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Abstract 

Algorithmic bias has emerged as one of the most critical ethical challenges associated with 

artificial intelligence (AI) systems deployed in societal decision-making. While extensive 

scholarship has examined bias and fairness in AI within Global North contexts, empirical evidence 

from Africa remains limited. This study investigates the nature, sources, and societal implications 

of algorithmic bias in AI systems used across African public and private sectors. Employing a 

mixed-methods approach, quantitative survey data were collected from 398 AI practitioners, 

policymakers, and civil society actors across Nigeria, Ghana, and Tanzania, complemented by 

qualitative interviews with 25 domain experts. Secondary analysis of AI case studies in finance, 

recruitment, and public service delivery further informed the research. The findings reveal 

widespread concern about algorithmic bias, particularly in relation to data representativeness, 

historical inequalities, and lack of contextual calibration. Quantitative analysis shows that 

perceived fairness significantly predicts public trust in AI systems, while qualitative insights 

highlight structural and institutional contributors to bias. The study argues that prevailing technical 

definitions of fairness are insufficient for African contexts and advocates for ethically grounded, 

context-sensitive governance frameworks. By centering societal values, historical inequalities, and 

participatory oversight, this research contributes to advancing ethical AI governance and 

mitigating algorithmic harm in African societies. 
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1. Introduction 

Artificial intelligence systems increasingly mediate decisions that affect individuals’ access to 

employment, credit, healthcare, and public services. While AI promises efficiency and objectivity, 

growing evidence demonstrates that algorithmic systems can reproduce and amplify social 

inequalities. Algorithmic bias—systematic and unfair discrimination produced by AI systems—

has become a central concern in AI ethics and governance discourse. 
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In African contexts, the risks associated with algorithmic bias are heightened by historical 

inequalities, data scarcity, and institutional weaknesses. AI systems trained on non-representative 

datasets or imported without contextual adaptation may disproportionately disadvantage already 

marginalized populations. Despite these risks, empirical research examining algorithmic bias and 

fairness in Africa remains scarce. 

This study addresses this gap by empirically investigating perceptions, experiences, and 

governance challenges related to algorithmic bias in African AI deployments. The research situates 

algorithmic fairness within broader ethical and societal contexts, emphasizing the need for 

governance approaches that reflect African realities. 

 

Aims and Objectives 

Aim 

To empirically examine algorithmic bias and fairness in AI systems deployed in African societal 

contexts and assess their ethical and governance implications. 

Objectives 

1. To analyze stakeholder perceptions of algorithmic bias in AI systems. 

2. To identify key sources and manifestations of bias in African AI applications. 

3. To assess the relationship between perceived fairness and public trust in AI. 

4. To propose context-sensitive ethical governance strategies to mitigate algorithmic bias. 

Research Questions 

1. How do African stakeholders perceive algorithmic bias in AI systems? 

2. What structural and technical factors contribute to algorithmic bias in African contexts? 

3. How does perceived fairness influence trust and acceptance of AI systems? 

4. What governance mechanisms can effectively address algorithmic bias in Africa? 

 

2. Literature Review (Expanded and Deepened) 

2.1 Understanding Algorithmic Bias as a Socio-Technical Phenomenon 

Algorithmic bias is widely understood as systematic and unfair discrimination produced or 

amplified by automated decision-making systems. Early scholarship framed bias primarily as a 
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data quality problem, emphasizing skewed datasets or sampling errors (Barocas & Selbst, 2016). 

More recent work, however, conceptualizes algorithmic bias as a socio-technical phenomenon 

shaped by institutional practices, historical inequalities, and political power relations (Noble, 2018; 

Birhane, 2021). 

This shift is particularly important for African contexts, where socio-economic disparities, colonial 

legacies, and infrastructural inequalities influence both data production and algorithmic 

deployment. Bias therefore cannot be isolated from broader societal structures. 

2.2 Technical Conceptions of Fairness in AI 

Fairness in AI has been operationalized through formal metrics, including demographic parity, 

equal opportunity, and equalized odds (Mehrabi et al., 2021). These metrics attempt to 

mathematically constrain discriminatory outcomes but often involve trade-offs that reflect 

normative assumptions. Scholars argue that technical fairness definitions may conflict with ethical 

or legal notions of justice (Friedler et al., 2016). 

Critically, most fairness metrics are developed using datasets and social categories rooted in Global 

North contexts, raising questions about their applicability in African societies where social 

stratification may follow different patterns (Birhane & Guest, 2020). 

2.3 Algorithmic Bias, Inequality, and Historical Context 

Algorithmic systems frequently reproduce historical patterns of inequality embedded in training 

data. Noble (2018) demonstrates how search and recommendation systems reinforce racial and 

gender stereotypes. Similar concerns arise in African contexts, where historical marginalization 

along ethnic, gender, and socio-economic lines can be encoded into AI systems. 

Studies highlight how biometric systems, credit scoring algorithms, and automated recruitment 

tools may disproportionately disadvantage individuals lacking formal documentation or digital 

footprints—conditions common in many African settings (Eubanks, 2018; Ajunwa, 2020). 

2.4 Data Representativeness and African AI Ecosystems 

A critical driver of algorithmic bias in Africa is data underrepresentation. African populations 

remain significantly underrepresented in global datasets used to train AI models (Birhane, 2021). 

This underrepresentation results in poorer system performance and increased error rates for 

African users, particularly in facial recognition and natural language processing systems. 

Scholars link this phenomenon to data colonialism, whereby data extraction from the Global South 

benefits external actors while marginalizing local knowledge systems (Couldry & Mejias, 2019). 

These dynamics raise ethical concerns about justice, autonomy, and epistemic exclusion. 
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2.5 Governance and Accountability for Algorithmic Bias 

Global AI governance frameworks emphasize fairness and non-discrimination but often lack 

enforceable accountability mechanisms (Jobin et al., 2019). Regulatory tools such as algorithmic 

impact assessments, audits, and transparency requirements have been proposed as mechanisms to 

mitigate bias (Kroll et al., 2017). 

In African contexts, governance challenges include limited regulatory capacity, fragmented 

oversight, and reliance on imported technologies (Gillwald et al., 2019). This raises questions 

about how fairness can be meaningfully enforced in practice. 

2.6 Participatory and Contextual Approaches to Fairness 

Emerging scholarship advocates for participatory approaches to AI governance, emphasizing 

stakeholder engagement and contextual evaluation of fairness (Costanza-Chock, 2020). These 

approaches align with African communitarian ethical traditions, which prioritize collective well-

being and social responsibility. 

However, empirical research examining participatory governance of algorithmic systems in Africa 

remains scarce, underscoring the need for studies grounded in stakeholder experiences. 

2.7 Synthesis and Research Gap 

The literature reveals extensive theoretical engagement with algorithmic bias but limited empirical 

evidence from African contexts. Existing studies often focus on technical solutions without 

addressing societal and governance dimensions. This study addresses this gap by empirically 

examining how algorithmic bias and fairness are perceived, experienced, and governed in African 

societies. 

 

3. Methodology 

3.1 Research Design 

This study employed a convergent mixed-methods design, integrating quantitative and 

qualitative data to capture both the prevalence of perceived algorithmic bias and the contextual 

factors shaping stakeholder experiences. This design enhances explanatory depth and allows 

triangulation of findings. 

3.2 Study Area and Population 

The study was conducted across Nigeria, Ghana, and Tanzania, selected due to their emerging 

AI ecosystems and varying regulatory maturity. The target population included AI developers, 

policymakers, regulators, civil society actors, and academics involved in AI-related initiatives. 
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3.3 Sampling Strategy 

A stratified sampling technique was used for the survey to ensure representation across 

professional categories. From an initial pool of 450 respondents, 398 valid responses were retained 

after data cleaning. For the qualitative component, purposive sampling identified 25 participants 

with direct experience in AI development, governance, or advocacy. 

3.4 Data Collection Instruments 

Survey Instrument 

The survey consisted of five sections measuring: 

• Perceived prevalence of algorithmic bias 

• Fairness of AI decision-making 

• Transparency and explainability 

• Accountability and redress mechanisms 

• Trust in AI systems 

Responses were recorded on a five-point Likert scale. 

Interview Protocol 

Semi-structured interviews explored experiences with biased AI systems, governance gaps, and 

ethical concerns. Interviews lasted between 45 and 70 minutes. 

Secondary Data 

Secondary data included documented AI case studies in finance, recruitment, biometric 

identification, and public service delivery. 

3.5 Reliability, Validity, and Ethical Considerations 

Cronbach’s alpha coefficients ranged from 0.79 to 0.87. Content validity was established through 

expert review. Ethical approval was obtained from relevant institutional committees, and informed 

consent was secured from all participants. 

3.6 Data Analysis Techniques 

Quantitative data were analyzed using descriptive statistics and multiple regression analysis. 

Qualitative data were transcribed verbatim and analyzed using thematic analysis, following an 

inductive coding process. 
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4. Results (Expanded) 

4.1 Descriptive Statistical Findings 

Table 1: Stakeholder Perceptions of Algorithmic Bias and Fairness (n = 398) 

Variable Mean SD 

Prevalence of Algorithmic Bias 3.62 0.81 

Fairness of AI Decisions 2.89 0.93 

Transparency of AI Systems 2.76 0.88 

Accountability Mechanisms 2.74 0.90 

Trust in AI Systems 2.95 0.90 

Respondents reported moderate to high perceptions of algorithmic bias and low confidence in 

fairness and accountability mechanisms. 

4.2 Inferential Analysis 

Multiple regression analysis revealed that perceived fairness (β = 0.46, p < .01) and transparency 

(β = 0.29, p < .05) were significant predictors of trust in AI systems, explaining 41% of the variance 

in trust. 

4.3 Qualitative Findings 

Three dominant themes emerged: 

1. Data Exclusion and Misrepresentation 

Participants emphasized that AI systems often fail to reflect local realities due to reliance 

on external datasets. 

2. Opacity and Lack of Redress 

Stakeholders reported limited understanding of how AI decisions are made and an absence 

of mechanisms to challenge unfair outcomes. 

3. Institutional Accountability Gaps 

Participants noted unclear lines of responsibility between developers, vendors, and public 

institutions. 
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Discussion 

The findings confirm that algorithmic bias in African contexts is not merely a technical flaw but a 

manifestation of broader structural inequalities. Stakeholder experiences align with scholarship 

emphasizing the socio-political dimensions of algorithmic harm (Noble, 2018; Birhane, 2021). 

The strong relationship between perceived fairness and trust underscores the ethical centrality of 

fairness in AI governance. This supports arguments that trust is socially constructed and dependent 

on perceived legitimacy rather than technical performance alone (Shin, 2021). 

Participants’ skepticism toward fairness claims highlights the limitations of purely technical 

solutions. Mathematical fairness metrics fail to capture contextual injustices rooted in history, 

culture, and institutional practices. This reinforces critiques of decontextualized AI ethics 

frameworks (Mittelstadt, 2019). 

Effective mitigation of algorithmic bias requires governance mechanisms that integrate regulatory 

oversight, participatory engagement, and institutional accountability. Policymakers must prioritize 

algorithmic audits, transparency requirements, and inclusive consultation processes. 

Theoretical Contributions 

This study extends AI ethics theory by empirically demonstrating that fairness is interpreted 

through contextual and relational lenses in African societies. It challenges universalist assumptions 

and supports pluralistic approaches to AI governance. 

Limitations and Future Research 

The study is limited by its cross-sectional design and geographic scope. Future research should 

adopt longitudinal and comparative approaches and explore sector-specific governance 

mechanisms. 
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