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Abstract: 

The rapid development of fintech has brought about the widespread application of 

large language models (LLMS) in financial decision making. However, effectively 

integrating the interactions between LLMS and human decision makers, as well as 

managing possible cognitive biases, is one of the key challenges to achieving optimal 

decision making. This research program aims to investigate the behavioral bias of 

LLM in financial decision making, with a particular focus on human-machine 

alignment (HMA), and seeks to learn and apply strategies for the detection and 

correction of cognitive bias from a behavioral finance perspective. This study intends 

to use a hybrid approach research design, combining human-computer interaction 

experiments, surveys, and data analysis, to evaluate the biases that occur in the LLM 



simulation of financial decision making and propose strategies for improvement. The 

research is expected to provide strategic guidance to the financial services industry, 

promote the effectiveness and accountability of LLM in financial decision support, 

and contribute new theoretical and practical insights to the intersection of artificial 

intelligence and behavioral finance. 

Research Background: 

Generative artificial intelligence has been heralded as a technological revolution 

within the information era, with large language models (LLMs) suffusing multiple 

industries to augment human efficiency. Within the rapidly evolving domain of 

financial technology, generative artificial intelligence, coupled with LLM-based 

financial advisory systems, is assuming a pivotal role in the realm of financial 

decision-making support[1][2]. These models are instrumental in providing nuanced 

insights into the intricate dynamics of financial markets by leveraging their 

capabilities in the analysis and processing of extensive datasets. An increasing number 

of financial institutions, including governmental entities, are adopting LLMs to 

enhance the efficiency and precision of trading strategies, risk assessments, and 

customer service[3][4].  

Currently, the parameters and training data volumes of commercially available 

large language models (LLMs) are already vast, and their scale is expected to increase 

further in the foreseeable future. While the code that structures these complex models 

and the training methods used can be straightforward, the models generated post-



training are highly abstruse and intricate. Users are often left to regard the models as a 

"black box," accepting certain inputs and then outputting relevant content to meet the 

needs of the users. Despite considerable research efforts in the field of model 

interpretability, the process by which these models generate outputs with each 

iteration remains largely inexplicable even to the scientists who train them. The 

"black box" nature of artificial intelligence generative content (AIGC) raises concerns 

about transparency, accountability, and ethical implications[5][6]. Relevant studies to 

discuss and analyze such alignment problems show that there are extensive and 

difficult to detect biases in the understanding of human instructions by large language 

models[7][8].  

A dialectical perspective towards AIGC would become increasingly necessary 

with the ensuing blossom of LLMs. Recent studies have shown that LLM may 

inadvertently amplify human cognitive biases in financial decision-making[16] or 

create new problems due to algorithms' own biases[17][18]. E.g., LLMS may over-rely 

on historical data patterns when forecasting financial markets[19], while ignoring real-

time fluctuations in market conditions. In addition, human users may over-reliance on 

the recommendations generated by LLM, leading to the weakening of critical thinking 

in the decision-making process[20]. Besides, when the recommendations generated by 

LLM are deviated from the needs or even contrary to common sense, the ethical and 

moral issues that may lead to disastrous consequences are difficult to be 

summarized[18][20]. 

With the rapid advancements in AI technology, human contemplation of behavior 



has expanded from natural biological entities to artificial agents. As noted in the 

research by Iyad et al.[21], AI is becoming an integral component of human society, 

where the behavior of intelligent agents extends beyond the fixed frameworks set by 

their creators. The study of these behavior patterns is instrumental in helping humans 

understand and predict the "deviant" actions of machines. Drawing from four-

dimensional view of ethology[22], machine behavior fundamentally differs from that 

of animals and humans. It is essential that the study of machine behavior avoids 

excessive anthropomorphism nor zoomorphism. The ultimate goal of researching 

machine behavior should be to enhance social welfare by aiding and augmenting 

human decision-making capabilities. 

As AI systems, including LLMs, are increasingly integrated into financial 

advisory and decision-support roles, their interaction with human cognitive biases 

becomes a pivotal area of study. The crux of the human-machine alignment problem 

across various domains stems from the discordance between the intentions of human 

users and the behaviors exhibited by the agents. The core findings of behavioral 

finance reveal systematic biases in the way human decision-makers face financial 

decisions. For example, the forward-looking theory of Tversky and Kahneman[9][25] 

explains how people systematically deviate from the predictions of expected utility 

theory in the face of uncertainty. These biases, such as overconfidence, emotional 

influence, and anchoring effects, not only affect individual investors, but are also 

reflected in institutional investment decisions[10][11]. In order to tame the innate 

perceptual cognitive emotions in the human mind[12], a school of research exploring 



how to integrate the understanding of these behavioral biases into the LLM to 

optimize their performance in real-world decision-making is gaining 

attention[13][14][15].  

To address these issues, this research study presents an innovative research topic: 

how to guide the design and application of LLMS with professional finance 

backgrounds through a deep understanding of the mechanisms of cognitive bias in 

behavioral finance, achieve effective human-machine alignment (HMA), and optimize 

the financial decision-making process. Human-machine alignment refers to the degree 

to which the behavior of an AI system aligns with the expectations and goals of a 

human user[20][23][24]. In the financial field, this means that LLM can provide 

customized decision support based on considering users' preferences, risk tolerance 

and behavioral characteristics[20]. 

In summary, this study aims to fill in the gaps in the current research on the 

cognitive bias treatment and human-machine alignment optimization of LLM in 

financial decision making in behavioral finance and human-machine alignment. 

Through a combination of empirical research and interdisciplinary theoretical 

analysis, we are committed to providing more accurate, transparent and ethical AI 

decision-making tools for financial services. 

 

 

 



Research Aim: 

The primary objective of this study is to examine the manifestation of cognitive 

biases within LLMs as they pertain to financial decision-making processes. The 

investigation is further aimed at devising and implementing strategies to rectify these 

biases, thereby enhancing the utility and accuracy of LLMs in providing decision 

support within the financial sector. The research aims to make a significant theoretical 

contribution to the understanding of cognitive biases in artificial intelligence, while also 

offering practical insights for the refinement of LLMs applications in finance. 

Specifically, the objectives of this study can be divided into the following aspects: 

⚫ Understanding Behavioral Bias Mechanisms:  

This research will delve into the mechanisms of behavioral biases in financial 

decisions, drawing on established theories and empirical studies to identify 

prevalent cognitive biases such as overconfidence, anchoring effects, and loss 

aversion. 

⚫ Evaluating LLMs in Financial Decision-Making:  

The study will assess the efficacy of current LLMs in interpreting financial 

decisions, with a focus on their ability to process and mitigate cognitive biases in 

financial information. 

⚫ Enhancing Human-Machine Alignment:  

By leveraging recent advancements in reinforcement learning and AI behavior, this 

research will explore strategies to enhance the alignment between human users and 

LLMs, aiming to refine model training and integrate bias detection and correction 



mechanisms. 

⚫ Advancing Rational Financial Decision-Making:  

The ultimate goal is to foster a more rational approach to financial decision-making 

by optimizing the management of behavioral biases within LLMs, thereby 

enhancing the efficiency and equity of financial markets. 

 

Literature Review: 

Behavioral finance and cognitive bias 

Behavioral finance is a discipline which studies the influence of investors' 

psychological behavior on financial markets and decision making. It stems from the 

limitations of traditional finance, particularly in understanding market anomalies and 

irrational investor behavior. Different from the traditional finance assumption that 

market participants are always rational[35], behavioral finance believes that people are 

often affected by various cognitive biases when making financial decisions. The core 

of financial decision-making is the balance between risk assessment and expected 

return. However, traditional financial theories, such as the efficient market hypothesis 

[35], believe that investors are rational, but in reality, investors' behavior often deviates 

from rationality[36]. Identifying and understanding the causes of these deviations, 

especially the role of cognitive bias, is important for financial decision-making. 

Kahneman and Tversky's prospect theory [9], one of the most influential theories in 

behavioral finance, challenges expected utility theory and proposes the nonlinear 



preferences that people exhibit when faced with gains and losses. They found that 

people are more sensitive to potential losses relative to expected absolute gains, which 

is known as "loss aversion" [39]. In addition, other biases like the representativeness 

bias[26], which explains how people evaluate probabilities based on preconceived 

judgments rather than statistical evidence; anchoring effect [9]: People tend to rely on 

first impressions or initial information in the face of uncertainty; And the availability 

heuristic[27], which describes investors' tendency to over-rely on information that 

comes to mind easily. 

Subsequent research has continued to expand the range of cognitive biases to include 

overconfidence, in which individuals are overly confident in the correctness of their 

own judgments [37]; And confirmation bias, the tendency of individuals to seek, 

interpret, and remember information to confirm their preconceptions. [38] 

These biases are particularly pronounced in financial markets. For example, 

overconfidence leads individual investors to overtrade, which often reduces their 

investment returns. [37] However, the study of Shefrin and Statman shows that 

investors are often unwilling to admit investment mistakes and cut losses in time, which 

is the behavioral embodiment of loss aversion[39]. 

Individual investors are often affected by a variety of cognitive biases when making 

financial decisions. For example, confirmation bias causes investors to tend to seek out 

and remember information that supports their preconceived notions. [40] This can lead 

retail investors to ignore important market information and make sub-optimal 

investment decisions. Mood swings are also a key factor in individual financial 



decisions. The research of Lerner, Li, Valdesolo and Kassam shows that different 

emotional states can significantly affect people's risk preference, such as anger tends to 

increase risk taking, while fear reduces risk taking [41]. 

In the company's financial decision-making, the cognitive bias of the management will 

also have an impact on the company's investment, financing and dividend policies. For 

example, overconfidence bias may lead managers to overestimate their project 

management capabilities or market prospects, leading to excessive investment [42]. In 

addition, agency problems are also associated with cognitive bias in corporate financial 

decision-making. The inconsistency of interests between managers and shareholders 

may lead managers to make decisions based on their own preferences rather than the 

best interests of shareholders, such as empire building and risk aversion [43].Group 

behaviors in the market, such as herding and bubble formation, are closely related to 

individual cognitive biases. Investors' behavior in groups may be driven by social 

pressures and the tendency to imitate others, rather than guided by independent 

information analysis. This behavior can cause market prices to deviate from their 

fundamental values, increasing the volatility of the market [44]. 

In financial markets, the game between different market participants is also affected by 

cognitive bias. Game theory studies have shown that even in the case of the rational 

player hypothesis, market participants may make sub-optimal decisions due to 

misunderstanding of the opponent's behavior or incorrect expectations [45]. This sub-

optimal behavior may be more prevalent when participants are subject to cognitive bias. 

To reduce the impact of cognitive bias on financial decision-making, education and 



training can play a key role. Through financial education, investors can better 

understand market dynamics and learn to identify and avoid common psychological 

pitfalls[46][47]. In addition, professional investment training and simulation can help 

investors and financial professionals improve the quality of their decisions and learn 

how to manage their own biases and emotional responses through practice. 

Application of large language model in financial decision making 

With the development of artificial intelligence technology, especially the progress of 

natural language processing (NLP), large language models such as OpenAI's GPT 

series have begun to be applied in the financial field, including market analysis, risk 

assessment, investment strategy formulation, etc. [1][2][3][4][19]. By understanding and 

generating natural language, these models can extract valuable information from large 

amounts of textual data to help financial professionals make more informed decisions. 

One of the critical applications of LLMs in finance is market analysis. By processing 

news articles, financial reports, and social media posts, LLMs can perform sentiment 

analysis, gauging the market's emotional tone. This information is crucial for predicting 

market movements, as investor sentiment is often a leading indicator of market 

trends[2][19][48]. For instance, LLMs can detect shifts in sentiment that may precede 

changes in stock prices, providing investors with valuable lead time to adjust their 

strategies.  

LLMs also play a significant role in risk management by identifying potential risks in 

financial documents and communications. Their ability to understand context and 

nuance allows them to detect subtle signals that could indicate fraudulent activity or 



emerging risks that are not evident through traditional analysis methods[2][19]. 

In customer service, LLMs can automate responses to client inquiries, provide 

personalized financial advice, and streamline the customer experience. This application 

not only increases efficiency but also allows for the handling of a larger volume of 

customer interactions, which can lead to improved customer satisfaction and 

loyalty[2][49]. 

 

Man-machine alignment and correction of cognitive bias 

The human-machine alignment problem concerns how to align the goals of an AI 

system with human values and goals 
错误!未找到引用源。

. In the context of financial decision-

making, this means the need to develop large language models that can understand 

human cognitive biases and take steps to correct them. At present, there is no 

universally accepted standard for measuring alignment.  

Researchers such as Wang et al summarize the alignment problem as RICE: Robustness 

meaning that the stability of artificial intelligence systems needs to be ensured in 

various environments; Interpretability means that the operation and decision-making 

process of AI systems should be clear and understandable. Controllability: An AI 

system should operate under human direction and control; Ethicality states that AI 

systems should adhere to social norms and universal values. These four principles guide 

the alignment of AI systems with human intentions and values. They are not the end 

goal in themselves, but serve the intermediate goal of alignment.[20] 

One possible approach is to train models to recognize bias and error information in text 



and then adjust their output to reduce the impact of bias. For example, models can be 

trained to recognize and adjust predictions based on overconfidence or loss aversion. 

In addition, models can be trained with manually labeled datasets that are specifically 

designed to reflect and correct for specific cognitive biases[50]. 

However, there are challenges to achieving effective human-machine alignment. First, 

to accurately identify and correct cognitive biases requires a deep understanding of the 

psychological underpinnings of these biases, which may be beyond the capabilities of 

current large language models[20]. Second, even if the model is able to identify the bias, 

how to correct it without compromising the model's performance is an open question. 

 

Research Method/methodology: 

The research methodology will focus on assessing cognitive biases in how humans 

interact with high-level large language models, such as OpenAI's GPT-3.5 or later, and 

exploring how these biases might affect their financial decisions. 

 

Experimental setting 

The behavior of participants when interacting with a large language model is analyzed 

through controlled experiments in online platforms or laboratory Settings. The 

experiment will involve simulating financial decision situations in which participants 

need to process information provided by a large language model and make investment 

choices. 



Controlled experiment:  

Create an experimental environment where participants interact with a large language 

model on a simulated investment platform. In this environment, participants are 

provided with various financial information and asked to make investment decisions. 

Situational simulation:  

Design different financial scenarios, such as stock market investment, bond selection, 

or asset allocation, to assess different types of cognitive bias. 

Human-machine conversation recording:  

All conversations between participants and the large language model are recorded to 

facilitate subsequent analysis of cognitive biases and information processing patterns. 

 

 

Types of data expected to be collected 

Quantitative data:  

investment selection, click-through rate, investment time and rate of return collected 

through the experimental platform. 

Qualitative data:  

Qualitative information extracted from human-machine conversations, such as 

participants' queries, reasons for decisions, and feedback. 

 

Study participants 

Individuals with some experience in financial markets are invited to participate in the 



experiment. The study will recruit participants through online financial communities 

and investment forums, and ensure that the sample is sufficiently diverse in age, gender, 

and occupational background. 

 

Data analysis 

Statistical testing:  

Descriptive statistics are applied to analyze the distribution of investment decisions, 

and T-tests and ANOVA are used to compare decision differences across different 

scenarios. 

Regression analysis:  

Multiple regression analysis is used to assess the relationship between specific 

cognitive biases (such as overconfidence, anchoring effects, etc.) and investment choice. 

Content analysis:  

Conduct content analysis of human-computer conversations to identify patterns and 

themes associated with cognitive bias. 

 

Research Limitations 

Sample representation: Due to the use of convenience sampling, the sample may not be 

fully representative of all financial market participants. 

Experimental situations: Situations simulated in a laboratory or online platform may 

not fully replicate the complexity and stress of the real world. 

 



Ethical Considerations 

Privacy protection: Ensure that participants' privacy is protected and no personally 

identifiable information is disclosed. 

Informed consent: Ensure that all participants have provided informed consent and 

understand the purpose and process of the experiment. 

 

This research approach provides a comprehensive framework for assessing cognitive 

bias in human interactions with large language models, as well as quantitative and 

qualitative data for studying its potential impact on financial decision-making processes. 

Through this approach, this study can begin to understand and quantify the influence 

of large language models in financial decision making. 

Expected result:  

Quantitative analysis of expected results 

Correlation between cognitive biases and investment decisions: Expected regression 

analyses will show significant correlations between specific cognitive biases (e.g., 

overconfidence, anchoring effects, risk aversion, etc.) and investment choices. For 

example, studies may find that overconfident individuals tend to trade more frequently 

or choose riskier investment options. 

 

Decision Differences in human-computer interaction:  

It is expected that through T-test and ANOVA analysis, participants will exhibit 



different investment behaviors when interacting with and not interacting with the large 

language model. This may shed light on how information provided by large language 

models affects human decision-making processes. 

 

Consistency of behavior patterns:  

It is expected that under different simulated financial scenarios, participants' investment 

behaviors will show some consistency, reflecting the universality of cognitive bias in 

human decision-making. 

 

Qualitative analysis of expected results 

Expression of cognitive bias:  

In the content analysis of human-computer dialogue, it is expected that significant 

expression of cognitive bias can be identified. For example, when the model provides 

information that conflicts with participants' preconceived views, they may exhibit 

confirmation bias, ignoring or questioning information that doesn't match their 

expectations. 

 

Trust in large language models:  

Participants are expected to express varying degrees of trust in the accuracy and 

reliability of large language models during the experiment. This degree of confidence 

may vary depending on the consistency of the information provided by the model with 

the actual investment results. 



 

Complexity of decision reasoning:  

Through topic coding, different levels of complexity are expected to be found in 

participants' decision reasoning, including intuitive responses, logical analysis, and a 

comprehensive consideration of model recommendations. 

 

Overall, this research is expected to shed light on the dynamics of cognitive bias in AI-

human interactions and provide empirical support for theoretical models in behavioral 

finance. We also anticipate that these findings will contribute to the understanding of 

how large language models influence financial decision-making processes, potentially 

revealing new human-machine alignment strategies to reduce the negative impact of 

cognitive bias on financial decision-making." 

If the results are as expected, this could have far-reaching implications for financial 

professionals, investor education, and fintech development. For example, financial 

services providers may need to design better user interfaces to reduce the impact of 

cognitive biases, while investor education programs should include how to identify and 

respond to these biases. 

Research Timeline: 

September 2024 (preparatory phase) 

Identify research teams and role assignments 

Design experiments and research methods 



Develop and test the experimental platform 

Prepare and submit ethics review requests 

 

October (Start-up phase) 

Obtain ethical review approval 

Start recruiting participants 

Conduct initial training and pilot studies 

The experimental design was optimized according to the experimental results 

 

November (Data Collection Phase I) 

Data collection is started 

Monitor experiment progress to ensure data quality 

Process preliminary data and feedback in real time 

 

December (Data Collection Phase II) 

Continue to collect data 

Start preliminary data analysis 

Prepare year-end progress reports 

 

January 2025 (Data analysis Phase I) 

Complete all data collection 

Perform detailed data cleaning and sorting 



Start quantitative and qualitative data analysis 

 

February (Data Analysis Phase II) 

In-depth data analysis 

Identify preliminary research findings 

Prepare an interim study report 

 

March (Writing and review phase) 

Start writing a research paper 

Organize regular team meetings to discuss research progress 

Submit a draft paper for internal review 

 

April (Revision and submission phase) 

Revise the paper based on feedback 

Prepare the final research report and presentation materials 

Submit papers to journals/conferences 

Arrange project review meetings and experience sharing 

 

Practical progress is subject to change due to unforeseen circumstances and adjustments 

encountered during the study. Given the time taken for review and publication in 

academic journals, actual progress may be extended or shortened. 



Conclusion: 

This research program aims to explore how cognitive bias affects financial decision-

making and further examine the role of artificial intelligence, in particular large 

language models, in this process. Through carefully designed experimental methods 

and detailed data collection, this study is expected to reveal a series of key findings that 

are not only critical to the theoretical development of behavioral finance, but also have 

profound implications for applications in the field of artificial intelligence. 

 

Possible key findings: 

The relationship between cognitive bias and investment behavior: We expect to find out 

how specific cognitive bias is related to individual investment behavior patterns, so as 

to provide empirical support for understanding investors' irrational behavior. 

Ai's role in behavior modification: Possible findings also include how large language 

models influence and potentially correct for these cognitive biases, revealing AI's 

potential in promoting more rational financial decision-making. 

 

Contributions to behavioral finance: 

This research will enrich the literature of behavioral finance, particularly in 

understanding the process of how individuals make decisions in complex financial 

environments. By combining traditional behavioral finance theory with the latest 

artificial intelligence technology, we are able to provide a more comprehensive 

perspective to observe and analyze investor behavior. 



 

Contributions to artificial intelligence: 

This study will also demonstrate the effectiveness of large language models in 

processing complex decision tasks, providing valuable insights for developing more 

efficient AI-assisted decision systems. This will help promote the application and 

development of artificial intelligence technology in the financial field. It also provides 

a new approach to alignment based on human behavioral finance. 

 

Practical significance of the study: 

Our research has immediate practical implications for financial professionals, policy 

makers, and ordinary investors. The results can help design better investment strategies 

and improve the efficiency of financial markets, as well as serve as a scientific basis for 

financial education and investor protection policies. 

 

Implications for future research: 

This research program will also provide new directions for future research in the field 

of behavioral finance and artificial intelligence. For example, future research could 

further explore the role of different types of cognitive bias in other financial decision 

situations, or assess the effectiveness of other types of AI techniques in assisting 

financial decision making. 

 

In summary, this research program will help advance our understanding of the 



intersection of behavioral finance and artificial intelligence, and its findings are 

expected to provide valuable theoretical and practical insights and lay a solid 

foundation for future research efforts. 
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