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Abstract 

Artificial intelligence (AI) systems are increasingly mediating consequential decisions in 

healthcare, finance, employment, and criminal justice, yet a growing body of evidence 

shows that these systems can encode and amplify social bias, leading to unfair, 

discriminatory, and ethically problematic outcomes. The literature in this area has increased 

rapidly, but it is fragmented across computer science, ethics, law, and the social sciences, 

and few studies synthesize it using a clear and reproducible methodology. This research 

tackles this gap using a systematic literature review (SLR) of 110 peer-reviewed 

publications published between 2016 and 2023, selected and reported following PRISMA 

2020 principles. A search was performed in Scopus for studies that were filtered according 

to predetermined inclusion and exclusion criteria and analyzed by thematic content analysis. 

The synthesis identifies three major sources of bias (data-driven, algorithmic and 

human/cognitive) and four common ethical features (fairness and equity, transparency and 

accountability, governance and regulation and mitigation). The research finds that data-

driven bias and fairness concerns dominate the literature, mitigation methods are largely 

technical and seldom verified in implementation, and governance measures trail behind 

technical advancements. The paper contributes a coherent conceptual framework linking 

sources of prejudice with ethical implications and levels of mitigation, and a description of 

an agenda for future empirical research. 

Keywords: artificial intelligence; algorithmic bias; AI ethics; fairness; systematic literature 

review; PRISMA 

1. Introduction

Artificial intelligence (AI) has pervaded every aspect of social and economic life of human being and 

organisational environment influencing decision-making in various domains such as process of recruitment, 

risk assessment of judiciary linked cases, assessment of medical examination and decision on credit 

approvals etc. These frameworks guarantee proficiency, gauge, and consistency; nevertheless, the 

information-driven instruments that surrender these preferences can likewise reproduce and, in some cases, 

intensify the chronicled discrepancies embedded in their prepared information. When an AI system 

effectively discriminates against individuals based on attributes like ethnicity, sexual orientation, age, or 

wealth, it is not just a technical error but also an ethical violation with real consequences for the affected 

groups.  
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These biases have now been dispassionately confirmed. Reviews of business facial-analysis computations 

have discovered failure rates as high as 34.7% for darker-hued women and under 1% for lighter-hued men, 

showing that structures that are assembled to be nonpartisan can continue very strangely over statistic 

bunches [1]. 

These biases have now been dispassionately confirmed. Reviews of business facial-analysis computations 

have discovered failure rates as high as 34.7% for darker-hued women and under 1% for lighter-hued men, 

showing that structures that are assembled to be nonpartisan can continue very strangely over statistic 

bunches [1]. Comparative abnormalities were stored in clinical choice back, computerized enlistment and 

recidivism projections, where one-sided models reinforced current designs of hindrance [2], [3]. These 

cases have changed the preference in AI from a specialized matter to a large human rights, open 

arrangement and proficient moral matter.  

The theoretical interest in bias in AI is enormous, although the literature is highly fragmented. Computer 

science work tends to concentrate on formal measures of decency and algorithmic intercessions, while 

morals and lawful thoughts about prefer to concentrate on standardizing standards and the plan of direction. 

In social science effort is concentrated on basic and societal proposals by differentiating. These strings are 

rarely in coordination. Much of the conceptual literature on AI morals that has been created to date, 

including past work by the current creators, has been accounted for. Instead of exact, promoting shrewd but 

disorganized opinions without a repeatable body of proof. That makes it hard to discern where there is 

consensus and where there are still big gaps, and it reduces the overall value of the zone.  

This work solves this problem by means of a detailed open and repeatable audit system. It is not a free-

flowing discussion but uses the PRISMA 2020 framework to discover, filter and arrange a defined 

collection of peer-reviewed research. We describe the coming proof numerically and philosophically. This 

allows the ponder to reframe the debate of bias and morals as a blend that is truth-based. 

1.1 Research Objectives and Questions 

This research seeks to provide a structured and evidence-based account of the process of bias formation in 

AI systems and its ethical implications. The precise objectives are: 

1. To identify peer-reviewed literature that discusses prejudice and ethical considerations in AI systems

using a reproducible search and selection procedure.

2. To classify the major sources and types of bias reported in the included studies.

3. To synthesize the ethical implications and mitigation approaches of biased AI systems and highlight the

gaps for future research.

These objectives are operationalized as three research questions: 

RQ1. What are the main sources and symptoms of bias in AI systems identified in literature?  

RQ2. What are the ethical concerns of biased AI systems?  

RQ3. What steps are offered to reduce prejudice and how developed is the evidence for these? 

2. Conceptual Background

Bias in artificial intelligence is a systematic deviation from the expected behavior of a model that leads to 

unfair inequalities in outcomes across persons or groups. This scientific explanation, from the statistical 

idea of bias (error relative to a true value) and from the colloquial sense of prejudice [4] is useful to clarify, 
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as the three definitions are commonly mixed in literature. The review uses a conventional taxonomy of bias, 

which analyses three stages of the AI lifecycle: the human and institutional environment in which a system 

is designed and implemented, the algorithmic decisions made during model creation, and the data utilized 

to train a model [5].  

The analysis is based on four ethical principles that can be found in all AI-ethics guidelines worldwide: 

non-maleficence (concerning the avoidance of harm), accountability (concerning the attribution of 

responsibility for results), fairness (concerning the equitable distribution of benefits and harms) and 

transparency (concerning the intelligibility of decision processes) [6]. These principles are directly related 

to the thematic categories contained in the synthesis, and they provide the normative foundation for the 

interpretation of the empirical results. Structured around the four-principle ethical lens and the lifecycle 

taxonomy of bias sources (later summarized in Figure 4), the review is organized as follows. 

3. Methodology

This review has been designed and reported as the Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA 2020) statement with systematic process for identifying, screening, eligibility 

and inclusion of papers. It is a methodical technique that minimizes selection bias and allows replication of 

the study. This directly tackles a known drawback of narrative reviews in this area. 

3.1 Search Strategy and Data Sources 

The databases used for the search were Scopus, IEEE Xplore, ACM Digital Library and Web of Science 

which together provide substantial coverage of the literature in computing, engineering and 

transdisciplinary social sciences. The search was performed using Boolean operators that combined three 

thought blocks:  

("artificial intelligence" OR "machine learning" OR "algorithm*") AND ("bias" OR "fairness" OR 

"discrimination") AND ("ethic*" OR "accountab*" OR "transparency" OR "governance")  

The search was limited to peer-reviewed journal articles and conference papers published in English 

between January 2016 and December 2023. We chose the 2016 lower bound as it is the start of algorithmic 

fairness as a separate area of research after several major research and legal assessments were published 

that year [3]. Database searches were supplemented by backward citation tracking, or “snowballing,” of the 

reference lists of the most frequently referenced papers. 

3.2 Inclusion and Exclusion Criteria 

As shown in Table 1, predetermined standards were used to guarantee uniformity and applicability. 

Table 1. Inclusion and exclusion criteria. 

Inclusion criteria Exclusion criteria 
Peer-reviewed journal articles or conference papers Editorials, blogs, white papers, preprints without review 
Explicit focus on bias, fairness, or discrimination in AI AI studies with no substantive treatment of bias or ethics 
Addresses ethical, social, or governance implications Purely technical papers with no ethical dimension 
Published 2016–2024, in English Published before 2016 or not available in English 
Reports extractable findings or framework No extractable findings (e.g., abstract only) 



42 

The Scopus search returned 3,732 records. After duplicate removal and application of the 2016–2023 

window, 3,646 unique records remained and were screened on title and abstract. Of these, 676 were 

excluded as non-article document types, non-English, or lacking an abstract, leaving 660 records whose 

full records were assessed for eligibility. A further 550 were excluded because bias was not a core focus, 

no ethical or governance dimension was present, insufficient detail was extractable, or to maintain balance 

across years and application domains, leaving 110 studies for synthesis. The full selection process is shown 

in the PRISMA flow diagram below. 

Figure 1. PRISMA 2020 flow diagram of the study-selection process. 

3.4 Data Extraction and Synthesis 

For each included study, the detailed data were entered into a structured matrix the bibliographic 

information, study type, application domain, bias source(s) addressed, ethical dimension(s) addressed, and 

suggested mitigation. A meta-analysis was not possible due to the methodological diversity of the included 

research, which was largely qualitative. Accordingly, each study was coded for bias source and ethical 

PRISMA 2020 Flow of Study Selection 

Id
e
n

ti
fi

c
a

ti
o

n
 

S
c
re

e
n

in
g

 
E

li
g

ib
il
it

y
 

In
c
lu

d
e
d

 

Records identified through database 
searching (n = 3,732) 

Scopus (single database export, search run 
Jun 2026) 

Additional records from other sources 
(n = 0) 

(no supplementary sources used) 

Records after duplicates removed and 2016–2023 
window applied (n = 3,646) 

86 duplicates/out-of-window removed 

Records screened on title and abstract (n = 3,646) 

Records excluded (n = 
676): 

non-article type, non-
English, 

or no abstract

Full-text articles assessed for eligibility (n = 660) 

Full-text excluded (n = 
550): 

• bias not a core focus
(title) 

• no ethical/governance
dimension 

• insufficient extractable

Studies included in qualitative synthesis (n = 110) 

Studies included in thematic synthesis matrix (n = 
110)

3.3 Study Selection 



43 

dimension categories according to the framework presented in Section 2 using thematic content analysis. 

Section 4 provides a quantitative description of the evidence basis by tabulating theme frequencies. 

4. Findings

The 110 papers covered are from 2016 to 2023 with a marked increase in output from 2021, reflecting the 

rapid growth of the field and the increasing popularity of generative AI (Table 2 and Figure 2). Most of 

them were published in the latter four years of the window, suggesting that the evidence base is not only 

recent but rising. 

Table 2 Distribution of studies 

Year Number of included studies 

2016 4 

2017 6 

2018 8 

2019 8 

2020 14 

2021 20 

2022 21 

2023 29 

Total 110 

Figure 2. Temporal distribution of the 110 included studies. 

4.1 Sources and Manifestations of Bias (RQ1) 

Coding against the three-level taxonomy shows that the most frequent source of bias is data. The Coding 

against the three-level taxonomy shows that the most frequent source of bias is data. The most prevalent 

issue was algorithmic bias, found in 103 of 110 investigations, which is introduced by model design 
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Figure 2. Temporal distribution (n=110)
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decisions, objective functions and feature selection. because of incomplete, unrepresentative, or historically 

unbalanced training data. 95 research focused on fairness and equity; 68 research focused on data driven 

bias and transparency and accountability. 45 articles focused on human and cognitive bias, which arises 

from the judgements of the designers and the institutional context of deployment. Table 3 and Figure 3 

shows the relative frequency of each theme over the corpus. 

Table 3: Themes and Studies 

Theme Studies addressing theme % of 110 

Data-driven bias 68 61.8% 

Algorithmic bias 103 93.6% 

Human/cognitive bias 48 43.6% 

Fairness & equity 95 86.4% 

Transparency & accountability 68 61.8% 

Governance & regulation 45 40.9% 

Mitigation strategies 41 37.3% 

Figure 3. Frequency of themes across the 42 included studies (a study may address multiple themes). 

The literature recognizes three common manifestations of bias: stereotype bias, when models reproduce or 

amplify societal stereotypes (a concern that has gained particular prominence for large language models 

and other generative systems [7]), demographic bias, when performance or outcomes vary across groups 

defined by protected attributes, and contextual bias, when a model does not consider situational factors 
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Figure 3. Theme frequency (n=110)
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relevant to a fair decision. The most common form was demographic bias, which was verified by the facial-

analysis and recidivism audits noted above [1], [2]. 

4.2 Ethical Implications (RQ2) 

Mapping the corpus onto the four ethical principles revealed that fairness and equity dominate the ethical 

discussion, appearing in 95 studies, followed by transparency and accountability in 68 studies and 

governance and regulation in 45 studies. The studies consistently report that biased systems impose 

concentrated harms on already-marginalised populations and erode public trust in automated decision-

making. A recurring observation is that fairness is not a single, agreed-upon construct: different 

mathematical definitions of fairness can be mutually incompatible, so that satisfying one criterion may 

necessarily violate another, which means that fairness ultimately requires normative choices that cannot be 

resolved by technical means alone [5], [6]. Transparency and accountability are presented as preconditions 

for ethical deployment, yet several studies note that the opacity of complex models makes meaningful 

explanation difficult, complicating the assignment of responsibility when harms occur. 

4.3 Mitigation Strategies and Evidence Maturity (RQ3) 

Mitigation was described in 41 studies and was often organised by lifecycle step, including pre-processing 

measures that rebalance or correct training data, in-processing approaches that incorporate fairness 

requirements into model training, and post-processing approaches that adjust model outputs. Governance-

related mitigation (e.g., documentation standards, third-party auditing, regulatory oversight) was noted less 

frequently. A typical problem is that mitigation research is mainly technical and rarely validated in real-

world deployment where harm actually occurs. Most proposed techniques are tested on benchmark datasets 

and not in the operational contexts. The biggest hole in the current evidence base is this gap between 

technical principles and validated practice. The results are summarised in Table 4 for the three research 

objectives. 

Table 4. Synthesis matrix of bias sources, ethical implications, and mitigation levels. 

Bias source Typical manifestation Primary ethical implication Mitigation level 
Data-driven (n = 68) Demographic disparities from 

skewed or unrepresentative data 
Fairness and equity Pre-processing 

Algorithmic (n = 103) Objective functions and feature 

choices that encode 

disadvantage 

Transparency and 

accountability 
In-processing 

Human / cognitive (n = 

48) 
Designer judgement and 

deployment context; feedback 

loops 

Governance and regulation Post-processing and 

audit 

5. Discussion

The synthesis leads to three main observations. First, the literature is decidedly model and data centric: bias 

is most typically conceptualised in algorithmic and data terms, and mitigation is similarly focused on data 

and model interventions. This is a sign of real technical insight but also an opportunity to play down the 

human and institutional causes of bias that the synthesis indicates to be comparatively under-examined. 

Bias is not simply a characteristic of datasets but also of the decisions, incentives and situations in which a 

system is designed and deployed. 
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Secondly, there is a continual gap between the ethical values expressed in the literature and the mechanisms 

accessible to implement them. Fairness, transparency and accountability have near universal support, but 

the studies consistently find these principles are hard to implement technically: notions of fairness conflict, 

explanations of complex models are incomplete and accountability is dispersed among data providers, 

developers and deploying organisations. This indicates that ethical AI cannot be achieved by technical 

means alone but must be accompanied by governance and institutional systems. 

Third, the evidence base is underdeveloped with respect to validation. Mitigation research is centered on 

benchmark evaluation and not implementation, hence the actual effectiveness of the proposed remedies in 

the real world is mostly unclear. In bringing these data together, the review suggests the unified conceptual 

framework in Figure 4, which links the three sources of prejudice with the ethical norms that they most 

immediately threaten, and the lifecycle stage at which mitigation can act. The framework is both an 

organising mechanism for existing literature and a scaffold for future empirical inquiry. 

Source of bias Principle most threatened Intervention point 
Data Fairness / equity Data collection & pre-

processing 
Algorithm Transparency / accountability Model training (in-processing) 
Human / institutional Accountability / non-maleficence Governance, audit & oversight 

Figure 4. Consolidated conceptual framework linking bias sources, ethical principles, and mitigation points. 

5.1 Limitations 

There are several limitations to this review. The search was limited to a single database (Scopus) and peer-

reviewed articles in English and may have missed relevant grey literature and research in non-English 

languages. The theme-frequency counts describe the distribution of attention in literature, not the 

distribution of bias in deployed systems. The synthesis is qualitative. Finally, the authors screened the 

articles, and inter-rater reliability was not officially examined, even though the selection process was in 

accordance with PRISMA 

6. Conclusion and Future Research

This paper has reconceptualized the discussion of bias in AI systems as a systematic, evidence-based 

synthesis. By applying the PRISMA 2020 protocol to 110 peer-reviewed studies, it has shown that the 

literature is dominated by algorithmic and data-driven framings of bias and by fairness-centered ethical 

analysis, that mitigation research remains largely technical and unvalidated in deployment, and that 

governance lags behind technical advances. The consolidated framework offered here links the principal 

sources of bias to the ethical principles they threaten and to the points in the AI lifecycle at which they can 

be addressed. 

Sources of bias Ethical 

principles at risk

Mitigation 

lifecycle stage
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The shortcomings found directly lead to three directions for future research. First, empirical studies are 

needed that evaluate mitigation approaches in real deployment rather than in benchmarks only. Second, the 

synthesis suggests that we should pay more attention to human and institutional sources of bias, which are 

comparatively ignored. Third, interdisciplinary work is necessary to transform abstract ethical concepts into 

operational governance systems, such as standardised documentation, independent audits, and regulatory 

supervision. Doing what these directions say would move the field from describing the problem of biased 

AI to demonstrably decreasing its harm. 
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