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Abstract

The adoption of artificial intelligence (Al) in business decision-making has revolutionized operations but
introduced critical ethical challenges, particularly in bias and accountability. This study investigates the sources
of bias in Al-driven systems and evaluates current accountability frameworks in business contexts. A mixed-
methods approach is employed, combining a comprehensive literature review with in-depth interviews with
business leaders across technology, finance, and healthcare sectors. The findings reveal that algorithmic and data
biases are prevalent, arising from imbalanced training datasets and opaque algorithmic processes. Existing
accountability mechanisms are often insufficient, with responsibility dispersed among developers, managers, and
regulators. Practical strategies, such as third-party audits and algorithmic transparency initiatives, are emerging
but require further refinement. This study emphasizes the need for robust ethical frameworks, including guidelines
like Fairness Accountability Transparency Ethics (FATE), to mitigate bias and ensure responsible Al usage. Key
recommendations include the adoption of transparent Al models, enhanced regulatory oversight, and targeted
training for stakeholders on Al ethics. These insights contribute to the ongoing discourse on ethical Al deployment
and provide actionable pathways for businesses aiming to navigate the ethical complexities of AL

Keywords: Ethical Al, Bias in Artificial Intelligence, Accountability in AI System, Business Decision-Making, Al
Governance Frameworks.

I. INTRODUCTION

Advances in artificial intelligence (AI) have brought significant transformations to various sectors,
including the business world. This technology enables organizations to make decisions more quickly,
accurately, and based on data (Pragati Agarwal et al., 2022). In a business context, Al is used to analyze
market trends, predict customer needs, improve operational efficiency, and create more personalized
user experiences (Khatri, 2023). However, despite the significant benefits offered, the application of Al
also raises complex ethical challenges. One major challenge is the potential for bias in algorithms that
can lead to unfairness or discrimination, as well as debates about accountability for decisions made by

Al systems (Akinrinola et al., 2024).

Bias in Al-based decision-making often arises from imbalanced data or less inclusive algorithm design
(Nazer et al., 2023). For example, in employee selection processes , historical data used to train Al

models may contain discriminatory patterns that indirectly reinforce certain stereotypes (Chen, 2023).

Furthermore, Al systems used in customer service often fail to recognize diverse user accents or
cultures, thus reducing service quality (Goumas et al., 2024). This type of bias not only impacts fairness

and diversity but can also damage the reputation of the companies using the technology (Varsha, 2023).
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Therefore, it is important to understand the mechanisms by which bias arises in Al systems and develop

effective mitigation strategies (Banerjee et al., 2023).

Another aspect of concern is accountability in the use of Al. Decisions made by Al systems often have
significant impacts on individuals and society, so clear mechanisms are needed to ensure accountability
for these decisions (Novelli et al., 2022). However, determining who is responsible, whether the
developer, the user, or the system itself, remains a complex debate. In the business world, this lack of
accountability can have serious consequences, including legal issues, loss of customer trust, and
financial losses (Femi Osasona et al., 2024). Therefore, transparency and auditability in the
development and implementation of Al are important aspects that need to be considered (Kiseleva et al.,

2022).

Several previous studies have addressed ethical challenges in the development and implementation of
Al, including bias and accountability. For example, research by Huang et al. (2023) highlights the
importance of ethical principles in Al design to ensure that this technology is used fairly and
responsibly. Another study by Nadeem et al. (2022) shows that gender bias in Al-based decision-
making systems often results from unrepresentative data. Furthermore, Guan et al. (2022) identifies
ethical risk factors in Al-based decision-making and proposes mechanisms to mitigate these risks.
However, significant research gaps remain, particularly regarding the integration of ethical principles

into the full Al development lifecycle (McLennan et al., 2022).

This gap is increasingly important to address given the increasing adoption of Al in the business world.
As innovation in Al technology accelerates, companies need to ensure that its use is not solely focused
on financial gain but also adheres to applicable ethical standards (Oluwafunmilola Oriji et al., 2023).
Furthermore, a lack of awareness of the social and ethical impacts of Al use can hinder its widespread
adoption (Stahl et al., 2022). Therefore, this study aims to contribute to addressing the ethical challenges

faced by Al systems, focusing on bias and accountability in Al-based decision-making.

This research also highlights the importance of collaboration between stakeholders, including
developers, governments, and the public, in formulating ethical policies and standards for Al use. For
example, auditing Explainable Al (XAI) algorithms and technologies has been proposed as a way to
increase transparency and accountability in Al systems (Ridley, 2022). However, the effectiveness of
this approach still requires further testing, especially in the context of business applications. Thus, this
research not only provides a theoretical analysis but also offers practical recommendations for

addressing ethical challenges in Al use.

The primary contribution of this research is the development of a framework for identifying and
mitigating bias in Al systems, as well as increasing accountability in Al-based decision-making. This

framework includes measures to ensure data diversity, increase algorithm transparency, and engage
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diverse stakeholders in the Al development process. With this approach, this research is expected to

provide new insights relevant to supporting more inclusive, equitable, and responsible Al development.

In conclusion, this research focuses on two key challenges in Al-based decision-making: bias and
accountability. By understanding the mechanisms by which bias forms and identifying effective
mitigation strategies, this research aims to make a significant contribution to improving fairness and
transparency in the use of Al in the business world. Furthermore, by exploring the accountability aspect,
this research also aims to provide practical recommendations that companies can implement to ensure
that the use of Al is not only economically profitable but also ethically responsible. This research is
expected to provide relevant and innovative contributions to the field of technology ethics, while

supporting a more sustainable and inclusive adoption of Al

II. LITERATURE REVIEW
A. Bias in Al-Based Decision Making

Bias is defined as an imbalance or deviation in the decision-making process that leads to unfair or

discriminatory outcomes (Kordzadeh & Ghasemaghaei, 2022). Bias in Al systems typically stems from:
Non-representative Data

The data used to train models often does not reflect population diversity, for example gender or racial

disparities (Nadeem et al., 2022).
Algorithm Design

This bias arises when developers make assumptions that do not take into account user diversity or make

technical decisions that ignore fairness (Gupta, 2023).
User Bias

Bias can occur when individuals using Al results interpret or apply them subjectively, such as

prioritizing business profits without considering social impacts (Ghai & Mueller, 2023).

An Al-based recruitment system used by a large company reportedly showed a preference for male
applicants. This occurred because the training data used reflected historical gender-discriminatory
recruitment policies (Chen, 2023). Similar cases have been found in e-commerce algorithms, where
product recommendations prioritize certain customer groups based on their shopping habits, thereby

neglecting customers with more diverse preferences (Goumas et al., 2024).

Bias in Al decision-making can exacerbate social injustice, undermine public trust, and reduce diversity.

In the business world, this bias can impact a company's reputation and lead to customer abandonment
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(Varsha, 2023). Therefore, bias mitigation is a crucial element in the responsible development of Al

technology.
Previous research has proposed various ways to reduce bias, such as:
Data Validation

Ensuring that the training data includes diversity appropriate to the target population (Nadeem et al.,

2022).
Algorithmic Bias Mitigation

Using reweighting or correction techniques to reduce bias during the model training process (Rana et

al., 2023).
Human-in-the-Loop (HITL)

Involving humans in the decision-making process to monitor and reduce potential bias (Ghai & Mueller,

2023).
B.  Accountability in the Use of Al

Accountability is a fundamental aspect that ensures every Al-based decision is accountable. This
includes the ability to explain how the system reached a particular decision and who is responsible for
its impact (Bleher & Braun, 2022). In the business world, accountability is becoming increasingly
important because Al-based decisions often directly impact individuals, for example, in employee

selection or loan approval (Femi Osasona et al., 2024).

Al systems are often “black box” systems, making it difficult to understand the logic behind their
decisions (Zhang et al., 2022). Furthermore, the lack of global standards for Al accountability leads to

differing interpretations across industries and jurisdictions (Karimian et al., 2022).
Various approaches have been developed to improve accountability, including:
Explainable AI (XAI)

This technology allows users to understand the logic behind AI decisions, thereby increasing

transparency (Ridley, 2022).
Algorithm Audit

The process of evaluating a system to ensure that the algorithm meets ethical standards and does not

produce detrimental decisions (Stahl et al., 2022).

Multi-Stakeholder Framework
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Engaging developers, governments, and communities to formulate standards that ensure accountability

in Al implementation (Cancela-Outeda, 2024).
C. Ethical Principles in the Development and Use of Al

Transparency in Al involves openness throughout the development process, from data collection to
algorithm creation. Transparent systems allow for early evaluation and detection of potential problems

(Huang et al., 2023).

Algorithms should be designed to produce fair and inclusive decisions. This can be achieved by
incorporating diversity into training data and avoiding discriminatory assumptions (Diaz-Rodriguez et

al., 2023).

Data privacy and security are crucial aspects of Al ethics. Systems must be designed to minimize the

risk of data breaches and protect users' personal information (Aldboush & Ferdous, 2023).

Collaboration between developers, regulators, and the public is crucial to ensure Al implementation
complies with global ethical standards. This collaboration can create regulations that are more inclusive

and responsive to technological developments (Auld et al., 2022).
D. Research Gaps and Justification

Although numerous studies have addressed bias and accountability in Al several gaps remain
unaddressed. One is the lack of an integrated framework to simultaneously address bias and enhance
accountability. Furthermore, little research addresses the application of these ethical principles in

specific contexts such as the business world (Huang et al., 2023).

This research contributes by offering a new approach to addressing these challenges, through the
development of a framework that encompasses bias mitigation, transparency, and accountability in Al-
based decision-making. It also provides practical recommendations for the application of Al ethics in
business contexts, which are expected to enhance inclusivity, fairness, and social responsibility in the

use of this technology.

III. RESEARCH METHOD
A. Research Design

This research uses an exploratory design to explore the challenges of algorithmic bias and accountability
in Al systems applied in the business world. The primary focus is on identifying bias mechanisms in
decision-making algorithms and evaluating existing accountability systems, particularly in the financial
and retail sectors. Quantitative and qualitative approaches are used simultaneously to provide a deeper

analysis.
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B. Population and Sample

The study population consisted of companies that had been using Al in decision-making for at least
three years. The study selected the sample purposively, considering the financial and retail sectors,
which tend to have a high risk of bias in their algorithms. A total of 15 companies participated: five
from the financial sector using Al for credit risk analysis and ten from the retail sector using Al for

personalized product recommendations.
C. Data Collection Techniques and Instruments

Data collection was conducted using several primary methods. First, training data analysis was
conducted to detect potential bias in the algorithm using software such as Python. Second, semi-
structured interviews were conducted with developers and users of the Al system to evaluate its
transparency and accountability mechanisms. Third, algorithm simulations were conducted by testing
the system's response to specific scenarios representing a diverse user population. Additionally, a
Likert-scale survey was used to measure user perceptions of the accuracy, fairness, and accountability of

Al-based decisions.
D. Data Analysis Techniques

Data were analyzed using several approaches. Algorithmic bias was explored using the Mean Absolute
Bias Error (MABE) method to measure the level of bias in decision-making outcomes. Statistical
analysis was conducted to test the validity and reliability of the survey using Cronbach's Alpha, which
yielded a value >0.8, indicating high instrument consistency. Interview results were analyzed using a

thematic method to identify patterns and gaps in system accountability.
E. Research Model

This research model focuses on two main variables: algorithmic bias and system accountability.
Algorithmic bias is measured using the MABE score to assess the bias of decision outcomes. System
accountability is evaluated through user perception surveys and interviews, with a focus on transparency
and explainability of decision outcomes. The relationship between these two variables is analyzed using

simple linear regression to determine the extent to which bias influences perceptions of accountability.
F. Validity and Reliability

The survey instrument was tested for validity and reliability. Validity testing using the Kaiser-Meyer-
Olkin (KMO) test yielded a value >0.7, indicating the instrument was valid for use in this study.
Reliability testing using Cronbach's Alpha yielded a value >0.8, indicating high consistency. This

process ensured that the instrument was able to accurately and consistently measure user perceptions.

G. Research Procedures
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This research was conducted in three main stages. In the first stage, algorithm training data was
collected from sample companies, along with initial interviews to understand the implemented
accountability mechanisms. The second stage was data analysis, which included algorithm simulations
to detect bias, statistical analysis of the survey, and evaluation of the interviews. The final stage was
interpretation of the results, where quantitative and qualitative data were combined to provide in-depth

insights into the relationship between bias and accountability.

IV. RESULTS AND DISCUSSION
Result

This research was conducted over three months (January—March 2024) in companies in the financial and
retail sectors that use Al systems for business decision-making. Data was collected through algorithm
analysis, system simulations, semi-structured interviews with developers and users, and user satisfaction
surveys. The study involved five companies in the financial sector and ten companies in the retail sector.
Surveys were distributed to 300 respondents online to gauge user perceptions of Al system
accountability, while algorithm simulations were conducted to detect bias based on test data
representing various user scenarios. The research yielded three main findings: the level of algorithmic

bias, the evaluation of Al system accountability, and the relationship between bias and accountability.
A. Level of Algorithmic Bias

Simulations show that the retail sector has a higher level of algorithmic bias than the financial sector,
with an average Mean Absolute Bias Error (MABE) of 0.34 for the retail sector and 0.12 for the

financial sector. Table 1 below summarizes the results of the algorithmic bias measurements.

Table 1. Level of Algorithmic Bias by Sector

Sector | MABE (Mean Absolute Bias Error) | Interpretation Bias
Finance 0.12 Low
Retail 0.34 Currently

Figure 1 below shows the distribution of bias based on the customer data used to train the algorithm in
the retail sector. The high level of bias in the retail sector is due to the training data being less

representative of customer diversity.
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Figure 1. Distribution of Bias Based on Customer Data in the Retail Sector
B.  System Accountability Evaluation

The results of the satisfaction survey indicate that user perceptions of Al system accountability are
relatively low. Most respondents gave low scores for decision explanation (average 2.8) and auditability

(average 2.5). Table 2 below shows the average user satisfaction scores for each accountability aspect.
Accountability Aspect

Table 2. Average User Satisfaction Score on System Accountability

Accountability Aspect | Score (1-5) | Interpretation
Transparency 3.2 Enough
Explanation of Decision 2.8 Not enough
Auditibility 2.5 Not enough

Figure 2 below shows the user perception visually, showing that the transparency aspect has the highest

score compared to decision explanation and auditability.
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User Perceptions of Al System Accountability
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B Score (1-5)

Transparency Explanation Audibility

of Results

Figure 2. User Perceptions of Al System Accountability
The Relationship between Bias and Accountability

Simple regression analysis showed a significant negative relationship between algorithmic bias and
perceived accountability (-value = 0.001). This means that the higher the level of algorithmic bias, the

lower the perception of accountability of Al systems by users .
Discussion

This study found that algorithmic bias was higher in the retail sector (MABE = 0.34) than in the
financial sector (MABE = 0.12). This bias is due to the lack of diversity in the training data in the retail
sector, as also documented by (Nadeem et al., 2022). Furthermore, the survey showed that
accountability aspects such as transparency, decision explanation, and auditability were rated low by

users, with an average score below 3.

The results of this study are consistent with findings (Nadeem et al., 2022) regarding the influence of
unrepresentative training data on algorithmic bias. Furthermore, these findings also support those of
(Bleher & Braun, 2022), who identified transparency and auditability as two key challenges in
improving the accountability of Al systems. However, this study makes a novel contribution by
measuring the direct relationship between algorithmic bias and perceived accountability, a topic not

widely discussed in the previous literature.

The main limitation of this study is the sample size, which only covered the financial and retail sectors.
These findings may not be generalizable to other sectors such as healthcare or education. Furthermore,
the bias analysis focused primarily on numerical data, leaving potential bias in non-numerical data such

as text or images unexplored.
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This research makes a novel contribution by exploring the relationship between algorithmic bias and
perceived accountability of Al systems. Furthermore, it offers a practical framework for detecting bias
and evaluating accountability, which companies can use to improve the transparency and fairness of

their Al systems.

V. CONCLUSION AND RECOMMENDATION

Conclusion

This study shows that algorithmic bias significantly impacts the perceived accountability of Al systems.
Bias levels are higher in the retail sector due to underrepresentation of training data, while system
accountability is rated lower in transparency, decision explainability, and auditability. The negative
relationship between bias and accountability confirms that bias affects not only decision outcomes but
also user trust in Al systems. This study makes a novel contribution by exploring this relationship in a

business context.
Recommendation

Companies need to increase the diversity of training data, implement explainable Al (XAI) technology,
and conduct regular algorithm audits to enhance system transparency and fairness. Developing
accountability standards based on collaboration between stakeholders is also crucial to ensure Al
systems operate ethically. Further research is recommended, encompassing other sectors and different

types of data, to broaden insights into bias and accountability in Al
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