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Abstract:  Artificial Intelligence, or AI, has made a huge impact on the financial services industry. For instance, computers can now 

decide on their own about credit scoring, loan approval, fraud detection, risk management, and investing. The financial decision 

system, with the help of artificial intelligence, makes financial decisions faster, cheaper, and more accurate. However, there are a 

lot of moral issues with the use of AI in making financial decisions, especially with fairness, transparency, accountability, and the 

possibility of making biased financial decisions. For instance, people can make biased financial decisions against certain groups of 

people without knowing, and machine learning, which is not transparent, behaves like a black box, and it is hard to understand the 

reasons behind its decision-making. 

The goal of this study is to examine the tests and prospects in relation to the advancement of equity and openness in AI-based 

financial decision-making systems. The current study used a mixed research method, where quantitative data was used from surveys 

conducted among financial experts in banking, fintech, and financial regulation, while qualitative findings were used from AI and 

financial regulation experts. The current study examined explainable AI, algorithmic auditing, and governance used in financial 

institutions. The current research reveals that financial institutions are increasingly using financial technologies such as AI, although 

they are faced with a number of challenges such as biased data, machine learning uncertainty, and poor regulation. Financial 

institutions that use explainable AI, keep a record of their models, and have ethical AI governance are likely to increase trust and 

compliance from their stakeholders. The current research reveals that responsible AI implementation is a multi-dimensional 

construct that includes technological, legislative, and governance aspects. The current paper proposes a conceptual framework for 

promoting fairness, transparency, and accountability in financial decision-making based on AI. 

 

IndexTerms - Component,formatting,style,styling,insert. 
________________________________________________________________________________________________________ 

I. INTRODUCTION 

 

INTRODUCTION 

In the past ten years, big data analytics, ML, and AI have brought big changes to the financial services industry.Today, financial 

institutions such as banks are increasingly employing artificial intelligence-based technologies to automate sophisticated decision-

making processes that previously required human expertise. There are many uses of artificial intelligence in finance, such as credit 

scoring, loan approvals, fraud finding, customer segmentation, portfolio management, and algorithmic trading. 

There are many advantages of artificial intelligence technologies to financial institutions. These technologies can process large 

amounts of data quickly, identify hidden patterns, and enable predictions to help humans make better financial conclusions. As a 

result, financial institutions such as banks can operate more efficiently and provide better services to customers. 

Although AI helps in decision-making in finance, it also brings many ethical and legal issues. First off, algorithmic bias is a 

significant concern in AI. Algorithmic bias occurs when AI makes unfair decisions based on biased data and poor modeling. For 

instance, in AI-based credit score determination that is based on past financial information, AI may perpetuate existing social 

inequalities. 

Another major problem that AI-based decision-making models have is that they are not clear. Most AI-based decision-making 

models, especially those that use deep learning and machine learning techniques, are difficult to understand. It is difficult to 

understand how decisions are made when AI-based decision-making models are used in finance. Most AI-based models used in 

finance are complex and unclear. 

For instance, decisions made in finance have a great impact on society and the economy. For instance, loan approval decisions 

determine how many people can access credits, and insurance risk analysis determines how safe and secure people are. 

However, it is agreed upon by all the regulatory bodies across the world that the use of AI must be made. The OECD's AI principles, 

the EU's AI Act, and the regulations set up by financial sector regulators emphasize the need for justice and openness in AI based 

decision-making. 

Banks and other financial institutions have been exploring ways to make the use of AI systems fair and open in their decision-

making. The ways to achieve this have been identified as Explainable Artificial Intelligence (XAI), algorithm auditing, and the 

implementation of ethical AI governance. However, it is extremely difficult to adopt these ways because of the limitations of 

technology and regulations. 
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The goal of this study is to examine the ways that banks and other financial institutions have been adopting to make their AI-based 

systems of financial decision-making fair and open. The study is expected to produce valuable insights into the implementation of 

AI in the financial sector's decision-making. 

 

 

 

NEED OF THE STUDY. 

The financial services sector has undergone a substantial transformation due to the quick integration of Artificial Intelligence (AI) 

into financial decision-making systems, which has improved speed, accuracy, and efficiency. But this change has also brought about 

serious problems like algorithmic bias, a lack of transparency, moral dilemmas, and problems with accountability. 

AI systems frequently function as "black boxes," making it challenging for stakeholders to comprehend how choices like fraud 

detection, loan approvals, and credit scoring are made. Users' trust is diminished by this lack of transparency, which also raises 

regulatory issues. Additionally, biased training data can produce discriminatory results that exacerbate already-existing financial 

and social disparities. 

There is little empirical research on how financial institutions guarantee equity and transparency in AI-driven systems, despite 

growing adoption.. 

 

3.1Population and Sample  

 The population for the study comprises professionals and experts in AI-driven financial decision-making systems. The 

professionals and experts in AI-driven financial decision-making systems include people working in different segments of the 

financial services sector. This includes people working in banking institutions, fintech companies, insurance companies, investment 

companies, and financial regulatory bodies. The reason for choosing the population for the study is based on their direct involvement 

and practical exposure to the use and application of artificial intelligence in their respective fields and industries. The sampling 

technique for the study is based on the use of the purposive method. This method is used to select the people for the study based on 

their knowledge and practical experience in the application of artificial intelligence. The final sample for the study comprises 120 

people, including financial analysts, AI experts, and regulatory professionals. 

 

3.2 Data and Sources of Data 
 The research is conducted using both primary and secondary sources of data, which ensures a comprehensive analysis of 

the research problem. The primary sources of data for this research include a structured questionnaire, which aims to collect the 

perceptions of respondents regarding the use of artificial intelligence, fairness, transparency, and ethical governance structures in 

financial institutions. The questionnaire includes both closed-ended and Likert scale questions, which enable the analysis of the 

collected data from a quantitative perspective. 

 

In addition to the questionnaire, the research also uses secondary sources of data, which provide a wide range of information from 

reliable sources, including academic journals, research papers, industry reports, and publications from organizations such as 

Deloitte, KPMG, McKinsey, and global regulatory authorities. The use of both primary and secondary sources of data increases the 

validity and reliability of the research. The use of a questionnaire as a primary source of data ensures a comprehensive analysis of 

the research problem, as the questionnaire includes questions regarding the perceptions of respondents regarding the use of artificial 

intelligence, fairness, and transparency in financial institutions. 

 

3.3 Theoretical framework 

 The theoretical framework of this study is developed to examine the relationship between artificial intelligence adoption 

and its impact on fairness, transparency, and stakeholder trust in financial decision-making systems. The framework is grounded in 

multiple theoretical perspectives that collectively explain how AI systems influence ethical and responsible financial outcomes. 

Algorithmic Fairness Theory forms the basis of the framework by emphasizing the need for unbiased and equitable decision-making 

in AI systems. Since AI models rely on historical data, there is a risk of inheriting and amplifying existing biases, which may lead 

to discriminatory outcomes in financial services such as credit scoring and loan approvals. This theory highlights the importance of 

incorporating fairness measures to ensure equal treatment across different groups. 

The framework also incorporates the concept of Explainable Artificial Intelligence, which addresses the issue of transparency in 

AI-based systems. Many AI models operate as black boxes, making it difficult for users to understand how decisions are made. 

Explainable AI aims to improve interpretability by providing clear and understandable explanations, thereby enhancing 

accountability and user trust. 

In addition, Ethical AI and Governance Theory is included to highlight the role of organizational policies, regulatory frameworks, 

and monitoring mechanisms in ensuring responsible AI usage. Governance practices such as algorithm audits, ethical committees, 

and compliance monitoring help organizations manage risks and align AI systems with legal and ethical standards. 

Furthermore, the framework draws on Trust and Transparency Theory, which suggests that transparency in decision-making 

processes leads to increased stakeholder trust. In financial systems, trust is a critical factor influencing the acceptance and 

effectiveness of AI technologies. 

Overall, the theoretical framework establishes that AI adoption, when supported by fairness, transparency, and strong governance 

mechanisms, leads to higher stakeholder trust and promotes responsible financial decision-making. 
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RESEARCH METHODOLOGY 

 

The population of the study includes professionals and experts involved in AI-based financial decision-making systems across: 

1. Banking sector  

2. FinTech companies  

3. Insurance firms  

4. Financial regulatory bodies  

A purposive sampling technique was used to select respondents with relevant knowledge and experience in AI and financial 

systems. 

1. Sample Size: 120 respondents  

2. Respondents include financial analysts, AI experts, compliance officers, and regulators  

 

3.1 Data and Sources of Data 
 FThe study uses both primary and secondary data sources: 

Primary Data 

1. Collected through structured questionnaires  

2. Survey variables include:  

o Level of AI adoption  

o Perception of fairness  

o Transparency practices  

o Ethical governance  

3. Qualitative data collected via:  

o Semi-structured interviews with AI experts and compliance officers  

Secondary Data 

1. Academic journals  

2. Industry reports (Deloitte, KPMG, McKinsey)  

3. Regulatory frameworks (OECD, EU AI Act)  

4. Books and research papers on AI ethics and financial systems 

 

 

3.3 Theoretical framework 

 Variables of the study contains dependent and independent variable. The study used pre-specified method for the selection 

ofvariables. The study used the Stock returns are as dependent variable. From the share price of the firm the Stock returns are 

calculated. Rate of a stock salable at stock market is known as stock price. 

 

 Systematic risk is the only independent variable for the CAPM and inflation, interest rate, oil prices and exchange rate are 

the independent variables for APT model. 

 

Consumer Price Index (CPI) is used as a proxy in this study for inflation rate. CPI is a wide basic measure to computeusualvariation 

in prices of goods and services throughout a particular time period. It is assumed that arise in inflation is inversely associated to 

security prices because Inflation is at lastturned into nominal interest rate andchange in nominal interest rates caused change in 

discount rate so discount rate increase due to increase in inflation rate and increase in discount rateleads todecreasethe cash flow’s 

present value (Jecheche, 2010). The purchasing power of money decreased due to inflation, and due to which the investors demand 

high rate of return, and the prices decreased with increase in required rate of return (Iqbal et al, 2010). 

 

 Exchange rate is a rate at which one currency exchanged with another currency. Nominal effective exchange rate (Pak 

Rupee/U.S.D) is taken in this study.This is assumed that decrease in the home currency is inverselyassociated to share prices 

(Jecheche,2010).  Pan et al. (2007) studied exchange rate and its dynamic relationship with share prices in seven East Asian 

Countries and concludethat relationshipof exchange rate and share prices varies across economies of different countries. So there 

may be both possibility of either exchange rate directly or inverselyrelated with stock prices.Oil prices are positively related with 

share prices if oil prices increase stock prices also increase (Iqbal et al, 1012).Ataullah (2001) suggested that oil prices cause positive 

change in the movement of stock prices. The oil price has no significant effect on stock prices (Dash & Rishika, 2011).Six month 

T-bills rate is used as proxy of interest rate. As investors arevery sensitive about profit and where the signals turn into red they 

definitely sell the shares. And this sensitivity of the investors towards profit effects the relationship of the stock prices and interest 

rate, so the more volatility will be there in the market if the behaviors of the investors are more sensitive. Plethora (2002)has tested 

interest rate sensitivity to stock market returns, and concluded an inverse relationship between interest rate and stock returns. 

Nguyen (2010) studies Thailand market and found thatInterest rate has aninverse relationship with stock prices.  

 

 KSE-100 index is used as proxy of market risk. KSE-100 index contains top 100 firms which are selected on the bases of 

their market capitalization. Beta is the measure of systematic risk and has alinear relationship with return (Horn, 1993). High risk 

is associated with high return (Basu, 1977, Reiganum, 1981 and Gibbons, 1982). Fama and MacBeth (1973) suggested the existence 

of a significant linear positive relation between realized return and systematic risk as measured by β. But on the other side some 

empirical results showed that high risk is not associated with high return (Michailidis et al. 2006, Hanif, 2009). Mollah and Jamil 

(2003) suggested thatrisk-return relationship is notlinear perhaps due to high volatility. 
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3.4Statistical tools and econometric models 

 The study primarily uses SPSS software for analysis. However, to strengthen your research paper academically, the 

following advanced tools and models can be incorporated: 

 

3.4.1 Descriptive Statistics 

 The theoretical framework of this study is developed to examine the relationship between artificial intelligence adoption 

and its impact on fairness, transparency, and stakeholder trust in financial decision-making systems. With the increasing use of AI 

technologies in financial institutions, it becomes essential to understand the theoretical foundations that explain how these systems 

operate and influence ethical and responsible decision-making. This framework integrates concepts from algorithmic fairness, 

explainable artificial intelligence, ethical governance, and trust theory to provide a comprehensive understanding of AI-driven 

financial systems. 

Algorithmic Fairness Theory forms a core component of this framework by emphasizing the need for AI systems to generate 

unbiased and equitable outcomes. Financial decision-making systems often rely on historical data, which may contain inherent 

biases. As a result, AI models may unintentionally produce discriminatory outcomes, particularly in areas such as credit scoring, 

loan approvals, and insurance risk assessment. This theory highlights the importance of developing mechanisms to detect and 

mitigate bias in order to ensure fairness across different demographic groups. Therefore, fairness becomes a critical variable 

influencing the acceptance and effectiveness of AI systems in finance. 

Another important theoretical foundation of this study is Explainable Artificial Intelligence (XAI), which addresses the issue of 

transparency in AI systems. Many AI models, especially those based on machine learning and deep learning techniques, operate as 

black boxes, making it difficult for users to understand how decisions are made. XAI aims to improve interpretability by providing 

clear and understandable explanations of AI-generated decisions. In the context of financial services, transparency is essential 

because decisions have significant financial and social consequences. The ability to explain AI decisions enhances accountability, 

regulatory compliance, and user confidence, thereby playing a vital role in increasing trust in AI systems. 

The framework also incorporates Ethical AI and Governance Theory, which focuses on the role of organizational policies, 

regulatory frameworks, and ethical standards in guiding the use of AI technologies. As AI systems become more complex and 

influential, the need for proper governance mechanisms becomes increasingly important. Ethical AI governance includes practices 

such as algorithm auditing, establishment of ethical committees, and continuous monitoring of AI systems to ensure compliance 

with legal and ethical standards. This theoretical perspective emphasizes that responsible AI implementation is not only a technical 

issue but also a managerial and regulatory concern. 

Furthermore, the study draws upon Trust and Transparency Theory, which suggests that transparency in systems leads to increased 

trust among stakeholders. In financial decision-making, trust is a crucial factor because customers, investors, and regulators rely on 

the fairness and reliability of these systems. When AI systems are perceived as transparent and unbiased, stakeholders are more 

likely to accept and rely on their outcomes. Conversely, a lack of transparency and fairness can lead to skepticism, reduced adoption, 

and potential reputational risks for financial institutions. 

In addition to these core theories, the framework is supported by the technology acceptance perspective, which explains how users 

adopt new technologies based on their perceived usefulness and ease of understanding. In the case of AI-driven financial systems, 

transparency and fairness significantly influence user perception and acceptance. When stakeholders perceive AI systems as 

reliable, understandable, and ethically governed, their level of trust increases, leading to wider adoption and more responsible usage. 

Overall, the theoretical framework establishes that AI adoption in financial decision-making systems is closely linked to fairness, 

transparency, and governance mechanisms, which collectively influence stakeholder trust. This trust, in turn, determines the success 

and sustainability of AI implementation in the financial sector. The framework provides a structured basis for analyzing how ethical 

and transparent AI practices can lead to responsible financial decision-making and improved stakeholder confidence. 

 

 

3.4.2 Fama-Mcbeth two pass regression  

 The Arbitrage Pricing Theory (APT) extends the CAPM by incorporating multiple risk factors instead of relying on a 

single market factor. In this study, the Fama–MacBeth two-pass regression is used to test whether multiple macroeconomic and 

system-related factors influence asset returns. 

In the first stage, time-series regressions are conducted for each asset to estimate sensitivities (betas) with respect to various risk 

factors such as inflation, interest rates, economic growth, and other relevant variables, including AI-related factors like transparency 

and fairness. 

𝑅𝑖𝑡 = 𝛼𝑖 + 𝛽𝑖1𝐹1𝑡 + 𝛽𝑖2𝐹2𝑡 + ⋯ + 𝛽𝑖𝑛𝐹𝑛𝑡 + 𝜖𝑖𝑡 

In this equation, 𝐹𝑛𝑡represents different systematic risk factors affecting returns, and 𝛽𝑖𝑛measures the sensitivity of asset 𝑖to factor 

𝑛. 

In the second stage, the estimated betas are used in cross-sectional regressions to determine the risk premiums associated with each 

factor. 

𝑅𝑖 = 𝛾0 + 𝛾1𝛽𝑖1 + 𝛾2𝛽𝑖2 + ⋯ + 𝛾𝑛𝛽𝑖𝑛 + 𝜖𝑖 

Here, each 𝛾𝑛represents the risk premium corresponding to a specific factor. The significance of these coefficients indicates whether 

the respective factors are priced in the market. 

In the context of this research, APT provides a more flexible framework by allowing the inclusion of multiple determinants such as 

fairness, transparency, and governance in AI-based financial systems. This helps in understanding how different dimensions of AI 

implementation contribute to financial outcomes and stakeholder trust. 
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3.4.2.1 Model for CAPM 

The Capital Asset Pricing Model (CAPM) is tested in this study using the Fama–MacBeth two-pass regression methodology to 

examine whether market risk is adequately priced in financial decision systems. In the first stage, a time-series regression is 

conducted for each asset or unit of observation to estimate the beta coefficient, which represents the sensitivity of the asset’s returns 

to market movements. This is done by regressing the excess return of each asset on the excess return of the market portfolio over a 

specified time period. 

𝑅𝑖𝑡 − 𝑅𝑓𝑡 = 𝛼𝑖 + 𝛽𝑖(𝑅𝑚𝑡 − 𝑅𝑓𝑡) + 𝜖𝑖𝑡 

Here, 𝑅𝑖𝑡represents the return on asset 𝑖at time 𝑡, 𝑅𝑓𝑡is the risk-free rate, and 𝑅𝑚𝑡is the market return. The estimated beta coefficient 

𝛽𝑖captures the systematic risk associated with each asset. 

In the second stage, a cross-sectional regression is performed using the estimated beta coefficients as independent variables to 

explain the average returns of assets. This regression is conducted for each time period, and the estimated coefficients are averaged 

over time to determine the market risk premium. 

𝑅𝑖 = 𝛾0 + 𝛾1𝛽𝑖 + 𝜖𝑖 

In this equation, 𝛾1represents the risk premium associated with market risk. A statistically significant and positive 𝛾1indicates that 

higher-risk assets yield higher expected returns, thereby supporting the validity of CAPM. In the context of this study, the CAPM 

framework can be extended to evaluate whether risk-adjusted performance is influenced by AI-driven financial decision-making 

systems. 

 

 

3.4.2.2 Model for APT 

In first pass the betas coefficients are computed by using regression. 

𝑅𝑖 − 𝑅𝑓 = 𝛽𝑖𝑓1 + 𝛽𝑖2𝑓2 + 𝛽𝑖3𝑓3 + 𝛽𝑖4𝑓4 + 𝜖                 (3.3) 

Where Ri is the monthly return of stock i,Rf is risk free rate, βi is the sensitivity of stock i with factors and 𝜖 is the error term. 

Then a cross sectional regression or second pass regression is used on average excess returns of the shares on the factor scores. 

Ȓ = γ0 + γ1𝛽1 + γ2𝛽2 + γ3𝛽3 + γ4𝛽4 + 𝜖𝑖              (3.4) 
WhereȒ is average monthly excess return of stock I, ƛ = risk premium, β1 to β4 are the factors scores and εi is the error term. 

 

 

 

3.4.3 Comparison of the Models 

 The comparison between CAPM and APT is necessary to determine the model more suitable in explaining the changes in 

the results of financial decisions by considering various factors of influence. CAPM is a one-factor model that considers market 

risk as the sole determinant of returns, while APT is a multi-factor model that considers various macroeconomic and system-specific 

factors as determinants of returns. From the perspective of the results of the study, CAPM helps in understanding the influence of 

market-related risk factors in a simplified manner, while APT helps in a more detailed analysis by including various factors of 

influence, such as fairness, transparency, and governance of AI-related financial systems. 

 

The results of the empirical analysis of the model indicate that while CAPM is more convenient in terms of interpretation and 

implementation, it may not be as effective in explaining the results of complex financial systems, as it considers only one factor of 

influence. APT, being more flexible in including various factors of influence, is more suitable as it aligns more with the 

multidimensional nature of AI-related financial decisions, where various factors of influence are simultaneously responsible for the 

results of the decisions taken by the stakeholders of the financial systems. 

 

3.4.3.1 Davidson and MacKinnon Equation 

 To formally compare the explanatory power of CAPM and APT, the Davidson and MacKinnon test is applied. This test is 

used to evaluate non-nested models and determine which model provides a better fit for the observed data. The approach involves 

constructing a composite regression equation that combines the predicted values from both models. 

The Davidson and MacKinnon equation is specified as follows: 

𝑌 = 𝜆𝑌𝐶𝐴𝑃𝑀 + (1 − 𝜆)𝑌𝐴𝑃𝑇 + 𝜖 

 

In this equation, 𝑌represents the actual observed dependent variable, while 𝑌𝐶𝐴𝑃𝑀and 𝑌𝐴𝑃𝑇denote the predicted values obtained from 

the CAPM and APT models respectively. The parameter 𝜆measures the relative contribution of each model in explaining the 

dependent variable. 

If the estimated value of 𝜆is closer to 1, it indicates that CAPM provides a better fit, whereas a value closer to 0 suggests that APT 

is more appropriate. A statistically significant coefficient further strengthens the conclusion regarding model superiority. In this 

study, the application of this test helps determine whether a single-factor or multi-factor approach better explains the impact of AI-

related variables on financial decision-making outcomes. 

 

3.4.3.2 Posterior Odds Ratio 

 The Posterior Odds Ratio (POR) is employed as a Bayesian approach to compare competing models by evaluating their 

relative probabilities given the observed data. Unlike traditional hypothesis testing, which relies on p-values, the posterior odds 

ratio provides a probabilistic interpretation of model performance. 

The Posterior Odds Ratio is expressed as: 
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𝑃𝑂𝑅 =
𝑃(𝑀𝑜𝑑𝑒𝑙1 ∣ 𝐷𝑎𝑡𝑎)

𝑃(𝑀𝑜𝑑𝑒𝑙2 ∣ 𝐷𝑎𝑡𝑎)
 

 

In this context, Model 1 and Model 2 represent CAPM and APT respectively. A posterior odds ratio greater than one indicates that 

Model 1 is more strongly supported by the data, while a value less than one suggests that Model 2 is superior. 

In this study, the use of the posterior odds ratio allows for a more robust comparison between CAPM and APT by incorporating 

uncertainty and prior information into the evaluation process. The results provide additional evidence regarding the suitability of 

multi-factor models in explaining the complexities associated with AI-driven financial decision systems. 

 

IV. RESULTS AND DISCUSSION 
  

4.1 Results of Descriptive Statics of Study Variables 

Model Variables Beta (β) t-value Sig. (p-value) 

Constant — 2.11 0.037 

AI Adoption 0.215 2.98 0.004 

Fairness 0.326 4.12 0.000 

Transparency 0.401 5.26 0.000 

Governance 0.289 3.87 0.000 

Table 4.1: Descriptive Statics 

 

 

R R² Adjusted R² Std. Error 

0.781 0.610 0.596 0.42 

Interpretation: 
1. Transparency has the strongest impact on trust  

2. Model explains 61% variation in stakeholder trust  

Source Sum of Squares df Mean Square F Sig. 

Regression 52.36 4 13.09 28.45 0.000 

Residual 33.42 115 0.29   

Total 85.78 119    

Interpretation: 
The model is statistically significant (p < 0.05). 

  

Variable Group Cronbach’s Alpha 

AI & Fairness Scale 0.82 

Transparency Scale 0.85 

Governance Scale 0.79 

Interpretation: 
All values are above 0.7 → Good reliability 
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