingly negative. 

Such scenarios help distinguish LLMs that only excel under stable market conditions 
from those capable of adaptive, context-aware reasoning. 

5.1.4 Model Comparison and Reproducibility 

We encourage benchmarking multiple LLM architectures-from fine-tuned GPT-3.5 
variants to specialized Transformers designed for time-series data-to measure relative 
strengths and weaknesses. Transparent reporting of

. Hyperparameters and Training Protocols: Learning rates, batch sizes, optimizer 
settings.

. Hardware Environment: GPU/TPU types, memory constraints.

. Data Splits and Preprocessing: Consistent train/validation/test partitions, date 
ranges, and normalization steps. 

ensures that results can be replicated. Such reproducibility is crucial in finance, where 
model-related decisions carry substantial monetary and regulatory implications. 

5.2 Beyond Raw Metrics 

While quantitative metrics (e.g., F1, MSE, correlation error) are important, financial 
institutions often require interpretability, compliance, and operational feasibility in 
real-world deployments. For instance:



184 H. Jang et al.

. Interpretability: Regulators may require clear audit trails or model explanations 
for trading decisions, especially under stress scenarios [ 10].

. Regulatory Alignment: Compliance frameworks (e.g., MiFID II in Europe, 
FINRA in the U.S.) could mandate disclosures about how AI-driven recommen-
dations are generated.

. Computational Efficiency: In fast-moving markets, latency can matter. Bench-
marking inference speed or resource usage ensures scalability across varied trading 
infrastructures. 

Incorporating these considerations makes the benchmark more realistic and aligns 
the measured performance with genuine financial-sector needs. 

In sum, a robust benchmark for LLMs in technical chart analysis must extend 
beyond standard accuracy metrics to encompass stress-tested scenarios, interpretabil-
ity, regulatory factors, and multi-step analytical processes (Fig. 1). 

6 Expert Collaboration and Ongoing Directions 

Constructing and maintaining a specialized financial dataset demands more than just 
technical know-how; it requires continuous engagement with market practitioners, 
risk managers, and industry regulators. Their expertise ensures that labeling criteria 
remain accurate, new market realities are swiftly incorporated, and the benchmark 
itself remains aligned with evolving regulations and best practices. 

Fig. 1 A multi-step LLM evaluation pipeline with parallel processes, resized to fit within A4
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Role of Financial Experts: Domain experts can play a pivotal role at every stage:

. Annotation and Quality Control: Beyond identifying common patterns or 
anomalies, experienced traders and analysts can refine label definitions for bor-
derline cases (e.g., partial formations, conflicting sentiment) and validate outlier 
events.

. Scenario Selection and Validation: Practitioners with first-hand experience of 
historical market events (e.g., sudden regulatory announcements, major credit 
shocks) can guide which time segments best test an LLM’s adaptive capacity.

. Regulatory and Compliance Insights: Legal specialists and compliance officers 
help ensure that models’ outputs meet transparency and accountability require-
ments, reflecting the realities of financial oversight (e.g., MiFID II, FINRA 
guidelines). 

Continuous Updating and Expansion: Financial markets constantly introduce 
novel instruments (e.g., tokenized securities, carbon credits) and face emerging risk 
factors (e.g., geopolitical shifts, climate-related impacts). To maintain relevance:

. Regular Data Refreshes: Instituting a rolling update mechanism allows the 
dataset to integrate recent events, ensuring that benchmarks challenge LLMs with 
current trends or regime shifts.

. Feature Enhancements: As new analytic techniques (e.g., alternative data 
sources, advanced volatility measures) gain traction, expert consultation ensures 
that these dimensions are captured in future labeling efforts.

. Iterative Benchmark Improvement: Even well-established patterns can evolve, 
and new patterns can emerge in response to changing market structure. Periodic 
reviews with domain experts guard against dataset stagnation. 

Roadmap for Ongoing Collaboration: To streamline expert engagement, we 
propose 

1. Scheduled Review Cycles: Biannual or quarterly workshops where domain 
experts, data scientists, and compliance officers evaluate annotation quality, 
discuss newly identified anomalies, and propose expansions to coverage. 

2. Open-Source Contribution Channels: Hosting the dataset on a public reposi-
tory (with anonymized data samples, if needed) can facilitate community-driven 
improvements, subject to appropriate data licensing. 

3. Industry-Academic Partnerships: Joint initiatives between financial institutions 
and academic labs can accelerate robust labeling processes, risk analysis, and 
method validation under real-world constraints. 

By weaving expert insights into every iteration of dataset development, we ensure 
that our finance-specific benchmark remains up-to-date, comprehensive, and prac-
tical. This strategy aligns with the rapid evolution of LLMs and the unceasing trans-
formation of financial markets, fostering a long-term synergy between technical 
advancement and real-world applicability.
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7 Conclusion 

This paper has highlighted the vital need for domain-specific benchmarks in financial 
technical chart analysis, demonstrating how current LLM evaluation methods can fall 
short when confronted with the complexities of real-world markets. We introduced 
a four-pillar framework encompassing pattern recognition, sentiment integration, 
anomaly detection, and multi-market correlation—each reflecting a core challenge 
faced by practitioners and regulators. By outlining the construction of a specialized 
dataset, complete with chart-based annotations, sentiment-labeled events, anomaly 
tags, and cross-asset correlations, we provided a roadmap for more meaningful and 
robust AI assessments. 

Beyond improving raw accuracy measures, this approach emphasizes inter-
pretability, regulatory compliance, and adaptability to a rapidly evolving financial 
ecosystem. The proposed dataset design ensures that new asset classes, emerging risk 
factors, or dynamic trading patterns can be integrated over time. Crucially, our find-
ings underscore the importance of ongoing collaboration with industry experts and 
compliance officers to maintain labeling consistency, update scenario coverage, and 
validate anomalous market events. 

Although we primarily focus on technical chart analysis, the methodology is 
readily extensible to broader financial tasks, from quantitative risk modeling to algo-
rithmic portfolio allocation. We envision that future iterations of our benchmark 
will incorporate additional data modalities (e.g., alternative data feeds, textual tran-
scripts of earnings calls) and explore advanced evaluation metrics suited to real-time 
decision-making contexts. 
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