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Abstract: Bias, fairness, and transparency are critical issues in Artificial Intelligence (AI).
These problems can arise from sources such as biased training data, algorithmic bias, and
reinforcement learning bias. Bias may lead to unintended consequences while attempting
to correct bias. The use of the black-box model, along with proprietary and confidentiality
constraints, can further obscure decision-making processes. Regulatory challenges
complicate the governance of Al systems. Unfairness can arise when the algorithm uses
inappropriate features in Al-based decision-making. Lack of transparency in Al-based
computation leads to reduced trust, accountability issues, and difficulty in understanding
or challenging automated decisions. Addressing bias, fairness, and transparency in Al is
crucial to ensure ethical, responsible, and inclusive technology. Governments,
organizations, and researchers must work together to create Al systems that serve
humanity without reinforcing discrimination. Without addressing these problems, Al
will have to risk inequalities and lose public trust. For example, “if you tell an Al image
tool to create a man writing with his LEFT hand, the Al will create a man writing with
his right hand” India’s PM Modiji pointed it out in a Paris speech. Unfairness can arise
when the algorithm uses inappropriate features or a biased training data set to make a
decision.

Keywords: addressing Al challenges, bias in Al challenges in Al, fairness in Al

transparency in AL

1. Introduction

Artificial Intelligence (Al) is revolutionizing statistical-based data-driven decision-
making across various fields (Balbaa & Abdurashidova, 2024). Data-driven decision-
making is becoming the cornerstone of developing modern organizational strategy (Alimi
et al., 2024). Data-driven decision-making uses statistical data to interpret and validate a
course of action toward providing decision-making capability (HBS Online, 2021). By
leveraging machine learning and deep learning algorithm techniques, Al can analyze
large volumes of data quickly and accurately (Pires, 2025).

Key benefits of statistical data-driven decision-making are: (i) Enhanced accuracy
(Hossain, 2024) (ii) Statistically based Predictive insights (Hossian, 2024) and forecasting
(Li et al., 2022) (iii) Improved efficiency (Li et al., 2022) and Productivity (Sarker, 2021)
(iv) Risk management with probabilistic risk assessment (Parhizkar, 2020) and
uncertainty reduction (Scholes, 2025), (v) Better customer understanding and market
analysis (Haleem et al., 2022) (vi) Cost reduction and revenue optimization (Haleem et
al., 2022) (vii) Real-time decision making (Tien, 2017) (viii) Scalability and adaptability
(Michael et al., 2024).

While statistical-based data-driven decision-making offers numerous benefits, it also
comes with several challenges that must be addressed by organizations to ensure
accuracy, reliability, effectiveness, and trust.
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They are: (i) Data quality (Aldoseri et al., 2023) (Alimi, 2024) and Statistical reliability
(Takeuchi, 2025), (ii) Data/Information overload (Lega et al., 2024) and complex
data/information processing (Katipoglu & Keblouti, 2024) (iii) Bias in data and analysis
(Aldoseri et al. 2023) (iv) Interpretation and misuse of statistics (Biswas, 2020) (Kate &
Emily, 2023) (v) Model accuracy and assumptions (Zumwald, 2021) (vi) Data security and
privacy (Aldoseri et al., 2023) (vii) Integration of semantic data (Al-Sudairi & Vasista,
2011) derived out of pattern warehouse for effective decision making (Vasista, 2023) (viii)
Legal and ethical considerations (Aldoseri et al. 2023) (ix) Promoting Fairness in Al
(Aldoseri et al., 2023) (x) Promoting Transparency in Al (Vidjikant, 2023) (xi) Managing
multiple data sources (Alimi, 2024) (xii) Lack of skilled personnel and expertise (Alimi,
2024).

However, the scope of this chapter is limited to focus more on addressing primarily
the three considerable challenges in Al such as: (i) Bias in Al (ii) Fairness in Al, and (iii)
Transparency in Al, leading to statistically data-driven based decision-making. Thus,
three objectives of this chapter are to discuss on (i) What is bias and how it can be
addressed in Al, (ii) What is fairness and how it can be addressed in Al, and (iii) What is
transparency and how it can be addressed within the context of statistical data-driven
decision making. Correspondingly, the chapter is organized to deal with 1. Introduction,
2. Underlying theories for statistical data-driven decision-making, 3. Conceptual
underpinning on Bias, Fairness, and Transparency (Definitions and Correlations), 4.
Addressing Statistical Data-Driven Bias in Al, 5. Addressing Statistical data-driven
fairness in Al, 6. Statistical data-driven transparency in Al, 7. Implications of bias,
fairness, and transparency in Al towards data-driven decision making. 8. Conclusion

2. Theory
2.1 Underlying theories for Statistical Data-driven Decision-making

Statistical data-driven decision-making is based on several foundation theories that
guide how data is collected, analyzed, and interpreted to support informed decision-
making. In this section, some of these relevant theories are discussed.

2.1.1 Probability theory: It is the foundation for statistical inference by modeling
randomness and uncertainty (Ramachandran & Tsokos, 2015). The outcome of a random
event may be any one of the several possible outcomes, which are determined by chance
(Morimer & Blinder, 2024). It is used to measure the uncertainty phenomena. It helps in
making predictions based on likelihood using Bayesian theory and inference, which is a
modern approach in data science for updating beliefs with new data and making
informed predictions (Fofanah, 2024). Bayesian theory is commonly applied in machine
learning, decision science, and risk assessment. Further, Regression theory and analysis
models, analyze relationships between dependent and independent variables to
understand dependencies and are used to make predictions (Mohr, Wilson & Freund,
2022).

2.1.2 Decision Theory: It is the study of choices to make a decision. Decision theory focuses
on rationalized decision-making (Peterson, 2011) and outcomes of decisions based on a
judgment made referring to pre-determined criteria (Hansson, 2011). Furthermore,
decision theory is often described as normative or descriptive. While normative decision
models are prescriptive, descriptive decision models are empirical to bring predictive
outcomes. With the intervention of Al and emerging technologies, principles of decision
theory have been extended towards including information theory, game theory, and
system theory with time-based dynamics (e.g. time series analysis) as cited in Elgendy,
Elragal & Palvarinta (2021) in passing. These theories when used collectively, enable
organizations to make informed and evidence-based choices in data-driven decision-
making.
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3. Discussion
3.1 Conceptual Framework of Bias, Fairness and Transparency

Bias is defined as a tendency to promote prejudiced results due to erroneous
assumptions (dictionary.com) Mavrogiorgos (2024). Bias occurs when systematic errors
are introduced into sampling by selecting one outcome over others (Merriam-Webster).
The sources of bias can occur during questionnaire design, targeting audience, data
collection, data analysis, publication, or during the design of conceptual framework
design or research framework design (Pannucci & Wilkins, 2010).

Bias in statistics refers to the tendency to produce systematic errors in data collection,
analysis, or modeling that lead to inaccurate or misleading conclusions (Simundic, 2013).
It can occur due to sampling bias (e.g. presentation of certain groups), measurement bias
(e.g. flawed data collection), or confirmation bias (e.g. selecting data that supports
preconceived notions) (dovetail.com, 2024).

Table 1. Types of Statistical Bias, Occurring Stage, occurs due to, How to Avoid (CAS, 2022)

SL Occurring
Type of Bias Occurs due to How to Avoid
No. Phase
Sampling Bias
Non-representative data selection Clearly outline the Target audience or
(Selection bias)
1. Planning & Supervision beneficiaries, Random sampling for resulting
(Supervision
highest abstraction level generalization.
bias)
Only considering successful cases
Link the Report to refer to relevant Grounded
(avoiding failure cases).
2. Response bias Planning Theory and Fundamental Principles &
Giving only socially desirable
Standards.
answers
Differences in Accuracies of past
Recall bias Conducting Use objective records
3. collections of events are
(Participant bias)  Study ) Shorten recall period
experiences
Hawthorne effect, intentionally
. Observation bias  Conducting  creating bias, More subjectivity in Make observers unaware of the participants
(Participant bias)  Study data Use scales, sensors, and software
Inconsistency in recording
Interviewer tone, body language
Encourage blindfold survey studies, encourage
Interviewer bias  Conducting  or phrasing of question, facial
5 neutral phrase communication, and employ
(Researcher bias)  Study expressions, demographic
computer-assisted interviews.
differences
Calibration of instruments, setting standard
Using faulty instruments,
Measurement operating procedures, mapping subjective
Conducting  inconsistent measurement
6 bias (Researcher measures to objective measures using the Likert
Study methods, lack of rationality, data

bias)

scale, use double-entry systems and cross-
input mistakes, and errors
verifications
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SL Occurring
Type of Bias Occurs due to How to Avoid
No. Phase
Confirmation Awareness, acknowledgment, encourage
Conducting  Matching individuals seeking
7 bias (Researcher critical thinking, use of diversified sources,
Study interpretations, favors, beliefs
bias) encourage peer and double-blind reviews
Focus on results over process, overestimation of
8. Outcome bias Reporting Partial results are reported predictability after outcomes are known, tied
emotions to results,
Pre-registering study protocols, encouraging
Preference for positive results,
raw data sharing, promoting research platforms
selected reporting matter,
9. Publication bias ~ Reporting that publish valid research, encouraging the
editorial policies, peer pressures,
publications of null or negative results too,
funding influence
avoiding selected reporting
Highlighting  only  favorable
Adhering to transparent report guidelines,
Spin or Rotated results, misrepresentations of
10. Reporting independent peer review, and normalizing the
bias results, use of misleading
acceptance of studies.
language in abstract, conclusion
Perceiving only what the reader
Post Read relevant well-grounded Theories,
11.  Reader bias wanted, ignoring its semantic
Publication Fundamental Principles & Standards
integrity

3.2 Addressing statistical data-driven bias in Al
Statistical bias in Al occurs when models produce systematic errors due to
imbalanced, incomplete, or misrepresented data (Jui & Rivas, 2024).

3.2.1 Bias in Artificial Intelligence and Machine Learning (Al and ML) Systems

Al and ML systems automate decision-making through complex algorithms trained
on large data sets. So, it means conceptually they become additional layers of complexity.
From the perspective of machine learning of Al label bias (Jiang & Nachum, 2020) and
algorithm bias (Akter et al. (2022) can occur, where label bias refers to inaccurate or
subjective labeling that reflects human prejudices (Chadha, 2024). Algorithm Bias refers
to favoring certain patterns that reinforce inequalities from model design and
optimization. In AI-ML, bias manifests in training data (due to historical biases and
imbalanced datasets in passing to Johnson & Khoshgoftaar, (2019)), model architecture
(in the form of inherent assumptions made), and deployment (through feedback loops
reinforcing biases). Examples include Amazon’s Biased Hiring Algorithm resulting in
gender bias (e.g. Women’s Chess Club), racial bias in hiring algorithms (Chen, 2023), and
facial recognition models (Black defendants and White defendants in court or legal
systems related to criminal justice) performing poorly on certain demographics in the
context of hiring them for sports, criminal justice and other activities.

3.3 Sources of bias
The cause or source of bias can be caused by the following factors:
3.3.1 Bias in Historical data: The historical data that is used for prediction may contain
bias
3.3.2 Biased Questionnaire design during data collection: The way questions are asked will
introduce biased answers for further processing.
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3.3.3 Biased Training Data: Al models reflect these biases such as (i) Underfitting of bias
data and (2) Overfitting of bias data.

3.3.4 Flawed Algorithmic data: Due to the faulty design of algorithms bias can be
introduced even with unbiased data.

3.3.5 Human Intervention Bias: Human professional in various capacities working for
Al development may introduce their respective work-related bias.

3.4 Strategies for Mitigating Bias in Al

3.4.1  Diverse and Representative Data Collection: Ensure datasets include all relevant
demographics to reflect real-world diversity.

3.4.2  Algorithmic Transparency and Explainability: Implement explainable Al
techniques to assess the decision-making process (Gonzalez-Sendino &
Serrano & Bajo, 2024)

3.4.3  Bias correction Techniques: Use reweighting or equal weighting (Dave, 2023),
auditing training data (Chadha, 2024), and adversarial debiasing to minimize
bias in model training (Gonzalez-Sendino, Serrano & Bajo, 2024).

3.44  Human-in-the-loop approaches: Engage domain experts in reviewing and
correcting biases in Al development at various stages such as data extraction,
data cleansing, preprocessing, integration, annotation, labeling, training, and
inferencing (Chai & Li, 2020; Wu et al., 2022; Memarian & Doleck, 2024).

3.5 Addressing statistical data-driven fairness in Al

Fairness in Artificial Intelligence and Machine Learning (AIML) is emerging as a
critical concept, which influences diverse perspectives of society such as healthcare, legal
judgments, etc. (Uddin, Lu, Rahman & Gao, 2024).

Fairness is a concept, where every person should get equal opportunities and
treatment (Chadha, 2024), in AIML, equal opportunities refer to ensuring a true positive
rate (sensitivity) and equal false-positive rates across groups. Demographic parity refers
to equal outcomes across groups (Ferrara, 2024).

Fairness in statistical decision-making means ensuring that models and analyses do
not disproportionately disadvantage certain groups (Rabaey, De Schutter, De Brant &
Derudder, 2019). Statistical discrimination describes a set of informational issues that can
induce a rationale of say a Bayesian decision-making leading to unfair outcomes event in
the absence of discriminatory intent (Patty, & Penn, 2022).

Fairness involves techniques such as stratified sampling, fairness-aware modeling,
and ensuring that decisions are equitable across different demographic segments
(Mehrabi, Huang & Morstatter, 2020).

Fairness in Artificial Intelligence and Machine Learning ensures that models do not
spread or magnify discrimination (Mensah, 2023). Fairness in AIML can be achieved by
correcting algorithmic bias during the automated process models of machine learning.
Unfairness can arise when the algorithm uses inappropriate features or biased training
data sets to make decisions (Jui & Rivas, 2024). Fairness can be assessed statistically using
t-tests and evaluated based on k-fold cross-validation (Uddin, Lu, Rahman & Gao, 2024)

3.6 Types of Fairness
3.6.1  Individual Fairness: Individual fairness refers to intuitive principles and
similar treatment. Similar treatment refers to having individuals be treated
similarly (Fleisher, 2021). Characterizing individual fairness requires having
measures that assess fairness or equivalence and bias (Anderson,
Visweswaran, 2025).
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3.6.2

3.6.3

3.6.4

3.6.5

Group Fairness: It is the fairness concern by evaluating and mitigating
measures of group discrimination (Krasanakis & Papadopoulos, 2024) by Al
systems. Group fairness refers to equal treatment of different groups by Al
systems (Ferrara, 2024).

Demographic parity/Statistical parity: It is a fairness metric, which says that if
the composition of people selected by the model matches the group
membership of the applicants, then the model is said to be fair (Kaggle) or to
better understand another way is that demographic parity requires equal
proportions of positive predictions in each group (GitHub). Equal
Opportunity fairness is when the proportion of people selected by the model
is the same for each group (i.e. indicated by the true positive rate or
sensitivity of the model). Equal Accuracy Fairness ensures that the model has
equal accuracy for each group. Group unaware fairness requires the removal
of all group membership information from the dataset (e.g. removing the
gender label). While the fairness of demographic parity, equal opportunity,
and equal accuracy can be measured using a confusion matrix, group-
unaware fairness cannot be detected from the confusion matrix in passing to
(Kaggle). Example: Suppose the admissions model accepts 32 candidates
from a majority group and 8 candidates from a minority group. The model’s
decision satisfies the demographic parity, as the acceptance rate for both
majority and minority candidates is 40 percent (from a total majority group
of 32/80 and minority group of 8/20) (developers.google.com-fairnessl).

Counterfactual Fairness: Counterfactual fairness is derived from Pearl’s causal
model. It considers that the model is fair when the prediction of a particular
individual or group in the real-world domain is the same as that in the
counterfactual world domain, however, the individuals have to belong to
different demographic groups (Wu, Zhang & Wu, 2019). Al would have
made the same decision for an individual regardless of their group
membership i.e. majority group and minority groups (Ferrara, 2024). For
some people who had written UPSC exam group-1 and group-2 then we have
two broad groups one is people accepted two is people rejected. The
rejected people are many. These rejected people may contain applicants from
different religions with different demographics but still one attribute that
qualifies the same value i.e. result status = rejected. It is fair that they can be
rejected irrespective of religion, caste reservation category, and general
category. While the demographic features of these groups can be different
they all belong to one group «called the rejected group
(developers.google.com-fairness2).

Procedural Fairness: Procedural fairness is about the fairness of the procedures
used by a decision-maker while making a decision. When a fair procedure is
followed, the decision maker will make a correct and fair decision
(ombudsman.was.au). It emphasizes the importance of aligning fair decision-
making procedures to its underlying theories of relational justice (Decker,
Waggner, & Leicht-Scholten, 2025).

3.7 Sources of Unfairness
One of the underlying causes of unfairness is bias in training data (Balayn, Lofi &
Houben, 2021). Various kinds of bias that represent a source of unfairness are as follows

(O’Sullivan, 2022).
3.7.1  Data Related sources of unfairness: - Sampling bias, Historical bias, Measurement
bias, label bias

3.7.2  Algorithmic and Modelling Bias: - Feature Selection bias, Model Overfitting bias,
Objective Function Bias.
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3.7.3 Interpretation and Evaluation Bias: - Confirmation bias, Ignoring Subgroup
Performance bias

3.7.4  Deployment and Feedback loop Bias: - Automation bias, Feedback loop bias

3.7.5  Socio-Technical Bias: - Institutional bias, Lack of diversity in development teams’
bias

3.8 Strategies for mitigating unfairness

(1) Use fair-ness algorithms (2) Evaluated with fairness metrics like demographic
parity, equal opportunity, etc. (Medda, 2024) (3) Include diverse data sources and
participatory design (4) Conduct bias audits at every stage

3.9 Strategies for Achieving Better Fairness

Fairness in AIML can be addressed and achieved by using fairness-aware algorithms,
debiasing techniques, and enforcing ethical considerations and guidelines for avoiding
bias and unfair means, whereas fairness-aware algorithm focuses on developing
algorithms and debiasing techniques that ensure fairness and mitigate bias in machine
learning models (Palvel, 2023) and ethical considerations guidelines such as promoting
and transparency, authenticity, accountability, trust, privacy and protecting through
intellectual property rights (Al-fairy, Mustafa, Kshetri, Insiew & Alfandi, 2024).

3.10 Addressing statistical data-driven transparency in Al

Transparency from Statistics Perspective: Transparency refers to the clarity and
openness of statistical methods, data sources, and assumptions used in decision-making.
It involves documenting methodologies, trustworthiness, and reproducibility.

Transparency from AIML Perspective: Transparency referred to as explainability,
involves making models interpretable so that users and regulators understand why a
system makes certain predictions. This is critical in high-stakes domains like healthcare,
finance, and criminal justice. Techniques like SHAP values, LIME, and model
documentation help improve transparency.

3.11 Types Transparency

3.11.1 Data Transparency: - It provides visibility of data to train Al systems

3.11.2 Consent Transparency: - It informs users, how their data might be used across
Al systems

3.11.3 Algorithmic Transparency: - This means making the data, logic, and rationale
used by the Al system understandable and accessible for producing insights
and decisions.

3.114 Model Transparency: - It reveals how the Al system functions, possibly by
explaining decision-making processes

3.12 Sources of Opacity
3.121 Content Opacity: It occurs when an Al system information prevents
stakeholders from grasping its semantics and using it for their purpose

3.12.2 Inferential Opacity: It occurs when an Al system prevents stakeholders from
better understanding the sense of the reasoning path (Facchini & Termine,
2021).

3.13 Strategies for mitigating or reducing opacity

3.13.1 Technical Solutions: When automation acts like a black box, for people
working with an algorithm-based system, the opacity of the black box can
undermine adequate trust in system outputs, thus weakening the decision-
making capability (Tintarev & Masthoff, 2007) as cited in passing to Langer
& Konig, 2023).

3.13.2 Education & Training: Education &Training data disclosure is critical for
monitoring financial management and pedagogical accountability.
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3.13.3

Imparting training to the school management committee, faculty, parents
and selected community groups is important in how data can be used in
maintaining accountability. Introducing legal grievance redressal
mechanisms helps in better managing the varied data gathered (UNESCO,
2018).

Regulations & Guidelines: Opacity can serve both as a control mechanism
and as a conflict mechanism with legal regulations (Goodman & Flaxman,
2017). It is important to outweigh the benefits of transparency with the
existing opacity that is acting as a control mechanism as sometimes
protecting information in the form of privacy and confidentiality becomes
important to safeguard data from unauthorized disclosure, misuse
exploitations, and theft (Chapple, 2019).

3.14 Strategies for improving transparency

3.14.1

3.14.2

3.14.3

3.14.4

Data Sources & Modelling: Maintain data sources, model architecture, and
preprocessing steps and hyper-parameters (Pillai, 2024)

Develop Explainable AI Techniques: Identify the most influential features in
a model’s predictions; employ visualization to better understand the model’s
decision-making process; generate human-understandable explanations to
Al predictions; improve interpretability based developing and using the
combination of both simple and complex model development (Pillai, 2024).
Stakeholder Engagement: Keep discussing transparent communication with
stakeholders; develop feedback mechanisms, focus on user/customer-centric
design; participate in developing ethical standards and best practices
(Coleman, Manyindo, Parket & Schultz, 2019).

Continuous Monitoring and Improvement: Develop dashboards for
continuously monitoring the model performance and identifying potential
issues; focus on bias detection and mitigating it; establish auditing Al systems
to ensure accuracy, fairness, and reliability; use iterative techniques to keep
refining the model towards better optimization (Thanasas, Kampiotis &
Karkantzou, 2025).

3.15 Implications of bias, fairness, and transparency in Al towards data-driven
decision making
The overall impact of bias, fairness, and transparency on data-driven decision-
making include:

3.15.1

3.15.2

3.15.3

Improves ethical integrity, regulatory compliance, and public confidence
(Radanliev, 2024)

Ensures decisions are justifiable, inclusive, and socially responsible (Singhal,
Neveditsin, Tanveer & Mago, 2024).

Encourages the adoption of responsible Al practices in governments and
organizations (Alabi, 2024).

3.16 Implications of Bias in Al towards data-driven decision making

3.16.1

3.16.2

3.16.3

Unfair outcomes: Biased Al models can lead to discrimination against certain
groups (e.g. in hiring, lending, and health care) (Ferrara, 2023)

Loss of Trust: Users and stakeholders lose confidence in systems perceived
as biased (Fancher, Ammanath, Holdowsky & Buckley, 2021).

Legal Risk: Bias may lead to violation of anti-discrimination laws and result
in regulatory penalties (Hilliard, Gulley, Koshiyama & Kazim, 2024)

3.17 Implications of Fairness in Al towards data-driven decision making

3.17.1

3.17.2

Equitable Access: Fair Al ensures equal treatment and benefits for diverse
user groups (Gonzlez-Sendino, 2024) (Willie, 2024).

Inclusive Innovation: Encourages design of solutions that cater to the needs
of all not just the majority (Persson, Ahman, Yngling & Gulliksen, 2014).
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3.17.3 Social Good: Promotes ethical technological development and reduces

structural inequalities (Capraro et al., 2024).
3.18 Implications of Transparency in Al towards data-driven decision-making

3.18.1 Accountability: Transparent models make it easier to trace, audit, and correct
errors or unintended outcomes (Cheong, 2024).

3.18.2 Explainability: Helps stakeholders understand and trust Al decisions,
especially in important areas like healthcare and criminal justice (van der
Veer et al., 2021).

3.18.3 Improved Governance: Enables better monitoring and regulation of
automated decision-making systems (Margetts, 2022).

4. Conclusion

In the era of Al-driven systems, statistical data-driven decision-making holds
immense promise to transform sectors through efficiency, scalability, and precision. This
kind of potential can only be realized when bias, fairness, and transparency become
integral parts of the design and implementation of Al systems. Bias, whether stemming
from data, algorithms, or human oversight, can skew outcomes, reinforcing social
inequalities. Fairness demands that models account for diverse perspectives and treat all
individuals and groups equitably. Transparency enables stakeholders to understand,
trust, and hold Al systems accountable for their actions. For data-driven decision-making
to be trustworthy and ethical, it is essential to adopt practices that minimize bias, ensure
fair and equitable treatment, and promote clarity and accountability. When these
principles are embedded into Al development, it not only enhances the reliability of
decisions but also safeguards public trust and ensures that technological advancement
contributes to inclusive societies.
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