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Abstract: This article provides a comprehensive overview of the fairness issues in artificial intelli-
gence (Al) systems, delving into its background, definition, and development process. The article
explores the fairness problem in AI through practical applications and current advances and focuses
on bias analysis and fairness training as key research directions. The paper explains in detail the
concept, implementation, characteristics, and use cases of each method. The paper explores strategies
to reduce bias and improve fairness in Al systems, reviews challenges and solutions to real-world Al
fairness applications, and proposes future research directions. In addition, this study provides an
in-depth comparative analysis of the various approaches, utilizing cutting-edge research information
to elucidate their different characteristics, strengths, and weaknesses. The results of the comparison
provide guidance for future research. The paper concludes with an overview of existing challenges
in practical applications and suggests priorities and solutions for future research. The conclusions
provide insights for promoting fairness in Al systems. The information reviewed in this paper is
drawn from reputable sources, including leading academic journals, prominent conference proceed-
ings, and well-established online repositories dedicated to Al fairness. However, it is important to
recognize that research nuances, sample sizes, and contextual factors may create limitations that
affect the generalizability of the findings.

Keywords: Al fairness; bias analysis; data analytics

1. Introduction
1.1. Background

With recent advances in artificial intelligence (Al), decision making has gradually
shifted from rule-based systems to machine learning-based developments (e.g., [1-3]),
learning patterns from data and performing pattern recognition, inference, or prediction.
Although such a new methodological trend is derived from the bias brought by human
rules, this bias and unfairness are gradually permeating artificial intelligence in another
form, as humans are still involved in collecting the datasets used to train machine learning
in the new system [4,5].

Artificial intelligence fairness (Al Fairness) is an issue proposed in response to this
status quo, which is intended to prevent different harms (or benefits) to different subgroups,
thereby providing a system that both quantifies prejudice and mitigates discrimination
against subgroups [6,7]. Questions about Al Fairness are practical and affect the lives
around us in many ways. Some decision support systems for credit applications tend to
favor certain sociodemographic groups, resulting in people living in certain areas, and
people of certain ethnic backgrounds or genders having a certain selection preference for
loan approval, which is difficult to make completely objective and fair [8-11]. Meanwhile,
disability information is highly sensitive and cannot be shared, thus exacerbating this
unfairness due to the opaqueness of the information [12]. Companies may miss out on
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many potential talents due to an Al-based recruiting engine that is biased against region,
gender, and ethnicity, and even cause the company’s team composition to gradually become
homogenized in biased elements, thereby losing the advantages of diversity [13,14].

It can be seen that the study of this issue has broad social, political, and economic signif-
icance. Once the Al misunderstands the intended task, the problem of value misalignment
often ensues, and many social issues and responsibilities will arise.

1.2. Directions

Based on the works in recent years, the conceptual development of Al Fairness has
focused on the following directions:

e Fairness and bias [15-17]: Introduction of widely used fairness metrics, such as
disparate impact, equal opportunity, and statistical parity. Evaluation of their applica-
bility and limitations in different contexts, contributing to a nuanced understanding
of group fairness assessment.

*  Algorithmic bias mitigation [18-20]: Exploration of techniques, like pre-processing,
in-processing, and post-processing, to mitigate algorithmic biases. Critical analysis of
their effectiveness in different scenarios, offering insights into the trade-offs between
bias reduction and model performance.

¢  Fair representation learning [21-23]: Introduction of techniques for learning fair
representations, including adversarial debiasing and adversarial learning frameworks.
Investigation into their potential for producing fair and informative representations,
fostering a deeper comprehension of their role in mitigating biases, understanding the
true sources of disparities, aiding in the design of more targeted interventions.

Based on the above conceptual directions, we condense and analyze the methodology
and technical analysis involved, and focus on the major key elements in this paper, includ-
ing definition and problem formulation, bias analysis, fair training, and corresponding
applications and practices.

This article undertakes a comprehensive exploration of the critical subject of fairness
issues within artificial intelligence (AI) systems. The overarching scope of this survey
is to provide an in-depth analysis of the multifaceted landscape of Al fairness, covering
its foundational aspects, developmental trajectory, practical applications, and emerging
research directions. By delving into these dimensions, the survey aims to shed light on the
complex challenges linked to fairness in Al, while offering insights into potential remedies
and avenues for future exploration.

1.3. Scope

This article mainly collects the research with the details of the corresponding research
plan and methodological route, providing a comprehensive survey of the advancements
in the domain of Al Fairness. The scope of this survey is expansive and encompasses
diverse facets of Al fairness. It begins by elucidating the foundational background and
definition of fairness within the realm of Al systems. Subsequently, the survey ventures
into the dynamic landscape of fairness concerns, exploring practical applications and recent
advancements. Of particular significance are the domains of bias analysis and fairness
training, which are delved into as crucial research directions aimed at ameliorating biases
and fostering equitable Al outcomes. The survey encompasses meticulous explanations
of the concepts, implementations, characteristics, and practical use cases of each method,
thereby providing a comprehensive understanding of their nuances.

Encompassing a retrospective spectrum, the covered literature spans from the most
recent contributions (e.g., [24-26]) to the initial inception of pertinent theories, extending
as far back as 1993 (e.g., [27-29]). A meticulous curation process led to the inclusion of
310 papers from an extensive pool of 1083 pieces of materials. The selection criteria entailed
a thorough assessment of factors, such as the intrinsic significance, perceptible impact,
novelty, ingenuity, and citation prevalence of the respective works. These works were
methodically categorized and subjected to thorough examination within the manuscript.
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The ensuing textual discourse encompasses not only analysis but also the deliberation and
the derivation of insightful perspectives.

1.4. Contributions

This article offers an extensive and comparative analysis of diverse approaches, lever-
aging contemporary research to expound upon their distinct attributes, strengths, and
limitations. This comparative exploration not only guides researchers but also informs
practitioners, providing them with a nuanced understanding of available methods and
aiding their decision making.

Additionally, the survey enriches the discourse on Al fairness by contextualizing its
practical implications. By exploring strategies to mitigate bias and enhance fairness in Al
systems, it bridges the gap between theoretical foundations and real-world challenges. The
survey further discusses the critical subject of challenges and solutions in real-world Al
fairness applications, offering insights into the current limitations and potential remedies.

Furthermore, this survey contributes by acknowledging the dynamic nature of the Al
fairness landscape and the evolving nature of research and advancements. It underscores
the evolving nature of the field and the limitations associated with the evidence derived
from reputable sources. While these limitations stem from factors such as research nuances,
sample sizes, and contextual intricacies, the survey remains committed to fostering the
continuous exploration and understanding of Al fairness.

In essence, this survey encompasses a wide-ranging scope, delving into the genesis,
evolution, applications, and challenges of Al fairness. Its multifaceted contributions aim to
advance the understanding of fairness in Al, providing valuable insights for both academia
and industry in their pursuit of equitable and unbiased Al systems.

1.5. Organization of This Article

The organization of the article is organized as follows. Section 2 introduces the
background and definition of Al fairness, and Section 3 formulates the definitions and
problems of fairness in Al systems. The main directions of the research of addressing Al
fairness, bias analysis, and fair training are reviewed in Sections 4 and 5 with details of
corresponding methodologies. Section 6 discusses the measures of migrating the bias and
improving fairness in the Al system. Section 7 reviews the related issues and solutions in
the practical applications of Al fairness, and corresponding future works are discussed and
given. Section 8 concludes the paper.

2. Preliminary
2.1. Status Quo

Although the study of fairness in machine learning is a relatively new topic, it has
attracted extensive attention. IBM launched Al Fairness 360 [30-32], which can help detect
and mitigate unwanted bias in machine learning models and datasets. It provides around
70 fairness metrics to test for bias and 11 algorithms to reduce bias in datasets and models,
thereby reducing software bias and improving its fairness (e.g., [33]).

Facebook has also developed the Fairness Flow tool to detect bias in Al, which works
by detecting forms of statistical bias in some of Facebook’s commonly used models and
data labels, enabling the analysis of how certain types of Al models perform across different
groups [34-36]. It defines “bias” as the systematic application of different standards to dif-
ferent groups of people. Given a dataset containing predictions, labels, group membership
(for example, gender or age), and other information, Fairness Flow can divide the data
used by the model into subsets and estimate its performance.

In 2019, Google also embedded the Fairness Indicators component in a series of Al tools
it developed, resulting in tools built on top of TensorFlow model analysis that can regularly
calculate and visualize fairness indicators for binary and multi-class classification [37-39].

Although the above work provides tools and theoretical analysis, due to the short
research time of this problem and still in the preliminary exploratory stage, there is no
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mature standard for how to quantify the risk of Al fairness and little insights in how to
make decisions in the case of consensus and controversy with the commonly accepted
solutions to the risks.

2.2. Review Methodology
2.2.1. Materials

Aiming at the topic along with the issues above, we collected a variety of current
academic and technical materials on Al equity and conducted a synthesis study. The infor-
mation synthesized in this study comes from a variety of reliable sources. These sources
include recent publications in prestigious academic journals, distinguished conference
proceedings, and well-established online repositories dedicated to the fairness of AL

Our comprehensive search strategy includes systematic searches of respected academic
databases, including IEEE Xplore, ScienceDirect, ACM Digital Library, Springer, Wiley
Library, etc. In addition, we carefully reviewed relevant conference proceedings and
authoritative organization websites to ensure research inclusiveness. In a robust and
diverse collection, we conducted a meticulous review process that encompassed a wide
range of sources. We extensively searched through various databases, culminating in
the compilation of 1083 materials, comprising Proceedings, Miscellaneous, Articles, Tech
Reports, Books, Ph.D. theses, and Collections. To filter the literature and complete the
review, the review process was multifaceted and involved several key criteria.

2.2.2. Criteria

The inclusion and exclusion criteria we use in selecting sources of information are
carefully thought out to ensure the relevance and quality of the studies included in our
analysis. Our criteria included peer-reviewed academic articles, conference papers, and
authoritative reports that explicitly address the fairness of Al in data management and
analytics. During the synthesis process, we thoughtfully grouped studies based on thematic
affinity, methodology, and the nature of the fairness challenges to be addressed. This group-
ing strategy facilitates a coherent and well-organized synthesis of the different perspectives
in the literature. Our criteria for selecting materials are carefully considered and include
the following factors, including the following:

¢  Duplication: We strive to offer diverse and original content to our audience. To avoid
redundancy, we review submissions to ensure that the material we publish does not
duplicate the existing content in our collection.

¢ Ineligible content: Our selection process also involves evaluating whether the
submitted content meets our eligibility criteria, including adhering to our guidelines
and standards.

¢  Publishing time: We value timeliness and relevance. We prioritize materials that are
current and align with the most recent developments and trends in the respective field.

*  Quality of publication: Ensuring the quality of the content we publish is of utmost
importance. We assess the accuracy, credibility, and overall value of the material to
ensure it meets our quality standards.

*  Accessibility: Our goal is to make information accessible to a wide range of readers.
We select materials that are well structured, clear, and easily understandable, catering
to readers with varying levels of expertise.

*  Similarity of content: While covering a broad spectrum of topics, we also strive
for variety and distinctiveness in our content selection. We aim to present diverse
perspectives and insights to enrich the reader experience.

We adopted PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) in our review, which meticulously outlines the systematic progression of the
study identification, screening, eligibility, and inclusion phases, thereby increasing the
reproducibility and rigor of the review process. The PRISMA procedure is shown in
Figure 1 as a flowchart. After the procedure, reference lists of selected articles in the field
are reviewed intensively while identifying potential studies.
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[ Identification Bibliographies ] [ Screening ] [ Included ]
Proceedings 685 Proceedings 343 Proceedings 290 Proceedings 137 Proceedings 90
Miscellaneous 1 Miscellaneous 1 Miscellaneous 1 Miscellaneous 1 Miscellaneous 1
Atrticle 318 Article 244 Article 237 Article 217 Article 208
Tech report 56 Tech report 23 Tech report 20 Tech report 5 Tech report 2
Book 1 Book 1 Book 1 Book 1 Book 1
PhD thesis 5 PhD thesis 5 PhD thesis 3 PhD thesis 2 PhD thesis 2
Collection 17 Collection 10 Collection 7 Collection 7 Collection 7

1083 627 559 370 311

Duplication Ineligible Out of Date Similar / Inaccessible Quality

10 332 53 153 47

0 0 0 0 0

56 128 7 2 9

12 21 3 15 3

0 0 0 0 0

0 0 2 1 0

3 4 3 0 0

[ Remove Before Screening ]

[ Screening ] [ Retrieving ] [ Quality and Eligibility ]

Figure 1. Procedure of preferred reporting items for systematic reviews and meta-analyses.

2.3. Limitations

It is important to recognize that while these sources have contributed significantly to
our understanding, there are limitations to the evidence they provide. These limitations
stem primarily from nuances in research methodology, sample size, and context, which
may affect the generalizability of the conclusions drawn from individual studies. The
landscape of Al fairness is dynamic, with research and advancements continually shaping
our understanding of its complexities. While our current coverage might have limitations
due to the rapid pace of change and ongoing research, please know that we are committed
to further studying and exploring this crucial subject. Despite these inherent limitations,
our review endeavors to provide a comprehensive and balanced overview of the current
state of research related to the fairness of Al. We are dedicated to providing accurate and
comprehensive information to readers with the notice of the need to stay engaged with
emerging topics like Al fairness.

3. Definition and Problems
3.1. Definition

As Al technologies continue to permeate all aspects of society, ensuring fairness in their
decision-making processes is crucial to avoid perpetuating bias and inequality. However,
defining what constitutes fairness in Al is a complex and multifaceted task. So far, there are
mainly seven types of definitions, including individual fairness [40,41], group fairness [42],
equality of opportunity [11], disparate treatment [43], fairness through unawareness [44,45],
disparate impact [46], and subgroup fairness [47].

Fairness in Al can be approached through different conceptual lenses. Individual fairness
emphasizes equitable treatment for similar individuals, while group fairness aims to avoid
disparate treatment based on demographic attributes. Equality of opportunity focuses on
consistent predictive accuracy and error rates across various groups, regardless of outcomes.

An alternative approach is fairness through unawareness, achieved by ignoring sen-
sitive attributes in decision making. Despite its intentions, this method might indirectly
perpetuate bias present in data. Disparate impact examines whether Al systems dispropor-
tionately harm certain groups, irrespective of intent. It aims to uncover biases in outcomes,
intentional or not.

To address complex interactions, subgroup fairness evaluates fairness at the intersec-
tion of multiple protected attributes, ensuring equitable experiences for diverse subgroups.
These conceptions contribute to a comprehensive understanding of fairness in Al and
underscore the multifaceted nature of achieving equitable outcomes.
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Table 1 summarizes these approaches to fairness in Al. Individual fairness prioritizes
personalized treatment, while group fairness targets demographic equity. Fairness through
unawareness and equality of opportunity tackle fairness differently—ignoring attributes
vs. ensuring equal chances based on qualifications. Disparate impact assesses negative
effects, disparate treatment detects unequal treatment. Subgroup fairness navigates com-
plex attribute interactions for equitable outcomes. These concepts collectively enrich the
understanding of fairness in Al systems.

Table 1. Fairness definition.

Data Bias Definition Main Cause References
Individual Fairness Similarity at the individual level Treat similar individuals similarly [40,41,48,49]
Group Fairness Equitable outcomes for demographic groups Avoid disparities among groups [42,50,51]

Fairness through Un-

Treat individuals as if attributes are

AWATeness Ignoring sensitive attributes unknown [44,45,52]
Equality of Opportunity ~ Equal chances for similar qualifications Ensure equal chances for outcomes  [11,53,54]
Disparate Impact Disproportionate negative effects Evaluate disparities in outcomes [6,46,55]
Disparate Treatment Explicit unequal treatment Detect explicit biases in treatment [43,56,57]
Subgroup Fairness Fairness at the intersection of multiple at- Consider fairness for multiple [47,58]

tributes groups

Data Bias Accountability Algorithm Bias Accountability Inclusivity with Utilization Bias

Data Collection

Data Labeling Parameter

Training &
Testing Dataset
Setup

3.2. Problems

The risks with Al systems mainly come from data accountability [24,59] and algorithm
accountability [60-62]. The connotation of data accountability mainly includes data owner-
ship, storage, use, and sharing, while algorithm accountability emphasizes determining
who is responsible for the output of Al algorithms. The interplay of these two risks also
raises the question of mission inclusivity [63-65], which mainly focuses on whether the Al
system is effective for diverse user populations. Bias effects in machine learning are shown
in Figure 2.

Metrics Setup
for Evaluation

Objective Setup
for Training

Optimizer &

Fine Tuning

Setup

Training
Strategy Setup

User Feedback

Figure 2. Bias effects in machine learning.
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Biases in Al models can arise from data collection, labeling, and partitioning, affecting
data integrity. Human factors during training, including optimization objectives and pa-
rameter configurations also contribute to bias. Inclusivity applications involve tuning and
updates guided by user feedback, which holds substantial influence. Techniques like K-fold
mitigate dataset bias, but original bias persists, highlighting the importance of robust data
accountability. Subjective optimization objective design exacerbates bias effects. Addressing
these issues requires comprehensive strategies for data and model development.

Feedback bias in AI model tuning can arise if participants providing feedback are
disproportionately represented in specific communities or feature sets. This concentration
can lead to model adjustments aligning more closely with the preferences of that group.
Grouping can be based on experimental settings or attributes, aiding the analysis of cognitive
and labeling differences” impact on bias patterns. Statistical features synthesized from group
evaluations can influence machine learning model outcomes.

The inclusivity of intelligent computing services relies on data and algorithm ac-
countability to mitigate bias and ensure fairness in machine learning processes. While
industry practices often exclude sensitive attributes to address fairness concerns, this
approach overlooks the potential influence of non-sensitive attributes in reflecting bias.
Additionally, evaluating fairness using static test sets poses challenges, including potential
incompleteness and inherent bias carried over from existing systems.

Moreover, the feedback loop between machine learning system outputs and inputs
can perpetuate and reinforce biases, necessitating the analysis of algorithms in dynamic
systems. Label noise further complicates the picture, as large datasets essential for deep
network training can inadvertently incorporate incorrect labels, undermining model
accuracy and performance.

Addressing these challenges, ongoing research focuses on detecting and mitigating
bias while designing fair machine learning mechanisms and intelligent systems. Bias analy-
sis and fair training emerge as critical areas, aiming to enhance the technical understanding
and current status of each direction.

4. Bias Analysis
4.1. Data Bias

Data bias is a critical concern in artificial intelligence (AI) systems, as biased
data can lead to unfair and discriminatory outcomes. It arises when the training
data used to develop Al models are skewed, leading to biased predictions or deci-
sions [66,67]. Biased data can perpetuate historical prejudices and result in discrimina-
tory outcomes. There are five main types bias, including selection bias [68-71], sampling
bias [25,72,73], labeling bias [26,74-77], temporal bias [78-81], aggregation bias [82-86],
historical bias [52,87-89], measurement bias [4,90-92], confirmation bias, proxy bias,
cultural bias, under-representation bias [93-95], and homophily bias [96-98]. Table 2
shows the comparison of the different types of data biases.

Bias in Al models can stem from various data-related sources. Selection bias arises from
skewed data representation due to biased collection or incomplete sampling. Aggregation
bias results when data from different sources with varying biases are combined without
proper consideration. Sampling bias emerges when training data fail to represent the tar-
get population adequately. Labeling bias occurs due to errors in annotation, introducing
bias into training. Measurement bias originates from inaccuracies during data collection,
impacting the model’s ability to learn accurately. Temporal and historical biases arise from
reflecting outdated societal biases. Unconscious biases, such as cultural bias, lead to biased
decisions for diverse groups. Proxy bias uses correlated proxy variables, indirectly introducing
bias. Homophily bias reinforces existing patterns in prediction, potentially intensifying bias.
Understanding and mitigating these biases are crucial for equitable Al systems.
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Table 2. Comparison on data biases.
Data Bias Definition Main Cause Impact on AI References
Certain eroups are Al models may not be
Selection Bias sroup Biased data collection process representative, leading to [68-71]
over/under-represented biased decisions
Sampling Bias Data are not a random Incomplete or biased sampling Poor g?nerallzatlgn .to new [25,72,73]
sample data, biased predictions
Labeling Bias  Errors in data labeling Annotators’ biases or societal Al models legrn and [26,74-76]
stereotypes perpetuate biased labels
Temporal Bias  Historical societal biases Qutdated data reflecting past Al models may reinforce [78-81]
biases outdated biases
Aggregation Data combined from Differing biases in individual ﬁﬁeagjegzgo?;g ;(ziilécti) [82-85]
Bias multiple sources sources biased data
. . . . . Model may perpetuate
Historical Bias Tra}mng <.:lata reflect past B1a§es 1nh.er1t.ed. fror.n historical historical biases and reinforce  [52,87-89]
societal biases societal discrimination inequalities
. . . Model 1 f fl
Measurement  Errors or inaccuracies in data  Data collection process da?adeleae;irr?s tzoi?acjlj\;z‘tie [4,90-92]
Bias collection introduces measurement errors o & !
predictions
Confirmation ~ Focus on specific patterns or ~ Data collection or algorithmic ?ﬁ?oii:lﬁi};(;‘;gli?ﬁfﬁlfgam [27,99-102]
Bias attributes bias towards specific features existing biases !
Indirect reliance on sensitive Use of correlated proxy Model indirectly relies on
Proxy Bias attributes variables instead of sensitive sensitive information, leading  [42,103-105]
attributes to biased outcomes
. . Model predictions may be
Cultural Bias Data reflect cultural norms Cultur.a Linfluences m data biased for individuals from [72,106,107]
and values collection or annotation different cultural backgrounds
Under- . C'ert‘afl‘n grcl)ups are Low representation of certain Model performance is poorer
representation  significantly groups in the training data for underrepresented groups [95-951
Bias underrepresented
Homophily Predictions based on Tendency of models to make Model may reinforce existing [96-98]
Bias similarity between instances  predictions based on similarity =~ patterns and exacerbate biases

4.2. Algorithmic Bias

Algorithmic bias refers to biases inherent in the design and structure of Al models [108,109].
These biases may be unintentionally introduced during the development process, leading to
unequal treatment of different groups. The main algorithmic biases include prejudice bias,
sampling bias, feedback loop bias, lack of diversity bias, and automation bias.

Prejudice bias arises from biased training data, perpetuating societal stereotypes. Sam-
pling bias stems from data misrepresentation, causing poor generalization. Feedback loop
bias is a self-reinforcing cycle, where biased Al predictions lead to biased feedback. Lack
of diversity bias emerges from inadequate dataset representation, affecting underrepre-
sented groups. Automation bias involves over-reliance on Al decisions without scrutiny,
potentially amplifying underlying biases.

Table 3 summarizes the comparison of different types of algorithmic bias in Al systems,
highlighting their definitions and main implications. Prejudice bias originates from biased
data collection, reinforcing discrimination. Sampling bias results from non-representative
data, causing biased predictions. Feedback loop bias is a self-reinforcing cycle driven
by biased predictions and feedback. Lack of diversity bias emerges from homogeneous
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training datasets, affecting underrepresented groups. Automation bias is the uncritical
reliance on Al decisions, amplifying underlying biases.

Table 3. Algorithmic bias comparison.

Algorithmic
Bias

Definition

Main Cause

Impact on Al

References

Prejudice Bias

Al models trained on biased

data

Biased training data and
societal prejudices

Reinforces biases, leads to
discriminatory outcomes

[76,110-112]

Sampling Bias

Data do not represent the target

Incomplete or skewed

Poor generalization, biased

[85,113-115]

population sampling methods predictions
Feedback Self-reinforcing bias cyclein AI ~ Biased predictions influencing ~ Amplifies biases, [116-120]
Loop Bias predictions biased feedback perpetuates discrimination
Lack of Training on limited or Insufficient representation of Performs poorly for

Diversity Bias

homogeneous datasets

diverse groups

underrepresented groups

[40,121-125]

Automation

Human over-reliance on Al

Blind trust in AI without

Perpetuates biases without

Bias decisions critical evaluation human intervention [126-131]
4.3. User Interaction Bias
User interaction bias occurs when Al systems adapt their behavior based on user
feedback, potentially reinforcing and amplifying existing biases [67,132]. It manifests in
various forms, each contributing to biased decision making and unequal outcomes in Al
systems. Table 4 summarizes the typical user interaction biases, including user feedback
bias, underrepresented or biased user data bias, and automation bias.
Table 4. User interaction bias comparison.
Bias Type Definition Main Cause Impact on Al Reference
Biased user feedback or Al models may generate biased
responses can be influenced predictions and decisions based
User User Feedback Bias occurs by users’ subjective on the biased feedback,
Feedback when biased user feedback preferences, opinions, or potentially leading to unequal [116-118]
Bias or responses influence the prejudices. The Al system treatment of certain user groups.
behavior of Al systems. learns from this feedback and  User satisfaction and trust in the
incorporates it into its Al system can be affected by
decision-making process. biased outputs.
This bias arises when the . .
N . Al systems trained on biased user
. data collected from users Lack of diversity or inherent .
Biases from o . . . data may produce unfair
lack diversity or contain biases in user data can result . .
Underrepre- . . . . . outcomes, disproportionately
inherent biases, which can from biased data collection . . e
sented or . . . impacting specific user groups. [133-135]
. lead to biased model practices, data preprocessing, . .
Biased User L - . L . ; Biases in data can lead to the
predictions and decisions or historical biases reflected in - e
Data . . perpetuation and amplification of
that disproportionately the data. AN o
: existing inequalities.
affect certain user groups.
. . Automation bias can lead to the
Automation bias can occur i
. . uncritical acceptance of
Automation bias refers to when users over-rely on Al
. . - . . Al-generated outputs, even when
. biased decision making by recommendations without . .
Automation e o . they are biased or inaccurate. It
o users when utilizing Al critically evaluating or . .
Bias in . o may result in erroneous or unfair
systems, potentially verifying the results. Human - [126,128,129]
Human-AlI . . , . decisions based on Al
. influencing the Al system’s  trust in Al systems and the .
Interaction recommendations. Awareness of

outcomes and
recommendations.

perceived authority of the Al
can contribute to automation
bias.

automation bias is crucial to avoid
blindly accepting Al decisions
without human oversight.
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User feedback bias and bias from underrepresented or biased user data contribute to
user interaction biases, influencing Al system behavior and predictions. The interaction be-
tween humans and Al, rooted in automation bias, further affects these biases. Notably, user
interaction bias and algorithmic bias overlap, as biases from human—computer interaction
data impact industrial intelligence models, highlighting their interconvertibility.

5. Fair Training
5.1. Fair Training Methods

In response to the above bias analysis, we hope to be able to develop an Al system
without bias by conducting fair training so that we can avoid perpetuating inequalities
due to discriminatory appearances caused by biases. Fairness training aims to reduce these
biases and promote fair decision making. There are several fair training methods that
are currently in common use, including pre-processing fairness [136], in-processing fair-
ness [137], post-processing fairness [46], regularization-based fairness [43], counterfactual
fairness [41,45,138].

Pre-processing, in-processing, and post-processing fairness techniques address bias
in Al systems from different angles. Pre-processing involves modifying training data to
balance group representation. In-processing modifies learning algorithms to integrate fair-
ness. Post-processing adjusts model predictions to align with fairness goals. Additionally,
regularization-based methods introduce fairness constraints in optimization, aiming to
minimize disparities, while counterfactual fairness measures fairness by assessing outcome
consistency for similar individuals across sensitive attributes.

Fair training techniques, as depicted in Table 5, strive to mitigate biases in Al systems
by integrating fairness considerations into the training process. Through the incorporation
of sensitive attributes and fairness constraints, these methods aim to diminish the impact
of such attributes on model predictions, guarding against biased outcomes that could
disproportionately affect marginalized groups. The challenge lies in striking a balance
between fairness and accuracy, avoiding the compromise of model performance while
enhancing fairness.

Table 5. Fair training method comparison.

Fair Training

Method Definition Implementation Key Features References
. Modifying training data . - .
Prfe—processmg before feeding into the Re-sampling, re‘—welghtmg, Addresses bias at the data [136,139,140]
Fairness model data augmentation level
In-processin Modifying learning Adversarial trainin, Simultaneously optimizes
P & algorithms or objective & y op [137,141,142]

Fairness

functions

adversarial debiasing

for accuracy and fairness

Post-processing

Adjusting the model’s

Re-ranking, calibration

Does not require access to

[46,143-145]

Fairness predictions after training the model’s internals
Regularization- . . . . . .
b:sgeljial‘lla ron Adding fairness constraints Penalty terms in the loss Can be combined with [43,146,147]

. to the optimization process function various learning algorithms T
Fairness

ing fai g

Counterfactual Measurlr}g airness based on . Focuses on individual-level

. changes in sensitive Counterfactual reasoning . [45,148,149]
Fairness fairness

attributes

5.2. Pre-Processing Fairness

Preprocessing fairness applications involve modifying training data before feeding
them into an Al model to reduce bias and promote fairness. These techniques focus on
addressing biases in the data themselves, which can lead to fairer model results. Common
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methods include resampling, reweighting, data augmentation, fairness-aware clustering,
and synthetic oversampling techniques.

Resampling techniques, such as oversampling and undersampling, adjust data distri-
bution to alleviate bias by equalizing group representation. Reweighting assigns higher
weights to underrepresented instances during model training, reducing bias against
marginalized groups. Data augmentation generates synthetic data to bolster underrepre-
sented groups, enhancing fairness. Fairness-aware clustering ensures equitable grouping,
while the Synthetic Minority Oversampling Technique (SMOTE) generates synthetic sam-
ples to balance class distribution, promoting fairness in classification tasks. These methods
collectively counteract bias and enhance fairness in Al models.

In Table 6, it can be seen that re-sampling techniques handle class imbalance, re-
weighting adjusts data importance, data augmentation enhances diversity, attribute swap-
ping equalizes sensitive attributes, fairness-aware clustering ensures equitable grouping,
and SMOTE addresses class imbalance. By selecting and applying the appropriate pre-
processing fairness method based on the specific dataset and fairness goals, Al practitioners
can develop models that prioritize fairness and equitable outcomes. Continued research
and experimentation with these techniques will advance the pursuit of unbiased Al appli-
cations across various domains.

Table 6. Pre-processing fairness comparison.

Pre-Processing

Fairness Method Features Pros Cons References
Re-sampling Balance representation of Simple and easy to May leac! to loss 9f

. . . information and increased [150-153]
Techniques different groups implement -

computation

Re-weighting Assign higher weights to Does not alter the original Requires careful selection of

: . . [154-159]
Techniques underrepresented groups dataset appropriate weights
Data Augmentation Qenerate synthetic Qata to Inc‘re'ases the diversity of the = Synthetic data may not fully [160-163]

increase representation training dataset represent real-world samples

Fairness-aware Cluster data points while Incorporates fairness May not guarantee perfect [164-167]
Clustering maintaining fairness constraints during clustering  fairness in all clusters
Synthetic Minority . . -
Over-sampling giriiza;(iii);r;?etcllcazzmples Addresses class imbalance nMoéilz r(sezlit 11re150V€rf1tt1ng or [168-171]
Technique (SMOTE) Y Y samp

5.3. In Processing Fairness

In-processing fairness refers to modifying the learning algorithm or objective function
during model training to explicitly incorporate fairness constraints. These techniques aim
to simultaneously optimize accuracy while reducing bias and promoting fairness. Their
main approaches include adversarial training [172-176], adversarial debiasing [137,177-179],
equalized odds post-processing [11,144,177,180], fair causal learning [45,181-184], and meta-
fairness [163,185,186].

Table 7 summarizes the comparison of the methods above. Adversarial training and
adversarial debiasing introduce an adversarial component to the learning process, aiming
to minimize the influence of sensitive attributes on model predictions. These methods
have been applied across tasks like natural language processing, computer vision, and
recommendation systems to enhance fairness and reduce bias. Causal learning methods
focus on understanding causal relationships within data and addressing confounding
factors that lead to biased predictions. This approach has been implemented in domains
such as healthcare and criminal justice to ensure fairer and more interpretable outcomes.
Meta Fairness involves learning a fairness-aware optimization algorithm that dynamically
adjusts the balance between fairness and accuracy during model training. It is particularly
valuable when fairness requirements vary across user groups or over time.
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Table 7. In-processing fairness comparison.

In-Processing

Fairness Pros Cons References
Method
Adversarial Adversarial component to Enhances model’s fairness Sensitive to .a'dversar.la'l
. o .. . A attacks, requires additional [172-176]
Training minimize bias impact while maintaining accuracy ;
computational resources
Adversarial Adversarial network to Simultaneously reduces bias Adversarial training
.. .\ . . P challenges, potential loss of [137,177-179]
Debiasing remove sensitive attributes and improves model’s fairness -
predictive performance
Equalized . - . oo May lead to suboptimal
Odds Post- Adjust mode.l predictions to Guar.a.ntee.zs fairness in binary trade-offs between fairness [11,144,177,180]
. ensure equalized odds classification tasks
processing and model performance
Causal . . . Requires causal assumptions,
Learning for Focug on cause.al relationships Addre.sses co.nfoundlr}g .factors may be limited by data [45,181-184]
. to adjust for bias to achieve fairer predictions 11
Fairness availability

Meta Fairness

Learns fairness-aware
optimization algorithm

Complexity in learning the
optimization algorithm,
potential increased
complexity

Adapts fairness-accuracy
trade-off to changing
requirements

[163,185,186]

Adapting to different biases and trade-offs between fairness and performance, these
methods provide valuable tools for equitable Al. Choosing the appropriate method hinges
on factors such as the application context and bias type.

5.4. Post-Processing Fairness

Post-processing fairness methods focus on adjusting or post-processing the out-
put of trained Al models to ensure fairness and reduce bias after the model has made
its predictions. These techniques are applied after the model has made a decision
to align the results with the fairness goal and mitigate any potential bias present
in the predictions. Some common post-processing fairness methods include equal-
ized odds post-processing [11,144,177,180], calibration post-processing [187-190], re-
jected options classification (ROC) post-processing [144,191-193], priority sampling
post-processing [194-196], threshold optimization post-processing [197-200], and reg-
ularization post-processing [201-204]. Table 8 summarizes the features, pros and cons
with the comparison of these methods.

Equalized odds post-processing is employed post-model training to align predictions,
ensuring equal false alarm and omission rates across different groups. Calibration refines
predicted probabilities to accurately reflect event likelihood. Reject option classification
introduces a “reject” option to avoid biased predictions in sensitive situations. Preferen-
tial sampling post-processing reshapes training data distribution for enhanced fairness.
Threshold optimization post-processing adjusts decision thresholds for a balanced fairness—
accuracy trade-off. Regularization post-processing employs regularization techniques to
encourage fairness during model optimization. These techniques offer ways to enhance
fairness in Al predictions and are particularly useful in contexts like credit scoring and
hiring decisions.

The effectiveness and suitability of post-processing fairness methods vary with the
Al application and fairness goals. While valuable in certain contexts, these techniques
might not entirely resolve root biases. A holistic Al fairness approach should combine pre-
processing, in-processing, and post-processing methods, alongside continuous monitoring
and evaluation, to ensure equitable outcomes.
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Table 8. Post-processing fairness comparison.

Post-Processing

Fairness Method Features Pros Cons References
Equalized Odds Adjust model predictions Ens.u res equalized falls.e May lead to suboptlrr}al
. . positive and true positive trade-offs between fairness [11,144,177,180]
Post-processing to ensure equalized odds
rates across groups and model performance
Calibration Calibrates model’s In.1p roves falr.ness by Calibration may not entirely
aligning confidence scores [187-190]

Post-processing

predicted probabilities

with true likelihood

remove bias from the model

Reject Option
Classification
(ROC)

Post-processing

Introduces a “reject”
option in classification
decisions

Allows the model to abstain
from predictions in high
fairness concern cases

May lead to lower accuracy
due to abstaining from
predictions

[144,191-193]

Preferential Modifies the training Improves fairness by
. o R . May not address the root
Sampling data distribution by adjusting the representation o [194-196]
. Lo . causes of bias in the model
Post-processing resampling instances of different groups
Threshold Adjusts decision Allows fine-tuning of .
o . . May not fully eliminate all
Optimization thresholds for fairness fairness and performance . . [197-200]
. biases in the model
Post-processing and accuracy trade-off balance
- Applies fairness . . . . .
Regularization constraints during model Encourages fairness during ~ Fairness constraints might [201-204]

Post-processing

training

the optimization process

impact model performance

5.5. Regularization Based Fairness

Regularization-based fairness methods are emerging as a promising approach to miti-
gate biases in machine learning models. Regularization techniques aim to enforce fairness
constraints during the model training process, ensuring that the model’s predictions are
less influenced by sensitive attributes and promote equitable outcomes. Table 9 summarizes
and compares different regularization methodologies for Al fairness, including adversarial
regularization [205-208], demographic parity regularization [201,204,209-211], equalized
odds regularization [201,212,213], covariate leveling regularization [214,215], and mixture
density network regularization [216-218].

Table 9. Regularization-based fairness comparison.

Regularization-Based

Fairness Method Features Pros Cons References
. . Encourages .
Adversgrlal. Introduces adversarial disentanglement of Compu.tahonally [205-208]
Regularization component o . expensive
sensitive attributes

Demogr.aph}c Parity Enforces similar distributions Addresses group fairness May lead to accuracy [201,204,209-211]
Regularization across groups trade-offs
Equalized Odds Ensures similar false/true Emphasizes fairness in May lead to accuracy [201,212,213]
Regularization positive rates both rates trade-offs ”
Covariate Shift I;;i:;e/sui?i}::et Orfesen ted Addresses bias due to Sensitive to noise in [214,215]
Regularization p distributional differences the data g

subgroups
Mixture Density L Provides probabilistic Requires larger

Models uncertainty in . amount of data to
Network - approach to fairness . a1 [216-218]

L predictions o estimate probability

Regularization regularization

distributions
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Regularization-based fairness methods introduce additional components to the model
training process to mitigate bias in Al predictions. Adversarial regularization aims to mini-
mize model dependence on sensitive attributes by introducing an adversarial component.
Demographic parity regularization enforces similar prediction distributions across sensitive
attribute groups. Equalized odds regularization maintains consistent false alarm and true
alarm rates among these groups. Covariate leveling regularization adapts predictions
to diverse data distributions. Mixture density network regularization models prediction
uncertainty through probability density functions. Each approach offers distinct benefits
and trade-offs in addressing bias.

5.6. Counterfactual Fairness

Counterfactual fairness is an approach that seeks to address bias in Al models by con-
sidering counterfactual scenarios, where sensitive attributes are altered while keeping other
features fixed. The idea is to evaluate fairness by examining how the model’s predictions
would change if an individual belonged to a different demographic group, allowing for
a more nuanced understanding of biases. Table 10 summarizes and compares different
regularization methodologies for Al fairness, including individual fairness [40,168,196,219],
equal opportunity fairness [220-222], reweighted counterfactual fairness [223-225], and
oblivious training [226-228].

Table 10. Counterfactual fairness methods comparison.

Counterfactual
Fairness Method Features Pros Cons References
. . Considers fairness at the . s .
- Focuses on treating similar s g . Defining similarity metrics and
Individual T . individual level, Lo .
. individuals similarly based on . . enforcing individual fairness [40,196,219]
Fairness . promoting personalized .
their features . can be challenging
fairness
Equal Minimizes disparate impact on  Targets fairness in favor of ~May neglect other fairness
Opportunity true positive rates across historically disadvantaged = concerns, such as false positive = [220-222]
Fairness sensitive attribute groups groups rates or overall accuracy
Equalized Odds Aims for s1m.11.ar false positive Addressgs. fairness in both May lead to accuracy
- and true positive rates across false positives and false [229-231]
Fairness o . i trade-offs between groups
sensitive attribute groups negatives
Reweighted Assigns different weights to Provides better fairness De’Fermlnlng appro.prlate.
. SO, S weights and balancing fairness
Counterfactual instances based on similarity to  control by adjusting [223-225]
. . . . and accuracy can be
Fairness counterfactual scenarios instance weights .
challenging
. Trains the model to be ignorant Offer:? a simple anq' May result in lower moc'le'ﬂ
Oblivious . ot . effective way to mitigate performance when sensitive
.. of certain sensitive attributes . . . [226-228]
Training the impact of sensitive attributes are relevant to the

during learning

attributes

task

Individual fairness focuses on treating similar individuals equally despite their pro-
tected attributes. It promotes personalized fairness at the individual level, emphasizing
fine-grained treatment. Equal opportunity fairness ensures similar true positive rates across
different groups to prevent disparate impact in binary classification. Reweighted counter-
factual fairness adjusts data weights during training to mitigate bias and can be combined
with fairness-aware algorithms. Oblivious training trains models on both original and
counterfactual data to promote fairness without explicit labels.

These methods address different fairness concerns, considering both individual and
group fairness aspects, each with their computational and implementation considerations.
Each fairness method has strengths and limitations, potentially impacting areas like model
performance and interpretability. The method chosen should align with specific fairness
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criteria and application contexts, as certain methods may be better suited for particular
domains than others.

In medical data collection, informed consent methods are employed to clarify data
usage and potential risks. Privacy techniques like anonymization protect individuals” iden-
tities. Data minimization reduces privacy risks by collecting only necessary information,
though this may limit insights. Transparency communicates data collection processes,
building trust while potentially raising privacy concerns. Data security measures include
encryption and access controls to prevent unauthorized access. Accuracy and accountabil-
ity methods involve auditing for reliable data and research outcomes. These approaches
enhance data quality and accountability but may require resource allocation. Balancing

these strategies is essential for ethical and effective data collection in scientific research.

6. Discussion

6.1. Fair Data Collection

To guarantee the fairness in data collection, we summarize the different methods with
the comparison in Table 11 between informed consent, privacy and anonymity, privacy
and anonymization, accuracy and accountability, data security, data minimization, and
transparency approach.

Table 11. Fair data collection fairness methods comparison.

Method Category  Features Pros Cons References

Informed Consent Obte.m.n explicit consent from Respects individual autonomy  May lead to selection bias [232-234]
participants

Informed Consent Clear gxplanatlon of data Builds trust with participants Conse.mt may not always be [235,236]
collection purpose fully informed

Informed Consent  Informed of potential risks Difficulties W.lth complex [237-239]

research studies
. Data anonymization, -

Privacy a.nd aggregation, Protects participant privacy Reduced. utility of [240,241]

Anonymity . e anonymized data
de-identification

Privacy and Prevents re-identification of =~ Minimizes risk of data Challenges in preserving

; e 5 [242-244]
Anonymity individuals breaches data utility
Data Minimization — Collect only necessary data Reduces data collection and Limited data for certain [28,245,246]
storage costs analyses

Avoid gathering

Data Minimization excessive/inappropriate Mitigates privacy risks Potential loss of insights [247,248]
data

Transparency Clear c‘ommumcatlon of data Builds trust with data subjects May lead to privacy [249-251]
collection process concerns

Transparency Information on methods and  Increases (.tlata sharing and Difficulties in balancing [249-251]
data use collaboration transparency

Data Security Encry.ptlon, ?ccess controls, Protects d.ata from Implementation costs [252-254]
security audits unauthorized access

Data Security Safeguards data from Prevents da.ta manipulation Potential usability impact [252-254]
breaches and tampering

Accuracy and Processes for data accuracy Ensures reliability of data Requires resource allocation [24,255,256]

Accountability

and accountability

for auditing

6.2. Regular Auditing and Monitoring

The continuous monitoring and auditing of Al systems are crucial to identify and
address emerging biases throughout the Al lifecycle. Regular auditing and monitoring are
crucial aspects of ensuring Al fairness in real-world applications. Table 12 summarizes
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different methods for auditing and monitoring Al fairness, including disparate impact anal-
ysis, fairness-aware performance metrics, bias detection techniques, algorithmic fairness

dashboards, model explanation and interpretability, and continual bias monitoring.

Table 12. Regular auditing and monitoring comparison.

Method Features Pros Cons References
Disparate Impact ~ Measures disparate impact Easy to implement and Only captures one aspect of [6,257,258]
Analysis ratios interpret fairness (impact ratios) Y
Fairness-aware . Provides a holistic view of Choice of fairness metric
Simultaneously evaluates
Performance . model performance and may not fully capture [259-261]
. accuracy and fairness . 4 . .
Metrics fairness desired notions of fairness
May require domain
Bias Detection Identifies biases in data or Alerts to potential fairness expertise for interpreting [71,262,263]
Techniques model predictions issues early and addressing identified e
biases
Algorithmic . . . . . o .
Fairmess Real-time visualizations and  Enables continuous fairness =~ Complexity in designing [264-266]
metrics for monitoring monitoring comprehensive dashboards
Dashboards
Model e . Facilitates understanding of May not fully cap turg
. Provides insights into . complex interactions in the
Explanation and .. ; model behavior and . .. [267-270]
. decision-making 11 model, leading to limited
Interpretability potential biases . .
interpretability
Continual Bias Ongoing and regular Detect§ and .addres.ses May require s1gn1f1cant
emerging fairness issues resources for continuous [47,271,272]

Monitoring

assessment

over time

monitoring

7. Al Fairness in Practice

Al fairness has a large number of real-world applications in a variety of fields, where
it is critical to ensure that machine learning models do not perpetuate or amplify bias
and discrimination. The areas where the current research and application work are
more focused are Al-based social infrastructure and management and business appli-
cations. Tables 13 and 14 summarize common applications and case studies with a com-
parison of the approaches and challenges, respectively, including education [273-277]
health care [52,278-280] criminal justice and sentencing [88,281-283], hiring and recruit-
ing [284-286], lending and credit decisions [287-292], online advertising [8,293-295], cus-
tomer service and chatbots [296-303].

7.1. Social Administration

Artificial intelligence (AI) has become an integral part of all industries, changing
the way decisions and processes are managed. In recent years, the concept of Al fair-
ness has gained prominence, especially in the field of social management. Al systems
are increasingly being used in areas such as criminal justice, healthcare, and education.
Table 13 summarizes the typical applications, including issues, mechanisms, opportunities
and challenges.

7.1.1. Health Care

Al fairness can also be applied to healthcare diagnosis and treatment recommendation
systems to reduce bias and ensure fairness in healthcare delivery, as some healthcare Al
systems have been found to differ in the diagnosis of certain diseases among different racial
groups [52,278]. The use of a fairness-aware algorithm improves the performance of the
model and provides a fairer diagnosis for all patients [279,280].
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Table 13. Al fairness in social administration practices.

Application Issues Mechanism Opportunities Challenges
diversifying
. . . ; Enhancing healthcar Ensurin ient priv
Racial and gender biases in  representative datasets. ancing healthcare suring pat © tprivacy
. . . access and outcomes for  and data security.
diagnosis and treatment. Personalized treatment R . . .
Health Care all individuals. Addressing biases in
Unequal healthcare dueto  plans based on . .
) . e Reducing healthcare data collection and data
socioeconomic factors. individual . I,
L disparities. sources.
characteristics.
Fair criteria for . . .
. - - . . ethical considerations
Bias in admissions and admissions and resource  Reducing educational . . .
. . . . . . regarding data privacy in
. resource allocation. allocation. Personalized  disparities. Enhancing . .
Education . . N . educational settings.
Unequal access to quality learning for individual learning outcomes for - g
. I avoiding undue focus on
education. needs. Identifying and all students. . .
- . standardized testing.
assisting at-risk students.
Racial Bias in predictive focus on rehabilitation . . The ethical implications
. . . . . Reducing biased arrests . L
Criminal policing and sentencing. with regular auditing . of using Al in criminal
: . : . and sentencing. N .
Justice and Unfair allocation of and updating the models . justice. Ensuring model
. . . . Allocating resources e
Sentencing resources for crime with transparency in accountability and

prevention.

decision-making.

more efficiently.

avoiding “tech-washing”.

Al applications in healthcare face challenges of interpretability, trust, data privacy,
and security. Privacy concerns hinder data sharing, while complex Al models lack inter-
pretability, impacting trust. Transparent and responsible data management is needed for
data sharing while protecting privacy. Explainable Al can enhance trust by making Al
recommendations understandable [304]. Aligning with healthcare governance measures
can ensure trustworthy Al use. Addressing these issues can revolutionize medical decision
making, improve outcomes, and foster equitable and patient-centered healthcare.

7.1.2. Education

Artificial intelligence fairness is applied to education technology to ensure equal
opportunity for students regardless of their background [273]. This is because in reality,
Al-powered tutoring systems exhibit biases when assigning tasks to students [274,275].
Therefore with the incorporation of fairness awareness, the system can adjust the recom-
mendations to treat all students fairly [276,277].

Al algorithms in college admissions and resource allocation may unintentionally
perpetuate biases, impacting opportunities and diversity. Personalized learning platforms
might worsen educational disparities, particularly for marginalized students. Testing and
assessment bias can lead to unfair evaluations, affecting self-esteem and prospects. Future
work should design fairness-conscious admissions models and Al systems optimizing
fairness to mitigate bias. Transparency and accountability measures should guide Al-
based educational decisions. Incorporating equity in personalized learning algorithms
and diverse educational content can promote equitable support. Culturally responsive
education and diverse resources can also aid in reducing bias in assessments.

7.1.3. Criminal Justice and Sentencing

Utilizing Al fairness to address bias in risk assessment tools ensures that criminal
sentencing decisions are fair [88,281]. In the criminal justice system, some Al-based risk
assessment tools have been found to be racially biased, resulting in harsher sentences
for some minorities [282]. Implementation of fairness awareness training resulted in a
significant reduction in system bias [283].

Current research predominantly addresses racial, socioeconomic, and recidivism pre-
diction biases. Data-driven disparities may lead to biased arrests, bail decisions, and
sentencing. Biased recidivism prediction algorithms misclassify groups as high risk, per-
petuating unfair treatment and higher incarceration rates for marginalized groups.
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Future efforts should gather diverse, representative training data to mitigate bias.
Fairness-aware algorithms and Al models optimizing fairness should be developed to pre-
vent differential treatment based on race or socioeconomic status. Transparent risk assess-
ment models can enhance interpretability, aiding defendants and legal professionals. Regu-
lar model audits are essential to identify and rectify potential biases in model deployment.

7.2. Business

Another important application area for Al Fairness is business. More and more Al
technologies are also being continuously introduced into commercial applications, and
Table 14 summarizes and compares several trending widely used scenarios.

Table 14. Al fairness in business practices.

Application

Issues

Mechanism

Opportunities

Challenges

Bias in job ads and

Debiasing job descriptions,
candidate screening and

Increasing workforce

Balancing fairness and
competence. Ensuring

Recruiting  candidate selection. Lack ~ removing identifiable diversity. Reducing hiring . .
. ey . ; . o A fairness across different
of diversity in hiring. information, diversifying  discrimination. X
. demographics.
training data.
T Implementin . .. Striking a balance between
. Discrimination in loan P & . Expanding access to credit . 5 .
Lending fairness-aware algorithms, Lo fairness and risk
.. approvals. Lack of . for marginalized groups. .
and Credit . .. explaining model ¢ . assessment. Handling
. transparency in decision . . Improving overall lending - .
Decisions makin decisions, alternative data ractices potential adversarial
& to creditworthiness. p attacks on models.
. Differential privacy to . . The balance between
Targeting ads based on . . Improving user experience
. o . protect privacy, biased . . targeted ads and user
Online Ad- sensitive attributes. . and privacy protection. . ifvi
- . . message screening, . i privacy. Identifying and
vertising Reinforcing stereotypes . 12 Fostering a positive bran . . .
throueh ad deliver providing users preference image Addressing hidden biases
& Y controls. & in ad delivery.
. Training chatbots on s
biased responses and . 8 oS0 . . Minimizing harmful or
Customer . L . inclusive and diverse Enhancing user experience .
: inappropriate interactions. . . . offensive responses.
Service . datasets with and customer satisfaction. . ) .
Lack of understanding . . : Dealing with novel inputs
and . L reinforcement learning to  Scaling customer support L
diverse linguistic . . . . . and out-of-distribution
Chatbots improve interactions with  efficiently.

expressions.

feedback on bot behavior.

data.

7.2.1. Hiring and Recruiting

The integration of artificial intelligence (AI) in human resource management (HRM)
introduces transformative enhancements. Figure 3 shows a recruitment process supported
by Al throughout. Al-driven algorithms streamline CV screening and candidate profiling,
while proctored assessments ensure secure remote testing. Al optimizes interview schedul-
ing and personalizes HR training. Behavior tracking and personality analysis provide
insights into candidate dynamics, and Al aids in appraisal monitoring through perfor-
mance metric analysis. These applications collectively reshape HRM practices, enhancing
efficiency and informed decision making.

In the applications of Al system in HRM, artificial intelligence fairness is applied to
mitigate bias in automated hiring systems, ensuring equitable and non-discriminatory
candidate selection [305,306]. Many Al-driven recruitment tools have exhibited biases,
favoring specific candidates and overlooking job requisites [307,308]. Utilizing Al fairness
techniques rectifies these model biases, fostering impartial hiring decisions independent of
attributes unrelated to job proficiency [309]. Tackling these challenges and future endeavors
in Al fairness is pivotal to harnessing the potential of Al for equitable recruitment, fostering
diversity and inclusivity in workforce dynamics.
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Figure 3. Tasks with artificial intelligence for hiring and recruiting in human resources.

7.2.2. Loan and Credit Decisions

Al applications in loan and credit decision making aim to improve decision accuracy,
speed, and fairness while maintaining prudent risk management. As shown in Figure 4, Al
applications in loan and credit decision making involve leveraging artificial intelligence
techniques to assess creditworthiness, streamline lending processes, and enhance risk
management. These applications use Al algorithms to analyze various data sources, such
as financial records, transaction histories, and alternative data, to make more accurate
and efficient lending decisions. This aids in automating and optimizing the loan approval
process, reducing human bias, and increasing access to credit for underserved populations.
Al assists in fraud detection, predicting default risks, and personalizing loan terms based
on individual borrower profiles.

* -
; K Client Corporation L

Project

©
aD

Customer Asset/Liability Investment
Profiling Profiling Profiling

Policy/Product Matching

e.g., Analysis of Balance, Commercial Revenue Prediction,
Register, Finance etc. Financing Analysis, etc.

e.g., Transaction Analysis

Private Credit Corporation Credit

Figure 4. Tasks with artificial intelligence for hiring and recruiting in human resources.



Appl. Sci. 2023,13, 10258

20 of 33

7.2.3. Online Advertising

To counteract bias in credit-scoring models and ensure equitable access to loans and credit
opportunities for all individuals, Al fairness is applied with bias migration strategies [287,288].
Certain Al-driven credit scoring models have exhibited potential bias towards specific demo-
graphic groups [288,289]. Implementing bias mitigation techniques enhances model fairness,
leading to more impartial lending determinations [290-292]. Looking ahead, future efforts
should focus on integrating diverse data sources like rental histories or utility payments into
credit assessments while maintaining fairness. Designing Al models capable of adapting
to various data distributions, including non-traditional data, can also sustain fairness and
accuracy. Incorporating fairness-aware explanations into Al models offers insight into achiev-
ing equitable credit decisions with transparency. Through these applications and ongoing
research, the aim is to foster inclusive and just lending practices by minimizing bias and
promoting unbiased access to credit [287,288,290-292].

Al systems have a substantial role in online advertising, including targeted ad delivery,
content censorship and related design. Figure 5 shows an example of Al applications
according to the hierarchical taxonomy of online advertising. It can be seen that the Al
support can enhance ad relevance and user experience, while also mitigating inappropriate
content. However, challenges related to biases in ad targeting and content moderation
necessitate the development of fairness-aware approaches to ensure equitable outcomes.
In this context, Al technologies both facilitate and necessitate ongoing efforts to maintain
fairness and effectiveness in online advertising practices.

[ Online Advertising ]

email/messages

Web Page Blog/Newsletters

Al Content Censorship

[ Text Advertising ] [ HTML HCI ]

Searching

Content Tag

Contextual Advertising

Keyword
Sponsored Searching Displaying Advertising Al Advertising Delivery
Paid Placement

Banner, Sidebar, HCI

’ ‘ Pop-up/Pop-under Ad ’ ‘ Floating Advertising ’ ‘ Interstitials

Figure 5. An example of Al support corresponding to the taxonomy of online advertising.

To address the issue above, Al fairness is used for ad targeting to avoid promoting
discriminatory or biased content to users based on their attributes [293]. Some online
advertising platforms have experienced problems with certain ads being disproportion-
ately shown to users from specific demographic groups [8,294]. By incorporating fairness
constraints, the platform achieved more balanced ad targeting across all users [295]. Al
algorithms in advertising may unintentionally yield biased ad targeting and content due to
biased training data and content generation. Future work should center on fairness-aware
targeting, bias audits, diverse data, and inclusive content to ensure fairness and inclusivity
in ad delivery.
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Call Centre Data
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FAQ Data

7.2.4. Customer Service

Artificial intelligence is also introduced into customer service, or the customer relation-
ship management (CRM) system [296], which enhances customer interactions and support.
As shown in Figure 6, the chatbots utilize natural language processing and sentiment anal-
ysis to understand customer queries and provide accurate, timely responses. They enable
automated, efficient, and personalized customer interactions, improving user experience.
Al-driven chatbots handle routine inquiries, offer real-time support, and gather insights for
businesses to enhance their services. This technology aims to streamline customer service
operations while ensuring effective and satisfactory customer interactions.

Chat Interface Client Data
(&
8
Chatbot l (_J 8
Data Query & Fetching

Al Modules

CRM Service Data

Keyword Knowledge

Searching Aggregation

Semantic Sentiment
Module Analysis

Figure 6. An example of Al support chatbot system for CRM.

However, some customer service chatbots show biased responses to users who speak
certain language dialects [297-299]. Aiming at this, Al fairness is used in chatbot design to
avoid biased responses or inappropriate behavior towards users [300,301]. After implement-
ing fairness checks, the chatbot provides culturally sensitive and fair interactions [302,303].

The current challenge in the customer service bot domain pertains to mitigating
uncertain biased and inappropriate responses. Chatbots often unknowingly offer biased
or offensive replies due to training data exposure, leading to customer dissatisfaction
and reputational harm. Additionally, limitations in comprehending diverse linguistic
expressions hinder accurate responses to various language forms, including slang. Further,
inadequacies in addressing sensitive topics and emotional responses lead to inappropriate
interactions in some customer service bots.

In prospective research, countering the aforementioned concerns requires embedding
bias detection and mitigation mechanisms to identify and address biased language and
responses in chatbot interactions. Mitigating biased replies can be achieved by adopting
inclusive training data representing diverse user demographics and employing natural
language processing techniques to enhance language comprehension. Continuous learning
is essential for customer service bots to adapt and comprehend various language styles
through user interactions.

8. Conclusions

This article introduces the study of fairness in artificial intelligence, detailing the
background and definition of this concept. The article introduces the development process
of the fairness problem in Al systems from the perspectives of practical applications and
the current state of development, and reviews and discusses the main research directions
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for solving the fairness problem in Al—bias analysis and fairness training—respectively. In
the course of the review, the ideas and implementations of each method are explained in
detail, and their respective characteristics and occasions of use are compared. The article
also explores measures to reduce bias and improve fairness in Al systems, reviews relevant
problems and solutions in practical applications of Al fairness, and discusses possible
future research directions. On the basis of the theoretical foundations and methodology
of Al fairness, the paper also explores scenarios and application examples in practical
applications, thus contributing to the current discussion on fair and unbiased Al systems.

This paper also provides an in-depth comparison of the characteristics, advantages,
and disadvantages of each of the different methods, based on the collation of the state-of-
the-art research. The results of the comparison will provide advisory support for future
research and development. At the same time, this paper also summarizes some of the
existing problems in existing applications and proposes some focuses and solution ideas
for future research work. These summaries will provide ideas for the further development
of fairness in future Al systems.

The information synthesized in this study comes from a variety of reliable sources.
These sources include recent publications in prestigious academic journals, distinguished
conference proceedings, and well-established online repositories dedicated to the fairness
of AL It is important to recognize that while these sources have contributed significantly to
our understanding, there are limitations to the evidence they provide. These limitations
stem primarily from nuances in the research methodology, sample size, and context, which
may affect the generalizability of conclusions drawn from individual studies. The land-
scape of Al fairness is dynamic, with research and advancements continually shaping our
understanding of its complexities. While our current coverage might have limitations due
to the rapid pace of change and ongoing research, please know that we are committed to
further studying and exploring this crucial subject.
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