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Introduction   

Context and Research Aim 

Automated decision systems powered by ML now represent core infrastructure in modern financial services, and 

are used for lending and credit scoring, fraud detection, underwriting, anti-money-laundering, and personalised 

financial advice; this shift has materially improved operational efficiency and scale, but it has also exposed 

consumers and organisations to novel harms when models reflect, amplify, or introduce unfair patterns (Hall et 

al., 2021; Moldovan, 2022). Recent domain surveys document both the widespread adoption of AI in finance and 

the many kinds of algorithmic biases that can arise across financial applications. Algorithmic bias in finance is 

not merely a technical shortcoming; it has regulatory, reputational, and social consequences. Regulators and sector 

bodies have begun to scrutinise AI use in financial services more closely, treatment of protected groups in credit 

decisions, transparency obligations for model-driven decisions, and requirements for risk management are already 

present in guidance from regulators and industry risk reports (Fritz-Morgenthal et al., 2021). In Australia, the 

Australian Securities and Investments Commission (ASIC) have made it clear that financial firms must embed 

governance and risk controls for AI deployments (ASIC, 2024). Similar concerns are echoed internationally: the 
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European Union (EU) AI Act (2024) imposes obligations on high-risk financial AI systems; U.S. regulators such 

as the Federal Reserve, Government Accountability Office (GAO) and Federal Deposit Insurance Corporation 

(FDIC) have jointly underscored the importance of governance and fairness in AI-driven banking (2024); and 

global organisations such as the Organisation for Economic Cooperation and Development (OECD) have issued 

principles for transparency, accountability, and ongoing monitoring. At the same time, technical research has 

developed a wide range of bias mitigation methods. Pre-processing strategies modify data (e.g., re-weighting, 

transformations); in-processing approaches constrain model objectives or use fairness-aware learning; and post-

processing techniques adjust outputs to meet fairness metrics. While these approaches show promise in controlled 

studies, their translation into operational finance remains limited. 

Research Question and Problem 

The core research question guiding this paper is: how is algorithmic bias in AI-driven financial services being 

mitigated in the literature, and what gaps remain between technical mitigation methods and practical, 

organisational adoption? Although fairness-aware and ethical AI and ML have been widely studied, a gap persists 

between technical advances and practical adoption. This gap highlights several focused research problems:  

• Contextual effectiveness: How do different bias mitigation approaches compare when applied to distinct 

financial tasks, for example, credit scoring versus fraud detection?  

• Practical integration: What challenges do financial organisations face when aligning fairness 

considerations with existing risk management and compliance processes?  

• Regulatory and ethical governance: What regulatory frameworks and ethical AI guidelines can support 

ongoing monitoring of fairness, ensuring models remain compliant and socially responsible as data and 

risk profiles evolve?  

By diving into these issues, this paper positions itself at the intersection of ML, financial regulatory frameworks 

and organisational practices. At the end of the paper, the following outcomes are presented: 

• A structured review of bias types and mitigation strategies in AI-driven financial services. 

• A conceptual map linking mitigation methods to specific financial applications. 

• Identification of gaps between academic research and organisational adoption. 

• Recommendations drawn from regulatory frameworks and directions for further applied research. 

The remainder of this paper systematically explores key components of algorithmic bias in financial AI systems. 

Section 2 reviews the AI/ML landscape in financial services, outlining bias sources, fairness metrics, mitigation 

strategies, and regulatory and ethical frameworks, while highlighting organisational implementation challenges. 

Section 3 outlines the methodology used to review and synthesise the literature, while sections 4 and 5 present the 

main findings and discussion. The paper concludes with reflections on the practical implications of bias mitigation 

and potential directions for further research. 

 

Background 

The current AI/ ML landscape in financial services  

The adoption of AI and ML in the financial sector can be traced to early experimental deployments in the 1980s 

(El Hajj & Hammoud, 2023). Over the past decades, advances in computational power, data availability, and 

algorithmic sophistication have enabled AI/ML systems to move from niche applications to mission-critical 

infrastructure for financial institutions. Today, AI/ML has taken over a wide spectrum of financial operations, 

including credit scoring, lending and underwriting, fraud detection, algorithmic and high-frequency trading, robo-

advisory services, and customer service automation (Buchanan & Wright, 2021). These technologies promise 

efficiency gains, cost reductions, and enhanced risk management. However, their integration also raises significant 

challenges related to data privacy, regulatory compliance, transparency, and fairness (El Hajj & Hammoud, 2023). 

For example, credit decision-making represents a particularly sensitive and socially consequential application. 

Access to affordable credit is central to household financial resilience, enabling individuals to manage income 

volatility, invest in education, start businesses, and accumulate assets. The increasing use of AI-driven models in 

this domain intensifies the need for rigorous bias mitigation, as discriminatory outcomes - whether intentional or 

emergent - can systematically disadvantage certain groups (Ahmed et al., 2022). Since 2015, global research 

output in AI for financial services has accelerated, led by contributions from the U.S., China, and the United 

Kingdom (Ahmed et al., 2022). While substantial work has gone towards algorithmic accuracy in domains such 

as credit scoring and consumer banking adoption (Hentzen et al., 2021), gaps remain in cross-disciplinary studies 

that integrate technical performance with regulatory, ethical, and behavioural dimensions. 



Understanding algorithmic bias  

ML models can unintentionally pick up and repeat social patterns found in their training data, even when 

developers do not purposely include them; this is known in computer science as algorithmic bias (Johnson, 2020). 

Algorithmic bias in AI systems emerges from multiple sources beyond just biased training data, challenging the 

misconception that models are merely passive reflectors of dataset biases (Hooker, 2021). Research reveals that 

bias stems from a lack of diversity in development teams, rushed deployment timelines, and inadequate testing 

phases that fail to represent diverse societal groups (Xivuri & Twinomurinzi, 2023). The problem extends beyond 

data issues to encompass model design choices, which can amplify existing biases and create disparate impacts 

on different demographic groups (Hooker, 2021). To support this narrative, Nazer et al. (2023) provide a 

structured account of how bias can manifest throughout the entire AI lifecycle - from data collection and 

preprocessing to model design, training, validation, and even in deployment; the authors map potential bias 

sources at each stage of development. Although their analysis is healthcare-focused, the principle that bias occurs 

throughout the full lifecycle is transferable to financial AI systems, where fairness and accountability are equally 

critical; this broader framing cautions against reducing bias to a single technical step, instead positioning it as a 

systemic issue requiring governance. For information systems (IS) research, because it connects technical 

considerations with organisational governance and accountability, viewing bias as an algorithmic phenomenon 

encourages the development of policies, controls, and monitoring frameworks that align AI deployment with 

social responsibility, risk management, and compliance requirements. In high-stakes domains such as banking, 

lending, and fraud detection, the consequences of algorithmic bias are profound. Biased decisions can lead to 

financial exclusion, reputational damage, regulatory sanctions, and systemic risk. Translating the abstract 

definition of algorithmic bias into operational terms highlights why financial institutions must actively embed 

fairness considerations into data governance, model governance, monitoring, and ongoing evaluation; this socio-

technical framing positions bias not only as a technical issue but as a strategic and ethical challenge for 

organisations. 

Fairness metrics and evaluation  

Understanding bias is only the first step; equally important is the ability to measure fairness through robust 

metrics. The study of fairness in ML has gained significant attention over the past decade, particularly in domains 

where algorithmic decisions have high stakes, such as finance, healthcare, etc. (Moldovan, 2023). A taxonomy of 

fairness issues has been proposed, mapping diverse approaches to address these challenges (Jui & Rivas, 2024). 

In finance, studies have evaluated the effectiveness of bias mitigation methods across different fairness metrics, 

highlighting the trade-offs between fairness, accuracy, and profitability (Moldovan, 2023). A substantial portion 

of research has focused on defining fairness and developing metrics to quantify bias in ML models. Moldovan 

(2023) evaluated 12 bias mitigation methods across 5 fairness metrics in credit scoring, while Chen et al. (2022) 

conducted a comprehensive study of 17 bias mitigation methods, finding that their effectiveness varies depending 

on tasks, models, and metrics used. van Giffen et al. (2022) identified eight distinct ML biases and 24 mitigation 

methods, emphasizing the importance of human judgment in algorithm design. Studies in credit scoring and loan 

approval have demonstrated that metrics often conflict, meaning achieving fairness along one dimension may 

worsen outcomes in other aspects (accuracy and profitability) (Moldovan, 2022); this highlights the challenge of 

translating abstract fairness definitions into actionable strategies for institutions.  

Bias mitigation techniques and treatment  

Caton and Haas (2024) frame fairness interventions in ML through a tripartite taxonomy: pre-processing, in-

processing, and post-processing methods, each corresponding to distinct phases of the AI development lifecycle. 

Pre-processing approaches modify the training data before model development to reduce bias. Several techniques, 

especially re-sampling, re-weighting, and causal data repair are effective and widely adopted for reducing bias in 

ML (Werner et al., 2022). They offer a strong balance between fairness and predictive performance, and ongoing 

research continues to refine these methods for diverse applications (Chen et al., 2024, Huang et al., 2024). In 

financial services, this might involve correcting imbalances in correcting imbalances in credit data and adjusting 

for historically biased labels, which are essential for fair lending (Kumar, Hines & Dickerson 2022). In-processing 

methods incorporate fairness constraints directly within the model training process. Examples are fairness-aware 

loss functions, constrained optimization, and adversarial debiasing that offer robust bias mitigation, but require 

careful design to balance fairness and accuracy for each application (Wan et al. 2022, Yang et al. 2023); these 

techniques are especially valuable in financial risk models, where maintaining predictive accuracy while achieving 

fairness is critical. Lastly, Caton et al. (2024) classify post-processing as a key fairness intervention that operates 

independently of original training data, while Barda et al. (2020) empirically demonstrate its capacity to reduce 

subpopulation calibration variance by up to 98.8%. Similarly, Cui et al. (2023) validate a model-agnostic 

framework that achieves fairness with minimal impact on classification accuracy. However, despite strong 



evidence across domains such as healthcare and risk assessment, effectiveness validation for post-processing in 

financial systems remains limited.  

Additionally, González-Sendino et al. (2024) introduce a novel causal-model-based approach to generate fairer 

datasets: by adjusting cause-and-effect relations within a Bayesian network, their method produces mitigated 

training data that maintains sensitive attributes while enhancing both transparency and explainability. Specifically, 

within credit decision-making, Vieira et al. (2025) report that pre-processing strategies dominate empirical 

research: among 34 carefully reviewed studies, gender and race are the most frequently considered sensitive 

attributes, with statistical parity emerging as the most common fairness metric. However, they also highlight that 

challenges persist - especially around the need for standardised metrics, improved explainability, and addressing 

legal and ethical dimensions of algorithmic decision-making (de Castro Vieira et al., 2025). By synthesising 

causal-data generation, fairness-aware training, and post-processing corrective mechanisms, the literature 

suggests a layered mitigation strategy tailored for financial systems - and underscores the importance of aligning 

methodological rigor with domain-specific regulatory, ethical, and operational constraints. 

AI regulatory and ethical frameworks  

The growing deployment of AI systems has prompted the development of ethical principles and regulatory 

frameworks aimed at ensuring fairness, transparency, and accountability. The EU AI Act (2024 - Annex 3) legally 

designates credit scoring as “high-risk,” demanding rigorous bias monitoring, impact assessments, and human 

oversight, with severe penalties for non-compliance. Similarly, the OECD AI Principles (OECD, 2024), endorsed 

by more than 40 countries, promote human-centred values such as fairness and explainability, encouraging 

mechanisms like human oversight and impact assessments in AI life cycles. Likewise, the United Nations 

Educational, Scientific and Cultural Organization (UNESCO’s) Recommendation on the Ethics of AI, adopted in 

2021 and is applicable to all 194 member states of UNESCO, states that AI stakeholders must take all necessary 

steps to prevent and mitigate bias throughout the AI system’s life cycle, while ensuring effective remedies are 

available for discriminatory or unfair algorithmic outcomes. While these regulatory frameworks highlight the 

urgency of ethical AI algorithms; however, they do not guarantee organisational adoption. Financial institutions 

must translate high-level principles into actionable governance structures, technical standards, and operational 

practices - which often require cultural change, cross-functional collaboration, and new compliance investments. 

The challenge is not a lack of frameworks and techniques, but whether organisations can integrate them into daily 

decision-making, system design, and accountability processes. 

Challenges in implementation for organizations  

Data quality and availability 

While bias mitigation techniques offer promising pathways to enhance fairness in financial AI systems, 

organizations face multiple practical challenges when attempting to implement them. One key issue is data quality 

and availability. Many financial institutions rely on legacy datasets that are incomplete, inconsistent, or biased 

due to historical practices. For instance, credit scoring models may perpetuate historical lending discrimination 

against certain demographic groups, requiring careful preprocessing interventions to prevent inequitable outcomes 

(Moldovan, 2022). ML biases can stem from unrepresentative datasets, inadequate models, and human 

stereotypes, leading to unfair decisions and financial losses (van Giffen et al., 2022). Representation bias in data 

particularly affects minorities due to historical discrimination and sampling biases in data acquisition methods 

(Shahbazi et al., 2022). Critically, automated data cleaning, which commonly used in production ML systems, 

can worsen fairness outcomes rather than improve them, especially when cleaning techniques are not carefully 

selected (Guha et al., 2024); these findings underscore that without high-quality, representative data and 

thoughtful preprocessing, even advanced mitigation methods may fail to produce equitable outcomes. 

Model complexity 

A further challenge arises from the complexity of models once fairness constraints are introduced. In many cases, 

these methods require adding fairness objectives to the training process or adjusting the way models learn internal 

representations (Wan et al., 2022). However, deciding which fairness definition to apply is not straightforward, 

as different approaches can be contradictory or difficult to reconcile (Ryan et al., 2023). These adjustments 

increase the technical burden, reduce interpretability, and often demand expertise that may not be readily available 

within financial institutions. For instance, a bank that integrates fairness metrics into its credit scoring model may 

achieve more equitable outcomes, but the model itself becomes harder for compliance teams and regulators to 

audit and require extra resources for development; this trade-off between fairness, transparency, and practicality 

illustrates why organizations often hesitate to adopt more advanced fairness techniques in production systems. 



Resources constraints and trade-offs 

Implementing fairness-aware AI systems often requires significant financial and organizational resources. 

Developing new pipelines for data collection, preprocessing, and model retraining demands both capital 

investment and skilled personnel. Small and medium-sized enterprises (SMEs) face particular barriers in adopting 

ethical AI approaches due to lack of knowledge, skills, and resources (Crockett et al., 2023). Despite numerous 

published toolkits designed to support ethical AI practices, there is limited grassroots implementation, especially 

among SMEs, with few practical application examples and low uptake rates (Crockett et al., 2023). The software 

engineering community shows that fairness remains a "second-class quality aspect" in AI system development, 

requiring specialized methods, development environments, and automated validation tools (Ferrara et al., 2023).  

For example, post-processing adjustments to fraud detection systems may reduce false positives for minority 

groups, but can also increase overall fraud risk exposure, raising concerns among risk management teams; these 

tensions highlight why the costs of implementing fairness are considered not merely technical but also economic 

and organizational, requiring firms to weigh short-term efficiency against long-term reputational and compliance 

benefits. Li & Li (2024) identify a triangular trade-off between robustness, accuracy, and fairness in deep neural 

networks, noting that achieving all three simultaneously presents substantial challenges for AI systems. De-

Arteaga et al. (2022) emphasize that while fairness is crucial for legal compliance and social responsibility, unfair 

systems can threaten organizational survival and competitiveness, though they argue the utility-fairness trade-off 

assumption is often mistaken or short-sighted. Ryan et al. (2023) highlight practical implementation challenges, 

noting that fairness definitions can be contradictory or incompatible, creating complex engineering obstacles that 

require interdisciplinary collaboration between HCI and ML experts.  

Regulatory and organizational alignment 

Even as global frameworks such as the EU AI Act, OECD AI Principles, and UNESCO’s Ethics of AI 

recommendation provide guidance on fairness and accountability, many firms struggle to translate these high-

level principles into concrete practices. Morley et al. (2021) identify a critical gap between AI ethics principles 

and practical implementation, noting that existing translational tools are either too flexible (enabling ethics 

washing) or too rigid. Kelley (2022) identifies eleven organizational components necessary for effective AI 

principle adoption, including management support, enforcement mechanisms, and interdisciplinary approaches, 

highlighting the complexity of genuine ethical implementation. Within organizations, misalignment between 

compliance teams, data scientists, and business units further slows progress. For instance, compliance officers 

may emphasize transparency and auditability, while technical teams focus on predictive accuracy, leading to 

fragmented implementations. Overall, these challenges demonstrate that achieving fairness in financial AI is not 

solely a technical endeavour. Organizations must integrate data governance, algorithmic design, and compliance 

considerations into a holistic strategy, ensuring that bias mitigation efforts are both effective and sustainable in 

real-world financial systems. 

 

Methodology 

This paper employs a qualitative research design based on a systematic literature review (SLR) and thematic 

analysis, chosen to rigorously synthesize interdisciplinary insights on algorithmic fairness in financial AI systems. 

Systematic Literature Review 

Relevant studies were sourced from Google Scholar, Scopus, IEEE Xplore, and leading industry journals in 

information systems, finance, and computer science. We focused on publications published between 2015 and 

2025, with particular attention to recent contributions (2021–2025) to capture state-of-the-art developments. To 

ensure replicability, the search strategy employed combinations of key terms such as: 

“algorithmic bias” AND “financial services” 

“algorithmic bias” AND “machine learning” OR “artificial intelligence” 

“fairness in machine learning” AND “credit scoring” 

“bias mitigation” AND “lending” OR “fraud detection” 

“AI ethics” AND “financial regulation” 

“fairness metrics” AND “machine learning” OR “artificial intelligence” 

Only publications written in English were considered to maintain consistency and ensure accessibility for detailed 

analysis. The search process followed a structured pipeline: 



• Initial retrieval of all articles based on keyword searches; 

• Screening by title and abstract to exclude irrelevant works (e.g., purely technical papers without financial 

application, or studies outside the finance domain, such as healthcare-only bias research); 

• Full-text review to identify studies that directly examined algorithmic fairness, bias, or mitigation 

techniques in the context of financial decision-making; 

• Final inclusion of peer-reviewed journal articles, conference papers, and authoritative industry reports. 

Thematic Coding and Synthesis 

The final corpus of literature was imported into NVivo, a computer-assisted qualitative data analysis software that 

facilitated the systematic organization, coding, and visualization of qualitative data (Dhakal, 2022). NVivo 

supports multiple file formats and enables researchers to create thematic and case nodes, apply hierarchical coding, 

classify data with metadata, and visualize relationships across datasets. The analysis began with auto-coding and 

word frequency analysis. NVivo’s auto-coding algorithm segments text at the paragraph level and identifies 

recurring lexical units based on semantic similarity; this process generated preliminary nodes representing key 

conceptual categories such as “data,” “bias,” “fairness,” and “decision.” A word frequency query was then run to 

detect high-salience terms across the dataset, using stemmed words and a minimum length threshold (typically 

>= 3 characters) to ensure linguistic precision. These outputs served as the foundation for initial code 

development. Following the automated stage, a manual coding refinement process was undertaken to improve 

contextual accuracy. NVivo allows direct inspection of coded references, enabling the researcher to merge 

overlapping nodes, rename concepts, and create parent-child hierarchies that capture conceptual depth (e.g., Bias 

as a parent node for Data Bias and Sampling Bias). Following this, an iterative review and cross-comparison 

process was conducted manually to identify overlaps and refine thematic alignment; this resulted in the 

consolidation of the 27 nodes into five higher-order themes that captured the dominant technical, organizational, 

and regulatory concerns across the literature (tables 1 and 2). For the final analysis, matrix coding queries and 

cluster analysis were employed to examine relationships between nodes. NVivo’s matrix query function enabled 

us to cross-tabulate co-occurring themes (e.g., bias x data, fairness x decision), revealing how technical and ethical 

constructs intersect within the literature; this step directly supported the paper’s aim of identifying socio-technical 

divides in AI ethics discourse within financial services, providing a robust foundation for our socio-technical 

framework. 

 

Results 

Overview of Data and NVivo Analytical Process 

The qualitative analysis comprised 32 chosen scholarly and industry papers focusing on algorithmic fairness and 

bias in artificial intelligence within financial services. These sources were imported into NVivo 14, where 

automated thematic coding was initially executed to identify lexical and conceptual patterns across the dataset. 

Auto coding feature was applied at the paragraph level to ensure contextual coherence of extracted meaning units. 

The procedure produced 27 initial nodes, each representing recurring conceptual categories such as “data,” “bias,” 

“model,” and “fairness” (see table 1). The 27 nodes generated via NVivo auto-coding highlight key concepts 

across the dataset. “Data” (32 files, 407 references), “fairness” (27 files, 401 references), and “model” (32 files, 

359 references) were the most referenced, reflecting the centrality of technical design and equity concerns. Bias 

(“Bias”, 27 files, 293 references) and group considerations (“groups”, 26 files, 204 references) further emphasize 

fairness issues, while terms such as “process”, “methods”, and “algorithms” indicate attention to methodological 

rigor. “ethical”, “predictive”, and outcome-focused nodes reveal that discussions balance technical, ethical, and 

performance dimensions. Overall, node frequency demonstrates a dataset strongly focused on both the operational 

and normative aspects of AI-powered decision systems. Following an iterative review and comparison from the 

first author, these nodes were consolidated into five higher-level themes representing the dominant theoretical and 

operational concerns in the literature: (1) Data Nature and Sources of Bias; (2) Ethical and Regulatory 

Governance; (3) Mitigation Methods; (4) Fairness Metrics and Evaluation; and (5) Organisational 

Implementation. This hierarchical structure is visualised in NVivo’s node diagram (figure 1), demonstrating the 

analytical progression from granular codes to synthesised constructs. Word frequency analysis and word cloud 

visualisation (figure 1, table 2) were further used to triangulate salience patterns across the dataset, thereby 

enhancing interpretive reliability. 

Word Frequency and Conceptual Density 

The word frequency analysis conducted in NVivo identified key terms that dominated the corpus, visualised 

through a word cloud (figure 1) and detailed in the top 10 ranked terms (table 2). The most recurrent words 



included “fair” (n = 4945), “bias” (n = 3600), “model” (n = 3139), and “data” (n = 3082), followed by “using,” 

“learning,” “algorithms,” and “groups”. 

 

 

 

 

 

 

 

Table.1 Frequency of 27 Automatically Generated Nodes  

 

 

(NVivo 14 Analysis, Author’s Own, 2025) 

 

These terms collectively signal the conceptual centre of current discourse on algorithmic decision systems - 

balancing the technical mechanisms of data modelling and learning processes with normative imperatives of 

fairness and bias mitigation. The predominance of “fairness” and “bias” highlights the field’s continuing emphasis 

on achieving fairness in model behaviour while addressing the social implications of automated decision-making, 

while the prominence of “data” and “models” highlights the technical foundation of these debates. Meanwhile, 

supporting terms such as “algorithms,” “groups,” and “ethics” reveal that fairness discussions were not purely 

theoretical, but embedded in methodological and applied contexts. Together, these lexical patterns suggest that 

algorithmic fairness research is evolving as an interdisciplinary field situated between data-centric innovation and 

ethical governance. 

Emergent Themes & Consolidation Logic 

Following NVivo’s automated generation of 27 nodes, an iterative consolidation was conducted to produce 

analytically coherent higher-order themes aligned with the study’s focus. Nodes reflecting similar concepts or 

phenomena were merged to reduce redundancy while preserving interpretive nuance. Specifically, constructs 

describing data structures and inputs, including “data,” “dataset,” “training,” “variable,” and “attributes” were 



grouped under Data Nature and Sources of Bias. Technical mechanisms, for example, “methods,” “algorithms,” 

or “approach”, formed Mitigation Methods, while nodes referring to evaluation, such as “metrics,” “fairness,” 

were consolidated as Fairness Metrics and Evaluation. Operational practices, decision-making, and use cases were 

encompassed within Organisational Implementation, and oversight-related constructs, “ethical,” “risk,” 

“development,” formed Ethical and Regulatory Governance. Manual inspection of coded references ensured 

semantic accuracy and provided a structured foundation for the study’s analytical framework.  

 

 

 

 

 

Table 2: Consolidation of 5 major themes from 27 Automatically Generated Nodes  

 

 

(NVivo 14 Analysis, Author’s Own, 2025) 

 

As shown in table 3, ‘Data Nature and Sources of Bias’ was the most frequently referenced theme (n = 1,670; 

approximately 40% of total references), underscoring the field’s enduring focus on data provenance and bias root 

causes. This was followed by ‘Fairness Metrics and Evaluation’ (n = 804; 19%) and ‘Ethical and Regulatory 

Governance’ (n = 577; 13%), reflecting the literature’s sustained attention to accountability mechanisms and 

evaluative frameworks. It is important to note that file counts are reported as N/A because NVivo aggregates 

overlapping sources across sub-nodes. A single paper may contain multiple references under the same thematic 

cluster, and summing file totals would therefore inflate the count. Consequently, the number of references was 

used instead, as it more accurately reflects how frequently and deeply each idea was discussed across the papers. 

Overall, the five themes show an uneven but comprehensive pattern of focus; with the greatest attention given to 

data-related fairness issues, while newer discussions are beginning to explore ethical governance and practical 

implementation. Each theme is discussed in detail below. 

Data Nature and Sources of Bias 

This theme was the most frequently referenced (n = 1,670; table 3), reflecting the field’s strong focus on how data 

characteristics influence algorithmic outcomes. Key sub-nodes such as “dataset”, “attributes”, “variable,” 

“training” and “bias” form a coherent cluster, showing that much of the literature concentrates on data-centric 

factors. The high reference counts indicate that issues related to data quality, preparation, and inherent biases 

remain central in discussions of fairness, highlighting that understanding and managing data is foundational to 

mitigating algorithmic bias. 



 

Figure 1 Word cloud illustration across 32 papers  

(NVivo 14 Analysis, Author’s Own, 2025) 

Table 3 Top 10 Most Frequent Words  

 

 

(NVivo 14 Analysis, Author’s Own, 2025) 

 

Ethical and Regulatory Governance 

The second theme (n = 577 references) highlights the increasing attention to ethical principles and regulatory 

considerations in algorithmic systems. Sub-nodes such as “ethical,” “risk,” “specific,” “development,” and 

“research” cluster around these concerns, showing that the literature engages with ethics guidance and 

organisational risk management. The references suggest that scholars are connecting technical fairness discussions 

with broader ethical and compliance frameworks. 

Mitigation Methods 

This theme (n = 571 references) captures methodological strategies aimed at addressing bias. Nodes including 

“methods,” “approach,” “learning,” “algorithms,” and “systems” reveal that the literature discusses diverse 

interventions, ranging from algorithmic adjustments to procedural practices. The clustering indicates a focus on 

how technical solutions can be applied to improve fairness outcomes within computational models. 

Fairness Metrics and Evaluation 

The fourth theme (n = 804 references) concerns the operationalisation of fairness through measurable criteria. 

Sub-nodes such as “metrics,” “rate,” “predictive,” “outcomes,” and “fairness” show that much of the discourse 

revolves around quantifying and assessing fairness. The concentration of references suggests that evaluating 



algorithmic outputs is a key concern, with scholars exploring multiple approaches to define and measure bias in 

practice. 

Organisational Implementation 

The final theme (n = 531 references) reflects practical challenges in embedding fairness into real-world settings. 

Nodes such as “use,” “process,” “decision,” and “credit” indicate that literature addresses organisational practices, 

workflow integration, and decision-making processes. The clustering of these sub-nodes suggests that successful 

implementation depends on aligning technical, ethical, and institutional considerations within organisations. 

To further explore the relationships among key concepts, a cross-keyword co-occurrence analysis was also 

conducted in NVivo and examined how frequently two coded concepts appeared together within the same textual 

context across the dataset. The resulting matrix (table 4) reveals distinct patterns of association among six 

dominant keywords: bias, data, ethical, fairness, approach, and decision. The strongest co-occurrence was 

observed between bias and data (58), highlighting the central role of data quality, representativeness, and 

preprocessing in shaping algorithmic bias within financial systems. Similarly, data and fairness (48) frequently 

appeared together, suggesting that fairness considerations are often discussed in connection with data governance 

and validation processes. Moderate overlaps between fairness and decision (30), and between approach and 

fairness (29), indicate that fairness evaluation is also linked to decision-making procedures and bias mitigation 

strategies. In contrast, co-occurrences involving ethical were comparatively low across all pairs (ranging from 7 

to 17), suggesting that ethical and regulatory dimensions tend to be addressed separately from technical or 

operational concerns; this finding points to a socio-technical disconnect, where ethical governance remains 

conceptually recognised but less embedded in day-to-day operational implementation. Overall, the co-occurrence 

analysis demonstrates a strong clustering of technical and operational concepts - particularly around bias, data, 

and fairness, while ethical considerations remain marginal. Such a distribution supports the subsequent 

development of our socio-technical framework (figure 3) that integrates technical, organisational, and regulatory 

dimensions to better align ethical intent with practical implementation. 

Cross-Keyword Co-Occurrence Analysis 

The framework visualizes AI systems as concentric layers, where technical components form the core, encircled 

by organizational structures, employee engagement, and regulatory guidance; this approach reflects the interplay 

between technological capabilities, human agency, and institutional contexts, acknowledging that ethical 

alignment is not a linear process but a multi-dimensional, iterative effort. The framework is motivated by evidence 

from the co-occurrence analysis, which revealed that technical and operational aspects - particularly bias, data 

quality, and fairness dominate the discourse, whereas ethical considerations often receive less integrated attention. 

 



 
 

Figure 2 Hierarchical clustering of coded themes (NVivo 14 Analysis, Author’s Own, 2025) 

 

Table 4 Summary of major themes and sub-nodes  

 

(NVivo 14 Analysis, Author’s Own, 2025) 

 



 

 

 

Table 5 Cross-keyword co-occurrence analysis (NVivo 14 Analysis, Author’s Own, 2025) 

 

 

 
 

Figure 3 Socio-Technical Bias Mitigation Framework (Author’s Own, 2025) 

 

Evidence for this perspective is well-established. Sony et al. (2020) argue that technological systems, such as 

industry 4.0, are inherently socio-technical, integrating human and non-human elements to achieve shared 

objectives. This view is further reinforced by Stahl et al. (2023), who introduce the concept of “meta-

responsibility” in AI ecosystems, highlighting that intelligent systems cannot be understood in isolation from their 

broader social context. Similarly, Lu et al. (2022) develop a responsible AI pattern catalogue spanning governance, 

processes, and design, illustrating the multi-level layer of technological systems and their institutional 

frameworks. 

 

Discussion 

Having conducted qualitative analysis on literature surrounding AI mitigation strategies in the financial domain, 

various results now enable us to dissect these as a discussion and the development of a framework. Our paper thus 

proposes a socio-technical layer framework (figure 3) to conceptualize ethical AI implementation within 

organizations. 

Theme-by-Theme Analysis 

Technical layer 

At the centre of the framework lies the technical layer, which comprises AI system components directly 

responsible for shaping outputs. Key elements include data quality, module design, fairness metrics, and 

(pre/in/post-processing methods). Data quality underpins algorithmic reliability, with issues such as incomplete, 

biased, or unrepresentative datasets often driving inequitable outcomes - a principle explicitly confirmed by 

Shahbazi et al. (2022) through the “bias in, bias out” concept. Module design, including feature selection, model 

architecture, and interpretability mechanisms determines how well the AI system can function fairly under diverse 

conditions, with Hooker et al. (2021) emphasizing that model design itself can amplify algorithmic bias, not 

merely reflect existing data limitations. Fairness metrics operationalize ethical objectives by providing measurable 

standards, while pre- and post-processing interventions mitigate residual biases (Zhou et al., 2022; Trigo et al., 



2024). The technical layer embodies the principle that ethical AI begins with robust engineering practices. 

However, as suggested by the co-occurrence analysis, technical robustness alone does not ensure ethical 

integration; without organizational or human oversight, fairness and bias mitigation remain theoretical aspirations 

rather than actionable outcomes. 

Organizational layer 

Surrounding the technical core is the organisational layer, which mediates how fairness principles are enacted in 

practice. The moderate overlaps between “fairness” and “decision” (30) and between “fairness” and “approach” 

(29) (table 4) suggest that organisational processes - decision protocols, governance structures, and alignment 

strategies play a pivotal but secondary role in shaping fairness outcomes; this finding aligns with Morley et al. 

(2021), who emphasise that effective AI ethics requires institutional embedding clear roles, cross-team 

coordination, and accountability pathways that connect data scientists, compliance officers, and senior leadership. 

In many financial institutions, however, AI governance remains fragmented: fairness initiatives are often led by 

technical teams with limited integration into organisational oversight structures. The co-occurrence patterns in the 

dataset reflect this fragmentation, indicating that fairness is discussed in relation to decision-making but not 

consistently linked to broader organisational governance. Standards such as ISO/IEC 42001:2023 (AI 

Management Systems) formalise these principles, urging institutions to establish documented processes for risk 

assessment, model validation, and human oversight. Yet, as the findings imply, the translation of such frameworks 

into practice is uneven. Cultural and behavioural factors also appear in this layer. Organisational ethics depend 

not only on rules but also on shared values and competencies among employees. Training, communication, and 

leadership engagement shape whether fairness and accountability are internalised as everyday practice (Westover 

et al., 2024). Thus, while the technical layer operationalises fairness, the organisational layer determines its 

sustainability.  

Regulatory layer 

The outermost layer - the regulatory dimension represents formal compliance mechanisms and ethical alignment 

with societal norms. The empirical finding that “ethical” co-occurrences were low across all pairs (table 4) 

suggests that ethical and regulatory considerations are conceptually recognised but practically detached from day-

to-day operations. This pattern resonates with Biddle’s (2025) notion of ethics washing, where organisations 

symbolically endorse ethics and relegate responsibility to compliance departments rather than genuinely 

empowered. At this level, institutions are influenced by external governance frameworks such as the EU AI Act, 

OECD AI Principles, and other regulatory bodies. These regulations codify expectations of transparency, 

accountability, and human oversight. However, compliance alone does not guarantee ethical integrity. Research 

indicates that organizations frequently adopt ethical systems as a performative exercise, creating what Berjillos et 

al., (2025) terms a “tick-boxing” approach to ethics. Manning et al., (2020) further emphasizes that moving from 

a compliance-based to an integrity-based organizational climate requires more than superficial rule adherence 

Nevertheless, the regulatory layer is indispensable. It sets boundary conditions, ensuring minimum standards of 

accountability and offering a reference point for harmonisation across sectors. Importantly, it also exerts reflexive 

pressure on inner layers, motivating organisations to institutionalise governance and invest in technical controls. 

The challenge, as highlighted by the findings, is to move from rule-based compliance toward principle-based 

integration - embedding ethical reasoning throughout all layers of the framework. 

Analysis of gaps, trade-offs, and tensions 

The framework illuminates several gaps and tensions. First, the co-occurrence analysis revealed a clustering of 

technical and operational concepts, whereas ethical considerations were less integrated into daily discussion; this 

indicates a potential misalignment between ethical intentions and implementation, a gap the framework addresses 

by embedding ethical principles across layers. Second, trade-offs emerge between layers; technical solutions may 

optimize fairness metrics but conflict with organizational priorities, such as efficiency or resource constraints. 

Similarly, regulatory mandates may impose additional monitoring burdens, creating tensions between innovation 

speed and compliance. Recognizing these interdependencies encourages a holistic approach, where ethical 

alignment is negotiated across technical, organizational, human, and regulatory dimensions. Third, the framework 

identifies the risk of layer isolation. Technical teams, organizational managers, or regulatory officers operating 

independently can generate blind spots, resulting in ethical compromises. The layer structure emphasizes that no 

single layer is sufficient; integration and feedback across layers are critical for systemic ethical performance. 

Implications for Implementation 

The framework offers actionable guidance for institutions seeking to implement ethical AI. At the technical level, 

organizations should prioritize data governance, fairness metric selection, and bias mitigation strategies. 

Organizational practices should ensure cross-functional alignment, governance clarity, and adequate resource 



allocation to operationalize technical interventions. Employee engagement programs including training, ethical 

awareness initiatives, and reporting mechanisms - support active oversight and accountability. Finally, 

organizations should maintain continuous engagement with regulatory developments to ensure compliance and 

foster trust. Importantly, the framework encourages iterative evaluation, where technical performance, 

organizational practices, and regulatory adherence are regularly reassessed to maintain ethical alignment. By 

adopting a layered perspective, institutions can anticipate potential tensions, address gaps proactively, and ensure 

that ethical considerations permeate all aspects of AI implementation. 

Future Directions 

While the framework provides a conceptual foundation, several avenues for future research emerge. First, 

empirical studies could examine the effectiveness of layered interventions across organizational contexts, 

assessing which combinations of technical, organizational, and human factors most effectively enhance ethical 

outcomes. Second, research could explore how regulatory evolution influences internal practices, and how 

organizations adapt to shifting legal and ethical landscapes. Third, studies could track the evolution of ethical 

alignment over time, exploring how financial organizations maintain responsible practices amid technological 

advancements, structural changes, and shifting societal expectations. Finally, comparative studies across banking, 

insurance, and fintech domains could highlight sector-specific challenges and best practices for integrating 

responsible AI principles into complex socio-technical ecosystems. 

 

Conclusion 

This study critically examined the state of algorithmic bias mitigation in AI-driven financial services through a 

systematic literature review and qualitative synthesis of 32 peer-reviewed and industry sources. The analysis 

confirms that while technical research on fairness has matured - offering an array of pre-, in, and post-processing 

techniques, the translation of these approaches into financial institutions remains constrained by organisational, 

regulatory, and resource barriers. Most research continues to privilege the technical dimensions of fairness, 

particularly data quality and model design, whereas ethical and governance aspects are often treated as peripheral 

considerations rather than integral components of system development.   The socio-technical bias mitigation 

framework developed in this paper advances an integrative perspective by situating fairness within the interplay 

of technical, organisational, and regulatory layers. It underscores that achieving fairness is not a static engineering 

goal but an evolving organisational process requiring governance, monitoring, and human oversight. For the 

financial sector, this implies that effective mitigation of algorithmic bias demands embedding fairness 

considerations into data governance, model validation, and compliance infrastructures, supported by 

interdisciplinary collaboration among data scientists, ethicists, risk managers, and regulators. Future research 

should build on this framework by empirically testing fairness interventions in live financial environments, 

assessing their long-term impact on decision quality, regulatory compliance, and consumer trust. Moreover, 

comparative studies across jurisdictions could illuminate how differing regulatory cultures influence the 

operationalisation of ethical AI. Ultimately, the pursuit of fairness in financial AI systems represents not merely 

a technical challenge, but a defining test of institutional responsibility in an era of algorithmic decision-making. 
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