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Abstract

Managers have historically relied on data for decision-making. The purpose of this study is to explore the
potential enhancement of managerial decision-making capabilities through the usage of Large Language
Models (LLMs). The study aims to investigate how LLM-based tools could provide cues to managers,
influencing their decision-making process and contributing to better organizational decision-making. The
research employed a theoretical approach to examine the role of LLMs in managerial decision-making. It
assessed how LLM tools offered decision choices to managers and explored the convergence divergence
between LLM suggestions and human intelligence. The study emphasized the phenomenon of artificial
intelligence avoidance and underscored the need for artificial intelligence auditing at both the planning and
operational phases to ensure effective decision-making. The findings highlighted that LLM-based tools could
significantly impact managerial decision-making. When LLM suggestions aligned with managers' human
intelligence, decision certainty could be enhanced. However, if there was a divergence, managers might
experience uncertainty due to artificial intelligence avoidance. The study emphasized the importance of
auditing LLM tools, particularly in the context of business organizations, to address biases and ensure
reliable decision support for managers. This study contributes to the literature by providing insights into
artificial intelligence auditing in the context of business organizations. It underscores the originality of
exploring the convergence and divergence between LLM suggestions and human intelligence, shedding light
on the nuanced dynamics of managerial decision-making in the presence of artificial intelligence tools.

Keywords: Artificial intelligence, Auditing, Business, Bias, Decision making, Regulation,
entrepreneurship, LLM

1. Introduction

In the dynamic landscape of artificial intelligence (AI), the advent of large language models (LLMs)
has ushered in a new era of natural language processing, sentiment analysis, and content generation
(Hadi et al., 2023). However, this technological progress has not been without its challenges, as
concerns were raised by both practitioners and managers regarding biases embedded in the outputs of
these powerful models. This study aims to delve into the intricate realm of LLM biases, acknowledging
the ethical dilemmas and societal implications associated with biased Al tools (Hadi ef al, 2023). At the
forefront of this investigation is the proposal of a comprehensive auditing framework designed to
systematically identify and mitigate biases within LLMs (Mclntosh et al., 2024). The urgency of this
research stems from the realization that biased outputs can significantly influence decision-making
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processes, shape public discourse, and perpetuate existing inequalities (Tokayev, 2023). By combining
quantitative and qualitative analyses, the auditing framework not only scrutinizes biases in model
outputs but also investigates their origins within the training data, offering a nuanced understanding of
the biases at play (Prabhu and Birhane, 2020). In undertaking this research, the objective was to
contribute valuable insights to the discourse on ethical Al development, striving to foster responsible
Al integration while upholding transparency and accountability in the development process (Schiff et
al., 2020).

This study sets the stage for a detailed exploration of LLM biases, the innovative auditing methodology
employed, and the subsequent findings, with the overarching goal of guiding the responsible
deployment of Al systems in diverse applications (Mokander et al., 2023). In recent years, the pervasive
impact of Al technologies on our daily lives has underscored the critical importance of addressing biases
within these systems. The biases often originate from the training datasets, reflecting and perpetuating
societal prejudices (Leavy et al., 2020). This study recognizes the multifaceted nature of biases within
LLMs, acknowledging their potential to exacerbate existing disparities and hinder the pursuit of fairness
and inclusivity in Al applications (Schwartz et al., 2022). Consequently, the proposed auditing
framework not only aims to identify and rectify biases but also provides an avenue for fostering greater
awareness and understanding of the ethical dimensions of Al development.

The research acknowledges the limitations of traditional auditing methods in addressing the nuances of
language models, emphasizing the need for a tailored approach (Hadi et al., 2023). By advocating for
the integration of this framework, the study seeks to catalyse a paradigm shift towards more responsible
Al practices, where developers, policymakers, and society at large engage in an ongoing dialogue about
the ethical implications of these powerful technologies (Bankins and Formosa, 2023). The ensuing
analysis and findings are poised to contribute not only to academia but also to industry practices,
ensuring a more equitable and ethically sound future for Al integration (Dwivedi et al., 2021).
Ultimately, this research strives to bridge the gap between technological advancements and ethical
considerations, ushering in an era where Al systems align with societal values and uphold principles of
fairness and inclusivity (Walsh et al., 2019).

This article is organized as follows. First, it examines the background for the need of bias mitigation in
the managerial decisions while using Al tools and systems for decision making. Next, it explores bias
detection and mitigation strategies, including domain-specific auditing techniques and methods to
ensure fairness in recommendations and pricing. The subsequent sections focus on the ethical aspects
of LLM auditing such as transparency, explainability, and user-centric mechanisms, highlighting the
importance of interpretable algorithms and user feedback systems in building trust. This is followed by
a discussion on proposed reforms on ethical governance and privacy protection, addressing regulatory
compliance, ethical guidelines, and the safeguarding of user data. Further, the article investigates the
future implications of LLM audits in the form of human-in-the-loop systems, periodic audits, and
collaborative approaches. for business and entrepreneurship. Finally in the conclusions section, it
discusses capacity building and external validation, including training initiatives, third-party audits, and
open collaboration to strengthen accountability and promote best practices. Through this structured
approach, the research work aims to provide a comprehensive foundation for developing fair,
transparent, and ethically responsible LLM-driven decision-making systems.

2. Background

Large language models (LLMs) represented a ground-breaking technological leap (Zhou et al., 2023).
Applications of LLMs presented immense potential for creating superior competitive positions for
business firms operating in the digital age. Further, one could argue that LLMs were advanced artificial
intelligence (Al) tools (Kar ef al, 2023). LLMs possessed a substantive capacity to comprehend and
generate text that closely mimicked human language (Ruan et al, 2023). Business managers and
entrepreneurs could thus apply LLMs across a wide spectrum of business operations. LLMs if deployed
by managers properly would benefit the firm. Thus, it was essential to recognize the applicability and
utility of LLMs (Meyer et al., 2023).

One could argue that from the perspective of resource-based view (Voelpel et al., 2004), LLMs could
be classified as strategic assets capable of reshaping the way businesses operated and competed in the
marketplace. Usage of LLMs could augment business and entrepreneurial decision-making capabilities.
LLMs could help managers both sense and seize new market opportunities. Deployment of LLMs in
organizations could also drive operational efficiencies at firm customer interface (Kar ez al., 2023). This
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was especially by transforming customer interactions and crafting highly personalized marketing
campaigns. This could be possible by both automating complex customer-based data analysis and
content creation for customers. In a world where data was abundant and effective communication was
of paramount importance, application of LLMs could create unique advantage (Kasneci ef al., 2023).
This could be achieved by creating compelling narratives and making data-informed decisions.

The primary target for incorporating the LLMs was in the business-to-customer (B2C) context (De
Caigny et al., 2021). This was because LLMs application involved direct communication with a large
number of customers. Large number of customers brought in a large number of iterative interactions
for a typical B2C firm (De Caigny et al., 2021). The firm customer interaction volume was substantive,
owing to the varied context of scenarios and the frequency of interactions. Thus, LLMs were apt tools
for such high-volume firm customer interaction. LLMs could be deployed at the customer interface like
based upon an app or a website to facilitate effective communication between customers and a firm.

One must note that firms interact with customers at three stages namely pre-purchase, purchase and
post purchase (Park ef al., 2015). At the pre-purchase stage, customers explored the product and service
offerings of a firm from digital channels like mobile apps or websites. At the purchase stage customers
interact with a firm to make the payment transaction. At the post-purchase stage, customers received
after sales services regarding the products and services the firm had offered to customers. This again
could be provided through digital channels. LLMs could be deployed by firms to cater to all the three
stages of firm customer interaction. The most common use cases for the firms have been tabulated in
table-1.

Table-1- Use cases of deployment of LLMs during firm-customer interaction
Pre-purchase Purchase Post-purchase
Market Research: 1L.1LMs can | Personalized Customer  Support: LLM-
analyse vast amounts of online | Recommendations: LLMs can | powered chatbots and virtual
content, customer reviews, and | analyse user behaviour and | assistants can provide post-
social media data to provide | preferences to provide | purchase  support, helping
valuable insights about market | personalized product | customers with order tracking,
trends, customer sentiment, and | recommendations. This can | returns, and warranty
competitors. This information | increase the likelihood of | information.
can inform product | successful conversions.
development and marketing Feedback Analysis: LLMs can
strategies. Chatbots and Virtual | analyse customer feedback and
Assistants: LLM-driven | reviews to identify areas for
Content Generation: LLMs | chatbots can facilitate the | product improvement and
can assist in creating engaging | purchase process by answering | customer satisfaction
and informative pre-purchase | questions about product | enhancement.
content such as blog posts, | specifications, pricing, and
product  descriptions, and | availability. They can even | Content Marketing: LL.Ms can
marketing materials. They can | assist with completing | generate follow-up content like
help ensure consistent | transactions. thank-you  emails, product
messaging and SEO | Content Customization: LLMs | usage guides, and post-
optimization. can dynamically adjust website | purchase offers, maintaining
content and product listings | engagement with customers
based on user profiles, | after their initial purchase.
Chatbots: LLM-powered | enhancing the user experience
chatbots can provide instant | and potentially increasing sales. | Cross-selling and Upselling:
responses to customer inquiries, LLMs can analyse customer
assisting potential buyers in the data to suggest complementary
early stages of their research. products or upgrades,
They can answer common increasing revenue from
questions, offer product existing customers.
recommendations, and guide
users to relevant resources.
Source: Authors’ own conceptualization

One could argue based upon the observation in table-1 that LLMs could play a versatile role during the
pre-purchase, purchase, and post-purchase phases of a customer’s interaction with a firm. LLMs could
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contribute to improved customer engagement, personalized experiences, more efficient operations, and
data-driven decision-making. Leveraging LLMs effectively in these areas could lead to enhanced
customer satisfaction, increased sales, and overall business growth.

3. LLM auditing: Ethical or Unethical

Managers had always relied on data for decision making. Given the abundance and ubiquitous presence of data in
the era of big data, appropriate data analysis has become a very potent and strategic organizational capability
(Sivarajah et al., 2017). The coming up of various artificial intelligence (Al) tools further helped managers in
getting assistance in their decision-making process. Usage of large language model (LLM) tools could provide
managers substantive scope to augment their individual decision-making capabilities which would in turn
facilitate better organizational decision making (Mokander et al., 2023). LLM based tools could provide cues and
stimuli to managers to undertake a particular decision from a possible decision choice set (Guler ef al., 2025). If
the choice offered by LLM to managers converges with the managers own human intelligence then the managers
become more certain of taking a decision (Mokander ef al., 2023). However, if the choice offered by LLM to
managers diverged from the managers own human intelligence then the managers might become uncertain of
taking a decision (Guler et al., 2023). This would be because of the phenomenon of Al avoidance. It has often
been pointed out that LLMs provided biased perspectives. For managers to undertake effective decision making
the deployed LLM tool must be audited both at the planning as well as at the operations phase (Mokander et al.,
2023). Thus, Al auditing particularly for managers getting inputs for organizational decision making need to be
carried out.

Table 2: Decision choice sets
Choice Choice Choice Choice
option-1 | option- 2 option- 3 option- 4
Decision choice offered by LLM to a manager No No Yes Yes
Managers own individual intelligence-based choice | No Yes No Yes
Resultant decision Not Uncertainty | Uncertainty | Definitely
selecting | regarding regarding selecting
the choice choice the option
option selection selection
Source: Authors’ own conceptualization

Table 2 conceptualized the interaction between LLM-generated recommendations and a manager’s individual
judgment as a set of four decision scenarios, highlighting how alignment or misalignment between the two
influenced decision outcomes. When both the LLM and the manager rejected an option (Choice 1), the outcome
was clear and led to non-selection, indicating strong consensus and low cognitive conflict. In contrast, when there
was disagreement, either the manager supported the option while the LLM did not (Choice 2), or the LLM
recommended the option while the manager did not (Choice 3), the result was uncertainty, reflecting cognitive
dissonance and the need for further evaluation, validation, or additional information. These scenarios emphasized
the tension between human intuition and machine-generated insights. Finally, when both the LLM and the
manager aligned in favor of the option (Choice 4), the decision became definitive, suggesting that convergence
between artificial and human intelligence enhanced confidence and reduced ambiguity.

Table 3: Factors to be considered for LLM auditing
S. No Factors Remarks
1 Diverse and | In e-commerce, use diverse and representative datasets during training to
Representative minimize biases related to product recommendations, user reviews, and
Data purchasing behaviours. Ensure that data sources encompass a wide range of
product categories, customer demographics, and geographical regions.
2 Bias Audits Conduct thorough bias audits specific to the e-commerce domain. Analyse
training data and model outputs to identify biases in product recommendations,
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pricing, and customer reviews. Utilize specialized tools and methodologies
designed for bias detection in e-commerce.

3 Bias  Mitigation | Implement bias mitigation techniques tailored to e-commerce applications. For

Techniques instance, focus on de-biasing product recommendations to avoid promoting
certain products or excluding others based on biased data.

4 Transparency and | Make the decision-making processes of recommendation algorithms

explanation ability | transparent and explainable to users. Explain why certain products are
recommended and provide information about data sources.

5 User  Feedback | Develop feedback mechanisms that allow e-commerce platform users to report

Mechanisms biased or inappropriate product recommendations, reviews, or pricing.
Actively address and correct issues based on user input.

6 Ethical Guidelines | Establish clear ethical guidelines for e-commerce operations. Ensure that
recommendations, pricing strategies, and marketing practices adhere to ethical
principles. Develop governance structures to ensure compliance with these
guidelines.

7 Human-in-the- Incorporate human reviewers to evaluate and refine product recommendations,

Loop Review pricing, and reviews. Particularly in e-commerce, human oversight is critical
for assessing and mitigating biases in real-time.

8 Regular  Model | Regularly audit and evaluate the performance of recommendation algorithms

Audits and pricing models for biases and ethical concerns. Continuously fine-tune
these models to enhance fairness and accuracy.

9 Data  Labelling | Provide clear guidelines for data labelling, especially when human annotators

Guidelines are involved in labelling product data. Educate annotators about potential
biases and ethical considerations specific to e-commerce contexts.

10 Privacy Protection | Implement robust data privacy protections to safeguard users' personal
information and shopping history. Ensure compliance with e-commerce data
protection regulations and privacy policies.

11 Context Train e-commerce recommendation algorithms to consider the context of a

Sensitivity user's browsing and purchasing history. Adapt recommendations based on user
preferences and real-time behaviour.

12 Bias Impact | Conduct impact assessments to understand how biased product

Assessments recommendations and pricing may affect different customer segments and
communities within the e-commerce ecosystem.

13 Stakeholder Engage with diverse stakeholders, including customers and sellers, to gather

Engagement input and feedback on the impact and performance of product
recommendations and pricing strategies. Address concerns and adapt to
feedback.

14 Continuous Provide ongoing education and training to developers, e-commerce platform

Education and | users, and reviewers to promote awareness of biases and ethical considerations
Training specific to the e-commerce industry.
15 Third-Party Consider third-party audits and assessments of your e-commerce
Audits recommendation algorithms and pricing models to provide an independent
evaluation of bias and ethics in the e-commerce context.

16 Open Collaborate with the e-commerce and AI communities to share research and

Collaboration best practices for mitigating bias and promoting ethical use of recommendation
algorithms and pricing strategies.

Source: Authors’ own conceptualization

The factors presented in Table 3 were collectively examined to understand how effective auditing of LLMs in the
e-commerce domain could be operationalized. The findings indicated that ensuring diverse and representative data
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was foundational, as it helped reduce biases in product recommendations, customer reviews, and purchasing
behaviour. It was observed that datasets encompassing varied product categories, demographics, and geographic
regions contributed to more balanced model outputs. The study further showed that bias audits played a critical
role in identifying systemic issues within both training data and generated outputs. These audits enabled the
detection of unfair patterns in pricing, recommendations, and reviews. In conjunction with this, the
implementation of bias mitigation techniques was found to be essential in correcting such imbalances, particularly
in preventing the over-promotion or exclusion of certain products.

Moreover, transparency and explainability were emphasized as key factors in building user trust. It was noted that
when users were provided with clear explanations for recommendations and insights into data sources, their
confidence in the system improved. Similarly, user feedback mechanisms were found to be valuable in capturing
real-time issues, allowing platforms to address biased or inappropriate outputs effectively. The role of ethical
guidelines was identified as a guiding framework that ensured recommendation systems and pricing strategies
adhered to acceptable standards. Supporting this, human-in-the-loop review processes (Mosqueira-Rey et al.,
2023) were found to enhance oversight, enabling continuous monitoring and correction of model behaviour,
especially in complex or sensitive scenarios. In addition, regular model audits were highlighted as necessary for
maintaining long-term fairness and performance. These audits facilitated ongoing evaluation and fine-tuning of
models. The importance of data labelling guidelines (Fredriksson et al., 2020) was also evident, as clear
instructions and awareness among annotators helped minimize the introduction of bias during dataset preparation.

Privacy protection (Yu et al., 2024) emerged as a critical consideration, ensuring that users’ personal and
transactional data were safeguarded in compliance with relevant regulations. Alongside this, context sensitivity
was found to improve recommendation relevance by adapting outputs based on user behaviour and preferences.
The study also revealed that conducting bias impact assessments provided deeper insights into how different
customer segments were affected, enabling more equitable system design. Stakeholder engagement further
strengthened this process by incorporating feedback from customers, sellers, and other participants in the e-
commerce ecosystem. Finally, continuous education and training were recognized as vital for maintaining
awareness of ethical and bias-related challenges among developers and users (Hanna ef al., 2025). The inclusion
of third-party audits added an additional layer of accountability by offering independent evaluations (Raji ef al.,
2023). Furthermore, open collaboration with the broader Al and e-commerce communities was found to support
the sharing of best practices and foster innovation in ethical Al deployment (Zhang et al., 2026).

4. Proposed Reforms

To manage the biases in the business decisions we propose Coleman bathtub model (Coleman, 1986, 1987, 1990)
to conduct LLM audits. The Coleman bathtub model (CBM) is a sociological framework developed by James
Coleman to explain how individual actions within a social system contribute to broader social outcomes, focusing
on the interplay between social structures and individual behaviors (Coleman, 1992). It is especially valuable in
understanding how macro-level conditions shape micro-level actions, which in turn lead to outcomes that impact
or reinforce the original social structure (Sultan et al., 2024). Figure-1 provides an in-depth look at each
component of the CBM, along with a breakdown of its core principles and applications in LLM audits.

. 1
Service ecosystem, Value co-creation
institutional logic 2 “macro” -
= .3
. N §
Bayseian Approach 2 Y ¥ / @ Monte Carlo Simulation
) N
Actors and resources, = “meso” §‘° Resource integration patterns,
LLM platforms 3 § 4\ Wdentification through LLM audits
= g
2 X
= 3
3\% s[5
N “micro”

Actors disposition Engagement properties

Action-formation mechanisms

4

KL Divergence

ACTOR ENGAGEMENT

Figure 1: The Coltman Bathtub Model: LLM value co-creation through mathematical treaties for
auditing (Source: Adapted from Storbacka et al., 2016)
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The model is called a “bathtub” because it resembles a flow that begins at a higher level (the macro level), goes
down to an individual level (the micro level), and then returns to another collective level (macro-outcome)
(Storbacka et al., 2016). Each part of this flow represents a critical link between organizational structures,
individual managers' decisions, and resulting business outcomes. The model has four key components: 1) Macro-
to-Micro Link (Top of the Bathtub)-organizational structures influence individual managers; 2) Micro-Level
Decision-Making (Inside the Bathtub)- Individual Managers act based on LLM influences; 3) Micro-to-Macro
Link (Bottom of the Bathtub)- Individual managers’ actions aggregate into collective outcomes; 4) Feedback
Loop- Outcomes at the macro level may reinforce or change initial organizational structures.

4.1 Detailed Breakdown of each component Coleman bathtub model
4.1.1. Macro-to-micro-Link: organizational structures influence individual managers
This first step represents how large-scale organizational factors such as norms, cultural values, laws, or
institutional policies influence the way individual managers think and behave. Coleman (1987) suggested that
individuals don’t operate in a vacuum; rather, their decisions and actions are influenced by the environment they
are part of. This can include everything from organizational policies to social expectations and market conditions.
For example, in an organizational context, if a company has a strong innovation culture, managers may feel
encouraged to experiment and take risks. This overarching structure influences individual decisions by setting the
“rules” or expected behaviors within the organization.
4.1.2. Micro-Level Decision-Making: Individuals Make Choices
Once organizational structures have influenced individual motivations, managers act based on their own beliefs,
incentives, and rationality. CBM emphasizes rational choice theory (Raub and Voss, 2017) here, suggesting that
individuals make decisions that they believe will maximize their benefits or achieve their goals within the context
provided by the macro structures. This step is highly variable, as managers interpret and react to business situations
differently based on personal experiences, attitudes, and motivations. For example, managers might choose to
contribute to new product development based on their perceived benefits, such as career growth or recognition.
Even if the organization encourages innovation, managers’ responses will vary based on their individual goals.
4.1.3. Micro-to-Macro Link: Collective Actions Lead to Social Outcomes
Individual actions don’t happen in isolation. When many people within an organizational structure act in certain
ways, their actions collectively lead to observable organizational outcomes. This aggregation of individual actions
can create trends, societal shifts, or large-scale consequences that can then be observed and measured (Storbacka
etal., 2016). For example, if many employees in an organization are motivated by an innovation culture to develop
new ideas, the cumulative effect might be a surge in product innovation. This collective outcome can improve the
organization’s market position, enhance its brand, and create a culture that attracts more talent.
4.1.4. Feedback Loop: Social Outcomes Reinforce or Transform Social Structures
The model includes a feedback loop where the outcomes generated can reinforce or change the original
organizational structures (Storbacka et al., 2016). If the collective outcome aligns well with organizational goals,
it may reinforce the existing structures. However, if the outcomes are misaligned or lead to negative consequences,
the macro conditions may be adjusted (Coleman, 1990). For example, if an organization’s innovation culture leads
to successful outcomes, it may reinforce the organization's focus on creativity and invest further in resources to
support innovation. Conversely, if managers’ actions lead to issues such as excessive risk-taking or reduced
efficiency, the company may adjust its policies to create a more balanced environment (Coleman, 1992).

4.2 Application areas of the Coleman Bathtub Model

The CBM is particularly useful for analysing the dynamics within organizational systems, as it provides a
structured approach to assess how collective outcomes emerge from individual actions within a framework of
constraints and incentives (Coleman, 1992). Some common applications of CBM include:

e Organizational Behaviour: Understanding how organizational policies influence employee actions and
lead to specific outcomes, such as productivity or innovation.

e  Public Policy Analysis: Examining how governmental policies shape individual behaviours and result
in social outcomes, like health, education, or economic activity.

e Sociology and Social Change: Analysing how cultural norms or social institutions shape individual
behaviours and lead to societal changes over time.

e LLM and AI Auditing: Exploring how the structure (training data, model design) influences model
behaviour (responses) and leads to macro-level impacts (user experience and societal impact).

In general, the CBM provides a way to understand complex social systems by dissecting the relationship between
structures, individual behaviours, and collective outcomes (Coleman, 1992). By following this structured
approach, organizations, policymakers, and sociologists can identify the forces at play within any organizational
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or social system, allowing them to predict outcomes, design interventions, and understand how individual actions
contribute to broader social patterns (Coleman, 1990).

4.3 Coleman Bathtub Model and LLM Auditing

The CBM framework can be applied to LLM auditing by breaking down the complex relationships between
system structures (e.g., training data, design choices), model behaviours, and the resultant impacts on end-users
and society. In this context, it helps audit teams analyse how individual model actions (like generating responses)
lead to broader outcomes and how systemic factors influence these actions. The model can help guide LLM audits
to ensure transparency, fairness, and alignment with ethical standards. Figure 2 presents a flow chart of how the
CBM could be applied for LLM auditing:

LLM AUDITING FRAMEWORK

Using Coleman's Bathtub Model to analyze Large Language Models

° MACRO-LEVEL CONDITION

System Structures and Inputs (Top of the Bathtub)

MICRO-LEVEL ACTION

Model Outputs and Behavior (Inside the Bathtub)

o MACRO-LEVEL OUTCOME
Impact on End-Users and Society (Bottom of the Bathtub)

Foes s ftputs an. hamm, stereotypes)

FEEDBACK LOOP

Model Improvement and Alignment

The fredback loop uses

Figure 2: Application of CBM in LLM auditing

The CBM provides a structured approach for auditing LLMs by examining the influences on model behaviour
(macro-level conditions), analysing model responses (micro-level actions), and evaluating the larger societal and
user impacts (macro-level outcomes). By focusing on these interconnected layers, the model helps LLM auditors
identify specific areas for improvement, ensure ethical behaviour, and refine LLMs to align more closely with
intended purposes and values.

4.4. Mathematical treaties for auditing and reducing bias in LLMs:
There were multiple methods that could have been applied for auditing LLMs (Hadi et al., 2023; Mclntosh et al.,
2024). These methods were normally applied at the development stage of the LLM so as to reduce the biases from
LLM outcomes (Peng et al., 2024). The authors in this research focused on three major mathematical approaches
to reduce the bias: The Bayesian Approach, Kullback-Leibler (KL) Divergence, and Monte Carlo Simulations. In
the following section each of the approaches were discussed in details.

4.4.1. Bayesian Approach:

A Bayesian approach was used to audit and reduce bias in LLMs by modelling the uncertainty and potential
sources of bias in the data and the model (Gonzélez-Alday et al., 2023).

Scenario presented to Managers: You made the decision to offer consumers in all income ranges unbiased,
customized product recommendations. In order to do this, you should utilize the following procedures to evaluate
and reduce any potential bias in product recommendations depending on customers' income levels:

1) Data Collection and Pre-processing:

Collect historical user interaction data, including user profiles, product views, purchases, and income information.
Annotate the data with user income information that can be obtained from user profiles or inferred based on
behaviour.
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2) Apply Bayesian Modelling for Bias Assessment:
a) Bayesian Data Model:
Define a Bayesian model that describes the likelihood of a user engaging with a product given their
income level, product category, and other relevant features:
P (Engagement | Income, Product Category, Features)
b) Incorporate Prior Information:
Include prior information that represents prior beliefs about potential bias in product recommendations
based on income levels:
P (Parameters) ~ Prior
¢) Parameter Estimation:
Use Bayesian inference techniques to estimate the model parameters, including the conditional
probabilities of user interactions with products for different income brackets:
P (Parameters | Data, Income) « P (Engagement | Income, Product Category, Features) * P (Parameters)
d) Bias Quantification:
Compute posterior distributions of model parameters that describe user behaviour for each income level,
representing the uncertainty in the model:
Parameter ~ Distribution (a, b)
3) Bias Assessment:
a) Hypothesis Testing:
Formulate hypotheses related to income-based bias in product recommendations, such as: Hy: There is
no significant difference in user engagement between income brackets.
H;: There is a significant difference in user engagement between income brackets.
Use the posterior distributions and test statistics to perform Bayesian hypothesis testing and assess
statistical significance.
b) Credible Intervals:
Compute credible intervals for model parameters to quantify the uncertainty in user behaviour for each
income level. If the credible intervals do not overlap, it suggests significant differences in engagement.
4) Bias Mitigation:
a) Prior Adjustment:
Adjust the prior information used in the Bayesian model to reflect a more balanced representation of
income-related product preferences, aiming to reduce bias:
P (Parameters) ~ Updated Prior
b) Fine-tuning:
Fine-tune your recommendation algorithm using fairness-specific objectives to reduce bias in product
recommendations across income levels.
¢) Regularization:
Apply regularization techniques within the Bayesian model to encourage fairness and reduce disparities
in user engagement with products between income brackets.
5) Evaluation and Monitoring:
Continuously monitor user interactions and product recommendations, updating the Bayesian model as
new data becomes available.
Managers could explicitly model the uncertainty and integrate previous views about potential causes of bias in
the suggestions by using a Bayesian method (Debnath ef al., 2023). This method allowed the managers to evaluate
income bias in the product suggestions statistically and adjust it as needed.
The authors have depicted this in figure 3.

[ Data Collection and Preprocessing ]

[ Bayesian Modelling for Bias Assessment ]

Bayesian Data Incorporate Prior Parameter Bias Quantification
Model Information Estimation

[ Bias Assessment ]

[ HypﬁlhESiSTesﬂng] ( Credible Intervals }

[ Bias Mitigation ]

|

[ Prior Adjustment J [ Fine-tuning J { Regularisation ]

( Evaluation and Monitoring )

Figure 3: Bayesian approach for reducing LLM biases (Authors’ own conceptualisation)
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4.4.2. Kullback-Leibler Divergence:
Kullback-Leibler (KL) divergence was a mathematical concept used to measure the difference between two
probability distributions (Tang et al., 2025). In the context of auditing and reducing bias in LLMs, KL divergence
was employed to assess the disparity between the model's behaviour for different demographic groups (Mylrea
and Robinson, 2023).
Scenario presented to Managers: To spot possible shifts in consumer preferences, you were interested in
comparing the similarity between two distributions of the buying behaviour of your customers. You had to use the
following procedures to evaluate and reduce any potential bias in consumer preferences in order to accomplish
this:
1) Data Collection and Pre-processing:
Collect historical data on customer purchases, including product categories and quantities purchased.
2) Compute the Reference Distribution:
a) Select a Reference Period:
Choose the previous quarter as the reference period to represent the baseline behaviour.
b) Calculate the Reference Distribution:
Calculate the probability distribution of product category purchases during this reference period. This
can be represented as:
P (Product Category | Reference Period)
¢) Compute the Current Distribution:
Calculate the probability distribution of product category purchases for the current quarter. This can be
represented as:
P (Product Category | Current Period)
d) Calculate KL Divergence:
Compute the KL divergence between the reference and current distributions using the following
equation:
KL (P Q) = (P(x) * log(P(x) / Q(x)))
In this context:
o P(x) represents the probability of a product category purchase in the reference distribution.
o Q(x) represents the probability of a product category purchase in the current distribution.
o The summation (Y) is performed over all product categories.
e) Interpretation:
Interpret the KL divergence results as follows:
e A low KL divergence (close to 0) indicates that customer purchase behaviour in the current
period is similar to the baseline, suggesting stable preferences.
e Ahigh KL divergence suggests that there have been significant changes in customer preferences
between the reference and current periods.
f) Threshold or Significance Level:
Set a threshold or significance level of 0.05 to determine the significance of KL divergence
g) Alert or Action:
If the computed KL divergence exceeds the threshold, generate an alert or take action to investigate the
underlying causes of the change in customer preferences.
h) Monitoring and Feedback Loop:
Continuously monitor customer purchase behaviour and regularly recalculate the KL divergence to track
changes over time. Utilize this feedback loop to modify product suggestions, inventory control, and
marketing tactics to conform to changing consumer tastes.
Through the application of KL divergence, the discrepancy between the LLM's suggestions for two consumer
purchasing behavior distributions and those for other demographic groups may be objectively measured. This
method would assist in locating and addressing any potential bias in the model's content recommendations (Zhang
et al., 2023). The authors have depicted this in figure 4.
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Figure 4: KL Divergence for reducing LLM biases (Authors’ own conceptualization)

4.4.3. Monte Carlo Simulations:
Monte Carlo simulations could be used to assess and mitigate bias in LLMs by generating synthetic data and
analysing how the model behaves with different demographic groups (Bazzoli, 2023).
Scenario presented to Managers: You made the decision to offer consumers a portfolio of new products. For the
same you had to assess the risk and potential return from the product portfolio. Use Monte Carlo simulations to
estimate the portfolio's future value and the range of possible outcomes using the following steps:
1) Data Collection and Pre-processing:
Gather historical data for different products, including daily or monthly price returns and any relevant financial
information.
Calculate the expected returns (i) and standard deviations (o) for each stock in the portfolio based on historical
data.
2) Apply Monte Carlo Simulation:
a) Define the Portfolio:
Specify the composition of the portfolio, including the allocation of funds to each new product.
b) Generate Random Returns:
Use Monte Carlo simulation to generate random returns for each new product. These returns should be
sampled from probability distributions fitted to historical data.
For product price simulation, you can use the Geometric Brownian Motion Model:
dP i(t)y=p i*P i(t) *dt+o_i*P_i(t) * dW_i(t)
Apply this model to generate random returns for the new products in each simulation iteration.
¢) Simulate Portfolio Value:
Calculate the portfolio value for each simulated scenario by applying the generated returns to the
portfolio composition:
V() =XZ(W_i*P i)
d) Repeat Simulations:
Repeat the Monte Carlo simulations a large number of times (e.g., 10,000 iterations) to generate a
distribution of possible future portfolio values.
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e) Calculate Portfolio Metrics:

Calculate various portfolio metrics for each simulated scenario, including the final portfolio value,

annualized return, standard deviation (portfolio risk), and other risk measures.

f) Generate Probability Distributions:

Analyse the distributions of these portfolio metrics.

g) Risk Assessment:

Assess the probability of various outcomes, such as the likelihood of portfolio losses or

underperformance, based on the simulated distributions.

h) Portfolio Optimization:

Use linear programming techniques to select an optimal portfolio allocation that balances risk and return

based on simulation results.

i) Decision-Making:

Make informed investment decisions based on the analysis of the Monte Carlo simulations. Adjust the

portfolio allocation or investment strategy as needed to align with risk tolerance and return goals.

j) Monitoring and Scenario Testing:

Continuously monitor the portfolio's performance and update the Monte Carlo simulations as new data

becomes available or investment objectives change. Conduct scenario testing by modifying input

parameters such as expected returns and standard deviations to assess how the portfolio may perform

under different economic conditions.
By using Monte Carlo simulations, one can create controlled experiments that simulate different scenarios and
assess how your LLM behaves with synthetic data (Chen et al., 2024). This approach allows detecting and
quantifying bias, evaluating the effectiveness of bias mitigation strategies, and improving the fairness of
recommendations provided by the model (Pierson ef al., 2022). The authors depicted this in figure 5.
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Figure 5: Monte Carlo Simulation for reducing LLM biases (Authors’ own conceptualization)

5. Future Implications for Businesses and Entrepreneurship

The findings of this research carried significant implications for businesses and entrepreneurship, particularly as
organizations increasingly integrated Large Language Models (LLMs) into e-commerce ecosystems. It was
evident that firms adopting structured auditing frameworks would be better positioned to build trustworthy and
responsible Artificial Intelligence (Al) - driven platforms, which in turn could enhance customer loyalty and brand
credibility. Businesses that proactively addressed bias, transparency, and ethical concerns were likely to gain a
competitive advantage in markets where consumers were becoming more aware of algorithmic fairness and
accountability. From an entrepreneurial perspective, the research suggested the emergence of new venture
opportunities centred around Al auditing, bias detection tools, and ethical compliance solutions. Startups could
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leverage these insights to develop specialized services such as automated bias monitoring systems, explainability
tools, and third-party auditing platforms tailored for e-commerce. This indicated a growing ecosystem where
ethical Al was not only a compliance requirement but also a value-creating domain.

The study also implied that organizations would need to invest in interdisciplinary capabilities, combining
technical expertise with ethical governance and regulatory awareness. This shift could reshape hiring practices,
encouraging the inclusion of roles such as Al ethicists, audit specialists, and compliance officers. For
entrepreneurs, this opened pathways to build consultancies and training platforms focused on equipping
businesses with these competencies. In addition, the emphasis on user feedback mechanisms and stakeholder
engagement pointed toward a more participatory model of innovation. Businesses that incorporated customer and
seller feedback into algorithmic improvements were likely to achieve more inclusive and adaptive systems. This
participatory approach could redefine customer relationships, transforming users from passive consumers into
active contributors to platform governance.

The importance of privacy protection and regulatory compliance highlighted in the research also suggested that
future businesses would operate in increasingly regulated environments. Entrepreneurs would need to design
solutions that aligned with evolving data protection laws and ethical standards across different regions. This could
drive the development of scalable compliance technologies and region-specific customization strategies.
Furthermore, the research indicated that continuous auditing and model refinement would become standard
operational practices rather than one-time interventions. This ongoing process could influence business models
by introducing recurring costs but also creating opportunities for subscription-based auditing services and Al
maintenance solutions. Finally, the emphasis on open collaboration and third-party audits suggested a shift toward
more transparent and cooperative innovation ecosystems. Businesses that engaged in knowledge sharing and
adopted industry best practices were likely to accelerate innovation while minimizing risks. For entrepreneurs,
this created opportunities to build platforms that facilitated collaboration, benchmarking, and shared learning
across organizations.

6. Conclusion

Reducing bias in Large Language Models (LLMs) was paramount for ensuring their utility in managerial decision-
making processes. As organizations increased their reliance on these models to analyse vast datasets and generate
insights, addressing bias had become crucial for fair and informed decision-making. By implementing strategies
such as using diverse and representative data, conducting bias audits, and employing mitigation techniques,
businesses have tried enhancing the ethical foundations of LLMs. Reducing bias in LLMs was not only in
alignment with principles of fairness and inclusivity but also had safeguarded against unintentional reinforcement
of societal prejudices. Ethical considerations were especially pertinent in managerial decisions that impact diverse
stakeholders. Transparent decision-making processes, user feedback mechanisms, and continuous model audits
had contributed to a culture of accountability and responsiveness.

The utility of LLMs in managerial decisions lied in their ability to process and interpret complex information,
automate routine tasks, and generate valuable insights. In areas such as risk assessment, market analysis, and
customer engagement, unbiased LLMs were capable of offering a more accurate and holistic view, empowering
managers to make well-informed choices. Moreover, LLMs also contributed in efficiency gains, freeing up
managerial time for strategic thinking and innovation. In conclusion, mitigating bias in LLMs enhanced their
utility for managerial decisions by fostering fairness, transparency, and reliability. Organizations that prioritized
bias reduction in LLM deployment not only adhere to ethical standards but also were able to harness the full
potential of these models to drive informed and equitable managerial strategies.
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