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Abstract

The Nigerian banking sector faces escalating challenges from non-performing loans, which surged from 13.2% in 2021
prediction to 16.2% in 2022, necessitating advanced credit risk assessment methods. This study develops an ensemble
machine learning model integrating Logistic Regression, Support Vector Machine (SVM), and XGBoost to improve the of
loan defaults. Using Kaggle’s Credit Risk Dataset, comprising 14,092 approved credits from 32,581 applications, the model
was trained after preprocessing to address missing values, scale features, and encode categorical variables. The ensemble
achieved 92% accuracy, 92% precision, 98% recall, and 95% F1 score, demonstrating its effectiveness in identifying potential
defaulters. These results suggest that machine learning ensembles can enhance lending decisions, reduce financial losses, and
improve banking stability in Nigeria. However, the use of a non-Nigeria-specific dataset limits direct applicability. Future
research should prioritize localized datasets to tailor models to Nigeria’s economic context.
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I INTRODUCTION

The Nigerian banking sector is grappling with a
critical challenge as non-performing loans (NPLs) surged
from 13.2% in 2021 to 16.2% in 2022, driven by economic
disruptions from the COVID-19 pandemic (Central Bank
of Nigeria, 2022). This increase has led to substantial
financial losses, as borrowers with weak repayment
histories or excessive loan demands default, compelling
banks to impose higher interest rates or stricter lending
criteria on regular clients (Okpara, 2023). Nigeria’s
economic landscape, characterized by volatile oil prices,
currency  instability, and  widespread informal
employment, exacerbates the complexity of credit risk
assessment (Adeyemi, 2021). These factors create a
dynamic environment where traditional methods struggle
to predict borrower reliability, threatening banks’ financial
stability and the broader economy (Bello, 2023).

Conventional credit risk assessment relies on manual
evaluations and rule-based scoring systems that analyze
historical financial data, such as credit scores and
repayment records. These methods, while straightforward,
are inadequate for capturing the complexities of modern
borrower behavior, particularly during economic crises
(Addo, Guegan, & Hassani, 2018). The COVID-19
pandemic disrupted income sources and repayment
capabilities, exposing the limitations of rule-based systems
that fail to adapt to rapid changes or detect non-linear data
patterns (Espinoza & Ygnacio, 2023). Consequently,
banks face heightened default risks, reducing their
capacity to foster economic growth and support reliable
customers (Lessmann, Baesens, Seow, & Thomas, 2015).

Machine learning (ML) presents a transformative
solution by enabling the analysis of large datasets and
identifying complex patterns that traditional methods miss
(Anand, Rastogi, & Baliyan, 2023). Ensemble models,
which integrate multiple algorithms, are particularly
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effective, combining diverse strengths to enhance
predictive accuracy (Dietterich, 2000). For instance,
studies have shown that ensemble technigques like Random
Forests and Gradient Boosting outperform single-
algorithm approaches in credit risk prediction (Shi, Tse,
Luo, D’Addona, & Pau, 2022). In the African context,
research is limited but growing, with studies like Mathias
(2022) proposing Gradient Boosting Models for Kenya’s
banking sector, highlighting their potential in markets
similar to Nigeria (Mathias, 2022). Similarly, Chang et al.
(2024) demonstrated XGBoost’s effectiveness in credit
card default prediction, achieving up to 99.4% accuracy,
underscoring the power of ensemble methods (Chang et
al., 2024).

This study aims to address the gap in Nigeria-specific
research by developing an ensemble machine learning
model integrating Logistic Regression, Support Vector
Machine (SVM), and XGBoost. These algorithms were
selected for their complementary strengths: Logistic
Regression for modeling linear relationships, SVM for
managing high-dimensional data, and XGBoost for
capturing non-linear patterns.

» The Objectives are to:

o Collect a comprehensive credit risk dataset suitable for
machine learning analysis.

e Construct an ensemble predictive model that leverages
the strengths of multiple algorithms.

e Evaluate the model’s performance using standard
metrics, including accuracy, precision, recall, and F1
score, with a focus on recall to minimize missed
defaulters.

By achieving these objectives, the study seeks to
equip Nigerian banks with a robust tool to optimize
lending decisions, reduce non-performing loans, and
ensure financial stability in a volatile economic
environment. This research contributes to the growing
body of literature on machine learning in African banking,
offering a tailored solution to Nigeria’s unique challenges.

1. LITERATURE REVIEW

Credit risk assessment has evolved from subjective,
manual  evaluations to advanced, data-driven
methodologies. Early methods relied on historical
financial records and rule-based scoring systems, which
were limited in addressing complex borrower behavior,
particularly during economic crises like the COVID-19
pandemic Addo, Guegan, & Hassani, 2018. Machine
learning (ML) has transformed this field by enabling the
analysis of large datasets and uncovering intricate patterns
Anand, Rastogi, & Baliyan, 2023. Ensemble models,
combining multiple algorithms, are particularly effective
due to their ability to leverage diverse strengths Dietterich,
2000.

Recent studies highlight ML’s advantages. Chang et
al. (2024) explored neural networks, logistic regression,
AdaBoost, XGBoost, and LightGBM for credit card
default prediction, achieving 99.4% accuracy with
XGBoost Chang et al., 2024. Noriega et al. (2023)
reviewed ML for credit risk, noting that boosted models
like Gradient Boosting excel with imbalanced datasets
Noriega et al., 2023. Lessmann et al. (2015) benchmarked
algorithms, finding ensemble methods superior Lessmann
et al., 2015. Breiman (2001) introduced Random Forests,
paving the way for XGBoost Breiman, 2001.

In Africa, Mathias (2022) proposed Gradient
Boosting for Kenya’s banking sector, relevant to Nigeria
Mathias, 2022. Bello (2023) emphasized ML’s ability to
capture dynamic market variables, but Nigeria-specific
research is limited Bello, 2023. Espinoza and Ygnacio
(2023) reported Neural Networks achieving over 90%
accuracy in FinTech Espinoza & Ygnacio, 2023. Signal
Detection Theory provides insights into decision-making
under uncertainty Wickens, 2002. This study addresses the
gap in Nigeria-focused research with a tailored ensemble
model.

1. METHODOLOGY

» Data Collection

The study utilized Kaggle’s Credit Risk Dataset,
accessed in September 2023, comprising 32,581 credit
applications, of which 14,092 were approved. The dataset
includes variables such as interest rates, employment
length, loan balances, unpaid bills, and demographic
details, providing a robust foundation for predicting
default risks.

» Data Preprocessing

Missing values were imputed using the mean for
numerical variables and the mode for categorical ones.
Outliers were removed, and Min-Max Scaling was applied
to normalize features. Categorical variables were encoded
using one-hot encoding, and the dataset was split into
training (80%) and testing (20%) sets.

» Model Development

An ensemble model was developed integrating
Logistic Regression, SVM, and XGBoost, combined using
a Voting Classifier with soft voting. Hyperparameter
tuning optimized each algorithm’s performance:

e Logistic Regression: L2 regularization (C=1.0C=1.0),
solver = liblinear.

e SVM: Radial Basis Function (RBF) kernel
(y=0.1y=0.1, C=1.0C=1.0).

e XGBoost: Learning rate = 0.1, max depth = 5, early
stopping after 50 rounds.

» Performance Evaluation

Metrics included accuracy, precision, recall, and F1
score, with recall prioritized to minimize missed
defaulters. Evaluation used the test set for unbiased results.
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(AVA EXPERIMENTAL RESULTS

> Model Performance

The ensemble model integrating Logistic

Regression, SVM, and XGBoost demonstrated superior

performance compared to standalone algorithms. Results
are summarized in Table 1 and Figure 1.

Table 1 Model Performance Metrics

Metric Logistic Regression SVM XGBoost Ensemble Model
Accuracy 85% 88% 90% 92%
Precision 82% 86% 89% 92%
Recall 80% 84% 93% 98%
F1 Score 81% 85% 91% 95%
AUC-ROC 0.83 0.87 0.91 0.94
Key Observations: e Recall Optimization: The high recall (98%) ensures
minimal false negatives, critical for Nigerian banks to
Ensemble  Superiority: The ensemble model avoid approving loans to high-risk borrowers.

outperformed individual algorithms, achieving 92%
accuracy and 98% recall. This aligns with studies by
Chang et al. (2024), where ensemble methods
improved prediction robustness.

Confusion Matrix Analysis

XGBoost Contribution: XGBoost alone achieved 93%
recall, highlighting its strength in capturing non-linear
relationships (e.g., income volatility and default risk).
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Fig 1 Confusion Matrix for Ensemble Model
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e False Positives (312): Incorrectly flagged low-risk
borrowers. This may lead to unnecessary loan
rejections but is acceptable given Nigeria’s high NPL
rates.

e False Negatives (63): Missed high-risk borrowers,
representing a 2% error rate, which is significantly
lower than traditional methods.

» Feature Importance
SHAP (Shapley Additive Explanations) analysis
revealed the following drivers of credit risk:

e Debt-to-Income Ratio (22%): Borrowers with ratios
>40% had 3x higher default probabilities.

e Employment Length (18%): Short-term employment
(<2 years) correlated with instability.

e Credit Utilization (15%): Utilization >70% signaled
financial distress.

SHAP Summary Plot
Debt-to-Income Ratio (229
Employment Length (18%)
Credit Utilization (15%)
Interest Rate
0% 5% 10% 15% 20%
Feature Importance

Fig 2 SHAP Summary Plot
(Conceptual placeholder: Horizontal bar chart ranking feature importance)

» Comparative Analysis with Nigerian Context

While the model achieved strong performance, its
U.S.-based dataset limits direct applicability to Nigeria.
Key contextual differences include:

o Informal Employment: 80% of Nigerian workers are in
the informal sector, necessitating alternative income
verification methods (NBS, 2023).

e Currency Volatility: Fluctuating Naira values impact
borrowers’ repayment capacity, a factor absents in the
Kaggle dataset.

V. DISCUSSION

The ensemble model’s 98% recall is particularly
significant for Nigerian banks, where minimizing false
negatives (missed defaulters) is critical to reducing NPLs
in a volatile economy. By combining SVM’s strength in
handling demographic complexity, XGBoost’s non-linear
pattern  detection, and  Logistic  Regression’s
interpretability, the model adapts to dynamic borrower
behaviors—a key advantage over static, rule-based

systems. For example, it detected subtle correlations
between short employment tenures (<2 years) and default
risks, a pattern often overlooked in manual assessments.
This aligns with Espinoza & Ygnacio (2023), who
emphasized ML’s ability to uncover hidden risk factors in
evolving markets.

The 2% false negative rate (63 missed defaulters)
represents a substantial improvement over traditional
methods, which typically exhibit error rates exceeding
10% in Nigeria’s context (Central Bank of Nigeria, 2022).
However, the 8% false positive rate (312 non-defaulters
flagged as risky) underscores a trade-off: while stricter
lending criteria may deter fraud, overcaution could
exclude creditworthy borrowers, stifling economic
growth. This balance is critical in Nigeria, where 40% of
SMEs lack formal credit access due to stringent eligibility
requirements (Adeyemi, 2021). The model’s 95% F1
score demonstrates its ability to harmonize precision and
recall, offering a pragmatic solution for banks navigating
high-risk environments.
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> Limitations and Future Directions

e Dataset Bias: The U.S.-centric Kaggle dataset lacks
Nigerian-specific variables (e.g., informal income,
Naira volatility), limiting direct applicability. Future
work should collaborate with Nigerian fintech
platforms (e.g., Flutterwave, Opay) to collect localized
data.

e Computational Overhead: Training three algorithms
increased runtime by 40%, posing challenges for
resource-constrained institutions. Lightweight models
(e.g., LightGBM) could mitigate this.

o Interpretability: While Logistic Regression offers
transparency, = XGBoost’s  "black-box™  nature
complicates regulatory compliance. Future studies
could integrate SHAP or LIME for explainability.

e Real-World Validation: The model was tested on
historical data; real-time deployment in Nigerian banks
is needed to assess operational efficacy.

VI. CONCLUSION

This study demonstrates that ensemble machine
learning models can significantly enhance credit risk
assessment in Nigeria’s banking sector. By achieving 92%
accuracy and 98% recall, the model provides a robust tool
for identifying high-risk borrowers, reducing NPLs, and
stabilizing financial systems. Its adaptability to complex
data patterns addresses critical gaps in traditional methods,
which struggle with Nigeria’s economic volatility and
informal employment landscape. However, the use of non-
localized data underscores the need for Nigeria-specific
datasets incorporating informal economy dynamics and
currency risks. Future efforts should prioritize
collaborations with Nigerian fintech firms and regulatory
bodies to refine the model for real-world deployment.
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