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ABSTRACT 

Credit scorecards remain central to bank lending, yet modern credit datasets increasingly demand 

models that capture non‑linear, high‑dimensional patterns. Traditional models such as logistic 

regression are increasingly constrained by their linear assumptions, particularly in emerging 

markets like South Africa where many borrowers have thin or fragmented credit histories. This 

study systematically reviews 32 peer-reviewed papers to examine how machine learning (ML) 

can be applied to retail credit scoring while maintaining the transparency requirements mandated 

by regulators and required by auditors. The study also conducts a performance comparison 

between ML approaches and barriers to adoption. Findings show that tree-based ensemble 

methods (Random Forest, XGBoost, LightGBM and CatBoost) consistently outperform traditional 

approaches in accuracy and stability while neural networks and support vector machines also 

perform well but raise transparency challenges. Explainable artificial intelligence (AI) techniques, 

especially SHapley Additive exPlanations (SHAP), emerge as practical tools to bridge predictive 

power with auditability. The review concludes that South African banks can adopt a staged, hybrid 

approach: using ML in data preparation and segmentation while retaining interpretable decision 

layers, thereby enhancing predictive accuracy and financial inclusion without undermining 

regulatory transparency. 

Keywords: machine learning, retail credit risk, risk scoring models 
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RESEARCH PROJECT OVERVIEW 

Credit scoring lies at the heart of the credit risk management process, as it enables banks to evaluate 

the creditworthiness of applicants and make informed lending decisions. This systematic literature 

review investigates the application of Machine Learning (ML) techniques in credit scoring, with a 

focus on how they compare to traditional statistical models and the challenges that limit their 

adoption in South African banks. The South African banking environment is highly regulated, and 

while global institutions are increasingly experimenting with ML-based credit models, local banks 

have adopted a more cautious approach due to regulatory, governance, and transparency 

considerations. 

 

The study was borne out of the researcher’s professional experience in credit risk, where exposure 

to the inner workings of credit models and governance frameworks highlight a growing tension 

between innovation and compliance. Further, observing how international institutions were 

advancing towards ML-driven credit scoring while South African banks largely relied on traditional 

logistic regression models prompted the researcher to explore this gap further. The motivation for 

this study therefore stemmed from both professional curiosity and the practical need to understand 

how ML can be responsibly introduced into local banking credit processes without undermining 

regulatory expectations on transparency. 

 

The study aims to provide a balanced and evidence-based view of ML’s role in modern credit scoring 

by highlighting its advantages in predictive accuracy, the barriers to its use, and how explainable AI 

techniques can make ML outputs interpretable for auditors and supervisors. The paper also provides 

a practical roadmap for South African banks -including the South African Reserve Bank- to consider 

hybrid adoption strategies that leverage ML in data preparation and feature engineering, while 

maintaining transparency in decision-making. 

 

This mini-dissertation is presented in three parts. The first section, this Research Project Overview, 

introduces the research topic, explains the rationale for selecting it, and outlines how each section 

of the dissertation contributes to a coherent storyline. The second section, the Research Article, 

presents the PRISMA-aligned systematic literature review of 32 peer-reviewed studies, detailing how 

ML models perform relative to traditional methods, and concludes with recommendations tailored to 

the South African context. The third section, the Reflection, evaluates the study’s contribution to the 

South African banking sector, summarises the key findings in a dashboard format, and discusses 

the researcher’s personal learning journey and lessons for future research. 
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Fit within the field of risk management 

Credit scoring directly influences credit risk modelling, provisioning, and capital adequacy –these are 

core elements of a bank’s risk management framework. As banking data becomes increasingly 

complex, the ability to use ML for deeper insights, improved default prediction, and enhanced 

portfolio segmentation introduces a new frontier in managing risk. This study therefore sits at the 

intersection of data science and financial risk management, contributing to the ongoing discussion 

on how innovation and regulation can coexist responsibly. 

 

Additionally, this study provided the researcher with an opportunity to apply academic principles to 

a practical problem faced by the financial sector, demonstrating mastery of applied research at 

master’s degree level within a research team. The responsibilities of the different role players in this 

research project are described in the table below: 

 

Table 1: Research Roleplayers 

#   Team Member Role 

1 Researcher Led the research design, conducted the systematic literature review, applied 

thematic coding and synthesis, developed the academic article, and 

integrated supervisor feedback. 

2 Supervisor: Mr TAP 

van den Berg 

Provided academic direction, ensuring methodological soundness and 

alignment with research objectives, and guided the framing of the study 

within the field of risk management. 

 
Co-supervisor: Mr JF 

Goede 

Offered specialised methodological and technical guidance, particularly in 

research design, synthesis methods, and ensuring academic coherence 

and rigour. 

3 Editor Conducted a grammar-only edit of the dissertation before submission for 

examination. 
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ARTICLE 

Machine learning for retail credit risk scoring: a systematic literature review with 

insights for South African banks 
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Introduction 

In South Africa, where household debt has grown at an average annual rate of 5.2 per cent between 

2015 and 2022, the role of retail lending by banks is particularly significant, accounting for 75 per 

cent of this debt (Muneri & Kuhn, 2023). Central to this is the bank’s ability to distinguish between 

low and high-risk borrowers as accurate risk assessments directly impact profitability, capital 

adequacy and compliance with responsible lending requirements under the National Credit Act 

(NCA) (Agung Dharmawan, 2020; Çallı & Coşkun, 2021; Chen et al., 2016; Gross, 2020; South 

African Reserve Bank, 2005). 

 

Retail lending is simply the loans banks offer to everyday consumers, instead of corporates, to fulfil 

a financial need (Mohua, 2006), and credit risk refers to the potential that borrowers will fail to meet 

their debt obligations, posing a risk to the lender (Neal, 1996). If we combine the two, retail credit 

risk is the credit risk that arises when banks lend to everyday consumers whereas wholesale credit 

risk deals with large, negotiated loans offered to businesses (Allen et al., 2004). This study focuses 

on the retail credit risk. The retail lending process involves the bank and the applicant; the process 

goes from the initial loan application to assessment to the loan’s successful repayment or default 

(the customer fails to make the repayments) (Kočenda & Vojtek, 2011).  

 

Assessing lending risk 

To manage this risk, lenders rely on credit scoring models, often in the form of application scorecards, 

which assess an applicant’s creditworthiness by predicting their probability of default through basing 

their outcome from the data in the loan application form, behavioural data from the applicant’s 

transactional bank account and, oftentimes, the credit bureau (Abdou & Pointon, 2011; Bijak & 

Thomas, 2012; Crook et al., 2007). An effective scoring system ensures that deserving applicants 

receive credit while protecting the lender from potential losses (Baesens et al., 2016; Blöchlinger & 

Leippold, 2006).  

 

Accurate credit scoring plays a strategic role in customer segmentation, which Makuch (2001) 

defines as “the process of identifying homogeneous populations with respect to their predictive 

relationship”. In credit risk terms, this involves grouping applicants by shared characteristics, such 

as credit history length (cohorts) or the depth of available data (thin vs. thick credit files) (Bijak & 

Thomas, 2012; Makuch, 2001). Effective segmentation enables tailored risk-based strategies, such 

as differentiated treatment policies for high and low-risk customers, ultimately improving portfolio 

performance. By understanding the distinct risk profiles of each segment, banks can also refine 

product offerings and personalise interactions to better meet borrower needs (Hand & Henley, 1997). 

Moreover, accurate scoring supports risk-based pricing, allowing borrowers with low probability to 
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default to access competitive interest rates while higher-risk clients are charged rates that offset 

potential losses (Rosenberg & Gleit, 1994), thereby optimising the risk–return trade-off. 

 

However, traditional scoring methods, such as logistic regression, often rely on linear assumptions 

and structured data, which may not fully capture the complex, non-linear behaviours of modern 

consumers (Dastile et al., 2020; Leo et al., 2019). This limitation is particularly pronounced in 

emerging markets like South Africa. The nation’s unique socio-economic landscape, which is 

characterised by high income inequality, a large informal economy and fragmented consumer credit 

histories, present distinct challenges for conventional credit risk models (Mutsonziwa & Fanta, 2021; 

Simatele & Maciko, 2022; Stats SA, 2025). Consequently, there is a risk that existing models may 

fail to accurately assess affordability or may inadvertently exclude viable applicants who operate 

outside the formal financial system, a concern amplified by the National Credit Act’s (NCA) mandate 

for responsible lending (South African Reserve Bank, 2005). 

 

In response to these challenges, and considering the importance of accurate scoring, the global 

financial industry has increasingly turned to machine learning (ML) (Leo et al., 2019). Machine 

learning algorithms offer the potential to analyse vast and complex datasets, identify non-linear 

patterns and deliver more accurate predictions than their traditional counterparts (Lessmann et al., 

2015; Martens et al., 2007). However, the adoption of ML is not without obstacles: the primary 

concern is the ‘black-box’ nature of many advanced models, which makes it difficult to interpret how 

ML decisions are made and is a major drawback to its adoption (Bücker et al., 2022; Martens et al., 

2007). This lack of transparency poses a challenge in a highly regulated environment like South 

Africa where concerns raised by the Financial Sector Conduct Authority (FSCA) on model 

transparency (difficulty in decomposing the output of an ML model into the underlying drivers of its 

decision) are well understood, given the opaque nature of these models (Hlophe, 2024). Similarly, 

the Financial Stability Board (FSB) stated that “the use of complex algorithms could result in a lack 

of transparency to consumers. This ‘black box’ aspect of machine learning algorithms may in turn 

raise concerns.” (Schindler et al., 2017).  

 

This dissertation, therefore, identifies a critical tension: while ML offers a powerful solution to improve 

credit scoring accuracy in the complex South African market, its adoption is hindered by regulatory 

and practical concerns regarding interpretability. There remains a need for a harmonisation of 

existing literature on how ML can enhance accuracy and transparency in South Africa, considering 

the aforementioned concerns raised by the FSB and FSCA (Hlophe, 2024; Kumar et al., 2021; 

Schindler et al., 2017). This study will investigate how this tension can be resolved by exploring how 

ML techniques that are applied in developed markets can inform and potentially improve credit risk 

scoring models in emerging markets, specifically in South Africa.  
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To achieve this, the study will systematically review literature on the application of ML in retail credit 

scoring, with a focus on emerging markets and South Africa. It seeks to (1) identify limitations of 

traditional credit scoring models, (2) assess ML’s ability to improve accuracy while maintaining 

transparency and (3) propose recommendations for the responsible adoption of ML in South Africa. 

Therefore, the central research question is, “How can machine learning enhance traditional retail 

credit risk scoring models’ accuracy in South Africa while maintaining transparency?” 

 

The paper begins by outlining the background to credit scoring and the adoption of machine learning, 

followed by a description of the systematic literature review methodology. It then presents and 

discusses the key findings before concluding with practical recommendations and directions for 

future research. 
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Background 

Globally, household debt has been on an upward trend in recent decades (Edelberg, 2006), while 

factors such as indebtedness ratios, unemployment risk and household size have been linked to 

increased default rates in emerging economies (Madeira, 2023). Further, the September 2023 

bulletin published by the South African Reserve Bank (SARB) highlights that the outstanding balance 

of household debt in South Africa grew at an average annual rate of 5.2 per cent from 2015 to 2022, 

of which loans granted by banks accounted for 75 per cent (Muneri & Kuhn, 2023). Therefore, in an 

emerging economy such as South Africa, managing retail credit risk is fundamental, and building a 

scorecard that accurately predicts the risk is crucial. 

 

Determining the credit history of a borrower dates back to the 1940s and 50s (Dastile et al., 2020; 

Poon, 2007); this emerged from the need to assess credit risk systematically (Abdou & Pointon, 

2011). Initially, credit decisions were made by using a judgmental approach, known as the 5Cs: 

Character, Capital, Collateral, Capacity and Condition (Dastile et al., 2020; Thomas et al., 2017). 

This approach proved inadequate for processing large volumes of applications, leading to the 

development of statistical scoring methods (Dastile et al., 2020). The first commercial credit 

scorecards emerged in the US in various retail and financial services firms, the most notable being 

introduced in 1958 by Fair, Isaac & Company, initially for American Investment before expanding its 

use in the company’s 800 operations nationwide (Poon, 2007). The drive towards automated credit 

scoring was accelerated by the dramatic growth in consumer credit and the need for faster, more 

consistent decision-making processes, and these automated scorecards are the traditional 

scorecards being used today (Abdou & Pointon, 2011; Li et al., 2019). 

 

Traditional scorecards are structured, statistically‑derived models built to translate applications and 

bureau data into a single risk score – logistic regression being the industry standard and the basis 

for most points‑based scorecards being used in retail lending (Siddiqi, 2017, p. 26). They typically 

draw on a limited set of structured inputs (application form fields, bureau records and selected 

internal performance indicators) that are grouped (or binned) into discrete attributes, and each group 

is assigned a weight or points contribution that sums to the final risk score (Baesens et al., 2016, p. 

75; Siddiqi, 2017, p. 6). 

 

Scorecards are designed to be operationally simple: a single numeric score permits cut-off rules for 

accept/decline decisions, risk-based pricing and portfolio segmentation and supports straightforward 

explanations to customers, auditors and regulators (Siddiqi, 2017, p. 155). However, these 

conventional models have several practical limitations when applied to modern, data‑rich and volatile 
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credit markets, including that they typically assume linear or additive relationships between 

predictors and outcomes, which can miss important non‑linear interactions present in borrower 

behaviour (Baesens et al., 2016, p. 111; Siddiqi, 2017, p. 56). 

 

Understanding the stages of scorecard development enables the identification of the stages ML can 

be effectively embedded to improve accuracy and address transparency challenges. Therefore, to 

understand where ML can be effectively embedded, it is essential to first outline the traditional 

scorecard development process, which generally takes on 5 main steps: 

 

1. Data gathering and preparation 

This is where historical loan performance data is collected and cleaned, and definitions like what 

distinguishes a “good” from a “bad” applicant are drawn out by overlaying the performance data with 

other sources, such as other client information that is contained in the application form and credit 

bureau data (Martin, 2013; Ralf et al., 2024; Siddiqi, 2017). Data quality is paramount, as evidenced 

by the lessons learnt from the 2007-2009 Global Financial Crisis, which revealed significant 

inadequacies in banks’ data architectures for risk management (Abdou & Pointon, 2011; Basel 

Committee on Banking Supervision, 2013); therefore, gathering data is a resource-intensive process 

where the data is not only assessed for completeness and consistency but also for its relevance, 

and this challenge is amplified in South Africa by concerns around data sufficiency and the potential 

for identity theft (Basel Committee on Banking Supervision, 2013; Siddiqi, 2017). Today, banks must 

adhere to strict data quality standards, including the Basel Committee on Banking Supervision’s 

(BCBS) Principles for effective risk data aggregation and risk reporting (Basel Committee on Banking 

Supervision, 2013). 

 

2. Definition of default 

A clear and consistent definition of what constitutes a “default” is fundamental in developing credit 

scoring models as it determines which customers are classified as “bad” and directly shapes the 

model’s predictive target. In practice, definitions of default vary depending on regulatory frameworks 

and company policy; for instance, some institutions may define default as 90 days past due while 

others may use the write-off status or legal recovery actions as thresholds (Harris, 2013; Siddiqi, 

2017). Regulatory frameworks such as Basel II/III and IFRS 9 emphasise the importance of a 

precise, objective and consistent definition of default to ensure comparability and robustness across 

all scoring models (Basel Committee on Banking Supervision, 2004; International Accounting 

Standards Board, 2014); therefore, this stage is critical as an inconsistent or overly broad definition 

can distort the predictive power and reliability of the final scorecard. 
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3. Segmentation 

Segmentation involves dividing the application population into distinct groups based on their shared 

characteristics to improve model accuracy. Generally, a separate scorecard is developed for each 

segment  (Bijak & Thomas, 2012); however, in smaller markets where customer volume is insufficient 

to motivate for multiple scorecards, the segments are identified, yet one unified model is developed 

(Siddiqi, 2017, p. 46). Segmentation is another step in the building process, where ML can offer 

advantages by detecting non-obvious clusters through unsupervised learning techniques like k-

means or hierarchical clustering (Lessmann et al., 2015). 

 

4. Feature selection and transformation 

Feature selection follows what is important in identifying the most predictive variables and improves 

model generalisability by reducing overfitting (Ashofteh & Bravo, 2021). Feature importance and 

selection refers to techniques used to measure how useful or valuable each input variable (feature) 

is in predicting the target variable (Liu & Schumann, 2005); so, in credit scoring, a feature could be 

income, credit history and number of credit enquiries for, example, while importance will tell you 

which of these inputs contributes the most to the model’s prediction (Laborda & Ryoo, 2021). Credit 

analysts typically evaluate 50-60 potential features before ultimately selecting 8-12 that provide the 

most predictive combination (Huang et al., 2018). This step is often intensive for traditional methods 

that employ feature importance scores or statistical tests to remove redundant or irrelevant variables 

(Xia et al., 2017). In some advanced models, feature selection is automated and can adapt to 

changing data distributions (Ashofteh & Bravo, 2021), and the literature has shown that ML 

meaningfully enhances and automates this step by identifying the most relevant variables and 

improving model performance (Tripathi et al., 2019; Tripathi et al., 2018) . 

 

5. Model development and validation 

Model development comprises selecting a statistical or ML approach that is suited to the problem 

structure and data characteristics. Typically, techniques such as logistic regression or linear 

discriminant analysis are used (Bücker et al., 2022), and, more recently, ML models such as random 

forests, neural networks and ensemble methods have gained attention for their potential to improve 

predictive performance (Dastile et al., 2020; West, 2000; Xia et al., 2017). Recent literature explores 

hybrid approaches that combine ML with traditional models to maintain transparency while improving 

predictive power (Bücker et al., 2022; Wang & Lin, 2021). The developed model is then validated by 

using metrics such as the Gini coefficient/ Area Under the Curve for predictive power (Lessmann et 

al., 2015; Martin, 2013; Óskarsdóttir et al., 2019) and stability indices like the Characteristic Stability 

Index and Population Stability Index for monitoring changes in data or model performance (Martin, 

2013; Whittaker et al., 2007). 
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6. Learning machines to assess risk 

A more detailed understanding of patterns and correlations in large datasets is made possible by ML 

approaches (Lessmann et al., 2015; Mestiri, 2024). Machine learning, a subset of artificial 

intelligence (AI), involves algorithms that can learn from and make decisions based on data without 

being explicitly programmed to perform specific tasks, such as credit assessment or fraud detection. 

In the context of credit scoring, ML models can analyse complex datasets with high accuracy by 

capturing non-linear relationships and adapting to new information more efficiently than the 

traditional methods mentioned above (Wenbing et al., 2019).  

 

Research has shown how ML may increase prediction accuracy and lower false positives in credit 

evaluations (Lessmann et al., 2015). For instance, research by Lessmann et al. (2015) compared 

several ML models, including support vector machines, neural networks and ensemble methods and 

found that these models markedly outperformed conventional scoring techniques. Other global 

studies, such as those by Addo et al. (2018), explored the use of deep learning (DL) in credit risk 

management and highlighted its ability to handle large, unstructured datasets and improve long-term 

predictions. The datasets used by Lessmann et al. (2015) were drawn mainly from European and 

Australian sources, while Addo et al. (2018) used data from European organisations. These studies 

show us that ML methods have proven to outperform traditional techniques, such as logistic 

regression, by offering more precise risk prediction (Dastile et al., 2020; Dumitrescu et al., 2022). 

 

Among the most commonly applied ML techniques in credit scoring are Random Forests, Gradient 

Boosting Machines and Artificial Neural Networks (ANNs) (Breiman, 2001; Brown & Mues, 2012; 

Lee et al., 2002). Random Forests, an ensemble method, aggregate the outputs of multiple decision 

trees to improve generalisation and reduce overfitting (Breiman, 2001) while gradient boosting, 

another ensemble technique, builds models sequentially by correcting previous errors to improve 

performance (Brown & Mues, 2012; Friedman, 2002). Artificial Neural Networks have also been 

applied to credit scoring due to their ability to uncover intricate patterns in large datasets (Addo et 

al., 2018); although they have been criticised for their “black-box” nature (Bücker et al., 2022; 

Lessmann et al., 2015).   

 

Notwithstanding their strengths in accuracy, a central concern regarding ML models remains their 

transparency and explainability, thus the rise of explainable AI (XAI) techniques, such as SHapley 

Additive exPlanations (SHAP) and Local Interpretable Model-agnostic Explanations (LIME) has 

allowed practitioners the opportunity to better understand which input features are driving individual 

predictions, thereby increasing transparency (Houda et al., 2022; Lundberg & Lee, 2017), which is 
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particularly important in a regulated domain such as credit risk. Accordingly, ML is increasingly 

viewed not as a replacement for traditional models, but as a complementary layer that is used for 

feature engineering, segmentation or boosting prediction accuracy within hybrid scoring frameworks 

(Boughaci et al., 2020; Wang & Lin, 2021). 

 

Traditional model enhancement opportunities 

The growth of digital financial services has meant that large volumes of customer data, including 

transactional data and behavioural patterns, are now accessible to lenders (Gomber et al., 2017). 

This has resulted in a change in the credit scoring landscape by presenting an opportunity to develop 

more complex models that can consider the complexity of modern credit markets (Roa et al.). As 

credit markets become more complex and consumer data becomes more fragmented, indeed, there 

is a growing need for models that can analyse large, unstructured datasets and uncover non-linear 

relationships (Martens et al., 2007). Machine Learning models offer us a potential solution to these 

challenges; their ability to handle vast datasets, detect patterns in customer behaviour and predict 

future trends makes them a valuable tool for modern credit risk assessment (Okeleke et al., 2024). 

 

Credit risk managers need to find ways to balance performance with interpretability; solutions like 

hybrid models, which combine the traditional models with ML components, have been proposed as 

a way to mitigate the explainability issues while still benefiting from the strengths of ML (Bücker et 

al., 2022; Martens et al., 2007).  

 

Hybrid models that combine the predictability of ML with the interpretability of conventional credit 

scoring methods have been explored in recent research (Dumitrescu et al., 2022; Wang & Lin, 2021). 

In these models, the ML component typically handles the more complex tasks, such as segmentation 

(dividing borrowers into distinct groups based on characteristics, then identifying homogenous 

subsets within the larger population) and classification (assigning borrowers to predefined categories 

such as good/bad credit, or, approve/decline) of individuals while the traditional component provides 

a clearer, rule-based framework for decision-making (Boughaci et al., 2020). Research by 

Dumitrescu et al. (2022) developed the Penalised Logistic Tree Regression (PLTR), a hybrid credit 

scoring approach that combines decision tree-derived predictors with logistic regression and found 

that this method improves predictive performance while maintaining interpretability (Dumitrescu et 

al., 2022); the model has also shown cost reductions ranging from 18-22 per cent compared to linear 

logistic regression. 
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These hybrid models present a promising way forward for credit risk managers in markets like South 

Africa, where regulatory oversight is stringent, and credit behaviour is highly diverse due to historical 

inequalities, varying income levels and widespread financial exclusion (Simatele & Maciko, 2022). 

Hybrid models combine the best features of both methods to provide more precise and nuanced risk 

evaluations without compromising explainability (Lessmann et al., 2015); this is especially important 

when evaluating subpopulations whose credit histories are sparse or whose credit behaviour 

patterns are inconsistent since they might be better represented by ML’s capacity to interpret 

unstructured data. 

 

South African regulatory landscape 

The application of any scoring model in South Africa is governed by the National Credit Act (NCA) 

gazetted in 2005 (South African Reserve Bank). The NCA was introduced to promote responsible 

lending practices, ensure consumer protection and foster a fair and transparent credit market. 

Central to the NCA are specific provisions that influence the development and implementation of 

credit scorecards: Section 81 (‘prevention of reckless credit’) is particularly salient as it prohibits 

credit providers from entering into a credit agreement without taking reasonable steps to assess the 

applicant’s affordability. Section 170 (‘provider to keep records’) emphasises maintaining accurate 

and comprehensive records of credit agreements and applications to ensure transparency and 

accountability in lending decisions (South African Reserve Bank, 2005). As such, the Act does not 

prohibit specific technologies like ML; rather, its principles-based approach requires that any method 

used to assess an applicant’s affordability must be fair, transparent and justifiable. Naturally, the NCA 

has strong implications for the type of credit scoring models that can be implemented by credit 

providers. 

 

This legal framework operates within a challenging socio-economic environment. Many consumers 

in South Africa operate within the informal economy (Stats SA, 2025), making it challenging to 

assess creditworthiness by using conventional variables, such as payslips or tax records; 

additionally, credit histories are often thin or fragmented (known as “thin” credit files), thereby 

challenging the effectiveness of scorecards that rely heavily on credit bureau data (Bijak & Thomas, 

2012; Mutsonziwa & Fanta, 2021; Siddiqi, 2017, p. 48). In light of these regulatory requirements and 

data limitations, it becomes necessary to explore modelling approaches that accommodate the 

complexities of South African credit markets while aligning with transparency expectations. The 

combination of evolving data ecosystems, regulatory scrutiny and the distinct characteristics of 

emerging-market consumers makes South Africa ideal for investigating the applicability and value of 

ML in enhancing credit scoring. 
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Method 

Research approach 

The study employs a systematic literature review approach to address the following question: 

“What learning can be obtained from academic literature between 2000 and 2025 on the key findings, 

challenges and best practices in applying Machine Learning to retail credit risk scoring, particularly 

in enhancing model accuracy and transparency in emerging markets, and how might these insights 

be applied in the South African context?” 

 

This question guided the selection of studies, the identification of themes and the synthesis of 

findings to provide insights for South African banks. A review protocol was developed according to 

the Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) framework 

(www.prisma-statement.org) and used to track the identification, screening, eligibility and inclusion 

of sources. The PRISMA approach is widely accepted best practice for conducting systematic 

literature reviews and ensures reviews are transparent, replicable and comprehensive (Page et al., 

2021; Parums, 2021). 

 

Search strategy 

A comprehensive search was conducted on 14 June 2024. Scopus was selected as the primary 

database as it contained comprehensive coverage of peer-reviewed literature in the fields of finance, 

ML and credit risk. Although other databases were considered (JSTOR, EBSCO), Scopus yielded a 

substantial number of relevant articles that aligned to the study’s inclusion criteria and was thus 

deemed sufficient for the purpose of this review. The following terms were used as free-text words 

in the article title, abstract and keywords: ‘machine’ and ‘learning’ and ‘credit’ and ‘scoring’ and 

‘models’. The search was limited to articles published after January 2000, and only articles in English 

were accepted. 

 

Selection criteria 

A multi-stage screening process, tracked using a flow diagram, was used to identify eligible studies. 

For inclusion in the review, articles needed to meet all of the following criteria (refer Figure 1): (1) 

the title contains ‘credit scoring’, (2) the study address retail credit lending (e.g. personal loans and 

credit cards), (3) the study is a primary empirical study and not a literature review or conceptual 

paper, (4) the study does not introduce a novel methodology/ framework and, (5) the study is 

accredited by the Department of Higher Education and Training (DHET). As such, the exclusion 

criteria were the inverse – non-retail credit, literature reviews, papers proposing novel frameworks 

and not being DHET accredited. 

http://www.prisma-statement.org/
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Selection procedure 

The initial search results from Scopus were exported to Microsoft Excel. First, the article titles were 

filtered for words containing ‘credit scoring’. Following this, the author screened the remaining titles 

and abstracts against the full inclusion criteria. A tracking sheet was maintained for all records that 

details the status of each article, including the reason for exclusion where applicable (refer Appendix 

A). Full-text articles were retrieved via the North-West University (NWU) online library; papers that 

were inaccessible were excluded.   

 

 

 

Figure 1: Study selection procedure 

Source: Own compilation (2025) 

 

Data extraction 

All papers were extracted from the NWU Library and studied for analysis. To aid in visualising and 

understanding the information, a structured data extraction form was developed to systematically 

collect information from each study (refer Appendix B). The following variables of interest were 

extracted:  

 Primary Outcomes (model performance and other metrics): the papers were searched for 

quantitative metrics that relate to predictive accuracy. Measures of predictive accuracy are vast; 

therefore, this search included common metrics/terms such as:  
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o Area Under the receiver operating Curve (AUC) – measures how well a model 

distinguishes between good and bad borrowers, with higher values showing better 

separation – it summarises a classifier’s rank discrimination across all thresholds (Kraus, 

2014). 

o Gini Coefficient – is a simple linear transformation of AUC (Gini = 2·AUC − 1) and is 

widely reported in the credit‑risk practice as an intuitive measure of discriminatory power 

(Guégan & Hassani, 2018). 

o Accuracy – the proportion of correct predictions (both good and bad borrowers) out of all 

predictions made (Fang & Chen, 2019). 

o Precision, Recall and the F1‑score – describe trade‑offs between false positives and false 

negatives for a selected operating threshold and are particularly useful when class 

distributions are imbalanced or when the business cost of different error types is 

asymmetric (Montevechi et al., 2024). 

o Kolmogorov-Smirnov (KS) statistic – measures the maximum separation between the 

cumulative score distributions of ‘goods’ and ‘bads’ and is commonly used by 

practitioners for population separation checks (Fang & Chen, 2019). 

 Secondary Outcomes (model accuracy and transparency/ XAI): In line with the research, 

papers that included information that relates to model explainability were sought. This included 

the name of the interpretability technique used (e.g. SHAP, LIME) as well as discussions that 

relate to the trade-off between accuracy and transparency. 

 Other variables: Other variables were extracted from the papers as well as the tracking template 

(refer Appendix A), including (a) the author(s) and publication year; (b) the journal and article 

title; (c) on which data the study was based (geographical context); (d) the type of data (public/ 

private datasets); (e) the ML models tested; (f) in the case of benchmark studies, the benchmark 

model; and (g) the data preparation techniques. An ‘Author’s Notes’ column was added to the 

table for simplified context. 

Where a study did not report on a specific variable, the variable was recorded as ‘Not Applicable’. 

 

Addressing bias and certainty 

The risk of reporting bias (outcome reporting bias), where studies with findings that align with the 

research aim are more likely to be considered, is acknowledged as an inherent limitation of the 

literature review; this is considered when drawing final conclusions. In terms of certainty in evidence, 

conclusions that are supported by multiple studies are presented with a higher degree of certainty. 

Lastly, the study was submitted to the Economic and Management Sciences Research Ethics 

Committee (EMS-REC) and was classified as a “no risk” study. 
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Results and Discussion 

Study selection 

The searches initially resulted in a total of 633 references, with 1 duplicate that was eliminated. After 

screening the titles and abstracts, 520 articles were excluded as they did not meet either one, or all, 

of the inclusion criteria. The full texts of the remaining 30 articles were then retrieved. Papers that 

were issued by the International Financial Stability Board and the European Commission were added 

manually for regulatory breadth, given that no position papers have been issued by South African 

regulatory bodies on the use ML in credit scoring. Figure 2 presents the details of the selection 

process in a PRISMA-style flow diagram. 

 

 

Figure 2: Flowchart for selecting studies 
Source: Own compilation (2025) 

 

Notes on coding and synthesis 

The three stages of thematic synthesis, as described by Thomas and Harden (2008), were adopted 

for the remaining 32 studies: (1) free, line‑by‑line coding of the extracted summaries, (2) grouping 

codes into descriptive themes and (3) developing analytical themes that explain patterns across the 

literature. Coding was performed against the credit model development lifecycle phases to which 

each study primarily contributed (for example, data/feature selection, model building and model 

validation/deployment). Papers that contributed to more than one phase were tagged accordingly 

(refer Appendix B). From this, diverse approaches were identified to construct descriptive themes. 
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This approach aided in not “hard-coding” the analytical themes, which would cement rigidity; they 

were broad enough to accommodate the varying approaches that were studied in the literature.  

 

The final themes and sub-themes (codes) identified are detailed in Table 2: 

Table 2: Codebook themes 

# Theme Code Definition 

1 Traditional model 

limitations 

1.1 General limitations 

of traditional models 

Identifies common limitations in traditional assessment 

scoring models. 

2 Emerging market 

considerations 

2.1 Application with 

alternative data 

Studies that apply ML models to non-traditional data 

sources to score individuals, particularly those with thin 

credit files. 

3 Machine Learning 

application in 

credit scoring 

3.1: Comparative 

performance analysis 

1.1a Tree-Based Ensemble Methods (Bagging and 

Boosting): Studies where the main comparison 

involves different types of tree-based ensembles (e.g. 

Random Forest, AdaBoost, Gradient Boosting models 

like XGBoost, LightGBM, CatBoost). 

   1.1b Neural Networks and Deep Learning: Studies 

that specifically evaluate or compare the performance 

of Artificial Neural Networks (ANN), Multilayer 

Perceptrons (MLP) or more complex Deep Learning 

architectures (like CNNs or RNNs). 

   1.1c Kernel-Based Methods (e.g. Support Vector 

Machines): Studies where Support Vector Machines 

(SVM) are a central part of the comparison. 

   1.1d Broader Multi-Category Comparisons: Studies 

that conduct a wide-ranging "bake-off" across multiple 

algorithm families (e.g. comparing an ensemble, a 

neural network, an SVM and logistic regression all in 

one paper). 

  3.2: Data handling and 

feature engineering 

techniques 

Studies that focus on techniques used in conjunction 

with ML models, such as handling imbalanced data, 

feature selection or feature engineering. 

4 Barriers to ML 

adoption 

4.1 Regulatory 

resistance 

Studies that detail obstacles to ML use in South Africa 

or comparable contexts (i.e. emerging markets). 

5 Transparency & 

explainability 

5.1: Model 

interpretability technique 

used 

Studies that address how transparency is achieved in 

ML models. 

5.2: Accuracy and 

transparency trade-off 

Captures whether and how the study addresses both 

accuracy, predictability and explainability in tandem, 

such as reporting on the predictive performance of 

transparent models, using interpretable algorithms 

without significant accuracy loss or discussing 

concessions or enhancements made to preserve both 

qualities. 
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Instances from the literature that spoke to each theme were extracted from the Data Extraction 

form (refer Appendix B) and included in the codebook; an overall summary of the paper (mainly 

extracted from the abstracts and results sections of the articles) was also extracted and included in 

the codebook (refer Appendix C). 

 

The impetus for innovation: traditional model limitations (theme 1) 

Traditional statistical approaches are widely used in banking; methodologies such as decision trees, 

linear discriminant analysis and logistic regression (LR) for credit scoring have been in use for over 

30 years (Bücker et al., 2022; Du Toit et al., 2024; Laborda & Ryoo, 2021), and their appeal stems 

from their familiarity with regulators and auditors who understand these models due to their linear 

nature, thus making them highly interpretable (Bücker et al., 2022; Hlongwane et al., 2024). 

However, despite their established role, the limitations of these models have been documented 

extensively in academia, including their low classification accuracy due to the restrictive assumptions 

made by the models (Chopra & Bhilare, 2018; Cubiles-De-La-Vega et al., 2013; Liu et al., 2024). 

This rigidity makes the models less resilient when confronted with large, high-dimensional datasets 

that characterise modern banking as the model assumptions are often violated in the real world 

(Chopra & Bhilare, 2018; Hussin et al., 2022; Thuy et al., 2025). 

 

Intrinsically, these models often exhibit a performance ceiling. Research shows that ML models 

consistently outperform traditional models and achieve higher predictive accuracy (Bono et al., 2021; 

Chopra & Bhilare, 2018; Hlongwane et al., 2024; Laborda & Ryoo, 2021), and the accuracy of 

traditional methods can decline when non-linear interactions are present in the data, thereby limiting 

their ability to differentiate between high and low-risk borrowers (Thuy et al., 2025); this is especially 

problematic when assessing applicants with no formal credit history (termed ‘thin-file’ customers), 

which is a common characteristic in emerging markets, including South Africa (Thuy et al., 2025). 

 

Emerging market consideration: financial inclusion (theme 2) 

To address the challenge in scoring thin-file customers, ML offers a solution: using alternative 

sources such as social media activity, e-commerce data and mobile device usage to determine the 

credit score (Djeundje et al., 2021; Li et al., 2024). Applying ML to these alternate sources allows 

banks the opportunity to gain a more nuanced view of an applicant’s creditworthiness by assessing 

qualitative factors like financial discipline and willingness to pay (Schindler et al., 2017; Thuy et al., 

2025); thus, it is evident how ML impacts the financial inclusion mandate by including the unbanked 

(Tigges et al., 2024). 
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Enhancing predictive power: comparative performance analysis (theme 3) 

Thus, the limitations of traditional models are the driving force for the extensive research into the 

application of ML in credit scoring, which has uncovered a world of powerful algorithms capable of 

delivering predictive accuracy that far exceeds traditional models (Chopra & Bhilare, 2018; Laborda 

& Ryoo, 2021): 

 

Dominance of tree-based ensemble methods (theme 3.1a) 

Ensemble methods leverage the idea that combining predictions from multiple models typically yields 

better results than a single model alone (Chopra & Bhilare, 2018; Kozak, 2019, p. 107; Tripathi et 

al., 2021). Decision trees are algorithms that can be used for both classification (the decision tree 

predicts a categorical label) and regression (the decision tree predicts a continuous value) tasks 

(Kozak, 2019, p. 1), and, across the literature, tree-based ensemble methods emerge as the most 

consistently high-performing class of algorithms in credit scoring (Ben-David & Frank, 2009). Studies 

such as those by Chopra and Bhilare (2018), Li and Chen (2020) and those referenced by Laborda 

and Ryoo (2021) repeatedly find that ensemble methods outperform individual classifiers in terms of 

predictive accuracy. Across the literature assessed, Random Forest is lauded for its strong 

performance where in comparative performance assessments, Random Forest returns the best 

performance across five metrics (accuracy, area under the curve (AUC), Kolmogorov–Smirnov 

statistic (KS), Brier score (BS) and model operating time) when compared to other ensemble 

methods (Li & Chen, 2020; Thuy et al., 2025). 

 

Gradient Boosting Machines (GBMs): another ensemble ML approach, including modern 

implementations like XGBoost, LightGBM and CatBoost, are also recognised for their exceptional 

predictive power (Boughaci & Alkhawaldeh, 2020; Liu et al., 2024; Tran, 2021), where XGBoost and 

LightGBM came in as close contenders to Random Forests in the study by Li and Chen (2020). The 

computational efficiency of these modern GBMs, especially when dealing with large datasets, is also 

noted (Li & Chen, 2020; Liu et al., 2024) where XGBoost is often identified as the most accurate 

model, even in direct comparisons by using Vietnamese data, which holds emerging market 

similarities with South Africa (Sugianto et al., 2024) along with CatBoost, which scores high in recall 

and AUC (Liu et al., 2024; Thuy et al., 2025). Therefore, the consensus is that ensemble methods 

greatly improve single decision trees and traditional models by reducing variance and bias, thereby 

leading to more reliable identification of potential defaulters (Chopra & Bhilare, 2018; Hussin et al., 

2022). 
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Neural networks and deep learning (theme 3.1b) 

Neural networks (NNs) and deep learning (DL) architectures are another powerful frontier in credit 

scoring (Muslimin, 2022; Zhirov et al., 2021); these models excel at automatically capturing complex, 

non-linear relationships and can process diverse data types, including both structured and 

unstructured inputs (Bequé & Lessmann, 2017; Hussin et al., 2022), making them well-suited for 

modelling temporal patterns in borrower behaviour or incorporating alternative data sources (Thuy 

et al., 2025; Zhirov et al., 2021). Research by Zhirov et al. (2021) confirmed the effectiveness of NNs 

in credit scoring where the system demonstrated 95 per cent correctness in determining borrower 

creditworthiness.  

 

However, NNs and DL lack transparency, which complicates validation and regulatory compliance 

(Cubiles-De-La-Vega et al., 2013; Du Toit et al., 2024). Another drawback is that they are often 

computationally intensive and sensitive to data imbalances, which may distort default predictions 

(Dessain et al., 2023; Thuy et al., 2025). 

 

Kernel-based and other methods (theme 3.1c and 3.1d) 

Support Vector Machines (SVMs) are frequently evaluated in credit scoring literature as they are 

considered competitive classifiers (Sugianto et al., 2024) with some studies finding their performance 

comparable to NNs (Hussin et al., 2022; Laborda & Ryoo, 2021; Thuy et al., 2025), yet, like NNs, 

they lack interpretability while comparative studies show that modern ensemble methods perform 

better in terms of accuracy (Chopra & Bhilare, 2018; Thuy et al., 2025). Other “bake-off” 

(comparative) studies that compare multiple algorithms, such as LR, NNs, SVMs and ensembles, 

reinforce the general conclusion that ensemble methods often provide the optimal balance between 

predictive power and stability (Hussin et al., 2022; Laborda & Ryoo, 2021; Li & Chen, 2020). 

 

Data handling and feature engineering (theme 3.2) 

The success of any model is dependent on the quality of the underlying data (Yi & Yuwen, 2021); 

literature highlights two critical data pre-processing steps: imbalanced data management and feature 

selection. 

1. The “imbalanced data” problem: Credit datasets are known to be imbalanced in that there are 

far more non-defaulters than defaulters (Hussin et al., 2022; Thuy et al., 2025), which effectively 

biases a model towards the majority and, thereby, reduces its ability to identify actual risk. 

Techniques to mitigate against such biases are essential, and methods such as random 

oversampling and SMOTE (Synthetic Minority Oversampling Technique) are widely used to 

artificially create new minority class instances, thus balancing the dataset and improving 

classifier importance (He et al., 2022; Hussin et al., 2022). 
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2. Feature selection and engineering: To avoid overfitting, and to reduce model complexity, it is 

imperative to select the most informative predictors from large datasets (Koutanaei et al., 2015; 

Laborda & Ryoo, 2021). An array of techniques exists that range from simple statistical (and 

transparent) filter methods like the chi-squared test and correlation coefficients to more 

sophisticated ML-based approaches (Hussin et al., 2022; Liu & Schumann, 2005; Trivedi, 2020; 

Yi & Yuwen, 2021). Prominently featured are wrapper methods, which use a specific ML 

algorithm to iteratively evaluate subsets of features, with forward and backward stepwise 

selection being noted for their effectiveness (Laborda & Ryoo, 2021; Liu & Schumann, 2005). 

More advanced approaches include embedded methods where feature selection is an intrinsic 

part of the model’s training process (Talaat et al., 2023) and even uses complex algorithms like 

gradient boosting decision trees explicitly for feature engineering before selecting the features 

(Laborda & Ryoo, 2021). It is evident in the literature that these feature selection techniques are 

value-adding in that they directly enhance the predictive accuracy of credit scoring models 

(Laborda & Ryoo, 2021; Liu & Schumann, 2005). 

 

Bridging the trust gap: interpreting ML (themes 5, 6 and 7) 

As such, it is clear in the literature that ML offers superior accuracy over traditional models across 

the board; however, central to ML adoption in banking is addressing their complexity and 

transparency, which is a major barrier to adoption in South Africa (High-Level Expert Group on 

Artificial Intelligence, 2019; Schindler et al., 2017). The South African Reserve Bank’s (SARB) 

definition of model risk – as it pertains to regulatory models – takes two forms: the first is the incorrect 

valuation methodology and the second is unobservable (and possibly incorrect) calibration 

parameters (Du Toit et al., 2024; South African Reserve Bank, 2015). Therefore, model parameters 

must be justifiable, and to overcome the black-box barrier in adopting ML, is Explainable AI (XAI), 

which provides tools to interpret complex models without compromising on predictive power (Du Toit 

et al., 2024; Thuy et al., 2025). 

 

Studies show several methods for achieving model transparency (e.g. Local Interpretable Model-

agnostic Explanation (LIME), iBreakdown approach) with SHAP (Shapley Additive exPlanations or 

Shapley values) emerging as the most widespread method for explaining the output of ML models 

(Dessain et al., 2023; Du Toit et al., 2024; Hlongwane et al., 2024; Talaat et al., 2023). The SHAP 

model provides insights by quantifying the contribution of each feature to a specific prediction, which 

allows for both global and local interpretability: understanding which features are most important for 

the model’s prediction overall and explaining why an individual applicant received their specific 

scorecard outcome (Liu et al., 2024; Talaat et al., 2023; Thuy et al., 2025). The advantage of the 

SHAP model lies in its ability to generate explanations for even the most complex models, thereby 
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translating a black-box decision into an evidence-based reason code that aligns with industry 

practice (Bücker et al., 2022; Hlongwane et al., 2024). 

 

Transparency or accuracy? Or both? (themes 6 and 7) 

Hlongwane et al. (2024) show that transparency and accuracy are not necessarily mutually 

exclusive; by building-in XAI, it is possible to leverage the high accuracy of ML models like XGBoost 

and random forest, and that credit scores derived from SHAP can align closely with those from 

traditional LR models. Studies have also begun quantifying the “cost of explainability” where the 

financial return of the best performing black-box ML model and the best performing inherently 

explainable ML model are compared, and Dessain et al. (2023) find that there is, in fact, a cost linked 

to explainability; however, the study also found that traditional models performed poorly in both 

statistical and financial terms. 
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Discussion 

This review set out to examine how ML techniques are being applied to credit scoring, how they 

compare to traditional statistical models and what barriers remain to adoption in the South African 

context. The literature shows that traditional statistical scorecards (logistic regression and linear 

discriminant analysis) remain widely used because they are familiar to auditors and regulators and 

are straightforward to interpret (Bücker et al., 2022). However, these models rest on linearity and 

other restrictive assumptions that increasingly limit their discriminatory power as banking datasets 

become larger, higher-dimensional and more non-linear in structure. In emerging market contexts 

with many thin file borrowers, these limitations are especially acute because simple models struggle 

to extract useful signals from sparse or non-traditional data (Li et al., 2024). 

 

Across the studies coded, tree-based ensemble methods were the most consistently high-

performing family of algorithms. Random Forest and gradient boosted implementations (XGBoost, 

LightGBM, CatBoost) and repeatedly delivered superior discrimination (AUC/Gini/KS) and strong 

performance across datasets and metrics in comparative studies (Zou et al., 2025). The ensembles’ 

superior performance is explained by their architecture: they combine multiple base learners to 

reduce variance (bagging) and bias (boosting), thereby producing more stable and accurate 

predictors than single classifiers (Lessmann et al., 2015). This consistency across the reviewed 

papers makes tree-based ensembles a pragmatic first choice when rank ordering bad from good 

customers (discrimination) is the primary objective in credit scoring. 

 

Neural networks and other DL models can also achieve high predictive performance and have 

particular strengths in modelling complex, non-linear relationships and unstructured or temporal 

inputs; however, they raise two concerns: transparency (difficulty of explanation and validation) and 

sensitivity to class imbalance and limited data, which complicates reliable deployment in regulated 

settings (Zou et al., 2025). Support Vector Machines are competitive in many studies but likewise 

suffer from limited interpretability in production environments (Bono et al., 2021). In short, while many 

algorithms can reach strong statistical performance on given samples, their operational suitability 

depends on governance, explainability and data readiness as much as on accuracy. 

 

Explainable AI (XAI) techniques, especially SHAP, are now widely reported as the practical route to 

reconciling ensembles’ predictive power with auditability requirements. The SHAP model provides 

both global and local explanations by attributing marginal contributions of features to predictions, 

enabling production-grade “reason codes” that are intelligible to stakeholders and auditors (Du Toit 

et al., 2024). Studies in the codebook show SHAP explanations for tree ensembles produce score 

level reason codes that align closely with traditional scorecard outputs while preserving the 
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ensemble’s superior discrimination, showing us that accuracy and transparency need not be 

mutually exclusive (Hlongwane et al., 2024; Liu et al., 2024). Nonetheless, recent work has begun 

to quantify the possible “cost of explainability”, and that cost appears context-dependent and is 

generally modest in published examples. Banks must, therefore, weigh this potential cost against 

the regulatory and operational benefits of explainability within their own portfolios. 

 

The literature emphasises that much of ML’s practical value lies upstream of model fitting: careful 

data preparation, principled feature selection and imbalance handling materially determine 

downstream success. Credit datasets are typically highly imbalanced, and authors routinely 

recommend methods such as random oversampling and SMOTE to rebalance classes and improve 

minority class detection (Hussin et al., 2022). Feature selection strategies – from transparent filters 

(chi-square, correlations) to wrapper and embedded methods – consistently improve predictive 

accuracy and reduce overfitting; many studies show that feature engineering and selection are as 

important, if not more so, than the chosen classifier (Laborda & Ryoo, 2021). Because these pre-

processing steps can themselves be algorithmic, governance teams should document and justify 

them with the same rigour as model selection and calibration. 

 

Alternative data and financial inclusion appear repeatedly as both an opportunity and a risk. Studies 

demonstrate that non-traditional signals (mobile phone metadata, payments and digital footprints) 

can let ML score thin-file applicants and extend credit to previously unscorable populations, 

enhancing financial inclusion when implemented responsibly (Li et al., 2024; Óskarsdóttir et al., 

2019). At the same time, the literature warns that alternative data can encode historical and structural 

biases; therefore, fairness testing, transparency, and explicit consent/privacy considerations must 

accompany any alternative data pilot (Tigges et al., 2024). This is especially important for South 

Africa, given historical inequalities. 

 

Regulatory and governance readiness is a recurrent barrier to ML adoption in banking. Practical 

model risk frameworks for ML have been proposed that integrate Shapley-based interpretability tests 

and model validation procedures, but published guidance specific to South African supervisory 

practice is limited in the corpus that was reviewed in this study; consequently, South African banks 

should build hybrid governance that maps international best practice to local regulatory expectations 

and engage supervisors early in pilot programmes (Du Toit et al., 2024). In other words, a defensible 

adoption roadmap is staged and cautious: use ML for augmentation (feature engineering, 

segmentation) while maintaining interpretable decision layers or SHAP-based reason codes for the 

production decision, accompanied by documented validation, monitoring and recourse mechanisms 

(Bücker et al., 2022). 
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Recommendations 

Therefore, in summary, I present practical recommendations for South African banks: 

 Adopt a staged, hybrid approach: an implementation strategy that separates ML‑driven data 

work from the final decision layer; in other words, banks should explore the use of ML for data 

preparation (feature engineering, signal discovery and segment identification) and retain an 

interpretable decision model (or an auditable explanation layer) for production credit decisions 

so that ML’s data benefits are captured while preserving transparent, regulator‑friendly outputs 

(Laborda & Ryoo, 2021; Liu & Schumann, 2005). 

 Prioritise tree-based ensemble models for score derivation where discrimination is the 

objective, and embed explainability tools from project inception. Random Forest and modern 

gradient boosting consistently deliver top discrimination and stability across studies, making 

them sensible first choices for production modelling (Li & Chen, 2020). However, they require 

integrated XAI (e.g. SHAP) in the development pipeline so that every modelled decision has an 

auditable local and global explanation (Khan et al., 2025). 

 Explore alternative data points and treat alternative data as a strategic inclusion pilot, not a 

wholesale replacement. Alternative data  allows for expansion into underserved markets, thereby 

impacting financial inclusion (Schindler et al., 2017; Thuy et al., 2025); therefore, run controlled 

pilots (with privacy and fairness safeguards) to evaluate whether adding mobile, utility or 

behavioural signals improves both approval rates and realised defaults for thin‑file applicants, 

and always accompany these pilots with bias and privacy impact assessments (Li et al., 2024; 

Tigges et al., 2024). 

 Engage supervisors early and document model risk extensions. Because South African 

supervisory guidance is less prescriptive for business scorecards than for high-impact regulatory 

models, banks should map international best practice to local requirements, document Shapley-

based validation tests and seek early supervisory dialogue for novel ML use cases to reduce 

regulatory friction (Schindler et al., 2017). 

 Testing reports should include both technical and economic outcomes: any ML pilot 

(challenger models) should track business metrics (approval volumes, take up, default rates and 

other portfolio-specific metrics) in addition to statistical model monitoring metrics (AUC, 

calibration etc.) to allow for investment decisions that reflect real economic impact rather than 

only classifier gains (Dessain et al., 2023). 

Appendix D provides a visual dashboard that summarises the practical implications of this 

research for the South African banking sector.   
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Conclusion 

This review has shown a clear case for the use of ML in South Africa. In a fast-paced, ever-changing 

global environment, it is the bank’s business to explore ways to remain competitive while retaining 

regulatory compliance. Traditional models, while interpretable, are increasingly outmatched by ML 

algorithms – tree-based ensembles in particular. Further, the long-standing barrier to adoption 

(model transparency) is being effectively dismantled by a new generation of XAI techniques, with 

Shapley values providing a regulator-friendly method for explaining ML decisions. Thus, for South 

African banks, the path is clear: adopting a hybrid programme that exploits ML where it adds the 

most value by leveraging the non-prescriptive nature of the SARB towards business models, 

implementing tree-based ensemble models and cautiously exploring alternative data, banks can 

greatly enhance their risk assessment capabilities. If implemented with the recommended tests, 

validations and regulatory engagement, ML becomes a present-day, implementable opportunity to 

improve lending inclusion and risk management. 
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REFLECTION  

I compare this experience to sewing in that on paper the process requires you to measure twice and 

cut once, however, in practice, you will still find yourself ripping your stitches no matter how careful 

you were in preparing. And in the end, when you see how your vision has come to life, it’s all worth 

it. 

 

Planning, conducting, and writing this study has been both intellectually challenging and deeply 

rewarding. My professional background in credit risk initially led me to approach the topic purely from 

a technical perspective however, as the research progressed, I realised that the heart of the issue 

extends far beyond technical performance- it considers transparency, documentation, and regulatory 

trust. This shift in perspective became the defining insight of my project. 

 

The study set out to examine how ML techniques are being applied to credit scoring, how they 

compare to traditional models, and what barriers remain to adoption within the South African banking 

context. By conducting a PRISMA-aligned systematic literature review, the study consolidated global 

findings and adapted them to the unique regulatory and socio-economic realities of South Africa. 

The research showed that ML models demonstrate clear superiority in predictive accuracy, however 

their adoption needs to be explainable and a hybrid programme is the best approach to ease 

stakeholders into the use of these models. The main contribution of the study lies in its 

contextualisation of global insights into a practical, locally relevant framework and the resulting 

recommendations provide a summary of how institutions can begin adopting ML responsibly. 

Appendix D provides a visual dashboard summarising the practical implications of this research for 

the South African banking sector. It illustrates how each major theme identified in the literature 

translates into actionable steps that banks, auditors, and regulators can implement to responsibly 

adopt machine learning in credit scoring.  

 

Methodologically, the systematic review approach proved effective for synthesising fragmented 

research, but I acknowledge some limitations -the reliance on Scopus as the main database 

excluded potentially useful grey literature and practitioner papers. If I were to redo this study, I would 

broaden the search to include these papers to better capture local experimentation. A benchmarking 

exercise amongst South African banks would also contribute immensely to this body of work. 

 

Personally, to do my Masters has been more than a dream come true as a woman that started her 

career unable to afford to complete her undergrad. This research journey has had a profound 
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personal impact. It not only expanded my technical understanding of ML models but also deepened 

my appreciation for the delicate balance between innovation and accountability in financial 

institutions. It also allowed for more detailed discussions with my colleagues in the model risk audit 

team who challenged the interpretations I made and provided practical insights on the operational 

realities of model governance. Consulting across my network enriched the study with every 

conversation I had as it allowed me to replay academic findings against what is currently in practice 

in the real world. In addition, the Model Development team hosts regular knowledge-sharing 

sessions on how they’re exploring ML applications and interpretability techniques -this also allowed 

me to make the study relevant to the organisation. Interestingly, and unintentionally, some of the 

papers in the sample were written by our model experts in the organisation however, I could not 

engage them directly as I was leading an audit on them. 

 

I came to see ML as a governance challenge as much as a technological one. I learned that the 

most advanced models hold little value without the governance structures that allow them to be used 

responsibly. The supposed benefits need to be quantifiable and not only in model performance 

terms- the financial benefits need to be worthwhile. 

 
 
  



 

38 
 

APPENDICES 

Appendix A: Tracking Sheet 

This tracking sheet is the core dataset used to populate the PRISMA flow diagram, particularly for the Identification, Screening, Eligibility, and Inclusion 

stages. This sheet includes all included and excluded papers for the literature review. Below is a snapshot of the tracking sheet, for full version please 

double-click on the icon to open in MS Excel: 

 

Appendix A - 

Tracking sheet.xlsx
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Appendix B: Data Extraction Form 

The data extraction form aides in developing a systematic approach to gathering insights. Below is a snapshot of the data extraction form, for full version 

please double-click on the icon to open in MS Excel: 

Appendix B - Data 

Extraction Form.xlsx
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Appendix C: Codebook 

The three stages of thematic synthesis as described by Thomas and Harden (2008) were adopted, that is, coding the text line by line (free coding), 

grouping these codes into related categories to form descriptive themes, then, generating analytical themes from them. Below is a snapshot of the data 

extraction form, for full version please double-click on the icon to open in MS Excel: 

Appendix C- 

Codebook.xlsx
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Appendix D: Practical Contribution of the Study to the South African Banking Sector (Dashboard) 

Below is a visual dashboard summarising the practical implications of this research for the South African banking sector: 

Insight Area Key Findings from the Study Practical Implications for SA Banks Recommended Actions Value to SA Banks 

1. Traditional Model 
Limitations 

Traditional scorecards (e.g., logistic 
regression) are transparent but rely on linear 
assumptions that limit predictive accuracy, 
especially in complex or non-linear datasets. 

Banks relying solely on linear models 
risk underestimating or misclassifying 
borrower risk, particularly for thin-file or 
informal economy clients. 

Use ML for data exploration 
and feature engineering to 
uncover non-linear 
relationships; retain 
traditional methods for final 
decisioning where required 
for transparency. 

Improves model 
robustness and enhances 
regulatory compliance by 
maintaining 
interpretability. 

2. Machine Learning 
(ML) Application in 
Credit Scoring 

Tree-based ensemble methods (Random 
Forest, XGBoost, LightGBM, CatBoost) 
consistently outperform traditional models 
across accuracy metrics (AUC, Gini, KS). 

ML methods can strengthen portfolio 
discrimination and stability, improving 
default prediction accuracy and capital 
allocation. 

Implement hybrid scoring 
frameworks that embed tree-
based ensembles for 
predictive layers while 
retaining interpretability 
layers (e.g., SHAP-based 
explanations). 

Supports improved credit 
risk segmentation and 
profitability without 
compromising 
governance standards. 

3. Transparency & 
Explainability (XAI) 

Explainable AI (especially SHAP) enables 
model interpretability, aligning ML outputs 
with audit and regulatory expectations. 

Transparency barriers can be mitigated 
using XAI tools, allowing complex 
models to meet documentation and 
model risk requirements. 

Embed SHAP explanations 
into the ML development 
pipeline; produce both global 
and local explanations for 
model monitoring and audit. 

Strengthens regulatory 
compliance, auditability, 
and trust in AI-driven 
models. 

4. Data Preparation & 
Feature Engineering 

ML adds greatest value in pre-processing: 
feature selection, imbalance correction, and 
data enrichment significantly impact 
downstream accuracy. 

Many “black box” risks arise not from 
model choice but from undocumented 
data pre-processing steps. 

Apply ML for automated 
feature selection and class 
rebalancing; ensure full 
governance documentation 
for pre-processing pipelines. 

Enhances data quality 
and model stability, 
reducing unanticipated 
model risk. 

5. Emerging Market 
Considerations & 
Financial Inclusion 

ML models using alternative data (e.g., 
mobile, utility, or behavioural data) can 
effectively score thin-file customers, 
promoting inclusion. 

Responsible alternative data use can 
expand credit access, but carries 
fairness and bias risks. 

Run pilot projects to test 
inclusion and bias impact of 
alternative data sources; 
accompany pilots with 
fairness, privacy, and ethics 
testing. 

Expands financial 
inclusion while 
maintaining consumer 
protection and ethical 
standards. 
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6. Regulatory & 
Governance 
Readiness 

South African regulation (e.g., SARB model 
risk guidance, NCA) is less prescriptive for 
business scorecards than for regulatory 
models. 

Banks can responsibly innovate using 
ML within business (non-regulatory) 
models, provided transparency and 
documentation are maintained. 

Develop hybrid governance 
frameworks that adapt 
international ML validation 
standards (e.g., 
explainability tests, 
challenger monitoring) to 
local regulatory 
requirements. 

Positions banks for 
innovation while 
maintaining regulatory 
readiness and reducing 
supervisory friction. 

7. Strategic 
Implementation 
Roadmap 

ML’s greatest immediate value lies in 
augmentation, not replacement, of traditional 
models. 

Gradual, well-documented adoption 
allows innovation without breaching 
governance principles. 

Adopt a staged hybrid 
strategy: ML for data prep, 
traditional model or 
interpretable layer for 
decisioning, XAI for 
explainability. 

Provides a balanced path 
for innovation -enhancing 
accuracy, transparency, 
and compliance 
simultaneously. 

 

 

 

 


