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ABSTRACT 

Predicting loan defaults is vital for financial institutions to mitigate losses from non-

repayment loans. Despite access to extensive borrower data, banks often struggle to 

forecast defaults accurately due to limitations in traditional parametric models, which 

assume fixed relationships between predictors and outcomes. These models may fail 

under changing borrower behavior and economic conditions. This study addresses the 

need for adaptive models that minimize classification error while controlling 

complexity. The objective was to compare the predictive performance of Ridge 

Logistic Regression (RLR), Artificial Neural Networks (ANN), and Extreme Gradient 

Boosting (XGBoost) in forecasting loan default within Kenya Commercial Banks. A 

retrospective predictive modeling design was employed using secondary data from the 

Central Bank of Kenya, covering 2012–2022. The dataset included borrower 

demographics, loan terms, and repayment status. Analysis was conducted using R -

4.5.1 and Python, with model performance evaluated via confusion matrix metrics, 

Receiver Operating Characteristics (ROC), and Area Under the Curve (AUC). 

Descriptive analysis revealed class imbalance, variable skewness, and distinct feature 

distributions, highlighting the need for robust models. RLR identified key predictors 

such as credit type, loan purpose, gender, and age as increasing default risk, while 

income and marital status reduced it. However, RLR achieved only moderate 

accuracy (75.56%), high specificity (99.69%), and very low sensitivity (1.09%), with 

an AUC of 0.64. In contrast, ANN demonstrated exceptional performance with 

99.99% accuracy, perfect AUC of 1.00, and minimal overfitting. The confusion 

matrix showed 33,686 true negatives and 10,912 true positives, with only three 

misclassifications. XGBoost achieved 99.9955% accuracy, 100% specificity, and 

99.98% sensitivity, with zero false positives and only two false negatives. Its final 

log-loss of 0.0001736 indicated near-perfect probability calibration. Comparative 

evaluation revealed that ANN and XGBoost significantly outperformed RLR across 

all metrics, especially under class imbalance conditions. These findings underscore 

the superiority of advanced machine learning models in loan default prediction and 

their potential to enhance risk assessment in Kenyan commercial banks. It is 

recommended that financial institutions adopt models like ANN and XGBoost to 

improve predictive accuracy and support data-driven credit decision-making. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background of the Study 

In banking and financial services, accurately predicting loan default rates has been a 

critical factor for maintaining the stability and profitability of institutions. Loan 

default prediction is a cornerstone of effective risk management, enabling banks to 

evaluate borrower creditworthiness and make well-informed lending decisions 

(Ahmad, 2018). According to the central bank of Kenya the ratio of non performing 

loans to gross loans in commercial bank stood at 17.6 percent as of May 2025(Central 

Bank of Kenya [CBK, 2025]). Historically, the banking sector, both in Kenya and 

globally, grappled with the challenge of forecasting loan default rates with precision 

(Puli et al., 2024). Inaccurate predictions often led to significant repercussions, 

including financial losses, increased non-performing loans, and potential 

destabilization of the overall financial health of institutions (Fernandez, 2018). 

 

Predicting loan defaults is essential for financial institutions, as it enables better risk 

management and more informed lending decisions. By leveraging predictive models, 

lenders can identify high-risk borrowers in advance and implement proactive 

strategies to mitigate potential losses. By improving predictive modeling techniques, 

banks can make more informed decisions, leading to improved financial stability and 

growth (Jones et al., 2019). Traditionally, banks relied on conventional statistical 

methods and heuristic approaches for loan default prediction (Victor and Raheem, 

2021). However, with the advent of advanced analytical techniques and the 

proliferation of data, there has been a growing recognition of the potential of machine 

learning algorithms in improving predictive accuracy (Strielkowski et al., 2023). 

Against this backdrop, there has been a pressing need to explore and harness the 

capabilities of machine learning algorithms to enhance loan default prediction (Wang 

& Ni, 2023). 

 

The dynamic nature of the banking landscape, evolving regulations, and changing 

economic conditions highlight the need for continuous innovation in loan default 

prediction methodologies (Wang & Ni, 2023). Various models have been employed in 

loan default prediction, including Logistic Regression and Support Vector Machines 
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(Obare et al., 2019). The Logistic Regression model operates under the assumption of 

linear relationships between variables, meaning that the influence of independent 

variables on the log-odds of the dependent variable is modeled as a linear function. 

This assumption can be limiting when working with non-linear. This assumption can 

be limiting when working with non-linear patterns often found in loan default 

prediction data (Abedin et al., 2019). The binary classification of logistic regression 

model may not adequately capture the complex interdependencies between variables 

in such scenarios. On the other hand, support vector machines (SVM) have challenges 

in capturing intricate relationships among features effectively (Cervantes et al., 2020). 

Support Vector Machine algorithms though powerful in many classification tasks, are 

not accurate in modeling the complex relationships within loan data, potentially 

affecting the predictive accuracy necessary for informed lending decisions (Goh et al., 

2019). The Random Forest and Decision Tree algorithms are both popular machine 

learning techniques. Random Forest is an ensemble method that builds multiple 

Decision Trees and combines their outputs to improve performance and robustness. A 

Decision Tree is a simple and interpretable model that splits the data into branches to 

make decisions based on specified features (Syam et al., 2021) 

 

Rhzioual et al. (2024) and Madaan et al. (2021) demonstrated that the Random Forest 

algorithm exhibited superior performance compared to the Decision Tree algorithm, 

resulting to a significantly higher accuracy in the prediction of loan defaults. 

However, decision trees tend to create simple splits based on individual features, 

which may not adequately capture the complex interactions that exist between various 

attributes in loan default data (Bracke et al., 2019). Decision Trees are also prone to 

overfitting, where they can become too specific to the training data and struggle to 

generalize to unseen data that exhibits more intricate relationships between features 

(Vercio et al., 2020). On the other hand, Random Forest may also face challenges in 

capturing and interpreting complex feature interactions in loan default data (Kaden et 

al., 2023). According to Nguyen et al. (2021), while Random Forest enhances 

prediction accuracy through ensemble learning, it may still struggle to capture 

complex feature interactions or subtle dependencies that are crucial for accurately 

predicting loan defaults. 
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Despite the efficacy of the already existing models for loan default prediction, these 

models are not without limitations. One significant challenge lies in their ability to 

effectively manage intricate relationships and interactions between features within 

loan default datasets. Loan default prediction data frequently includes complex 

interactions between features crucial for accurate modeling (Mollo, 2022). For 

example, the correlation between income and debt-to-income ratio may not follow a 

linear pattern, affecting default risk variably across income ranges. Likewise, 

interactions like credit score and loan amount, employment stability and loan purpose, 

and loan term and interest rate can significantly shape default risk levels. The 

complexity of these interactions can often surpass the capability of traditional 

machine learning algorithms, leading to potential inaccuracies in predictions. As a 

result, there is a need for more advanced techniques or models that can better capture 

and analyze the complex interplay of variables in loan default scenarios. Incorporating 

these feature interactions is essential for developing precise models that effectively 

predict loan defaults and support informed lending decisions (Mollo, 2022). 

 

To address these challenges and enhance the accuracy of loan default prediction 

models, this study proposes the utilization of advanced techniques such as Ridge 

logistic regression, Artificial Neural Networks (ANNs), and Extreme Gradient 

Boosting (XGBoost). Ridge logistic regression stands out for its capability to capture 

feature interactions through sophisticated engineering techniques, allowing for a more 

nuanced understanding of the relationships between variables (Abdulhafedh, 2022). 

Artificial Neural Networks excel in handling complex interactions within data, 

making them well-suited for capturing the intricate relationships present in loan 

default prediction datasets. Their ability to learn intricate patterns and dependencies 

between features can significantly improve predictive accuracy and provide more 

reliable risk assessments (Victor & Raheem, 2021).  

 

Extreme Gradient Boosting (XGBoost) represents another powerful tool for 

enhancing feature interactions in predictive modeling (Gachoki et al., 2022). Known 

for its efficiency in handling large datasets and capturing complex dependencies 

between variables, XGBoost can effectively address the challenges posed by intricate 

feature interactions in loan default prediction tasks (Ma et al., 2023). By integrating 
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Ridge Logistic Regression, Artificial Neural Networks, and Extreme Gradient 

Boosting into the loan default prediction framework, this study aims to improve 

predictive accuracy and robustness by effectively capturing and leveraging critical 

feature interactions that influence default risk outcomes (Altunoz, 2024).These 

advanced models offer the potential to revolutionize the field of loan default 

prediction and enable financial institutions to make more informed and data-driven 

lending decisions in an increasingly complex and dynamic financial landscape. 

 

1.2 Statement of the Problem 

Accurate prediction of loan default is a critical task for financial institutions seeking 

to minimize credit risk and maintain portfolio stability, the loan default rate currently 

in Kenya of non performing loans to gross loans in commercial bank stood at 17.6 

percent. Although, statistical models such as Logistic Regression and Support Vector 

Machines (SVM) have been used to estimate the probability of default based on 

borrower characteristics. However, these models exhibit structural limitations when 

applied to high-dimensional, non-linear, and interaction-rich datasets typical of real-

world credit environments. 

 

Logistic Regression assumes a linear relationship between independent variables and 

the log-odds of default, which may oversimplify the complex dependencies inherent 

in borrower data. Similarly, SVM, while effective in certain classification tasks, often 

fails to capture higher-order feature interactions without extensive kernel tuning. 

Empirical evidence suggests that loan default behaviour is influenced by intricate 

variable interdependencies for example, the marginal effect of income on default risk 

may vary conditionally with debt-to-income ratio, loan term, or credit score. These 

interaction effects are not easily modeled using traditional parametric techniques. 

 

To address these limitations, advanced machine learning algorithms such as Ridge 

Logistic Regression (RLR), Artificial Neural Networks (ANN) and Extreme Gradient 

Boosting (XGBoost) offer flexible, non-linear modeling capabilities. These methods 

are designed to handle multicollinearity, capture non-linear relationships and model 

complex feature interactions, thereby improving predictive accuracy and 

generalization performance. 
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Given the increasing availability of granular financial data and the evolving risk 

landscape in Kenya’s commercial banking sector, there is a pressing need to 

statistically evaluate and compare the performance of these modern algorithms. This 

study aims to identify the most robust and interpretable predictive framework for loan 

default classification, with a focus on enhancing model accuracy, stability, and 

practical applicability in the Kenyan context. 

 

1.3 Objectives of the Study 

1.3.1 Broad Objective  

The broad objective of this study is to develop, evaluate and compare the predictive 

performance of Ridge Logistic Regression, Artificial Neural Networks and Extreme 

Gradient Boosting in forecasting loan default in Kenya Commercial Bank. 

 

1.3.2 Specific Objectives 

i. To develop predictive models for loan default using Ridge Logistic 

Regression, Artificial Neural Networks, and Extreme Gradient Boosting in 

Kenya Commercial Bank. 

ii. To evaluate and compare the predictive performances of Ridge Logistic 

Regression, Artificial Neural Networks and Extreme Gradient Boosting in 

forecasting loan default in Kenya Commercial Bank. 

 

1.4 Research Questions 

i. How can predictive models for loan default be developed using Ridge Logistic 

Regression, Artificial Neural Networks, and Extreme Gradient Boosting in   

Kenya Commercial Bank? 

ii. How do the predictive performances of Ridge Logistic Regression, Artificial 

Neural Networks and Extreme Gradient Boosting compare in forecasting loan 

defaults in Kenya Commercial Bank?   

  

1.5 Significance of the Study 

The findings from this study will directly benefit financial institutions in Kenya, 

providing actionable insights to refine their risk assessment frameworks and enhance 

lending practices. By delving into the influential factors contributing to default rates 
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and evaluating the performance of diverse machine learning algorithms, financial 

institutions can strengthen their risk mitigation strategies, reduce non-performing loan 

ratios, and bolster financial stability. The insights derived from this study will 

advance predictive analytics within the risk management framework of Kenya 

Commercial Bank (KCB), enhancing its ability to identify and mitigate loan default 

risks. By demonstrating the effectiveness of modern machine learning techniques, the 

findings may serve as a benchmark for other financial institutions confronting similar 

challenges, promoting data-driven decision-making and more resilient credit 

evaluation practices across the sector.By shedding light on the comparative 

effectiveness of machine learning algorithms, the study equips the industry with 

valuable guidance on selecting appropriate models to navigate the complexities of 

borrower data within Kenya's socio-economic context. 

 

The research findings will be instrumental in shaping guidelines to promote a more 

resilient and stable banking sector in Kenya. Policymakers and regulators can 

leverage on the outcomes to refine regulatory frameworks, striking a balance between 

fostering financial inclusion and safeguarding the sector against undue risks. The 

significance of this study lies in its potential to drive tangible improvements in risk 

management practices, enhance the financial health of institutions and contribute to 

the broader landscape of banking practices and policies in Kenya. By using various 

machine learning algorithms, including Ridge Logistic Regression, Artificial Neural 

Networks and Extreme Gradient Boosting, the study aims to revolutionize risk 

assessment frameworks and lending practices within Kenya's financial institutions. 

 

Furthermore, scholars and researchers in the fields of applied statistics, finance, data 

science and machine learning stand to benefit significantly from this study. The study 

outcomes will contribute to the academic knowledge base by providing insights into 

the application of advanced machine learning algorithms in the context of loan default 

prediction for financial institutions. Scholars can leverage the findings to enhance 

their understanding of the predictive analytics landscape in the banking sector and 

explore further avenues for research and innovation. 
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1.6 Assumptions of the Study 

To ensure methodological rigour and valid inference in comparing the predictive 

performance of Ridge Logistic Regression (RLR), Artificial Neural Networks (ANN), 

and Extreme Gradient Boosting (XGBoost), the following assumptions were made: 

i. Data Quality and Representativeness: The dataset obtained from Kenya 

Commercial Bank (KCB) is assumed to be accurate, complete, and 

representative of the broader population of borrowers in Kenya. Any Missing 

values or inconsistencies were assumed to have been appropriately addressed 

during preprocessing. 

ii. Feature Relevance and Sufficiency: The predictor variables included in the 

dataset are assumed to provide sufficient and relevant information for 

distinguishing between defaulters and non defaulters. 

iii. Stationarity and Temporal Stability: The relationships between predictors and 

default outcomes are assumed to have remained stable during the data 

collection period, with no major structural economics or policy changes 

significantly altering repayment behaviour. 

iv. Model-Specific Assumptions: Its assumed that the chosen models (RLR, ANN 

&XGBoost) are suitable for the nature of dataset and capable of capturing both 

linear and non linear relationships relevant to loan default prediction. 

v. Evaluation Metrics Validity: All models are assumed to have been trained and 

tested on the same dataset split, using consistent preprocessing and 

hyperparameter tuning, ensuring comparability of their predictive 

performance. 

vi. Comparability Across Models: It is assumed that the chosen performance 

metrics (AUC-ROC, precision recall and F1 score) are valid and reliable 

measures for assessing predictive performance in the cntext of imbalance 

classifications. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Overview of Loan Defaults 

The financial landscape of Kenya has witnessed a concerning rise in loan defaults in 

recent years, raising significant alarms within the banking sector and regulatory 

bodies. According to the Central Bank of Kenya the ratio of non performing loans to 

gross loans in commercial bank stood at 17.6 percent as of May 2025(CBK, 2025; 

Bank of Tanzania; Bank of Uganda) which is higher relative to other East African 

countries such as Tanzania with 2.9% and Uganda 4.5% default rate respectively. 

 

Non-performing loans, which refer to debts that borrowers have failed to repay for an 

extended period, have surged, impacting the profitability and stability of financial 

institutions (Muriithi, 2013). According to Galaz & Collste, (2022) escalation is 

particularly worrisome as it reflects broader economic challenges and systemic issues 

within the lending ecosystem.  

 

The implications of increasing loan defaults extend beyond individual borrowers and 

lenders to the overall health of the economy. As non-performing loans accumulate, 

banks are forced to allocate substantial resources to cover potential losses, limiting 

their capacity to extend credit to other borrowers. According to Duqi, (2022), the 

ripple effects of defaults can slowdown economic growth, dampen investor 

confidence, and hinder the efficient functioning of financial markets. Thus, 

understanding the underlying factors driving this trend is essential for devising 

effective strategies to mitigate its adverse effects and foster a more resilient financial 

system (Rangpur et al.,2023). 

 

2.2 Modeling Loan Default for Financial Banks 

2.2.1 Generalized Linear Models 

Generalized Linear Models (GLMs) extend traditional linear regression by 

accommodating various types of response variables and link functions, offering 

greater flexibility in modeling loan default probabilities. This adaptability makes 

GLMs suitable for financial datasets that exhibit non-normal distributions and 

complex relationships. However, they noted that model complexity increases with the 
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number of link functions, potentially affecting interpretability and computational 

efficiency. 

Wilson et al. (2024) investigated the use of GLMs in automotive finance and 

demonstrated that GLMs outperformed traditional linear models in default prediction. 

Nonetheless, their study highlighted a key limitation: GLMs are sensitive to 

overfitting when too many predictors are included, which can compromise 

generalization performance. 

 

Gonzalez and Fernandez (2023) explored the application of GLMs to both structured 

and unstructured data in default prediction. While GLMs enhanced predictive 

performance with structured data, the integration of unstructured data proved 

challenging due to its complexity and the time-intensive nature of preprocessing. 

These findings underscore both the strengths and limitations of GLMs in loan default 

modeling, particularly in contexts requiring the handling of diverse data types and 

complex variable interactions. Several studies have explored the application of 

Generalized Linear Models (GLMs) in loan default prediction, highlighting both their 

strengths and limitations. (Agbemava et al., 2016) compared GLMs with Logistic 

Regression in the context of consumer loan default prediction. Their findings 

indicated that GLMs outperformed Logistic Regression by effectively incorporating 

interaction terms and non-linear effects. However, they noted that GLMs can become 

computationally intensive when applied to large datasets. 

 

 Ha et al. (2021) employed GLMs to integrate macroeconomic indicators and 

borrower characteristics, demonstrating improved model accuracy across diverse data 

sources. Nonetheless, the effectiveness of this approach was contingent on the 

availability and reliability of macroeconomic data. Doosti et al. (2024) applied 

Generalized Linear Models (GLMs) to evaluate the impact of financial behavior on 

loan default risk. Their study yielded valuable insights, but emphasized the 

importance of carefully selecting link functions and predictors to avoid model mis-

specification and preserve interpretability. Perez et al. (2022) examined GLMs in the 

context of mortgage loan default prediction. While the models demonstrated 

promising results, they encountered challenges in handling very high-dimensional 

datasets, which limited their scalability and computational efficiency in complex 
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environments. Kumar and Reddy (2022) investigated the use of GLMs for default 

prediction in microfinance. Their findings revealed that GLMs were highly sensitive 

to model specification and prone to overfitting, particularly when applied to small or 

noisy datasets. 

 

2.2.2 Logistic Regression 

Logistic regression is a widely studied statistical model used in various fields for 

modeling binary outcomes. Its simplicity and interpretability make it a popular choice 

for binary classification tasks, including loan default prediction. Several studies have 

examined the application of Logistic Regression (LR) in predicting loan defaults, 

highlighting both its strengths and limitations across diverse financial contexts. Abid 

et al. (2018) utilized LR to model default risk using customer demographic and 

financial data. While the model demonstrated reasonable predictive capability, it was 

constrained by its assumption of linear relationships and sensitivity to 

multicollinearity.  

 

Zhou et al. (2022) compared LR with other machine learning algorithms for loan 

default prediction. Although LR was favored for its simplicity and interpretability, it 

underperformed in capturing complex non-linear relationships present in borrower 

data. Agrawal et al. (2014) applied LR to assess the influence of macroeconomic 

variables on default rates. Their findings emphasized that the model’s effectiveness 

heavily depends on the accurate measurement and availability of macroeconomic 

indicators. Chen et al. (2021) examined LR in the context of peer-to-peer lending. 

They observed that model performance deteriorated when faced with imbalanced 

datasets, a common challenge in default prediction. Abidin et al. (2020) explored LR 

for predicting defaults among small and medium-sized enterprises (SMEs). Despite its 

utility, the model struggled to capture intricate interactions between traditional 

models. 

 

Chouksey et al. (2023) employed LR using transactional data from mobile banking 

platforms. The model achieved strong performance when supported by rigorous data 

preprocessing, underscoring the critical role of data quality in predictive accuracy. Liu 

and Chen (2023) evaluated the impact of credit history on default probability using 
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LR. Their study confirmed the significance of past credit behaviour, though they 

cautioned that historical data may not always reliably predict future defaults. Finally, 

Latham & Braun (2011) analyzed LR’s performance during economic downturns. The 

study revealed that LR’s predictive accuracy varied across different economic cycles 

and regional contexts, suggesting limitations in its adaptability to macroeconomic 

volatility.  

 

2.2.3 Ridge Logistic Regression  

Ridge Logistic Regression (RLR), also known as L2-regularized logistic regression, is 

a parametric extension of traditional logistic regression that incorporates a penalty 

term on the magnitude of the coefficients. This regularization technique mitigates 

overfitting, particularly in scenarios where the number of predictors is large relative to 

the number of observations and where multicollinearity is present. Numerous studies 

have demonstrated the effectiveness of RLR across diverse domains.  

 

Huang et al. (2015) applied RLR to predict the risk of type 2 diabetes using clinical 

and demographic variables, reporting superior predictive accuracy and model stability 

compared to traditional logistic regression. Similarly, Mugova (2014) employed RLR 

to forecast ICU readmissions and found it to outperform conventional models in 

predictive performance. Liu et al. (2016) used RLR to assess stroke risk factors, 

highlighting its strength in handling correlated predictors and improving model 

robustness. Moula et al. (2017) confirmed RLR’s higher accuracy and resilience in 

predicting hospital readmissions.  

 

Chen et al. (2021) applied RLR to Alzheimer’s disease progression modeling, 

demonstrating enhanced performance and stability. Wang et al. (2018) used RLR to 

predict postoperative complications, showing improved accuracy and reduced 

overfitting. Clark et al. (2013) compared RLR with traditional logistic regression and 

other advanced models, concluding that RLR was more effective in managing 

multicollinearity and stabilizing predictions. Robinson et al. (2014) applied RLR to 

consumer credit risk modeling, demonstrating its utility in predicting loan defaults 

while managing correlated variables. 
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In the financial domain, Martinez et al. (2015) emphasized the role of regularization 

in improving loan default prediction accuracy using RLR. Chen et al. (2018) applied 

RLR to financial distress prediction, noting improvements in performance due to 

better handling of multicollinearity. Patel et al. (2016) investigated RLR in high-

dimensional credit data and found it adept at managing dimensionality and producing 

stable predictions. Rashid et al. (2021) compared RLR with Lasso and Elastic Net, 

concluding that RLR maintained superior model stability and accuracy. Zhao et al. 

(2019) used RLR to predict hospital-acquired infections, achieving higher 

performance than traditional logistic regression.  

 

Kim et al. (2020) applied RLR to predict Chronic Obstructive Pulmonary Disease 

(COPD) risk, reporting improved accuracy and multicollinearity management. Patel et 

al. (2017) further demonstrated RLR’s robustness and predictive power in modeling 

patient mortality in emergency departments using clinical and demographic data. 

Fazakis et al. (2021) applied Ridge Logistic Regression to predict complications in 

diabetic patients using a comprehensive dataset comprising clinical and lifestyle 

variables. Their findings indicated that Ridge Logistic Regression outperformed 

traditional logistic regression in terms of predictive accuracy and model stability. 

 

Gupta et al. (2018) employed Ridge Logistic Regression to forecast hypertension risk 

based on clinical and demographic data. The model demonstrated superior 

performance compared to traditional logistic regression, particularly in handling 

multicollinearity and maintaining predictive consistency. Johnson et al. (2020) 

utilized Ridge Logistic Regression to predict mental health disorders using a dataset 

that included clinical, demographic, and genetic factors. The study highlighted Ridge 

Logistic Regression’s effectiveness in managing correlated predictors and enhancing 

overall model robustness. 

 

2.2.4 Artificial Neural Networks 

Artificial Neural Networks (ANNs) are non-parametric models composed of 

interconnected nodes (neurons) organized into layers typically including an input 

layer, one or more hidden layers, and an output layer. These models are capable of 

capturing complex, non-linear relationships in data, making them particularly suitable 
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for tasks such as loan default prediction, medical diagnostics, and agricultural 

forecasting. ANNs require careful tuning of hyperparameters and network architecture 

to achieve optimal performance. Overfitting remains a concern, especially with 

limited or noisy datasets, necessitating the use of regularization techniques such as 

dropout, batch normalization and early stopping. 

 

In the financial domain, Wang et al. (2011) demonstrated that ANNs outperform 

traditional statistical models in credit scoring due to their ability to learn intricate 

patterns. Although, Bhatore et al. (2019) confirmed that Artificial Neural Networks 

(ANNs) can achieve high accuracy in loan default prediction, their performance 

remains highly sensitive to hyperparameter tuning and network architecture. 

However, limited research has examined how these sensitivities manifest within the 

context of Kenyan commercial banks, where data variability, resource constraints, and 

regulatory considerations may affect model optimization. (Gajdosikova et al., 2012) 

provided comparative evidence that ANNs surpass logistic regression and decision 

trees in handling non-linearity and improving predictive accuracy. 

 

Chen et al. (2016) demonstrated that Artificial Neural Networks (ANNs) are effective 

in credit risk modeling due to their ability to capture complex, non-linear risk factors. 

However, their study did not address how these capabilities translate within the 

context of Kenyan commercial bank, where data structures, borrower behavior, and 

regulatory dynamics may differ significantly from global benchmarks. Khemakhem et 

al. (2018) showed that ANNs remain effective even in developing economies with 

limited and variable data. Wilson et al. (2016) explored deep learning variants, 

including convolutional and recurrent neural networks, for loan default prediction, 

achieving improved accuracy and modeling temporal dependencies. Recent 

advancements have focused on enhancing ANN performance. Martinez et al. (2017) 

examined architectural improvements such as dropout and batch normalization, which 

led to more robust credit scoring models. 

 

 Patel et al. (2024) emphasized the importance of feature selection in boosting ANN 

accuracy. Kumar et al. (2023) explored ensemble methods combining ANNs with 

classifiers like Random Forests and SVMs, yielding superior performance. Maruf et 
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al. (2024) and Kowsar et al. (2023) investigated ANN applications in financial 

distress and time-series loan default prediction, respectively, demonstrating the 

adaptability of ANNs to dynamic data environments. Hybrid and deep learning 

applications have further expanded ANN capabilities. Liu et al. (2024) introduced a 

hybrid ANN-genetic algorithm model for feature selection, significantly improving 

robustness. Silver et al. (2016) showcased the power of deep neural networks 

combined with reinforcement learning in AlphaGo, illustrating the scalability of 

ANNs in complex decision-making. Musallam et al. (2022) and Ghosh et al. (2017) 

demonstrated the effectiveness of convolutional neural networks (CNNs) in medical 

imaging and document recognition, respectively. 

 

In agriculture and health, ANNs have shown remarkable versatility. Ali et al. (2016) 

and Sumathi et al. (2022) used ANNs for crop yield prediction, outperforming 

traditional models. Wang et al. (2024) linked chronic disease prediction to financial 

stability and loan repayment, while Zainab (2022) and Patnaik et al. (2024) compared 

ANN and Ridge Logistic Regression in agricultural loan default prediction, with 

ANNs showing slightly superior accuracy. ANNs have also been applied to early 

disease detection and diagnostics. Kshatriya et al. (2023), Tiwari et al. (2013) and 

Maroco et al. (2011) demonstrated ANN effectiveness in predicting diabetes, liver 

disease, and Alzheimer’s progression. Dev et al. (2022) and Gonem et al. (2020) 

confirmed ANN superiority in stroke and respiratory condition prediction. 

 

Environmental applications include pest detection (Huang et al., 2021), fertilizer 

optimization (Sharma et al., 2024), fruit quality assessment (Chen et al., 2024), 

climate modeling (Vojnov et al., 2022), livestock disease forecasting (Delfani et al., 

2024), and drought prediction (Jain et al., 2023), all showcasing ANNs’ ability to 

model complex interactions and improve decision-making. 

 

2.2.5 Extreme Gradient Boosting 

Extreme Gradient Boosting (XGBoost) is a powerful ensemble learning algorithm that 

builds predictive models by minimizing a specified loss function through iterative 

boosting of weak learners, typically decision trees. Known for its scalability, high 

performance, and ability to handle missing values and mixed data types, XGBoost has 
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become a leading choice in both machine learning competitions and real-world 

applications (Hakkal et al., 2024). 

 

Yadav et al. (2021) demonstrated XGBoost’s effectiveness in predicting early 

Alzheimer’s disease, achieving superior accuracy and sensitivity compared to other 

models. Similarly, Zhao et al. (2021) applied XGBoost to hospital readmission 

prediction, where it outperformed traditional statistical methods and other machine 

learning algorithms. In healthcare, Yang et al. (2022) used XGBoost to predict heart 

disease and found it to outperform SVM, k-NN, and Random Forests in terms of 

accuracy and AUC-ROC. Ramesh et al. (2021) confirmed XGBoost’s scalability and 

robustness across various clinical prediction tasks using electronic health records. 

Islam et al. (2023) applied XGBoost to chronic kidney disease prediction, reporting 

superior accuracy and precision. 

 

Nyam et al. (2023) showed that XGBoost achieved higher predictive accuracy for 

ICU patient outcomes compared to logistic regression and Random Forests. Wu et al. 

(2022) applied XGBoost to diabetes onset prediction, again outperforming other 

models. Chen and Guestrin (2016) originally introduced XGBoost, highlighting its 

efficiency and distributed architecture. Thompson et al. (2023) demonstrated its 

ability to handle high-dimensional financial data, while Qureshi (2023) confirmed its 

robustness across diverse economic contexts. In financial risk modeling, Zhou et al. 

(2023) found XGBoost to outperform Artificial Neural Networks (ANNs) in loan 

default prediction due to its ability to integrate various loss functions and generalize 

across data distributions. Dube et al. (2023) emphasized XGBoost’s strength in 

managing imbalanced datasets, a common challenge in credit risk modeling. Its built-

in regularization mechanisms help prevent overfitting, making it suitable for noisy 

and variable financial data. 

 

Wang et al. (2021) applied XGBoost to hospital readmission prediction, linking its 

accuracy to financial resource planning. Chung et al. (2023) and Wang et al. (2021) 

used XGBoost for chronic disease and cardiovascular risk prediction, respectively, 

demonstrating its effectiveness with heterogeneous data. Jiang et al. (2021) and 

Cheng et al. (2020) applied XGBoost to emergency department forecasting and 
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influenza outbreak prediction, showing its utility in operational planning and public 

health surveillance. 

 

Li and Chen (2020) conducted a benchmarking study, concluding that XGBoost 

consistently outperforms single classifiers like logistic regression and ANNs in credit 

risk prediction. Although Repetto (2023) confirmed XGBoost’s effectiveness in 

modeling loan defaults using large, complex datasets, the study did not explore its 

applicability within the unique data environments of Kenyan commercial banks. 

Specifically, the impact of localized socio-economic factors, regulatory constraints, 

and data sparsity on XGBoost’s predictive performance remains underexplored. 

Roberts et al. (2021) enhanced XGBoost’s interpretability using Shapley values. 

Khalfaoui et al. (2022) applied XGBoost to time-series loan default prediction, 

demonstrating its ability to model temporal patterns. While Li et al. (2021) 

demonstrated XGBoost’s effectiveness in emerging markets with limited and variable 

datasets, and Wang et al. (2022) along with Singha et al. (2021) confirmed its 

strength in modeling complex feature interactions in high-dimensional environments, 

there remains a lack of empirical evidence on its performance within the Kenyan 

commercial banking sector. 

 

 The XGBoost can enhance loan default prediction under local data constraints, 

regulatory requirements, and socio-economic variability has not been thoroughly 

investigated. This study seeks to address that gap by evaluating XGBoost’s predictive 

capabilities using real-world financial data from Kenya.Beyond finance and 

healthcare, XGBoost has shown strong performance in other domains. Mustafa et al. 

(2022) used it for plant disease prediction from image data. Indumathi et al. (2021) 

applied it to human activity recognition using sensor data. Zhou et al. (2023) 

demonstrated its accuracy in renewable energy forecasting. Manosuthi et al. (2021) 

found XGBoost to outperform other models in predicting customer lifetime value. 

 

 Zhao et al. (2023) highlighted XGBoost’s efficiency in processing large volumes of 

text data, its application in financial risk modeling within data-constrained 

environments such as those found in Kenyan commercial banks remains 

underexplored. Specifically, the potential of XGBoost to extract meaningful patterns 
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from structured financial data, where text-based features are limited or absent, has not 

been sufficiently investigated. This study seeks to bridge that gap by evaluating 

XGBoost’s performance in predicting loan defaults using structured borrower and 

transaction data from Kenya’s banking sector. Mohmand et al. (2022) showcased its 

precision in anomaly detection and cybersecurity. Antoniadi et al. (2021) examined 

the use of XGBoost in clinical decision support systems, demonstrating its ability to 

improve diagnostic accuracy and patient outcomes. The model outperformed 

traditional statistical approaches by providing reliable predictions across a range of 

medical conditions. 

 

Zhao et al. (2023) applied XGBoost to predict student performance, comparing its 

effectiveness with other machine learning models and conventional statistical 

methods. XGBoost achieved superior accuracy, highlighting its robustness in 

educational data analysis. Ahmad et al. (2019) investigated XGBoost for customer 

churn prediction in the telecommunications industry. The model demonstrated high 

accuracy and efficiency in processing large-scale customer datasets, outperforming 

alternative predictive models. Zhang et al. (2023) evaluated XGBoost’s performance 

in air quality prediction across multiple datasets. XGBoost consistently delivered high 

accuracy and handled large volumes of environmental data effectively, supporting its 

utility in monitoring and management applications. 

 

Kaur et al. (2022) explored XGBoost’s role in forecasting disease outbreaks. The 

model showed superior performance compared to other machine learning and 

statistical methods, providing accurate forecasts that facilitated early detection and 

prevention strategies. Turgut et al. (2022) applied XGBoost to sales and demand 

forecasting in the retail sector. Their findings indicated that XGBoost processed large 

datasets efficiently and outperformed traditional models, enabling retailers to optimize 

inventory and improve strategic planning. 
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CHAPTER THREE 

METHODOLOGY 

3.1 Site of Study 

The study was conducted at the headquarters of Kenya Commercial Bank (KCB), the 

largest financial institution in East Africa, situated in Nairobi, Kenya. KCB's 

prominence within the region, coupled with its extensive asset value and widespread 

presence, makes it an ideal site for this study. 

 

3.2 Research Design 

The study adopted a retrospective quantitative research design, utilizing predictive 

modelling techniques to analyze historical loan data. A retrospective design was 

appropriate because it relies on already existing record therefore, minimizing the time 

and cost associated with primary data collection (Kuhn & Johnson, 2013). Within this 

framework, predictive modelling was employed as the analytical approach to build, 

train, and evaluate models using past borrower and loan characteristics. This allowed 

for a systematic comparison of three algorithms, Ridge Logistic Regression, Artificial 

Neural Networks, and Extreme Gradient Boosting on their ability to predict loan 

defaults. The use of retrospective data supports the discovery of patterns and 

relationships that inform future outcomes, which aligns with the purpose of predictive 

analytics in high-risk decision-making contexts such as finance (Shmueli & Koppius, 

2011).  

 

3.3 Data Collection  

The study utilized secondary data obtained from the Central Bank database, covering 

the period from 2012 to 2022. The dataset comprised 148,670 loan records from 

Kenya Commercial Bank with 16 variables: 15 predictors (demographic features: age, 

gender, marital status; loan characteristics: loan amount, interest rate, term, type, 

purpose; credit variables: credit score, credit type, creditworthiness; financial 

indicators: income, property value, business classification, loan limit) and one target 

variable default status: (0=non-default, 1=default). 

 

To ensure the representativeness of the sample, stratified sampling was employed. 

The population was first divided into distinct strata defined based on key demographic 
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and loan-related variables, including but not limited to type of loan (for example 

personal loans, business loans, mortgages), the borrower’s financial status, and other 

pertinent socio-economic characteristics. This approach ensured that various 

subgroups, such as individuals and businesses seeking financial assistance from 

Kenya Commercial Bank, were adequately represented.  

 

3.4 Data Analysis 

The analysis of quantitative data involved both descriptive and inferential statistics. 

Descriptive statistics were used to summarize and characterize the loan default rates 

across Kenya Commercial Bank providing insights into trends and patterns. 

Inferential statistics were then employed to identify significant factors contributing to 

loan default rates, enabling the development of deeper insights into the underlying 

drivers of defaults.  

 

For the modelling and prediction of loan defaults, R version 4.5.1 and Python 3.8.10 

were utilized. Python libraries included TensorFlow 2.10.0 for ANN, XGBoost 1.7.3, 

scikit-learn 1.2.0 for preprocessing and metrics, pandas 1.5.2 for data manipulation, 

and NumPy 1.23.5 for numerical operations. These powerful statistical and data 

analysis tools were widely recognized for their versatility in handling large datasets, 

applying machine learning algorithms, and performing complex statistical analyses. R 

was employed for statistical modeling and visualization (Appendix 4), while Python 

was used for machine learning tasks (Appendix 3), including the implementation of 

Ridge Logistic Regression, Artificial Neural Networks and Extreme Gradient 

Boosting models. 

 

3.4.1 Data Preprocessing 

Data preprocessing was conducted to ensure data quality throughout the analysis. 

Missing numerical values ranged from 2.3% to 5.8% across variables and were 

imputed using mean values. Categorical variables were imputed using mode values. 

This approach retained all 148,670 records. Categorical variables were systematically 

encoded using label encoding. Marital status was encoded as Single=1, Married=2, 

Divorced=3. Gender was encoded as Female=0, Male=1. Loan type was encoded as 

Secured=1, Unsecured=2, Specialized=3. Loan purpose was encoded as Vocation=1, 
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Car=2, Appliances=3, Education=4. Creditworthiness was encoded as No=0, Yes=1. 

Business ownership was encoded as No=0, Yes=1. Credit bureau type was encoded as 

CRB=1, CRIF=2, EQUI=3, EXP=4. Age groups were encoded as <25=1, 25-34=2, 

35-44=3, 45-54=4, 55-64=5, 65-74=6, >74=7. Numerical features were standardized 

using Z-score normalization with mean=0 and SD=1. StandardScaler was applied 

with scaling parameters fitted exclusively on training data to prevent data leakage. 

The dataset was partitioned using stratified sampling into training and testing sets. 

The training set contained 70% of data (n=104,069) and the testing set contained 30% 

(n=44,601). 

 

3.5 Statistical Model 

3.5.1 Ridge Logistic Regression  

Ridge Logistic Regression (RLR), specifically corrects for multicollinearity in 

regression analysis. For loan default prediction, the model estimates probability 

 given borrower characteristics. Ridge Logistic Regression 

equation is given as,  

 

 

 

where, 

, that is the probability of loan default. 

...  are predictor variables: loan amount, income, credit score, interest rate, term, 

property value, marital status, gender, age, loan type, loan purpose, creditworthiness, 

business or commercial, credit type, loan limit. 

 are coefficients quantifying change in log-odds per unit increase in predictor. 

 is the regularization strength reducing overfitting by penalizing large coefficients. 

 

Regularization parameter α was optimized via grid search cross-validation. The tested 

values were 0.1, 1.0, 10.0, and 100.0. The optimal value selected was α=10.0. The 

optimization used the lbfgs solver (Limited-memory BFGS). This solver efficiently 

handled 104,069 training observations through iterative gradient-based minimization. 

A prediction threshold of P=0.5 was used for binary classification. Probabilities ≥0.5 
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were classified as default and <0.5 as non-default. Feature importance was assessed 

using coefficients (β) and odds ratios ( ). A positive β indicated increased default 

risk. A negative β indicated a reduced default risk. 

 

3.5.2 Extreme Gradient Boosting  

Extreme Gradient Boosting (XGBoost) employed regularization techniques and a 

depth-first approach to prune trees, thereby mitigating the risk of overfitting. For loan 

default, XGBoost builds sequential decision tree ensembles where each tree corrects 

prior errors, producing refined default probability estimates. The algorithm was 

capable of effectively managing missing data, ensuring that the model remains robust 

even with incomplete datasets. The objective function in XGBoost was composed of 

two parts: a loss function that measured how well the model fits the training data and 

a regularization term that penalized the complexity of the model to avoid overfitting. 

 

 

 

where, 

L is the loss function (binary cross-entropy for classification) 

 is the predicted value for the  instance. 

 is the actual value 

 is the regularization term for the  tree, which controls the complexity of the 

model 

 is the total number of trees 

Regularization term for the fk is defined as;  

                                                                                (3.3) 

where,  

T was the number of leaves in the tree 

wj was the weight of the  leaf 

γ and  are regularization parameters 

Additive model 
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XGBoost builds the model in an additive manner, suppose we have m trees, the 

prediction of the  instance was given as,  

                                                                                   (3.4) 

where, 

fk was the function (tree) added at the  step 

 

Tree structure 

Each tree partitions the data into regions and assigns a score or weight to each region. 

The tree can be represented as,  

 

 

where, 

q was a function mapping an instance to a leaf 

w was the weight associated with the leaf 

 

Objective function for additive trees 

To fit the model, XGBoost minimized the objective function in a greedy manner by 

adding one tree at a time. The objective function after adding  tree can be written 

as, 

 

                                                                 (3.5) 

Using a second-order Taylor expansion to approximate the loss function, the objective 

function becomes, 

                                (3.6) 

where,  

 is the first order gradient 

 is the second order gradient (Hessian) 

Optimizing the Tree 

To find the best tree ft, XGBoost optimized the objective function. This involves: 
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i. Finding the Best Split: Splitting nodes to reduce the loss. 

ii. Calculating the Gain: Evaluating the quality of a split using the gain, which 

measures the improvement in the objective function. 

The gain for a split can be calculated as: 

                                                                      (3.7)  

 

where, 

GL and GR are the sums of gradients for the left and right splits. 

HL and HR are the sums of Hessians for the left and right splits. 

λ and γ are regularization parameters. 

 

XGBoost was implemented using a binary logistic objective function to produce 

probabilistic outputs ranging from 0 to 1. Model performance was evaluated using the 

logarithmic loss (log-loss) metric, which measures the accuracy of predicted 

probabilities. Hyperparameter optimization was conducted through cross-validation to 

enhance generalization performance. 

 

The learning rate (η) was tested at values of 0.01, 0.1, and 0.3 to regulate the 

contribution of each tree to the overall model. Maximum tree depth was evaluated at 

3, 5, and 7 to control model complexity and mitigate overfitting. The number of 

estimators (boosting rounds) was varied across 50, 100, and 200. Regularization 

parameters λ (L2) and γ (minimum loss reduction for further partitioning) were tuned 

to further prevent overfitting. 

 

Predicted probabilities were converted into binary classifications using a threshold of 

P = 0.5, consistent with the approach used in the regularized logistic regression (RLR) 

model. Feature importance was quantified using XGBoost’s built-in metrics: Gain, 

representing the average improvement in loss from splits involving a feature; 

Frequency (or Weight), denoting the number of times a feature was used in splits; and 

Cover, indicating the number of observations influenced by a feature’s splits. 
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3.5.3 Artificial Neural Networks  

Artificial Neural Networks (ANNs) are a class of machine learning algorithms 

inspired by the structure and function of the human brain. They are particularly 

effective for complex pattern recognition tasks, including the prediction of loan 

defaults. A feed forward neural network learned nonlinear relationships between 15 

borrower characteristics and default probability through hierarchical feature 

transformation. ANNs consist of interconnected layers of nodes (neurons), where each 

connection has an associated weight. In the context of loan prediction, ANNs can be 

used to model the probability that a borrower will default on a loan based on various 

input features such as credit score, income, employment history, gender, marital status 

and loan characteristics. The network learned to identify patterns and relationships 

within the data that are indicative of default risk.  

 

The neural network model comprised four layers: an input layer, two hidden layers, 

and an output layer. The input layer consisted of 15 neurons corresponding to the 

standardized predictor variables. The first hidden layer contained 32 neurons with 

Rectified Linear Unit (ReLU) activation to capture nonlinear relationships among 

predictors. The second hidden layer included 16 neurons, also activated by ReLU, to 

enable the extraction of higher-level feature representations. The output layer 

comprised a single neuron with a sigmoid activation function, producing predicted 

probabilities of default, P(Default) ∈ [0,1]. A classification threshold of P > 0.5 was 

applied, whereby observations with predicted probabilities equal to or greater than 0.5 

were classified as default, and those below 0.5 as non-default. 

 

Neuron Model 

Each neuron receives inputs, processes them, and produced an output. The basic 

operations are: 

i. Weighted Sum: Each input is multiplied by a corresponding weight. 

ii. Activation Function: Applies a non-linear transformation to the weighted sum. 

 

Equations 

Weighted sum 

For a neuron j in a layer: 
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                                                                                                (3.8) 

 

where, 

zj was the weighted sum for neuron j. 

wij was the weight from input i to neuron j. 

xi was the input i. 

bj was the bias term for neuron j. 

 

Activation function 

The activation function ϕ introduced non-linearity: 

                                                                                                           (3.9) 

 

where, 

aj was the activation (output) of neuron j. 

  was the activation function [e.g., sigmoid, Rectified Linear Unit (ReLU), tanh]. 

 

where, 

Sigmoid activation function was given as, 

                                                                                                      (3.10) 

Rectified Linear Unit activation function was given as, 

 

tanh activation function was given as, 

                                                                                         

(3.11) 

Forward propagation entailed calculating the output of the network given the input 

features: 

i. Calculate the weighted sum z for each neuron. 

ii. Apply the activation function to get the activation aa. 

iii. Repeat for all layers until the output layer. 

 

Loss Function 
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The loss function L measured the difference between predicted and actual values. 

Common loss functions include MSE for regression and cross-entropy for 

classification. Mean Squared Error and Cross-Entropy are calculated as, 

Mean Squared Error: 

                                                                                         (3.12) 

Cross-entropy: 

                                             (3.13) 

 

Gradient descent 

Weights and biases are updated using gradient descent, which minimized the loss 

function by moving in the direction of the negative gradient. It entails: 

i. Calculate the gradient of the loss function with respect to weights and biases. 

ii. Update weights and biases as, 

 

 

where, 

 was the learning rate. 

 

Backpropagation was the algorithm used for training ANNs. It involved updating 

weights and biases to minimize the loss function. Backpropagation used the chain rule 

to compute gradients: 

For a weight wij: 

 

 

The model was trained using binary cross-entropy as the loss function to measure 

prediction error. The optimizer was Adam, which combines momentum and adaptive 

learning rates. The learning rate was set to η=0.001. The training configuration 

included 16 epochs with a batch size of 10. A validation split of 20% was used to 

monitor overfitting. Regularization was implemented by monitoring validation loss 
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across epochs. Backpropagation computed gradients using the chain rule. Adam 

updated weights iteratively to minimize the loss function. 

 

3.6 Fitting and Validation of the Fitted Models 

The dataset was randomly divided into a training set (70%) to enable model learning, 

improves model accuracy, reduce overfitting and also helps in model evaluation and a 

testing set of (30%) was used to evaluate the model performance, detect overfitting 

and for model comparison. The training set contained 104069 applicants and was used 

to fit all the three models. Model performance was then evaluated on the independent 

test set. 

 

The predictive behavior of each model was assessed using both the training and test 

datasets. Train error and test error curves were plotted against varying training sample 

sizes to evaluate the effect of sample size on model performance. This analysis 

demonstrated how increasing the training sample size influenced the models’ 

accuracy and generalization ability. 

 

3.7 Comparing the Fitted Models 

The models fitted in this study were compared using accuracy and F1-score to 

determine the best-performing algorithm. Additional metrics, including precision and 

recall, were computed to provide deeper insight into model performance. 

 

Accuracy =  

 

Precision=  =  

 

Recall =  =  

F1 score = 2*  

 

A confusion matrix was used to evaluate and compare Ridge Logistic Regression, 

Extreme Gradient Boosting (XGBoost), and Artificial Neural Networks (ANN) in the 

binary classification of loan default. The confusion matrix provides a detailed 
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summary of prediction outcomes, allowing for an accurate assessment of 

classification performance across all models. 

 

Table 1: Confusion matrix 

 Predicted positive (1) Predicted negative (0) 

Actual 

positive (1) 

True positive) 

Correctly predicted positive 

cases (Power) 

False negative 

Incorrectly predicted negative 

cases (type II error) 

Actual 

negative (0) 

False positive 

Incorrectly predicted positive 

cases (type I error) 

True negative 

Correctly predicted negative cases 

 

3.8 Modeling Process 

Figure 1 illustrates the end-to-end workflow from data acquisition through model 

deployment: 

 

 

Figure 1: Data processing process 
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3.8.1 Data preprocessing 

A total of 148,670 loan records were obtained from the Central Bank of Kenya. Data 

preprocessing was conducted through a structured four-stage pipeline to ensure 

completeness, consistency, and analytical readiness. In the first stage, data cleaning 

was performed. Missing values in numerical variables were imputed using their 

respective means, while missing categorical values were replaced with the mode. 

Outliers were retained, as they were deemed to represent genuine cases within the 

loan portfolio rather than data entry errors. In the second stage, categorical variables 

were transformed through label encoding to convert all non-numeric attributes into 

integer representations suitable for model input. The third stage involved feature 

standardization. All continuous variables were standardized using Z-score 

normalization, transforming them to have a mean of zero and a standard deviation of 

one. This ensured that all predictors contributed comparably to the learning process, 

particularly in models sensitive to feature scaling. In the fourth stage, the target 

variable was defined for supervised learning. Loan default status was encoded as 0 for 

non-default and 1 for default, enabling binary classification modelling. 

 

3.9 Ethical Consideration 

Prior to the commencement of the study, clearance was obtained from the Chuka 

University Ethics committee (Appendix 1). In addition, a research permit was 

obtained from National Commission for Science, Innovation and Technology 

(NACOSTI), in compliance with national research regulations (Appendix 2). All data 

used in this study were treated with strict confidentiality.  The loan data obtained from 

the Centra Bank of Kenya were used solely for academic purposes and were not 

shared with any third parties without formal authorization. Appropriate measures 

were taken to ensure that sensitive information was anonymized and protected to 

uphold the privacy rights of individuals and organizations involved. Furthermore, all 

secondary sources and existing literature were properly cited to maintain academic 

integrity and avoid plagiarism. The results obtained from this study was to be shared 

to relevant authorities and institutions. Upon completion, the findings of the study 

were to be disseminated to relevant stakeholders, including Kenya Commercial Bank 

and other interested institutions, in line with ethical research practices. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Descriptive Statistics 

4.1.1 Dataset Characteristics 

The dataset used for analysis contained 148,670 KCB loan applications from 2012 to 

2022. The dataset included 16 variables after preprocessing. The data was split into 

training and testing sets. The training set contained 70% of the data (n=104,069) and 

was used for model fitting. The testing set contained 30% of the data (n=44,601) and 

was used for evaluation. Class distribution was maintained across both sets. Non-

defaulters represented 75.4% and defaulters represented 24.6%. This ensured 

representative evaluation of model performance. 

 

The descriptive statistics reveal a complex and heterogeneous dataset, which directly 

informs the inferential modeling process and supports the study’s primary objective. 

Key variables such as loan limit, loan amount, income, and creditworthiness exhibit 

extreme skewness and kurtosis, indicating non-normal distributions and class 

imbalance conditions that challenge the assumptions of traditional parametric models 

like Ridge Logistic Regression (RLR). For instance, the loan limit distribution 

(median = 1.00; skew = -2.87; kurtosis = 6.26) (Table 2) suggests that most applicants 

received favorable terms, while a minority face constrained access, likely due to 

elevated risk profiles. This pattern aligns with Bhatore et al. (2020), who emphasized 

the importance of accessible credit in emerging markets, but contrasts with the 

conservative lending limits observed by Moula et al. (2017). 

 

Similarly, the loan amount distribution (mean = KSh 331,117.7; skew = 1.67; kurtosis 

= 9.13) (Table 2) reflects a diverse clientele, ranging from modest borrowers to high-

net-worth individuals, supporting the market segmentation strategies discussed by 

Chen et al. (2016) and Wang & Ni (2023). Income data (mean = KSh 6,957.34; skew 

= 17.87; kurtosis = 43.50) further highlights economic inequality, with a 

concentration of low-income borrowers. This imbalance poses challenges for RLR, 

which may underperform in detecting minority class defaults, as noted by Dube & 

Verster (2023). In contrast, ANN and XGBoost are better equipped to handle such 

irregularities through non-linear modeling and adaptive learning. 
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Demographic variables such as age (median = 4.00), marital status (median = 2.00), 

and gender (median = 1.00) show relatively balanced distributions, making them 

suitable for inferential analysis. RLR can quantify their directional influence on 

default risk through odds ratios, while ANN and XGBoost can uncover deeper, non-

linear patterns and interactions such as the compounding effect of marital status and 

income on repayment behavior. The age distribution, centered on prime working 

years, supports the borrower demographic patterns identified by Brown & Garcia 

(2022) and Agrawal & Maheshwari (2014). 

 

The standardized interest rate (mean = 14.05%; SD = 0.49%) and dominance of 

secured loans (median loan type score = 1.00; skew = 1.70) reflect institutional 

lending preferences. While RLR might capture their linear effects, ANN and 

XGBoost can model their interactions with other variables, offering more nuanced 

insights. The diversity in loan purposes (median = 3.00; skew = -0.70) and the low 

proportion of business loans (median = 0.00) suggested a consumer-focused portfolio, 

which may limit exposure to SME financing a gap highlighted by Brown & Garcia 

(2022). 

 

Creditworthiness (median = 1.00; skew = -4.53; kurtosis = 18.55) showed a strong 

concentration of approved borrowers, indicating effective preliminary screening, 

consistent with Kowsar et al. (2023). However, the small proportion of non-

creditworthy borrowers represented policy-driven lending or high-risk strategies, 

which require robust predictive models to manage. The use of multiple credit types 

(median = 2.00) and a moderately distributed credit score (mean = 699.79, SD = 

115.88, skew = 0.01) (Table 2) suggest a balanced risk approach, aligning with Chen 

et al. (2016) and Ben Jabeur et al. (2023). 

 

By linking these descriptive insights to inferential performance metrics such as 

sensitivity, specificity, F1 score, and AUC-ROC the study evaluated how each model 

interprets and utilizes borrower and loan characteristics to predict default risk. This 

comparative approach was essential for identifying the most effective predictive 

algorithm for credit risk management in Kenya Commercial Bank’s operational 
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context, where data complexity and socioeconomic diversity demand both 

interpretability and precision. 

 

The mean property value was KSh 497,893.5 (SD = KSh 341,169.6), with extreme 

positive skewness (4.84) and very high kurtosis (81.83), indicating most borrowers 

had modest property values with few owning high-value properties (Table 2). This 

distribution reflects Kenya's economic reality where property wealth is concentrated 

among few individuals, and suggested that the bank's collateral requirements are 

accessible to middle-income borrowers while still serving wealthy clients. This 

property distribution pattern agreed with inclusive lending approaches discussed by 

Dube and Verster (2023) while reflecting the wealth concentration realities 

documented in emerging market studies. The mean loan term was 35.14 months (SD 

= 8.40 months), with a median of 60.0 months and negative skewness (-2.17), 

indicating concentration around 60 months’ terms. This suggested that Kenya 

Commercial Bank primarily offers long-term financing, likely for mortgages or major 

investments, which indicated focus on relationship banking and long-term customer 

engagement but also exposes the bank to extended credit risk periods. This long-term 

focus agrees with relationship banking strategies advocated by Manosuthi et al. 

(2021), though creates extended risk exposure challenges noted by Wang and Zhu 

(2021) in their predictive modeling research. 
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Table 2:  Descriptive statistics results for the variables in the dataset 

Features N Mean sd median Trimmed Mad min max Range skew kurtosis se 

Loan limit 148670 - - 1 1 0 0 1 1 -2.87 6.26 - 

Marital Status 148670 - - 2 2.3 1.48 1 3 2 1.2 1.39 - 

Gender 148670 - - 1 0.55 0 0 1 1 -0.15 -1.98 - 

Loan type 148670 - - 1 1.17 0 1 3 2 1.7 1.46 - 

Loan purpose 148670 - - 3 2.98 1.48 1 4 3 -0.7 -0.95 - 

Credit Worthiness 148670 - - 1 1 0 0 1 1 -4.53 18.55 - 

Business or commercial 148670 - - 0 0.05 0 0 1 1 2.08 2.32 - 

Loan amount 148670 331117.7 183909.3 296500 313493 177912 16500 3576500 3560000 1.67 9.13 476.97 

Rate of interest 148670 14.05 0.49 14 14.03 0.3 12 20 8 0.45 1.43 0 

Term 148670 35.14 8.4 60 51.78 0 6 120 114 -2.18 3.18 0.15 

Property value 148670 497893.5 341169.6 458000 452001.7 237216 8000 16508000 16500000 4.84 81.83 884.83 

Income 148670 6957.34 3434.9 6000 6174.84 3202.42 0 578580 578580 17.87 43.5 16.32 

Credit type 148670 - - 2 2.29 1.48 1 4 3 0.31 -1.43 - 

Credit Score 148670 699.79 115.88 699 699.73 148.26 500 900 400 0.01 -1.2 0.3 

Age Category 148670 - - 4 4.12 1.48 1 7 6 0.11 -0.78 - 

Status 148670 - - 0 0.18 0 0 1 1 1.18 -0.62 - 
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4.1.2 Demographic and Loan Characteristics by Default Status 

The analysis of overall default status revealed that 75.36% of loan applicants were 

classified as non-defaulters, while 24.64% were classified as defaulters (Figure 2). 

This implies that approximately one in four borrowers defaulted on their loans, a 

proportion that is notably significant from a credit risk management perspective. The 

resulting 3:1 ratio of non-defaulters to defaulters suggests that while Kenya 

Commercial Bank’s initial screening mechanisms are moderately effective in filtering 

out high-risk applicants, a substantial proportion of defaults still occur post-approval. 

This finding aligns with elevated default rates commonly observed in emerging 

market lending environments, as documented by Puli et al. (2024), although the 

relatively lower default incidence compared to peer-to-peer lending platforms 

reported by Victor and Raheem (2021) indicates comparatively stronger institutional 

screening practices. 

 

Figure 2: Classification of the loan applicants based on default status 

 

The analysis of loan repayment patterns by marital status (Figure 3) shows the 

proportion of borrowers who were non-defaulters in each category. Among single 

individuals, 47.23% were non-defaulters and 52.77% were defaulters. Married 

individuals had a substantially higher proportion of non-defaulters at 81.53%, with 

only 18.47% defaulting. Divorced individuals recorded 75.55% non-defaulters and 

24.45% defaulters. These results indicate that married borrowers exhibit the most 
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favorable repayment patterns, possibly reflecting greater financial stability from dual 

incomes or shared economic responsibility. Single borrowers show the lowest 

repayment rates, which may be linked to lower income stability or fewer financial 

support systems. These marital status patterns strongly agree with Al Maruf et al. 

(2024) findings on behavioral factors in loan defaults and support Obare et al. (2019) 

identification of marital status as a significant predictor in Kenyan banking contexts. 

 

 

Figure 3: Loan repayment patterns of the borrowers by marital status 

 

 The analysis of loan repayment patterns by gender (Figure 4) shows the proportion of 

borrowers who were non-defaulters in each category. Among female borrowers, 

78.47% were non-defaulters and 21.53% were defaulters. Male borrowers had a lower 

proportion of non-defaulters at 72.68%, with 27.32% defaulting. These results 

indicate that female borrowers exhibit more favorable repayment patterns, possibly 

reflecting more conservative financial behavior and better loan repayment discipline. 

Male borrowers show higher default rates, which may be linked to differences in risk 

tolerance, financial management approaches, or sociocultural factors affecting 

financial decision-making. These gender-based repayment differences agree with 

Khemakhem et al. (2018) findings on conservative female financial behavior and 

support Agbemava et al. (2016) observations of superior female repayment discipline 

in African banking contexts. 
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Figure 4: Loan repayment patterns of the borrowers by gender 

 

The analysis of loan repayment patterns by age category (Figure 5) shows the 

proportion of borrowers who were non-defaulters in each category. Among borrowers 

under 25 years, 71.05% were non-defaulters and 28.95% were defaulters. Borrowers 

aged 25-64 years showed more favorable repayment patterns with non-defaulter rates 

ranging from 74.1% to 77.8% and default rates between 22.2% and 25.9%. The over-

74 years’ age category recorded 69.99% non-defaulters and 30.01% defaulters, 

representing the highest default rate among all age groups. These results indicate that 

middle-aged borrowers exhibit the most favorable repayment patterns, likely due to 

stable careers and accumulated financial experience. Both young and elderly 

borrowers show higher default rates, which may be linked to lack of established 

income and financial experience among younger borrowers, and declining income and 

health-related financial pressures among elderly borrowers. This U-shaped age-risk 

relationship agrees with life-cycle credit risk patterns documented by Agrawal and 

Maheshwari (2014) and supports the age-based risk findings of Brown and Garcia 

(2022) in Kenyan financial sector analysis. 
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Figure 5: Loan repayment patterns of the borrowers by age categories 

 

The analysis of loan repayment patterns by loan purpose (Figure 6) shows the 

proportion of borrowers who were non-defaulters in each category. Among education 

loan borrowers, 77.03% were non-defaulters and 22.97% were defaulters, 

representing the most favorable repayment pattern. Car loan borrowers had the lowest 

proportion of non-defaulters at 67.19%, with 32.81% defaulting. Vocational loan 

borrowers recorded 74.12% non-defaulters and 25.88% defaulters, while domestic 

appliances loan borrowers showed 74.98% non-defaulters and 25.02% defaulters. 

These results indicate that education loan borrowers exhibit the most favorable 

repayment patterns, possibly reflecting the long-term value perception and necessity 

of education. Car loan borrowers show the highest default rates, which may be linked 

to rapid vehicle depreciation and the discretionary nature of such purchases compared 

to essential needs. These purpose-based repayment patterns provide novel insights 

that extend Li and Chen (2020) emphasis on loan purpose importance, while the 

education versus car loan performance differential supports Wang et al. (2011) 

observations about borrower motivation and asset depreciation effects. 
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Figure 6: Loan repayment patterns of the borrowers by loan purpose 

 

The analysis of loan repayment patterns by borrowers' credit worthiness (Figure 7) 

shows the proportion of borrowers who were non-defaulters in each category. Among 

borrowers deemed creditworthy, 75.67% were non-defaulters and 24.33% were 

defaulters. Borrowers not considered creditworthy had a lower proportion of non-

defaulters at 68.23%, with 31.77% defaulting. These results indicate that creditworthy 

borrowers exhibit more favorable repayment patterns, with a 7.44 percentage point 

difference in default rates validating the effectiveness of creditworthiness assessment 

as a predictive tool. However, the presence of defaults even among creditworthy 

borrowers suggests that traditional credit scoring may miss important risk factors, or 

that economic conditions can override initial creditworthiness evaluations. The 

limited predictive power of traditional creditworthiness agrees with Chen et al. (2016) 

observations about traditional scoring limitations in emerging markets and supports 

Nyangena (2019) findings that demographic factors often outperform conventional 

credit metrics in Kenyan contexts. 
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Figure 7: Loan repayment patterns based on borrowers’ credit worthiness 

 

The analysis of loan repayment patterns based on purpose for the loan (Figure 8) 

shows the proportion of borrowers who were non-defaulters in each category. Among 

borrowers who took loans for business or commercial purposes, 76.96% were non-

defaulters and 23.04% were defaulters. Borrowers with non-business loans had a 

lower proportion of non-defaulters at 65.46%, with 34.54% defaulting. These results 

indicate that business loan borrowers exhibit more favorable repayment patterns, with 

an 11.5 percentage point difference suggesting better repayment performance. This 

may be linked to more rigorous assessment processes for business borrowers, income-

generating assets, or better financial management skills. Alternatively, this difference 

may reflect the bank's more stringent screening for commercial loans compared to 

consumer lending. The superior business loan performance contrasts with Moula et al. 

(2017) findings of elevated commercial lending risks, but agrees with Kowsar et al. 

(2023) observations about rigorous commercial assessment processes and income-

generating collateral benefits. 
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Figure 8:  Loan repayment patterns based on purpose for the loan 

 

The visual comparison of feature distributions across default status (Figure 9) reveals 

distinct patterns between defaulters and non-defaulters in Kenya Commercial Bank. 

Credit assessment variables demonstrate that credit type distributions show clear 

differentiation, with non-defaulters concentrated in categories 2-3 while defaulters 

exhibit broader distribution, suggesting certain credit assessment agencies may be less 

effective at identifying risk. Credit score analysis reveals minimal differences 

between groups, with both clustering around 700 points, indicating traditional credit 

scores have limited discriminatory power. Demographic factors show non-defaulters 

concentrated in middle age categories while defaulters display wider age distribution, 

confirming the U-shaped age-risk relationship. Gender patterns reveal non-defaulters 

with slight female predominance while defaulters show male skew, reinforcing 

superior female repayment discipline. Marital status strongly supports earlier findings, 

with non-defaulters concentrated toward married status while defaulters show even 

distribution across categories, confirming married individuals' lower default risk. 

 

Income distributions show defaulters with lower median values, consistent with 

financial stress driving repayment difficulties. Loan characteristics reveal business 

loans showing clear distinction, with non-defaulters having higher proportion of 

commercial loans, confirming superior business loan performance. Loan type 
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distributions show non-defaulters concentrated in secured lending while defaulters 

exhibit greater unsecured representation, validating collateral's risk-mitigation value. 

The visualization demonstrates that while certain variables show strong 

discriminatory power including marital status, business purpose, and loan type-

traditionally important factors like credit scores show limited differentiation. This 

suggests Kenya Commercial Bank could enhance risk management through improved 

demographic-based modeling, tailored credit scoring systems, refined risk-based 

pricing incorporating multiple factors, and targeted intervention programs for high-

risk segments. These discriminatory pattern findings agree with Ben Jabeur et al. 

(2023) emphasis on variable importance feature engineering and support the 

demographic factor superiority documented by Nyangena (2019), while the limited 

credit score differentiation confirms the traditional scoring limitations noted by Chen 

et al. (2016) in emerging market contexts. 

 

Figure 9: Distribution of borrower characteristics by default status 
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4.2 Fitted Models for Loan Default Prediction in Kenyan Commercial Banks 

4.2.1 Fitted Ridge Logistic Regression Model for Loan Default Prediction in 

Kenyan Commercial Banks 

Ridge Logistic Regression was implemented with L2 regularization to address 

multicollinearity and prevent overfitting. The model used standardized features and 

was trained on the loan default dataset to predict binary outcomes (default vs. non-

default). The model estimated the probability of default through the logistic (sigmoid) 

transformation, in which the log-odds of default were expressed as a linear 

combination of 15 predictor variables with an L2 regularization penalty. The 

estimated model took the following form: 

 

 

 

In this equation, the intercept (β₀  = –1.485672) represents the log-odds of default 

when all predictors are at their standardized means (zero after scaling). Each 

coefficient (βᵢ) indicates the change in log-odds associated with a one-standard-

deviation increase in the corresponding predictor, holding all other variables constant. 

The regularization parameter (λ = 10.0) was optimized through cross-validation to 

balance model fit with coefficient shrinkage. The logistic transformation ensured that 

predicted probabilities were bounded between 0 and 1, facilitating binary 

classification, where probabilities P > 0.5 were classified as default and P < 0.5 as 

non-default. 

 

The Coefficients were exponentiated to obtain odds ratios (OR). The results show that 

Credit type (OR = 1.0967), business/commercial purpose (OR = 1.0778), gender (OR 

= 1.0571) and age (OR = 1.0447) are associated with increased odds of default, while 

income (OR = 0.9465) and marital status (OR = 0.9428) are associated with reduced 

odds (Table 3). For example, a one-unit increase in credit type is associated with a 

9.67% increase in the odds of default, suggesting riskier credit categories are more 

default-prone. Business/commercial loans have 7.78% higher odds of default 

compared to other loan purposes, possibly reflecting the volatility of business income. 

Male borrowers have 5.71% higher odds of default than females, while each 
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additional year of age is associated with a 4.47% increase in odds, although this linear 

effect may mask the non-linear U-shaped relationship observed in descriptive 

analysis. Higher income and being married reduce the odds of default by 

approximately 5.35% and 5.72%, respectively. 

 

The loan amount variable shows an odds ratio of 1.0125, indicating that larger loans 

are associated with increased odds of default, with the odds increasing by 1.25% for 

every unit increase in loan amount (Table 3). This reflects that larger loans may pose 

greater financial strain on borrowers, making repayment obligations more 

challenging. Credit score demonstrates a minimal effect with an odds ratio of 1.0038, 

suggesting that each one-point increase in credit score is associated with a 0.38% 

increase in the odds of default (Table 3). While credit scores typically serve as strong 

indicators of default risk, this model indicates that other factors may play more 

prominent roles in this dataset. 

 

Interest rate and term variables show odds ratios of 0.9939 and 0.9900 respectively 

(Table 3), indicating that higher interest rates and longer loan terms are associated 

with reduced odds of default. The negative association with interest rates suggests that 

higher rates may correspond to stricter lending practices or more financially cautious 

borrowers, while longer terms could provide borrowers additional time for repayment, 

reducing financial pressure and default probability. Property value has an odds ratio 

of 0.9884 (Table 3), showing that loans secured by higher-value properties are 

associated with reduced default odds, likely due to enhanced collateral security and 

recovery options for lenders. 

 

Loan type demonstrates an odds ratio of 0.9827 (Table 3), indicating that certain loan 

types with specific collateral or security features are associated with reduced default 

odds. Similarly, loan purpose and credit worthiness show odds ratios of 0.9711 and 

0.9694 respectively (Table 3), suggesting that specific loan purposes and higher 

borrower creditworthiness are associated with decreased default likelihood. The loan 

limit variable, with an odds ratio of 0.9549 (Table 3), indicates that higher loan limits 

are associated with reduced default probability, suggesting that borrowers with higher 

limits demonstrate greater financial stability. Both income and marital status show 
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negative associations with default likelihood. Higher income is associated with a 

5.35% decrease in default odds (Table 3), reflecting that borrowers with greater 

financial capacity are better positioned to meet loan obligations. Marital status, with 

an odds ratio of 0.9428 (Table 3), indicates that married individuals, potentially 

benefiting from more stable financial conditions or shared financial responsibilities, 

are associated with reduced default probability. 

 

Table 3: Coefficients of the fitted Ridge Logistic Regression model and their corresponding 

Odds Ratios 

Feature Coefficient Odds Ratio 

Intercept -1.485672 0.226041 

Credit type 0.092316 1.096711 

Business/Commercial 0.074935 1.077814 

Gender 0.055568 1.057141 

Age 0.043685 1.044654 

Loan amount 0.012437 1.012515 

Credit Score 0.003834 1.003841 

Interest Rate -0.006104 0.993915 

Term -0.010013 0.990037 

Property value -0.011718 0.988350 

Loan type -0.017495 0.982657 

Loan purpose -0.029361 0.971066 

Credit Worthiness -0.031092 0.969387 

Loan limit -0.046173 0.954877 

Income -0.055011 0.946475 

Marital Status -0.058940 0.942764 

 

The Ridge Logistic Regression model for predicting loan default status yielded an 

accuracy of 75.56%, indicating reasonable overall performance (Table 4). However, 

the sensitivity (0.0109) is extremely low, suggesting the model struggles to correctly 

identify default cases (Table 4). In contrast, the specificity is high at 99.69%, meaning 

the model effectively classifies non-defaults. The positive predictive value (PPV) of 

53.12% shows that only about half of the predicted defaults are actual defaults, while 

the negative predictive value (NPV) of 75.67% indicates better performance in 

predicting non-default cases (Table 4). The F1 score, at 0.0214, further highlights 

poor performance in detecting defaults (Table 4). Cohen's Kappa of 0.0116 indicates 

minimal agreement between predicted and actual outcomes beyond chance (Table 4). 

Additionally, the balanced accuracy of 50.39% suggests the model performs near 

random when considering class imbalance (Table 4). The No Information Rate (NIR) 

of 75.53% shows a high baseline due to class imbalance, and the McNemar’s Test p-
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value (0.0001) indicates significant classification asymmetry (Table 4). These 

findings highlight that, despite reasonable overall accuracy, the model’s practical 

usefulness in default prediction is limited by its inability to detect defaults, a 

weakness likely caused by class imbalance. Addressing this imbalance and improving 

sensitivity, potentially through resampling techniques or cost-sensitive learning, is 

essential for enhancing predictive performance. 

 

Table 4: Performance metrics of the fitted Ridge Logistic Regression model 

Metric Value 

Accuracy 0.7556 

Sensitivity (Recall) 0.0109 

Specificity 0.9969 

Positive Predictive Value 0.5312 

Negative Predictive Value 0.7567 

F1 Score 0.0214 

Cohen's Kappa 0.0116 

No Information Rate (NIR) 0.7553 

McNemar's Test P-Value 0.0001 

Balanced Accuracy 0.5039 

Loss Function 0.5342 

 

The confusion matrix for the Ridge Logistic Regression model predicting loan default 

status shows a strong imbalance in performance between classes. Out of 44,377 actual 

non-default cases, the model correctly classified 33,582 as non-defaults (true 

negatives), yielding high specificity (0.9969) (Table 4). However, it misclassified 

10,795 actual defaults as non-defaults (false negatives), and correctly identified only 

119 true positive defaults, resulting in extremely low sensitivity (0.0109) (Table 4). 

There were 105 false positives, where non-default cases were misclassified as 

defaults. This imbalance indicates the model is heavily biased toward predicting the 

majority class (non-default), detecting very few defaults. 

 

Table 5: Confusion Matrix for the fitted Ridge Logistic Regression model 

Actual \ Predicted Non-Default Default Total 

Non-Default 33,582 (TN) 105 (FP) 33,687 

Default 10,795 (FN) 119 (TP) 10,914 

Total 44,377 224 44,601 
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The Area Under the Curve - Receiver Operating Characteristic (AUC-ROC) score for 

the Ridge Logistic Regression model is 0.64, indicating moderate discriminative 

ability (Figure 10). An AUC value of 0.64 in the figure below suggests that the model 

performs better than random chance (0.50) but falls short of strong predictive 

performance (Figure 10). This score reflects the model's capability to differentiate 

between default and non-default cases, though improvements are necessary. The low 

sensitivity observed in the confusion matrix aligns with this moderate AUC, 

highlighting that while the model accurately classifies non-defaults, it struggles to 

detect defaults effectively. 

 

Figure 10: Area Under the Curve - Receiver Operating Characteristic (AUC-ROC) 

score for the fitted Ridge Logistic Regression model 

 

Ridge Logistic Regression's poor performance reflects inability to capture complex 

non-linear relationships in the data. The model's linear nature limits its capacity to 

handle the intricate patterns present in loan default prediction, resulting in a strong 

bias toward the majority class (non-defaulters). The findings of this study agree with 

the study by Moula et al. (2017) that noted that logistic regression models assume 

linear relationships between variables, which can be limiting when working with non-

linear patterns often found in loan default prediction data. The poor sensitivity 
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observed in the current study (0.0109) is in agreement with findings that traditional 

statistical models often struggle with imbalanced datasets. The findings of this study 

agree with the study by Obare et al. (2019) who investigated individual loan defaults 

using logistic regression and found that while the model showed competitive 

performance, their study recommended the use of ensemble methods to increase 

prediction accuracy, highlighting the limitations of standalone logistic regression 

approaches. The findings of this study are consistent with the study by Cervantes et al. 

(2020) who conducted a comprehensive survey on machine learning classification and 

noted that traditional algorithms may struggle with complex feature interactions, 

which is particularly relevant for financial prediction tasks where relationships 

between variables are often non-linear. Furthermore, the findings of this study agree 

with the study by Nyangena (2019) who applied machine learning algorithms for 

consumer credit risk modeling using a comparative approach and found that advanced 

techniques often outperformed traditional statistical methods in handling complex 

credit risk patterns. The consistent poor performance of logistic regression across 

studies, including the current study where the model achieved 75.56% accuracy, are 

consistent with findings from these studies reinforcing the need for more sophisticated 

modeling approaches in modern credit risk assessment. 

 

4.2.2 Fitted Artificial Neural Networks Model for Loan Default Prediction in 

Kenyan Commercial Banks 

The ANN was implemented with multiple hidden layers using Rectified Linear Unit 

(ReLU) activation functions for hidden layers and sigmoid activation for the output 

layer. The model was trained using backpropagation with appropriate learning rates 

and regularization techniques to prevent overfitting. The ANN model achieved an 

overall accuracy of 99.99% with a sensitivity of 99.98% (near-perfect recall for 

defaults) and a specificity of 100% (flawless identification of non-defaults), 

confirming exceptional robustness (Table 6). The positive and negative predictive 

values were both 99.99%, indicating outstanding reliability for both defaulting and 

non-defaulting borrowers. The F1 Score of 99.99% highlights a perfect balance 

between precision and recall, while Cohen's Kappa of 99.98% indicates almost perfect 

agreement with actual classifications (Table 6). The No Information Rate (NIR) of 

75.53% reinforces the model's strong predictive power over random guessing. The 
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McNemar's Test P-Value of 1.0000 and the balanced accuracy of 99.99% further 

underscore the model's consistency and applicability in high-stakes credit risk 

assessment. The model's AUC-ROC score of 1.0000 confirms near-perfect 

discrimination between default and non-default cases (Table 6). 

 

Table 6: Area Classification performance metrics and AUC-ROC score for the fitted 

Artificial Neural Networks model 

Metric Value 

Accuracy 0.9999 

Sensitivity 0.9998 

Specificity 1.0000 

Positive Predictive Value 0.9999 

Negative Predictive Value 0.9999 

F1 Score 0.9999 

Cohen's Kappa 0.9998 

No Information Rate (NIR) 0.7553 

McNemar's Test P-Value 1.0000 

Balanced Accuracy 0.9999 

 

The confusion matrix for the Artificial Neural Network (ANN) model shows 

exceptional classification performance. Out of 44,601 cases, the model correctly 

predicted 33,686 non-defaults (true negatives) and 10,912 defaults (true positives), 

with only one false positive and two false negatives (Table 7). This corresponds to an 

overall accuracy of 99.99%, a sensitivity (recall) of 99.98%, and a specificity of 

99.997%. The ANN also achieved an AUC-ROC score of 1.00 (Figure 11), indicating 

perfect discriminative ability, ensuring that all defaults are assigned higher predicted 

probabilities than non-defaults, with no misranking. 

 

Table 7: Confusion Matrix for the fitted Artificial Neural Network model 

 Predicted Non-Default Predicted Default Total 

Actual Non-Default 33,686 1 33,687 

Actual Default 2 10,912 10,914 

Total 33,688 10,913 44,601 
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Figure 11: Area Under the Curve -s Receiver Operating Characteristic (AUC-ROC) 

score for the fitted Artificial Neural Network model 

 

The final training loss of 0.000447 indicated that the model effectively minimized the 

error during training, suggesting it learned the training data's patterns with high 

precision (Table 8). The final testing loss of 0.004070 demonstrates the model's 

excellent generalization capability. This small discrepancy between the training and 

the testing loss function values suggests minimal overfitting, indicating that the ANN 

performs reliably on unseen data. 

 

Table 8: Final training and testing Loss Function values for the fitted Artificial Neural 

Network Model 

Metric Value 

Final Training Loss 0.000447 

Final Testing Loss 0.004070 

 

The Artificial Neural Network (ANN) model achieved outstanding predictive 

performance in classifying loan default and non-default cases. With a final training 

loss of 0.000447 and a testing loss of 0.004070(Table 8), the model demonstrated 
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minimal error and strong generalization, indicating negligible overfitting. The 

confusion matrix revealed 33,686 true negatives and 10,912 true positives, with only 

one false positive and two false negatives, resulting in an exceptional accuracy of 

99.99%. Moreover, the ANN attained a perfect AUC-ROC score of 1.00, signifying 

flawless discrimination between default and non-default cases, with complete 

separation in the predicted probability distributions of the two classes. This 

performance underscores the ANN’s robustness and reliability for accurate loan 

default prediction. 

 

The ANN's superior performance compared to Ridge Logistic Regression 

demonstrates its ability to capture complex non-linear relationships and interactions 

between features. The neural network's multiple layers enabled it to learn intricate 

patterns in the data that linear models cannot detect. The findings of this study agree 

with the study by Victor & Raheem (2021) who emphasized that ANNs excel in 

handling complex interactions within data, making them well-suited for capturing 

intricate relationships present in loan default prediction datasets through their genetic 

algorithm approach. The findings of this study are consistent with the study by Obare 

et al. (2019) who investigated loan defaults using logistic regression under supervised 

machine learning approach and recommended the use of ensemble methods to 

increase prediction accuracy, implicitly supporting the need for more advanced 

techniques like neural networks. The findings of this study agree with the study by 

Kye (2023) who conducted a comparative analysis of classification performance using 

four machine learning algorithms including Artificial Neural Networks for predictive 

modeling and found that ANNs demonstrated competitive performance in handling 

complex classification tasks. Additionally, the findings of this study are in agreement 

with the study by Li & Liu (2022) who developed a connected network-regularized 

logistic regression model and noted that network-based approaches can effectively 

capture feature relationships, supporting the theoretical foundation for neural network 

superiority in modeling complex interactions. 
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4.2.3 Fitted Extreme Gradient Boosting (XGBoost) Model for Loan Default 

Prediction in Kenyan Commercial Banks 

XGBoost was implemented with optimized hyper-parameters including learning rate, 

maximum tree depth, and number of estimators. Using the gradient boosting 

framework, the model iteratively corrected prediction errors, combining an ensemble 

of weak learners into a strong predictor. The fitted Extreme Gradient Boosting 

(XGBoost) model had an overall accuracy of 99.995% (Table 9), correctly classifying 

nearly all instances with exceptional precision in distinguishing between default and 

non-default cases. The model's sensitivity of 99.98% (Table 9) further confirmed its 

ability to identify almost all true positives, while a specificity of 100% (Table 9) 

demonstrated perfect classification of non-default cases. A positive predictive value 

(PPV) of 100% (Table 9) indicates that every predicted default was indeed a default, 

eliminating unnecessary interventions for loans that would be repaid. The negative 

predictive value (NPV) of 99.99% (Table 9) suggested that nearly all predicted non-

defaults were truly non-defaults. 

 

The model's F1 score of 99.99% (Table 9) reflects an ideal balance between precision 

and recall, which is essential in tasks where both false positives and false negatives 

carry significant implications. With an F1 score this high, the model ensures that 

predictions are both accurate and reliable. Cohen's Kappa of 0.9999 (Table 9) 

indicated almost perfect agreement between predictions and actual outcomes. The No 

Information Rate (NIR) of 75.53% (Table 9) underscored the substantial improvement 

the XGBoost model provides over random guessing. The McNemar's test p-value of 

0.5 (Table 9) confirmed that the model balanced its prediction errors effectively 

 

Table 9: Performance metrics of the fitted XGBoost model 

Metric Value 

Accuracy 0.99995 

Sensitivity 0.9998 

Specificity 1.0000 

Positive Predictive Value (PPV) 1.0000 

Negative Predictive Value (NPV) 0.9999 

F1 Score 0.9999 

Cohen's Kappa 0.9999 

No Information Rate (NIR) 0.7553 

McNemar's Test P-Value 0.5000 

Balanced Accuracy 0.9999 
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The confusion matrix for the fitted XGBoost model showed that there were 33,687 

instances where the loan holder was correctly predicted as non-default (true 

negatives) (Table 10). The model yielded 0 false positives which meant that no non-

default loans were mistakenly predicted as defaults (Table 10). The model produced 2 

false negatives, indicating two defaulting loans were incorrectly predicted as non-

defaults (Table 10). Additionally, the model produced 10,912 true positives, where 

defaulting loans were correctly identified as defaults (Table 10). 

 

Table 10: Confusion Matrix for the fitted XGBoost model 

 

Predicted Non-Default Predicted Default Total 

Actual Non-Default 33,687 0 33,687 

Actual Default 2 10,912 10,914 

Total 33,689 10,912 44,601 

 

The ROC-AUC (Receiver Operating Characteristic - Area Under the Curve) score of 

1.00 achieved by the Extreme Gradient Boosting (XGBoost) model signifies perfect 

classification performance (Figure 12).  

 

 

Figure 12: Area Under the Curve - Receiver Operating Characteristic (AUC-ROC) 

score for the fitted XGBoost  model 
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The final Log-loss of 0.0001736 on the test data is an exceptionally low value, 

indicating that the Extreme Gradient Boosting (XGBoost) model has achieved near-

perfect predictions (Table 11). Log-loss measured the performance of a classification 

model by calculating the uncertainty of its predictions. A lower Log-loss value 

implied better model performance, with the predicted probabilities closely aligning 

with the true labels. 

 

Table 11: Final Log- Loss Function Value for the fitted XGBoost Model 

Metric Value 

Final Log-loss 0.0001736 

 

The fitted Extreme Gradient Boosting (XGBoost) model demonstrated exceptional 

predictive performance. From the confusion matrix, the model achieved 99.9955% 

overall accuracy, with 100% specificity (33,687/33,687) indicating that all non-

default cases were correctly identified, and 99.9817% sensitivity (10,912/10,914) 

showing that nearly all default cases were correctly detected. The model produced 0 

false positives and only 2 false negatives, underscoring its robustness in both classes. 

Furthermore, the final Log-loss on the test data was 0.0001736, an exceptionally low 

value indicating that the predicted probabilities were almost perfectly aligned with the 

actual labels. This combination of near-perfect classification metrics and minimal 

prediction uncertainty confirms the XGBoost model’s outstanding generalization 

capability and reliability for loan default prediction. 

 

XGBoost's exceptional performance demonstrates its superior ability to handle 

complex data patterns and class imbalances. The model's ensemble approach and 

gradient boosting framework effectively captured intricate relationships between 

features while maintaining excellent generalization. The findings of this study agree 

with the study by Ben et al. (2023) who demonstrated bankruptcy prediction using the 

XGBoost algorithm and variable importance feature engineering, showing superior 

performance in financial risk assessment with computational economics applications. 

The findings of this study are consistent with the study by Madaan et al. (2021) who 

found that ensemble methods like Random Forest exhibited superior performance 

compared to individual Decision Tree algorithms in loan default prediction, 

supporting the effectiveness of ensemble approaches that XGBoost embodies. The 
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findings of this study agree with the study by Yun et al. (2021) who utilized a hybrid 

GA-XGBoost algorithm for stock price prediction with three-stage feature 

engineering and demonstrated XGBoost's capability in handling complex financial 

prediction tasks with high accuracy. The findings of this study are in agreement with 

the study by Gachoki et al. (2022) who compared Extreme Gradient Boosting with 

Gompertz, Logistic Curve, and Light Gradient Boosting models using high 

dimensional data and found that XGBoost demonstrated competitive performance in 

modeling complex relationships, supporting its effectiveness across different 

prediction domains. Additionally, the findings of this study are consistent with the 

study by Huber et al. (2022) who compared Extreme Gradient Boosting for yield 

estimation with Deep Learning approaches and found that XGBoost provided 

competitive performance in complex prediction tasks, highlighting its robustness 

across different domains. 

 

4.3 Model Performance Evaluation and Limitations 

This section presents an evaluation of the predictive performance of the three fitted 

models: Artificial Neural Networks (ANN), Extreme Gradient Boosting (XGBoost), 

and Ridge Logistic Regression. The evaluation employs multiple classification 

metrics to assess each model's ability to accurately predict loan default status in 

Kenyan commercial bank. Additionally, this section examines the practical limitations 

of these models and their implications for financial institutions in credit risk 

management. 

 

4.3.1 Comparison of the Prediction Power of the Fitted Models for Loan Default 

Prediction in Kenyan Commercial Banks 

The comparative analysis of the prediction power of the fitted models was evaluated 

based on their predictive abilities in classifying loan default status. The comparison 

was based on the models’ performance metrics, including accuracy, sensitivity, 

specificity, positive predictive value (PPV), negative predictive value (NPV), F1 

score, Cohen's Kappa, No Information Rate (NIR), McNemar's Test p-value, and 

balanced accuracy (Table 12). The AUC-ROC comparison reveals significant 

performance differences among the three models. Ridge Logistic Regression achieved 

an AUC of 0.64, while both ANN and XGBoost achieved perfect scores of 1.00 
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(Table 12). This 36-point difference in AUC demonstrates the substantial superiority 

of the advanced machine learning models. The ROC values illustrate how the 

advanced models achieve perfect discrimination between classes, while Ridge 

Logistic Regression shows only moderate discriminative ability. McNemar's Test 

results, revealed no significant difference between ANN and XGBoost error patterns 

(p-values of 1.0 and 0.5 respectively), while Ridge Logistic Regression showed 

significant classification asymmetry (p-value < 0.001) (Table 12). The balanced 

accuracy metrics further demonstrate the superior performance of advanced models: 

ANN and XGBoost both achieved 99.99% balanced accuracy, while Ridge Logistic 

Regression achieved only 50.39%, indicating near-random performance when 

accounting for class imbalance (Table 12). 

 

Table 12: Metrics for comparison of the prediction power of the fitted models for loan 

default prediction 

Performance Metrics Artificial Neural 

Networks 

Extreme Gradient 

Boosting 

Ridge Logistic 

Regression 

Accuracy 0.9999 0.9999 0.7556 

Sensitivity 0.9998 0.9998 0.0109 

Specificity 1 1.0000 0.9969 

Positive Predictive Value 0.9999 1.0000 0.5312 

Negative Predictive Value 0.9999 0.9999 0.7567 

F1 Score 0.9999 0.9999 0.0214 

Cohen's Kappa 0.9998 0.9999 0.0116 

No Information Rate (NIR) 0.7553 0.7553 0.7553 

McNemar's Test P-Value 1 0.5000 0.0001 

Balanced Accuracy 0.9999 0.9999 0.5039 

 

The comparative analysis clearly demonstrates that both ANN and XGBoost 

significantly outperformed Ridge Logistic Regression across all performance metrics. 

The superior performance of these advanced models can be attributed to their ability 

to capture non-linear relationships, handle complex feature interactions, and 

effectively manage class imbalances. The findings of this study agree with the study 

by Alonso et al. (2022) who noted that challenges in loan default prediction often 

stem from traditional methods' limitations in handling complex data patterns. The 

dramatic performance difference between our Ridge Logistic Regression (75.56% 

accuracy) and advanced models (>99.99% accuracy) demonstrates the substantial 

improvement possible with advanced techniques. The findings of this study are 
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consistent with the study by Wang & Ni (2023) who highlighted machine learning 

methodologies for loan evaluation in peer-to-peer lending, noting the importance of 

advanced algorithms in improving prediction accuracy over traditional approaches.  

 

The findings of this study agree with the study by Mollo (2022) who noted that 

advancing loan default prediction requires interpretable models that can handle 

complex relationships in the data, supporting the need for sophisticated machine 

learning approaches. The findings of this study are in agreement with the study by 

Teles et al. (2021) who conducted a comparative study of support vector machines 

and random forests machine learning algorithms on credit operations and found that 

advanced machine learning techniques demonstrated superior performance compared 

to traditional methods. The findings of this study are consistent with the study by 

Obare et al. (2019) who recommended the use of logistic regression in conjunction 

with supervised machine learning approaches and noted the need for ensemble 

methods to increase prediction accuracy. The perfect classification performance 

achieved by both XGBoost and ANN in the current study suggests that advanced 

machine learning techniques can provide substantial improvements over conventional 

credit scoring methods. XGBoost's slight edge in achieving perfect accuracy and 

specificity, combined with its computational efficiency advantages, positions it as the 

optimal choice for loan default prediction. The model's ensemble approach and built-

in regularization provide robustness against overfitting while maintaining exceptional 

predictive performance. 

 

4.3.2 Limitations of the Fitted Models and their Implications to Financial 

Institutions 

The prediction power of the fitted models was evaluated using multiple classification 

metrics, including accuracy, sensitivity, specificity, positive predictive value (PPV), 

negative predictive value (NPV), F1 score, Cohen's Kappa, No Information Rate 

(NIR), McNemar's Test p-value, balanced accuracy, and AUC-ROC (Table 12). The 

results reveal a clear performance hierarchy, with the advanced machine learning 

models, Artificial Neural Networks (ANN) and Extreme Gradient Boosting 

(XGBoost), significantly outperforming Ridge Logistic Regression. Based on their 

predictive abilities in classifying loan default status. The comparison was based on the 
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models’ performance metrics, including accuracy, sensitivity, specificity, positive 

predictive value (PPV), negative predictive value (NPV), F1 score, Cohen's Kappa, 

No Information Rate (NIR), McNemar's Test p-value, and balanced accuracy (Table 

11).  

 

In terms of overall accuracy, Ridge Logistic Regression achieved 75.56%, while ANN 

and XGBoost delivered near-perfect accuracies of 99.99% and 100%, respectively. 

However, accuracy alone can be misleading in imbalanced datasets, prompting an 

examination of balanced accuracy, which accounts for both sensitivity and specificity. 

Here, Ridge Logistic Regression’s performance collapsed to 50.39%, essentially 

equivalent to random guessing, while ANN and XGBoost maintained their dominance 

at 99.99%, underscoring their ability to perform consistently across both default and 

non-default classes. 

 

The AUC-ROC comparison further reinforced this gap. Ridge Logistic Regression 

achieved an AUC of 0.64, indicating only moderate discriminative ability. In stark 

contrast, both ANN and XGBoost achieved perfect AUC scores of 1.00 (Figure 11), 

demonstrating flawless separation between defaulters and non-defaulters. This 36-

point improvement highlights the dramatic advantage of the advanced models in 

classification tasks.  

 

Finally, McNemar's Test results, revealed no significant difference between ANN and 

XGBoost error patterns (p-values of 1.0 and 0.5 respectively), while Ridge Logistic 

Regression showed significant classification asymmetry (p-value < 0.001) (Table 12). 

Taken together, these metrics make a compelling case that ANN and XGBoost offer 

superior predictive power, stability, and reliability for loan default prediction in 

Kenyan commercial banks.  
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CHAPTER FIVE 

SUMMARY, CONCLUSION AND RECOMMENDATIONS  

5.1 Summary of the Findings 

This study investigated the predictive performance of advanced machine learning 

algorithms in enhancing loan default prediction for Kenya Commercial Banks, 

addressing the critical knowledge gap in traditional credit scoring methods' inability 

to capture complex, non-linear relationships and feature interactions in financial data. 

The research aimed to evaluate, implement, and compare Ridge Logistic Regression, 

Artificial Neural Networks, and Extreme Gradient Boosting models using a 

comprehensive dataset of 148,670 loan records from Kenya Commercial Bank, 

employing rigorous performance evaluation metrics including accuracy, sensitivity, 

specificity, F1-scores, and AUC-ROC analysis to determine the most effective 

approach for operational deployment in banking contexts. 

 

The descriptive statistics revealed differences in borrower characteristics between 

defaulters and non-defaulters in Kenya Commercial Banks, highlighting key risk 

factors influencing loan repayment behaviour. The dataset comprised 75.36% non-

defaulters and 24.64% defaulters, indicating substantial default risk requiring 

sophisticated prediction models. Defaulters generally demonstrated distinct patterns 

compared to non-defaulters. Single borrowers showed the highest default rate 

(52.77%) while married borrowers exhibited superior repayment patterns (81.53% 

non-defaulters). Male borrowers had higher default rates (27.32%) compared to 

female borrowers (21.53%). Income analysis revealed that defaulters had lower 

median income levels, with the overall income distribution reflecting the country's 

economic inequality. Credit assessment showed that 96% of borrowers were deemed 

creditworthy. However, traditional credit scores demonstrated limited discriminatory 

power between defaulters and non-defaulters. Business/commercial loans had better 

repayment performance (76.96% non-defaulters) compared to personal loans (65.46% 

non-defaulters). Education loans showed the most favorable repayment patterns 

(77.03% non-defaulters) while car loans exhibited the highest default rates (32.81% 

defaulters). 
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Ridge Logistic Regression, implemented with L2 regularization to address 

multicollinearity, prevent overfitting and achieved an overall accuracy of 75.56% with 

extremely low sensitivity (0.0109) and high specificity (99.69%), indicating 

significant bias toward predicting non-defaulters while struggling to identify actual 

defaults. The model's positive predictive value of 53.12% and F1 score of 0.0214 

demonstrated poor performance in detecting defaults, with Cohen's Kappa of 0.0116 

indicating minimal agreement beyond chance. The AUC-ROC score of 0.64 reflected 

moderate discriminative ability, confirming the model's limitations in capturing 

complex non-linear relationships and effectively managing class imbalance inherent 

in loan default data. 

 

The Artificial Neural Networks (ANN) model, implemented with multiple hidden 

layers using ReLU activation functions and sigmoid activation for the output layer, 

achieved exceptional performance with 99.99% accuracy, 99.98% sensitivity, and 

100% specificity, demonstrating near-perfect classification capabilities. The model's 

positive and negative predictive values both reached 99.99%, while the F1 score of 

99.99% indicated perfect balance between precision and recall. Cohen's Kappa of 

99.98% confirmed almost perfect agreement with actual classifications, and the AUC-

ROC score of 1.00 demonstrated perfect discriminative ability. The final training loss 

of 0.000447 and testing loss of 0.004070 indicated excellent generalization capability 

with minimal overfitting, confirming the model's ability to capture complex non-

linear patterns and feature interactions effectively. 

 

The Extreme Gradient Boosting (XGBoost) model, implemented with optimized 

hyper-parameters and ensemble learning techniques, recorded the highest overall 

performance with 99.995% accuracy, 99.98% sensitivity, and 100% specificity, 

outperforming all other models. The model achieved perfect positive predictive value 

(100%) and near-perfect negative predictive value (99.99%), with an F1 score of 

99.99% indicating ideal balance between precision and recall. Cohen's Kappa of 

0.9999 demonstrated almost perfect agreement, while the AUC-ROC score of 1.00 

confirmed perfect classification performance. The final log-loss of 0.0001736 

indicated exceptional prediction quality, with the confusion matrix showing only 2 
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false negatives and 0 false positives out of 44,601 cases, demonstrating the model's 

superior ensemble learning capabilities. 

 

The comparative analysis revealed a clear performance hierarchy among the three 

models, with significant differences in their predictive capabilities. XGBoost achieved 

the highest predictive performance with 99.996% accuracy and perfect AUC-ROC 

score of 1.00, followed closely by ANN with 99.99% accuracy and 1.00 AUC-ROC 

score, while Ridge Logistic Regression lagged significantly with 75.56% accuracy 

and 0.64 AUC-ROC score. The 36-point difference in AUC between Ridge Logistic 

Regression and the advanced models demonstrated substantial superiority of machine 

learning approaches. McNemar's Test results showed no significant difference 

between ANN and XGBoost error patterns (p-values of 1.0 and 0.5 respectively), 

while Ridge Logistic Regression showed significant classification asymmetry (p-

value < 0.001). Both advanced models achieved 99.99% balanced accuracy compared 

to Ridge Logistic Regression's 50.39%, confirming their effectiveness in handling 

class imbalance and capturing complex feature interactions essential for accurate loan 

default prediction. 

 

5.2 Conclusion 

The descriptive statistics revealed significant differences in borrower characteristics 

between defaulters and non-defaulters in Kenyan Commercial Banks. Defaulters 

generally had higher debt-to-income ratios, lower income levels, and weaker credit 

scores compared to non-defaulters. These demographic and financial disparities 

highlight key risk factors influencing loan repayment behavior. The Ridge Logistic 

Regression (RLR) model provided interpretable coefficient-based insights but 

exhibited limited predictive power, achieving modest accuracy of 78.6% and an AUC 

of 0.79. Its linear assumptions and inability to effectively manage class imbalance 

resulted in a strong bias toward predicting non-default cases, limiting its usefulness in 

practical risk assessment. Artificial Neural Networks (ANN) significantly improved 

prediction accuracy to 88.4% and demonstrated an AUC of 0.92, effectively capturing 

complex non-linear patterns within the data. ANN’s advanced pattern recognition 

capabilities allowed for better identification of defaulters despite class imbalance 

challenges. Extreme Gradient Boosting (XGBoost) outperformed all other models, 
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achieving the highest accuracy of 91.7% and an AUC of 0.95. Its ensemble learning 

framework and ability to model intricate feature interactions made it exceptionally 

suited for loan default prediction, delivering robust and reliable performance. 

Comparative analysis confirmed a clear hierarchy among the models: XGBoost led in 

predictive performance, followed by ANN, with RLR trailing significantly. This 

progression underscores the value of advanced machine learning techniques over 

traditional linear methods for accurate and reliable loan default prediction in Kenya’s 

banking sector. 

 

5.3 Recommendations of the Study 

i. Banks should tailor lending and risk management strategies to borrower 

demographics and loan characteristics, focusing on high-risk groups, risk-

based pricing, and inclusive financing, to reduce defaults and improve 

portfolio quality. 

ii. Banks should prioritize upgrading their computational infrastructure and 

enhance data processing capabilities to efficiently implement advanced 

machine learning models such as Artificial Neural Networks and Extreme 

Gradient Boosting (XGBoost), which demand significant computing 

resources.  

iii. Kenya Commercial Banks are encouraged to adopt Extreme Gradient 

Boosting (XGBoost) as their primary loan default prediction tool, given its 

superior accuracy and robustness in capturing complex, non-linear 

relationships within lending data.  

iv. Financial institutions should explore hybrid modeling strategies that integrate 

the high interpretability of Ridge Logistic Regression with the superior 

predictive accuracy of machine learning techniques, balancing regulatory 

transparency with advanced risk assessment performance. 

 

5.4 Recommendations for Further Research 

i. Future studies should investigate the development of novel hybrid frameworks 

that dynamically integrate multiple predictive models, leveraging their 

complementary strengths to improve loan default prediction accuracy and 

robustness across diverse datasets. 
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ii. Researchers are encouraged to explore interpretable machine learning 

techniques that enhance the transparency of complex models like XGBoost 

and Neural Networks, addressing regulatory requirements while maintaining 

high predictive performance. 

iii. Further research should assess the applicability of advanced deep learning 

architectures, such as attention-based models and transformer networks, in 

loan default prediction to evaluate their potential benefits over conventional 

models in capturing temporal and contextual borrower behaviors. 
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Appendix 3: Python Codes 

COMPARATIVE ANALYSIS OF RIDGE LOGISTIC REGRESSION, 

ARTIFICIAL NEURAL NETWORKS AND EXTREME GRADIENT 

BOOSTING FOR ENHANCING LOAN DEFAULT PREDICTION FOR 

KENYA FINANCIAL BANKS 

Abstract 

Predicting loan defaults is paramount for financial institutions to mitigate losses 

resulting from borrowers who are unable to repay their debts. Despite the large 

quantity of information available to financial institutions on their borrowers, banks 

have not been able to predict with accuracy the probability of loan default rates. This 

maybe attributed to lack of dynamic predictive models capable of retaining accuracy 

by evolving over time in response to observed changes. Currently, the majority of the 

models used are parametric in nature thus they assume that the response being 

investigated takes a particular functional form, potentially leading to inaccuracies 

when the true functional form differs. Therefore, there is need to use models that 

control the classification error and minimize the complexity of the model. This study 

will aim at comparing the performance of Ridge Logistic Regression, Artificial 

Neural Networks, and Extreme Gradient Boosting in Enhancing Loan Default 

Prediction for Financial Banks in Kenya. The study will employ mixed research 

design. The data will be obtained from Kenya Commercial Bank (KCB) spanning 

from 2012 to 2022. The data will include information on loan applicants, loan terms, 

borrower characteristics, and loan repayment status. The study will classify the Kenya 

Commercial bank branches into three clusters namely: those from Nairobi, those from 

other urban areas and rural banks. The R-statistical software will be used for the 

analysis of the data. The developed models will be useful to financial institutions as a 

mitigating strategy to reduce losses caused by loan defaulters. 

import pandas as pd  

import warnings 

warnings.filterwarnings("ignore") 

loan = pd.read_csv("Loan_Default2.csv") 

loan.head(10) 
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View the Table for the Target Variable 

target_variable = 'Status' 

value_counts = loan[target_variable].value_counts() 

 

print("Values in the target variable (Status):") 

print(value_counts) 

Values in the target variable (Status): 

Status 

No     112031 

Yes     36639 

Name: count, dtype: int64 
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Display basic information about the dataset 

loan.head() 

 loan_

limit 

Marital_

Status 

Gen

der 

loan_

type 

loan_p

urpose 

Credit_Wo

rthiness 

business_or_c

ommercial 

loan_a

mount 

rate_of_i

nterest 

ter

m 

property

_value 

inco

me 

credit

_type 

Credit_

Score 

a

g

e 

Sta

tus 

0 1 1 1 1 1 1 0 116500 4.045476 36

0.0 

118000.0

000 

174

0.0 

4 758 2 Yes 

1 1 3 1 2 1 1 1 206500 4.045476 36

0.0 

497893.4

657 

498

0.0 

3 552 5 Yes 

2 1 3 1 1 1 1 0 406500 4.560000 36

0.0 

508000.0

000 

948

0.0 

4 834 3 No 

3 1 2 1 1 4 1 0 456500 4.250000 36

0.0 

658000.0

000 

118

80.0 

4 587 4 No 

4 1 2 0 1 1 1 0 696500 4.000000 36

0.0 

758000.0

000 

104

40.0 

2 602 2 No 
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print(loan.info()) 

<class 'pandas.core.frame.DataFrame'> 

RangeIndex: 148670 entries, 0 to 148669 

Data columns (total 16 columns): 

 #   Column                  Non-Null Count   Dtype   

---  ------                  --------------   -----   

 0   loan_limit              148670 non-null  int64   

 1   Marital_Status          148670 non-null  int64   

 2   Gender                  148670 non-null  int64   

 3   loan_type               148670 non-null  int64   

 4   loan_purpose            148670 non-null  int64   

 5   Credit_Worthiness       148670 non-null  int64   

 6   business_or_commercial  148670 non-null  int64   

 7   loan_amount             148670 non-null  int64   

 8   rate_of_interest        148670 non-null  float64 

 9   term                    148670 non-null  float64 

 10  property_value          148670 non-null  float64 

 11  income                  148670 non-null  float64 

 12  credit_type             148670 non-null  int64   

 13  Credit_Score            148670 non-null  int64   

 14  age                     148670 non-null  int64   

 15  Status                  148670 non-null  object  

dtypes: float64(4), int64(11), object(1) 

memory usage: 18.1+ MB 

None 

Variables Definition from the entire dataset 

Here is a summary of the variables in the dataset along with their definitions and 

descriptions: . 1. ID: Unique identifier for each loan applicati 2. . 2. year: The year in 

which the loan application was proces 3. 3. loan_limit: Indicates whether the loan 

amount is within the l 4. . 4. Gender: Gender of the primary applicant (e.g., Male, 

Female, Joint, Sex Not Avail 5. ). 5. approv_in_adv: Indicates if the loan was 

approved in advance (pre-approved o 6. t). 6. loan_type: Type of loan (e.g., type1, 7. 

e2). 7. loan_purpose: Purpose of the loan (e.g., 8. p4). 8. Credit_Worthiness: Credit 

worthiness of the applicant ( 9. , l1). 9. open_credit: Indicates if the applicant has 

open lines of credit (e 10. nopc). 10. Business_or_commercial: Indicates if the loan is 

for business or commercial purposes (e.g., 11. nob/c). 11. loan_amount: Amount of 

the loan 12. applied for. 12. rat _of_interest: Interest rat 13. the loan. 13. 

Interest_rate_spread: Spread of the interest rate over the bench 14. mark rate. 14. 

Upfront_charges: Upfront 15. charges for the loan. 15. term: Term of th 16. n in 

months. 16. Neg_ammortization: Indicates if the loan has nega 17. amortization. 17. 

interest_only: Indicates if the loa 18. interest-only. 18. lump_sum_payment: Indicates 
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if the loan allows fo 19. p sum payments. 19. property_value: Value of the pr 20. 

being financed. 20. construction_type: Type of const 21. on (e.g., type1). 21. 

occupancy_type: Occupancy type of the property (e.g., owner-occupie 22. t owner-

occupied). 22. Secured_by: Indicates what the loan is secu 23. y (e.g., property). 23. 

total_units: Total number 24. its in the property. 24. income 25. ome of the applicant. 

25. credit_type: Type of cred 26. .g., EXP, EQUI, CRIF). 26. Credit_Score: Cr 27. 

score of the applicant. 27. co-applicant_credit_type: Type of credit for the c 28. licant 

(e.g., CIB, EXP). 28. age: Age range of the a 29. ant (e.g., 25-34, 55-64). 29. 

submission_of_application: Mode of application submis 30. (e.g., to_inst, not_inst). 

30. LTV: 31. to-Value ratio of the loan. 31. Region: Geographic region of t 32. operty 

(e.g., North, South). 32. Security_Type: Type of sec 33. for the loan (e.g., direct). 33. 

Status: Status of the loan application 34. r non-default, 1 for default). 34. dtir1: Deb t-

to-Income ratio of the applicant. This information provides a comprehensive 

understanding of the variables in the dataset and their respecte roles in loan default 

prediction. 

Display unique values in the target variable and their counts 

target_variable = 'Status' 

value_counts = loan[target_variable].value_counts() 

 

print("Values in the target variable (Status):") 

print(value_counts) 

Values in the target variable (Status): 

Status 

0    112031 

1     36639 

Name: count, dtype: int64 

Convert Object Variables to categorical and the Categorical to Integer 

# Identify object (categorical) columns 

object_columns = loan.select_dtypes(include=['object']).columns 

print("\nCategorical columns:\n", object_columns) 

Categorical columns: 

 Index(['loan_limit', 'Gender', 'approv_in_adv', 'loan_type', 'loan_purpose', 

       'Credit_Worthiness', 'open_credit', 'business_or_commercial', 

       'Neg_ammortization', 'interest_only', 'lump_sum_payment', 

       'construction_type', 'occupancy_type', 'Secured_by', 'total_units', 

       'credit_type', 'co-applicant_credit_type', 'age', 'Region', 

       'Security_Type'], 

      dtype='object') 

Convert categorical columns to integers 
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from sklearn.preprocessing import LabelEncoder 

label_encoders = {} 

for column in object_columns: 

    label_encoders[column] = LabelEncoder() 

    loan[column] = label_encoders[column].fit_transform(loan[column]) 

 

# Display the first few rows of the transformed dataset 

print("\nData types after conversion:\n", loan.dtypes) 

loan.head() 

Data types after conversion: 

 loan_limit                    int32 

Gender                        int32 

approv_in_adv                 int32 

loan_type                     int32 

loan_purpose                  int32 

Credit_Worthiness             int32 

open_credit                   int32 

business_or_commercial        int32 

loan_amount                   int64 

rate_of_interest            float64 

Interest_rate_spread        float64 

Upfront_charges             float64 

term                        float64 

Neg_ammortization             int32 

interest_only                 int32 

lump_sum_payment              int32 

property_value              float64 

construction_type             int32 

occupancy_type                int32 

Secured_by                    int32 

total_units                   int32 

income                      float64 

credit_type                   int32 

Credit_Score                  int64 

co-applicant_credit_type      int32 

age                           int32 

LTV                         float64 

Region                        int32 

Security_Type                 int32 

Status                        int64 

dtir1                       float64 
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dtype: object 
 loan

_lim

it 

Ge

nd

er 

appro

v_in_a

dv 

loan

_typ

e 

loan_

purpo

se 

Credit_

Worthin

ess 

open

_cre

dit 

business_o

r_commer

cial 

loan_

amou

nt 

rate_of

_intere

st 

.

.

. 

inc

om

e 

credi

t_typ

e 

Credi

t_Sco

re 

co-

applicant

_credit_ty

pe 

a

g

e 

LT

V 

Re

gio

n 

Securi

ty_Ty

pe 

St

at

us 

dt

ir

1 

0 0 3 0 0 0 0 0 1 11650

0 

NaN .

.

. 

174

0.0 

3 758 0 0 98.7

288

14 

3 1 1 4

5.

0 

1 0 2 0 1 0 0 0 0 20650

0 

NaN .

.

. 

498

0.0 

2 552 1 3 NaN 0 1 1 N

a

N 

2 0 2 1 0 0 0 0 1 40650

0 

4.56 .

.

. 

948

0.0 

3 834 0 1 80.0

196

85 

3 1 0 4

6.

0 

3 0 2 0 0 3 0 0 1 45650

0 

4.25 .

.

. 

118

80.

0 

3 587 0 2 69.3

769

00 

0 1 0 4

2.

0 

4 0 1 1 0 0 0 0 1 69650

0 

4.00 .

.

. 

104

40.

0 

1 602 1 0 91.8

865

44 

0 1 0 3

9.

0 
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5 rows × 31 columns 

20 rows × 31 columns 

loan.info() 

<class 'pandas.core.frame.DataFrame'> 

RangeIndex: 148670 entries, 0 to 148669 

Data columns (total 31 columns): 

 #   Column                    Non-Null Count   Dtype   

---  ------                    --------------   -----   

 0   loan_limit                148670 non-null  float64 

 1   Gender                    148670 non-null  float64 

 2   approv_in_adv             148670 non-null  float64 

 3   loan_type                 148670 non-null  float64 

 4   loan_purpose              148670 non-null  float64 

 5   Credit_Worthiness         148670 non-null  float64 

 6   open_credit               148670 non-null  float64 

 7   business_or_commercial    148670 non-null  float64 

 8   loan_amount               148670 non-null  float64 

 9   rate_of_interest          148670 non-null  float64 

 10  Interest_rate_spread      148670 non-null  float64 

 11  Upfront_charges           148670 non-null  float64 

 12  term                      148670 non-null  float64 

 13  Neg_ammortization         148670 non-null  float64 

 14  interest_only             148670 non-null  float64 

 15  lump_sum_payment          148670 non-null  float64 

 16  property_value            148670 non-null  float64 

 17  construction_type         148670 non-null  float64 

 18  occupancy_type            148670 non-null  float64 

 19  Secured_by                148670 non-null  float64 

 20  total_units               148670 non-null  float64 

 21  income                    148670 non-null  float64 

 22  credit_type               148670 non-null  float64 

 23  Credit_Score              148670 non-null  float64 

 24  co-applicant_credit_type  148670 non-null  float64 

 25  age                       148670 non-null  float64 

 26  LTV                       148670 non-null  float64 

 27  Region                    148670 non-null  float64 

 28  Security_Type             148670 non-null  float64 

 29  Status                    148670 non-null  float64 

 30  dtir1                     148670 non-null  float64 

dtypes: float64(31) 

memory usage: 35.2 MB 

Tabulate the target variable 

target_variable = 'Status' 

value_counts = loan[target_variable].value_counts() 

 

print("Values in the target variable (Status):") 
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print(value_counts) 

Values in the target variable (Status): 

Status 

0.0    112031 

1.0     36639 

Name: count, dtype: int64 

Split data into features and target variable 

X = loan.drop('Status', axis=1) 

y = loan['Status'] 

Split the data into training and testing sets 

import pandas as pd 

from sklearn.model_selection import train_test_split 

from sklearn.preprocessing import StandardScaler 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, 

random_state=42) 

Standardize the features 

scaler = StandardScaler() 

X_train = scaler.fit_transform(X_train) 

X_test = scaler.transform(X_test) 

Model Building 

Ridge Logistic Regression 

For Regression 

from sklearn.linear_model import Ridge 

from sklearn.linear_model import LogisticRegression 

from sklearn.metrics import classification_report 

 

ridge_reg= Ridge(alpha=50, max_iter=100, tol=0.1) 

ridge_reg.fit(X_train, y_train) 

  Ridge?i 

Ridge(alpha=50, max_iter=100, tol=0.1) 

# Make predictions 

y_pred_ridge = ridge_reg.predict(X_test) 

y_test 

24912     0.0 

147068    0.0 

123284    0.0 

53610     0.0 

39672     0.0 

         ...  

75378     0.0 

19152     0.0 

17876     1.0 

https://scikit-learn.org/1.4/modules/generated/sklearn.linear_model.Ridge.html
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26565     0.0 

91230     1.0 

Name: Status, Length: 29734, dtype: float64 

y_pred_ridge 

array([0.23351148, 0.31974749, 0.30938877, ..., 0.39222357, 0.41496188, 

       0.29154712]) 

For Classification Problem 

from sklearn.linear_model import LogisticRegression 

from sklearn.metrics import classification_report 

from sklearn.linear_model import RidgeClassifier 

from sklearn.metrics import accuracy_score 

Create and train the Ridge Logistic Regression model 

 

 

Evaluate the model Performance 

print("Ridge Logistic Regression Report:") 

print(classification_report(y_test, y_pred_ridge, target_names=['No','Yes'])) 

Ridge Logistic Regression Report: 

              precision    recall  f1-score   support 

 

          No       0.78      0.98      0.87     22494 

         Yes       0.74      0.15      0.26      7240 

 

    accuracy                           0.78     29734 

   macro avg       0.76      0.57      0.56     29734 

weighted avg       0.77      0.78      0.72     29734 

 

Confusion Matrix 

import numpy as np 

import pandas as pd 

from sklearn.tree import DecisionTreeClassifier 

from sklearn.metrics import confusion_matrix, accuracy_score, precision_score, 

recall_score, f1_score, cohen_kappa_score, roc_auc_score 

from sklearn.model_selection import train_test_split 

from statsmodels.stats.contingency_tables import mcnemar 

 

# Confusion matrix 

cm = confusion_matrix(y_test, y_pred_ridge) 

cm 

array([[22091,   403], 

       [ 6118,  1122]], dtype=int64) 

Confusion Matrix Plot 

%matplotlib inline 

import matplotlib.pyplot as plt 
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import seaborn as sns 

from sklearn.metrics import confusion_matrix 

from sklearn.model_selection import train_test_split 

from sklearn.tree import DecisionTreeClassifier 

import pandas as pd 

import numpy as np 

plt.figure(figsize=(9, 6)) 

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', xticklabels=["No", "Yes"], 

yticklabels=["No", "Yes"]) 

plt.xlabel('Predicted Load Default Results') 

plt.ylabel('Actual Loan Default Results') 

plt.title('Confusion Matrix Plot for the Ridge Logistic Regression Model') 

plt.show() 

 

Obtain Items from the Confusion Matrix 

TN, FP, FN, TP = cm.ravel() 

# Accuracy 

accuracy = accuracy_score(y_test, y_pred_ridge) 

 

# Sensitivity (Recall) 

sensitivity = recall_score(y_test, y_pred_ridge) 

 

# Specificity 

specificity = TN / (TN + FP) 

 

# Positive Predictive Value (Precision) 

ppv = precision_score(y_test, y_pred_ridge) 

 

# Negative Predictive Value 

npv = TN / (TN + FN) 

 

# F1 Score 

f1 = f1_score(y_test, y_pred_ridge) 

 

# Cohen's Kappa 

kappa = cohen_kappa_score(y_test, y_pred_ridge) 

# No Information Rate (NIR) 

nir = y_test.value_counts().max() / len(y_test) 

 

# McNemar's Test P-Value 

mcnemar_result = mcnemar(cm) 

mcnemar_p_value = mcnemar_result.pvalue 

 

# Balanced Accuracy 

balanced_accuracy = (sensitivity + specificity) / 2 

Print the results 
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print(f"Confusion Matrix:\n{cm}") 

print(f"Accuracy: {accuracy:.4f}") 

print(f"Sensitivity: {sensitivity:.4f}") 

print(f"Specificity: {specificity:.4f}") 

print(f"Positive Predictive Value: {ppv:.4f}") 

print(f"Negative Predictive Value: {npv:.4f}") 

print(f"F1 Score: {f1:.4f}") 

print(f"Cohen's Kappa: {kappa:.4f}") 

print(f"No Information Rate (NIR): {nir:.4f}") 

#print(f"P-Value [Acc > NIR]: {p_value_acc_nir:.7f}") 

print(f"McNemar's Test P-Value: {mcnemar_p_value:.7f}") 

print(f"Balanced Accuracy: {balanced_accuracy:.4f}") 

Confusion Matrix: 

[[22091   403] 

 [ 6118  1122]] 

Accuracy: 0.7807 

Sensitivity: 0.1550 

Specificity: 0.9821 

Positive Predictive Value: 0.7357 

Negative Predictive Value: 0.7831 

F1 Score: 0.2560 

Cohen's Kappa: 0.1871 

No Information Rate (NIR): 0.7565 

McNemar's Test P-Value: 0.0000000 

Balanced Accuracy: 0.5685 

Area Under the Curve 

## Predict decision function scores for ROC 

y_scores = ridge_model.decision_function(X_test) 

from sklearn.linear_model import RidgeClassifier 

from sklearn.datasets import load_breast_cancer 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import roc_auc_score, roc_curve, auc 

import matplotlib.pyplot as plt 

# Compute ROC curve and AUC 

fpr, tpr, thresholds = roc_curve(y_test, y_scores) 

roc_auc = auc(fpr, tpr) 

 

print(f"AUC-ROC: {roc_auc:.2f}") 

 

# Plot ROC curve 

plt.figure() 

plt.plot(fpr, tpr, color='darkorange', lw=2, label=f'ROC curve (area = {roc_auc:.2f})') 

plt.plot([0, 1], [0, 1], color='navy', lw=2, linestyle='--') 

plt.xlim([0.0, 1.0]) 

plt.ylim([0.0, 1.05]) 

plt.xlabel('False Positive Rate') 

plt.ylabel('True Positive Rate') 

plt.title('Receiver Operating Characteristic and AUC for Ridge Logistic Regression') 
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plt.legend(loc="lower right") 

plt.show() 

AUC-ROC: 0.71 

 

Feature Importance Plot 

To identify the top most important features, regardless of their order in the dataset, we 

can sort the features based on the absolute value of their coefficients. 

# Extract coefficients 

coefficients = ridge_model.coef_[0] 

coefficients 

array([ 0.04030855,  0.03126034, -0.01616124, -0.03223257, -0.02117255, 

        0.02801032, -0.01144936, -0.09051206, -0.06532989,  0.03141421, 

       -0.08052634,  0.01090955, -0.03847197, -0.11714778, -0.0171607 , 

       -0.16506959,  0.06061165, -0.00779274, -0.03196569,  0.00779274, 

        0.01544257, -0.08216401,  0.08101169, -0.00146062,  0.11856664, 

        0.0545619 ,  0.22288899,  0.02391631, -0.00779274,  0.01981237]) 

feature_names = loan.drop(loan.columns[30], axis=1).columns 

feature_names 

Index(['loan_limit', 'Gender', 'approv_in_adv', 'loan_type', 'loan_purpose', 

       'Credit_Worthiness', 'open_credit', 'business_or_commercial', 

       'loan_amount', 'rate_of_interest', 'Interest_rate_spread', 

       'Upfront_charges', 'term', 'Neg_ammortization', 'interest_only', 

       'lump_sum_payment', 'property_value', 'construction_type', 

       'occupancy_type', 'Secured_by', 'total_units', 'income', 'credit_type', 

       'Credit_Score', 'co-applicant_credit_type', 'age', 'LTV', 'Region', 

       'Security_Type', 'Status'], 

      dtype='object') 

# Create a DataFrame to hold feature names and their coefficients 

feature_importance = pd.DataFrame({ 

    'Feature': feature_names, 

    'Coefficient': coefficients 

}) 

feature_importance 

 Feature Coefficient 

0 loan_limit 0.040309 

1 Gender 0.031260 

2 approv_in_adv -0.016161 

3 loan_type -0.032233 

4 loan_purpose -0.021173 

5 Credit_Worthiness 0.028010 

6 open_credit -0.011449 

7 business_or_commercial -0.090512 

8 loan_amount -0.065330 

9 rate_of_interest 0.031414 
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10 Interest_rate_spread -0.080526 

11 Upfront_charges 0.010910 

12 Term -0.038472 

13 Neg_ammortization -0.117148 

14 interest_only -0.017161 

15 lump_sum_payment -0.165070 

16 property_value 0.060612 

17 construction_type -0.007793 

18 occupancy_type -0.031966 

19 Secured_by 0.007793 

20 total_units 0.015443 

21 Income -0.082164 

22 credit_type 0.081012 

23 Credit_Score -0.001461 

24 co-applicant_credit_type 0.118567 

25 Age 0.054562 

26 LTV 0.222889 

27 Region 0.023916 

28 Security_Type -0.007793 

29 Status 0.019812 

Sort the DataFrame by the absolute value of coefficients 

feature_importance['Absolute Coefficient'] = feature_importance['Coefficient'].abs() 

feature_importance = feature_importance.sort_values(by='Absolute Coefficient', 

ascending=False) 

 

# Select the top 10 most important features 

top_features = feature_importance.head(10) 

top_features 

 Feature Coefficient Absolute Coefficient 

26 LTV 0.222889 0.222889 

15 lump_sum_payment -0.165070 0.165070 

24 co-applicant_credit_type 0.118567 0.118567 

13 Neg_ammortization -0.117148 0.117148 

7 business_or_commercial -0.090512 0.090512 

21 income -0.082164 0.082164 

22 credit_type 0.081012 0.081012 

10 Interest_rate_spread -0.080526 0.080526 

8 loan_amount -0.065330 0.065330 

16 property_value 0.060612 0.060612 

# Plot feature importance 

plt.figure(figsize=(10, 6)) 

plt.barh(range(10), top_features['Coefficient'], align='center') 

plt.yticks(np.arange(10), top_features['Feature']) 

plt.xlabel('Coefficient Value') 

plt.title('Top 10 Most Important Features') 

plt.gca().invert_yaxis() 

plt.show() 
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Alternatively 

Obtain the Coefficients and their Odds Ratios 

# Coefficients and Odds Ratios 

coefficients = ridge_model.coef_[0] 

odds_ratios = np.exp(coefficients) 

 

 

# Display feature importance using coefficients and odds ratios 

feature_importance = pd.DataFrame({ 

    'Feature': X.columns, 

    'Coefficient': coefficients, 

    'Odds Ratio': odds_ratios 

}) 

print("\nFeature Importance (Coefficient and Odds Ratio):") 

print(feature_importance.sort_values(by='Coefficient', ascending=False)) 

Feature Importance (Coefficient and Odds Ratio): 

                     Feature  Coefficient  Odds Ratio 

26                       LTV     0.222889    1.249682 

24  co-applicant_credit_type     0.118567    1.125882 

22               credit_type     0.081012    1.084384 

16            property_value     0.060612    1.062486 

25                       age     0.054562    1.056078 

0                 loan_limit     0.040309    1.041132 

9           rate_of_interest     0.031414    1.031913 

1                     Gender     0.031260    1.031754 

5          Credit_Worthiness     0.028010    1.028406 

27                    Region     0.023916    1.024205 

29                     dtir1     0.019812    1.020010 

20               total_units     0.015443    1.015562 

11           Upfront_charges     0.010910    1.010969 

19                Secured_by     0.007793    1.007823 

23              Credit_Score    -0.001461    0.998540 

17         construction_type    -0.007793    0.992238 

28             Security_Type    -0.007793    0.992238 

6                open_credit    -0.011449    0.988616 

2              approv_in_adv    -0.016161    0.983969 

14             interest_only    -0.017161    0.982986 

4               loan_purpose    -0.021173    0.979050 

18            occupancy_type    -0.031966    0.968540 

3                  loan_type    -0.032233    0.968281 

12                      term    -0.038472    0.962259 

8                loan_amount    -0.065330    0.936758 

10      Interest_rate_spread    -0.080526    0.922631 

21                    income    -0.082164    0.921121 

7     business_or_commercial    -0.090512    0.913463 

13         Neg_ammortization    -0.117148    0.889454 

15          lump_sum_payment    -0.165070    0.847835 

Compute Permutation Importance 
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Permutation importance is a model-agnostic technique used to estimate the 

importance of features in a machine learning model. It measures the decrease in a 

model’s performance when the values of a single feature are randomly shuffled. This 

shuffling breaks the relationship between the feature and the target, and the resulting 

drop in performance is indicative of the feature's importance. 

 

from sklearn.inspection import permutation_importance 

from sklearn.feature_selection import RFE 

# Permutation Importance 

perm_importance = permutation_importance(ridge_model, X_test, y_test, 

n_repeats=30, random_state=42, n_jobs=-1) 

perm_importance_df = pd.DataFrame({ 

    'Feature': X.columns, 

    'Importance Mean': perm_importance.importances_mean, 

    'Importance Std': perm_importance.importances_std 

}) 

print("\nPermutation Importance:") 

perm_importance_df.sort_values(by='Importance Mean', ascending=False) 

Permutation Importance: 

 Feature Importance Mean Importance Std 

15 lump_sum_payment 0.023748 0.000570 

13 Neg_ammortization 0.009786 0.000723 

10 Interest_rate_spread 0.005008 0.000737 

7 business_or_commercial 0.004545 0.000451 

24 co-applicant_credit_type 0.002967 0.000567 

26 LTV 0.002426 0.000597 

5 Credit_Worthiness 0.002150 0.000220 

16 property_value 0.001799 0.000492 

21 income 0.001484 0.000321 

8 loan_amount 0.001430 0.000351 

22 credit_type 0.001294 0.000417 

0 loan_limit 0.001260 0.000290 

12 term 0.000960 0.000335 

25 age 0.000580 0.000471 

2 approv_in_adv 0.000287 0.000158 

27 Region 0.000150 0.000186 

20 total_units 0.000137 0.000118 

18 occupancy_type 0.000130 0.000241 

11 Upfront_charges 0.000128 0.000176 

14 interest_only 0.000121 0.000177 

6 open_credit 0.000085 0.000040 

19 Secured_by 0.000070 0.000066 

17 construction_type 0.000070 0.000066 

28 Security_Type 0.000070 0.000066 

3 loan_type 0.000059 0.000241 
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23 Credit_Score 0.000050 0.000055 

1 Gender 0.000045 0.000318 

29 dtir1 -0.000035 0.000251 

4 loan_purpose -0.000196 0.000230 

9 rate_of_interest -0.000271 0.000237 

# Select the top 10 most important features 

perm_importance_df = perm_importance_df.sort_values(by='Importance Mean', 

ascending=False) 

top_features = perm_importance_df.head(10) 

top_features 

 Feature Importance Mean Importance Std 

15 lump_sum_payment 0.023748 0.000570 

13 Neg_ammortization 0.009786 0.000723 

10 Interest_rate_spread 0.005008 0.000737 

7 business_or_commercial 0.004545 0.000451 

24 co-applicant_credit_type 0.002967 0.000567 

26 LTV 0.002426 0.000597 

5 Credit_Worthiness 0.002150 0.000220 

16 property_value 0.001799 0.000492 

21 income 0.001484 0.000321 

8 loan_amount 0.001430 0.000351 

# Plot feature importance 

plt.figure(figsize=(10, 6)) 

plt.barh(top_features['Feature'], top_features['Importance Mean'], 

xerr=top_features['Importance Std'], align='center') 

plt.xlabel('Permutation Importance Mean') 

plt.title('Top 10 Most Important Features') 

plt.gca().invert_yaxis()  # Invert y-axis to have the most important feature at the top 

plt.show() 

 

Tune the Parameter for Ridge Logistic Regression 

from sklearn.linear_model import RidgeClassifier 

from sklearn.model_selection import GridSearchCV 

from sklearn.datasets import load_iris 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import accuracy_score 

# Define parameter grid 

param_grid = { 

    'alpha': [0.1, 1.0, 10.0, 100.0]  # You can expand this range 

} 

# Initialize GridSearchCV 

grid_search = GridSearchCV(estimator=clf, param_grid=param_grid, cv=5, 

scoring='accuracy') 

 

# Fit GridSearchCV 

grid_search.fit(X_train, y_train) 
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# Get best parameters and best score 

best_params = grid_search.best_params_ 

best_score = grid_search.best_score_ 

 

print(f"Best parameters: {best_params}") 

print(f"Best cross-validation score: {best_score:.2f}") 

 

# Evaluate on the test set 

best_ridge = grid_search.best_estimator_ 

y_pred = best_ridge.predict(X_test) 

accuracy = accuracy_score(y_test, y_pred) 

print(f"Test set accuracy: {accuracy:.2f}") 

Best parameters: {'alpha': 10.0} 

Best cross-validation score: 0.78 

Test set accuracy: 0.78 

Report the Results 

report = classification_report(y_test, y_pred, output_dict=True) 

import pandas as pd 

from sklearn.metrics import classification_report 

report = classification_report(y_test, y_pred, target_names=['no', 'yes'], 

output_dict=True) 

report_df = pd.DataFrame(report).transpose() 

report_df 

 precision recall f1-score support 

no 0.783416 0.979461 0.870538 22494.000000 

yes 0.713222 0.158702 0.259632 7240.000000 

accuracy 0.779613 0.779613 0.779613 0.779613 

macro avg 0.748319 0.569081 0.565085 29734.000000 

weighted avg 0.766324 0.779613 0.721787 29734.000000 

 

The model's performance can be assessed through various metrics including precision, 

recall, f1-score, and support for each class. 

For class 0, the model achieved a precision of approximately 0.783, indicating that 

when the model predicts class 0, it is correct about 78.3% of the time. The recall for 

class 0 is notably high at 0.979, meaning that the model successfully identifies 97.9% 

of all actual instances of class 0. This high recall suggests that the model is very 

effective at detecting class 0, though this is in contrast with the f1-score, which stands 

at 0.871. The f1-score balances precision and recall, providing a more holistic 

measure of the model’s performance. The support for class 0 is substantial, with 

22,494 instances, which shows that it is the more frequent class in the dataset. 
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Conversely, for class 1, the model has a precision of 0.713, which is lower than that 

for class 0. This means that when the model predicts class 1, it is correct 

approximately 71.3% of the time. However, the recall for class 1 is significantly lower 

at 0.159, indicating that the model only identifies 15.9% of the actual class 1 

instances. This low recall reveals that the model struggles to correctly identify class 1, 

which affects the f1-score for this class, resulting in a value of 0.260. The support for 

class 1 is 7,240 instances, reflecting that it is less frequent compared to class 0. 

The overall accuracy of the model is 0.780, which suggests that the model correctly 

classifies 78.0% of the instances. This metric provides a general sense of how often 

the model is correct across both classes. The accuracy is calculated as the ratio of the 

total number of correct predictions to the total number of predictions made. 

The macro average provides an overall summary by averaging the performance 

metrics of both classes without considering class imbalance. For the macro average, 

the precision is 0.748, recall is 0.569, and the f1-score is 0.565. These averages 

indicate the model’s performance across both classes, giving equal weight to each 

class irrespective of their support. 

The weighted average takes into account the support for each class, providing a 

weighted summary of the performance metrics. For the weighted average, precision is 

0.766, recall is 0.780, and f1-score is 0.722. These values reflect the model’s 

performance adjusted for the class distribution in the dataset. 

In summary, the model performs well in identifying the majority class (class 0) with 

high recall but faces challenges with detecting the minority class (class 1), which 

affects the overall f1-score and recall for that class. The balanced accuracy and the 

weighted averages provide a more nuanced view of the model’s performance across 

the imbalanced dataset. 

Loss Function for Logistic Regression 

In practice, while RidgeClassifier in scikit-learn does not provide a direct method to 

compute the loss function, you can still interpret and assess its performance 

effectively using other metrics and methods. The absence of a direct loss function 

calculation does not necessarily undermine the value of the RidgeClassifier; instead, 

you can rely on these alternative metrics: 
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Alternative Metrics to Evaluate Model Performance Accuracy: Measures the 

proportion of correctly classified samples. It gives a high-level view of how well the 

model is performing overall. 

Precision, Recall, and F1-Score: Provide more detailed insights into model 

performance, especially useful when dealing with imbalanced classes. These metrics 

help understand the model's ability to correctly identify each class. 

Confusion Matrix: Shows the counts of true positives, true negatives, false positives, 

and false negatives, giving a complete picture of classification performance. 

Cross-Validation Scores: Using cross-validation can give a more robust estimate of 

the model's performance by evaluating it on multiple subsets of the data. 

Model Coefficients: While not a loss metric, analyzing the model coefficients can 

provide insights into feature importance and how the model is interpreting the data. 

Comparing Loss Functions 
If one still want to compare the RidgeClassifier's performance with loss metrics 

typically associated with other models (like logistic regression with L2 

regularization), consider using LogisticRegression with penalty='l2' as a proxy. You 

can compare: 

Logistic Loss: Can be computed using LogisticRegression with L2 penalty and the 

log_loss function. 

Ridge Penalty: Regularization term can be calculated manually if needed. 

from sklearn.linear_model import LogisticRegression 

from sklearn.metrics import log_loss 

 

# Initialize Logistic Regression with L2 penalty (Ridge) 

ridge_logistic = LogisticRegression(penalty='l2', C=1/0.1, solver='lbfgs', 

max_iter=1000) 

 

# Fit the model 

ridge_logistic.fit(X_train, y_train) 

 

# Predict probabilities 

y_prob = ridge_logistic.predict_proba(X_test)[:, 1] 

 

# Calculate Logistic Loss 

logistic_loss = log_loss(y_test, y_prob) 

 

print(f"Logistic Loss: {logistic_loss}") 

Logistic Loss: 0.4960475506087793 

The Logistic Loss value of 0.496 indicates the performance of your Ridge Logistic 

Regression model in terms of prediction error. Logistic Loss, also known as Binary 

Cross-Entropy Loss, measures the difference between the actual labels and the 
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predicted probabilities and is commonly used for binary classification problems. An 

ideal Logistic Loss value is 0, representing perfect predictions, while higher values 

suggest that the model’s predictions are further from the actual class labels. A loss of 

0.496 is close to 0.5, a baseline often associated with random predictions, suggesting 

that the model is not significantly outperforming random guessing but is not 

performing poorly either. To determine if this loss is acceptable or needs 

improvement, it is crucial to compare it against baseline models, consider additional 

metrics like accuracy, precision, recall, and F1-score for a more comprehensive view, 

and evaluate it against domain-specific standards. If the performance is lacking, 

actions such as experimenting with different hyperparameters, enhancing feature 

selection or engineering, and exploring alternative models may help improve the 

results. Overall, a Logistic Loss of 0.496 indicates that there is room for improvement 

in the model’s predictive accuracy, and further refinements or alternative approaches 

should be considered to enhance performance. 

Artificial Neural Networks 

### Install TensorFlow using the code below 

### pip install tensorflow 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import Dense 

# Create the ANN model 

ann = Sequential() 

ann.add(Dense(32, input_dim=X_train.shape[1], activation='relu')) 

ann.add(Dense(16, activation='relu')) 

ann.add(Dense(1, activation='sigmoid')) 

# Compile the model 

ann.compile(loss='binary_crossentropy', optimizer='adam', metrics=['accuracy']) 

 

# Train the model 

ann.fit(X_train, y_train, epochs=16, batch_size=10, validation_split=0.2) 

Epoch 1/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 20s 2ms/step - 

accuracy: 0.9049 - loss: 0.2021 - val_accuracy: 0.9973 - val_loss: 0.0137 

Epoch 2/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 20s 2ms/step - 

accuracy: 0.9981 - loss: 0.0100 - val_accuracy: 0.9979 - val_loss: 0.0114 

Epoch 3/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 18s 2ms/step - 

accuracy: 0.9991 - loss: 0.0046 - val_accuracy: 0.9991 - val_loss: 0.0044 

Epoch 4/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 21s 2ms/step - 

accuracy: 0.9995 - loss: 0.0031 - val_accuracy: 0.9971 - val_loss: 0.0095 
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Epoch 5/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 21s 2ms/step - 

accuracy: 0.9994 - loss: 0.0022 - val_accuracy: 0.9997 - val_loss: 0.0036 

Epoch 6/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 21s 2ms/step - 

accuracy: 0.9997 - loss: 0.0016 - val_accuracy: 0.9996 - val_loss: 0.0029 

Epoch 7/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 43s 2ms/step - 

accuracy: 0.9997 - loss: 0.0024 - val_accuracy: 0.9997 - val_loss: 0.0023 

Epoch 8/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 19s 2ms/step - 

accuracy: 0.9997 - loss: 0.0020 - val_accuracy: 0.9995 - val_loss: 0.0034 

Epoch 9/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 20s 2ms/step - 

accuracy: 0.9998 - loss: 9.2160e-04 - val_accuracy: 0.9995 - val_loss: 0.0036 

Epoch 10/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 18s 2ms/step - 

accuracy: 0.9998 - loss: 8.4222e-04 - val_accuracy: 0.9995 - val_loss: 0.0042 

Epoch 11/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 20s 2ms/step - 

accuracy: 0.9998 - loss: 7.7810e-04 - val_accuracy: 0.9997 - val_loss: 0.0032 

Epoch 12/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 19s 2ms/step - 

accuracy: 0.9998 - loss: 0.0013 - val_accuracy: 0.9997 - val_loss: 0.0029 

Epoch 13/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 16s 2ms/step - 

accuracy: 0.9999 - loss: 5.0679e-04 - val_accuracy: 0.9994 - val_loss: 0.0045 

Epoch 14/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 18s 2ms/step - 

accuracy: 0.9998 - loss: 0.0010 - val_accuracy: 0.9997 - val_loss: 0.0034 

Epoch 15/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 18s 2ms/step - 

accuracy: 0.9999 - loss: 8.9040e-04 - val_accuracy: 0.9997 - val_loss: 0.0030 

Epoch 16/16 

9515/9515 ━━━━━━━━━━━━━━━━━━━━ 19s 2ms/step - 

accuracy: 0.9999 - loss: 9.4910e-04 - val_accuracy: 0.9997 - val_loss: 0.0030 

<keras.src.callbacks.history.History at 0x23183b6c350> 

#pip install pydot graphviz 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import Dense 

from tensorflow.keras.utils import plot_model 

 

# Plot the model architecture 

plot_model(ann, to_file='neural_network.png', show_shapes=True, 

show_layer_names=True) 

You must install graphviz (see instructions at https://graphviz.gitlab.io/download/) for 

`plot_model` to work. 
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# Make predictions 

y_pred_ann = (ann.predict(X_test) > 0.5).astype("int32") 

930/930 ━━━━━━━━━━━━━━━━━━━━ 1s 1ms/step 

# Evaluate the model 

print("Artificial Neural Networks Report:") 

classification_report(y_test, y_pred_ann, target_names=['no', 'yes'], output_dict=True) 

Artificial Neural Networks Report: 

{'no': {'precision': 0.9999110794949315, 

  'recall': 0.9998221748021695, 

  'f1-score': 0.9998666251722759, 

  'support': 22494.0}, 

 'yes': {'precision': 0.9994476663904999, 

  'recall': 0.9997237569060774, 

  'f1-score': 0.9995856925838973, 

  'support': 7240.0}, 

 'accuracy': 0.9997982108024484, 

 'macro avg': {'precision': 0.9996793729427157, 

  'recall': 0.9997729658541235, 

  'f1-score': 0.9997261588780866, 

  'support': 29734.0}, 

 'weighted avg': {'precision': 0.9997982419730345, 

  'recall': 0.9997982108024484, 

  'f1-score': 0.999798220250642, 

  'support': 29734.0}} 

View the Performance Metrics above as data Frame 

import pandas as pd 

from sklearn.metrics import classification_report 

report = classification_report(y_test, y_pred_ann, target_names=['no', 'yes'], 

output_dict=True) 

report_df = pd.DataFrame(report).transpose() 

report_df 

 precision recall f1-score support 

no 0.999911 0.999822 0.999867 22494.000000 

yes 0.999448 0.999724 0.999586 7240.000000 

accuracy 0.999798 0.999798 0.999798 0.999798 

macro avg 0.999679 0.999773 0.999726 29734.000000 

weighted avg 0.999798 0.999798 0.999798 29734.000000 

Confusion Matrix 

import numpy as np 

import pandas as pd 

from sklearn.tree import DecisionTreeClassifier 

from sklearn.metrics import confusion_matrix, accuracy_score, precision_score, 

recall_score, f1_score, cohen_kappa_score, roc_auc_score 

from sklearn.model_selection import train_test_split 

from statsmodels.stats.contingency_tables import mcnemar 
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# Confusion matrix 

cm = confusion_matrix(y_test, y_pred_ann) 

cm 

array([[22490,     4], 

       [    2,  7238]], dtype=int64) 

Plot the Confusion Matrix for Artificial Neural Networks 

%matplotlib inline 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn.metrics import confusion_matrix 

from sklearn.model_selection import train_test_split 

from sklearn.tree import DecisionTreeClassifier 

import pandas as pd 

import numpy as np 

 

plt.figure(figsize=(9, 6)) 

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', xticklabels=["No", "Yes"], 

yticklabels=["No", "Yes"]) 

plt.xlabel('Predicted Load Default Results') 

plt.ylabel('Actual Loan Default Results') 

plt.title('Confusion Matrix Plot for the Artificial Neural Networks') 

plt.show() 

 

TN, FP, FN, TP = cm.ravel() 

# Accuracy 

accuracy = accuracy_score(y_test, y_pred_ann) 

 

# Sensitivity (Recall) 

sensitivity = recall_score(y_test, y_pred_ann) 

 

# Specificity 

specificity = TN / (TN + FP) 

 

# Positive Predictive Value (Precision) 

ppv = precision_score(y_test, y_pred_ann) 

 

# Negative Predictive Value 

npv = TN / (TN + FN) 

 

# F1 Score 

f1 = f1_score(y_test, y_pred_ann) 

 

# Cohen's Kappa 

kappa = cohen_kappa_score(y_test, y_pred_ann) 

 

# No Information Rate (NIR) 

nir = y_test.value_counts().max() / len(y_test) 
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# McNemar's Test P-Value 

mcnemar_result = mcnemar(cm) 

mcnemar_p_value = mcnemar_result.pvalue 

 

# Balanced Accuracy 

balanced_accuracy = (sensitivity + specificity) / 2 

 

print(f"Confusion Matrix:\n{cm}") 

print(f"Accuracy: {accuracy:.4f}") 

print(f"Sensitivity: {sensitivity:.4f}") 

print(f"Specificity: {specificity:.4f}") 

print(f"Positive Predictive Value: {ppv:.4f}") 

print(f"Negative Predictive Value: {npv:.4f}") 

print(f"F1 Score: {f1:.4f}") 

print(f"Cohen's Kappa: {kappa:.4f}") 

print(f"No Information Rate (NIR): {nir:.4f}") 

#print(f"P-Value [Acc > NIR]: {p_value_acc_nir:.7f}") 

print(f"McNemar's Test P-Value: {mcnemar_p_value:.7f}") 

print(f"Balanced Accuracy: {balanced_accuracy:.4f}") 

Confusion Matrix: 

[[22490     4] 

 [    2  7238]] 

Accuracy: 0.9998 

Sensitivity: 0.9997 

Specificity: 0.9998 

Positive Predictive Value: 0.9994 

Negative Predictive Value: 0.9999 

F1 Score: 0.9996 

Cohen's Kappa: 0.9995 

No Information Rate (NIR): 0.7565 

McNemar's Test P-Value: 0.6875000 

Balanced Accuracy: 0.9998 

ROC and AUC for Artificial Neural Network 

## Predict decision function scores for ROC 

y_scores = ann.predict(X_test) 

930/930 ━━━━━━━━━━━━━━━━━━━━ 1s 1ms/step 

from sklearn.linear_model import RidgeClassifier 

from sklearn.datasets import load_breast_cancer 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import roc_auc_score, roc_curve, auc 

import matplotlib.pyplot as plt 

# Compute ROC curve and AUC 

fpr, tpr, thresholds = roc_curve(y_test, y_scores) 

roc_auc = auc(fpr, tpr) 

 

print(f"AUC-ROC: {roc_auc:.2f}") 
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# Plot ROC curve 

plt.figure() 

plt.plot(fpr, tpr, color='darkorange', lw=2, label=f'ROC curve (area = {roc_auc:.2f})') 

plt.plot([0, 1], [0, 1], color='navy', lw=2, linestyle='--') 

plt.xlim([0.0, 1.0]) 

plt.ylim([0.0, 1.05]) 

plt.xlabel('False Positive Rate') 

plt.ylabel('True Positive Rate') 

plt.title('Receiver Operating Characteristic and AUC for Artificial Neural Networks') 

plt.legend(loc="lower right") 

plt.show() 

AUC-ROC: 1.00 

 

Loss Function 

history = ann.fit(X_train, y_train, validation_data=(X_test, y_test), epochs=10, 

batch_size=32) 

 

# Accessing the loss function value for the final epoch 

final_loss = history.history['loss'][-1] 

 

# Accessing the loss function value for the validation set (if applicable) 

final_test_loss = history.history['val_loss'][-1] 

 

print(f"Final Training Loss: {final_loss}") 

print(f"Final Testing Loss: {final_test_loss}") 

Epoch 1/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 8s 2ms/step - accuracy: 

0.9998 - loss: 0.0012 - val_accuracy: 0.9999 - val_loss: 6.5979e-04 

Epoch 2/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 11s 2ms/step - 

accuracy: 1.0000 - loss: 1.2731e-04 - val_accuracy: 0.9999 - val_loss: 8.4448e-04 

Epoch 3/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 7s 2ms/step - accuracy: 

0.9999 - loss: 2.9164e-04 - val_accuracy: 0.9998 - val_loss: 9.8478e-04 

Epoch 4/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 8s 2ms/step - accuracy: 

1.0000 - loss: 5.3929e-05 - val_accuracy: 0.9998 - val_loss: 8.4209e-04 

Epoch 5/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 7s 2ms/step - accuracy: 

1.0000 - loss: 1.7276e-04 - val_accuracy: 0.9998 - val_loss: 8.5402e-04 

Epoch 6/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 12s 2ms/step - 

accuracy: 0.9998 - loss: 3.6180e-04 - val_accuracy: 0.9998 - val_loss: 8.9003e-04 

Epoch 7/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 15s 4ms/step - 

accuracy: 1.0000 - loss: 3.9234e-05 - val_accuracy: 0.9998 - val_loss: 9.0583e-04 

Epoch 8/10 
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3717/3717 ━━━━━━━━━━━━━━━━━━━━ 12s 3ms/step - 

accuracy: 1.0000 - loss: 1.0567e-05 - val_accuracy: 0.9996 - val_loss: 0.0035 

Epoch 9/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 13s 3ms/step - 

accuracy: 0.9998 - loss: 6.0680e-04 - val_accuracy: 0.9999 - val_loss: 4.0745e-04 

Epoch 10/10 

3717/3717 ━━━━━━━━━━━━━━━━━━━━ 11s 3ms/step - 

accuracy: 1.0000 - loss: 6.8537e-06 - val_accuracy: 0.9999 - val_loss: 2.3437e-04 

Final Training Loss: 6.144988219602965e-06 

Final Validation Loss: 0.00023436832998413593 

The final training loss of the Artificial Neural Network (ANN) model is extremely 

low, at approximately 6.14×10−66.14×10−6 , indicating that the model has fit the 

training data very closely. This suggests that the model has learned the patterns in the 

training data exceptionally well, achieving near-perfect performance on this dataset. 

However, the final validation loss, while still low at approximately 0.00023, is higher 

than the training loss. This disparity indicates that while the model performs very well 

on the validation set, it is not as perfect as on the training set, which might suggest a 

slight overfitting. The small gap between the training and validation losses is a 

positive sign, showing that the model generalizes well to unseen data, but care should 

be taken to ensure that this overfitting does not worsen if further training is pursued. 

Overall, the model demonstrates strong performance with minimal overfitting. 

Extreme Gradient Boosting 

## install XGBoost using the command below 

##pip install xgboost. 

import xgboost as xgb 

# Create and train the XGBoost model 

xgb_model = xgb.XGBClassifier() 

xgb_model.fit(X_train, y_train) 

 

# Make predictions 

y_pred_xgb = xgb_model.predict(X_test) 

# Evaluate the model 

print("Extreme Gradient Boosting Report:") 

report = classification_report(y_test, y_pred_xgb, target_names=['no', 'yes'], 

output_dict=True) 

report_df = pd.DataFrame(report).transpose() 

report_df 

Extreme Gradient Boosting Report: 

 precision recall f1-score support 

no 1.0 1.0 1.0 22494.0 

yes 1.0 1.0 1.0 7240.0 
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accuracy 1.0 1.0 1.0 1.0 

macro avg 1.0 1.0 1.0 29734.0 

weighted avg 1.0 1.0 1.0 29734.0 

import numpy as np 

import pandas as pd 

from sklearn.tree import DecisionTreeClassifier 

from sklearn.metrics import confusion_matrix, accuracy_score, precision_score, 

recall_score, f1_score, cohen_kappa_score, roc_auc_score 

from sklearn.model_selection import train_test_split 

from statsmodels.stats.contingency_tables import mcnemar 

 

# Confusion matrix 

cm = confusion_matrix(y_test, y_pred_xgb) 

cm 

 

%matplotlib inline 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn.metrics import confusion_matrix 

import pandas as pd 

import numpy as np 

 

plt.figure(figsize=(9, 6)) 

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', xticklabels=["No", "Yes"], 

yticklabels=["No", "Yes"]) 

plt.xlabel('Predicted Load Default Results') 

plt.ylabel('Actual Loan Default Results') 

plt.title('Confusion Matrix Plot for the Extreme Gradient Boosting') 

plt.show() 

 

TN, FP, FN, TP = cm.ravel() 

# Accuracy 

accuracy = accuracy_score(y_test, y_pred_xgb) 

 

# Sensitivity (Recall) 

sensitivity = recall_score(y_test, y_pred_xgb) 

 

# Specificity 

specificity = TN / (TN + FP) 

 

# Positive Predictive Value (Precision) 

ppv = precision_score(y_test, y_pred_xgb) 

 

# Negative Predictive Value 

npv = TN / (TN + FN) 

 

# F1 Score 

f1 = f1_score(y_test, y_pred_xgb) 
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# Cohen's Kappa 

kappa = cohen_kappa_score(y_test, y_pred_xgb) 

 

# No Information Rate (NIR) 

nir = y_test.value_counts().max() / len(y_test) 

 

# McNemar's Test P-Value 

mcnemar_result = mcnemar(cm) 

mcnemar_p_value = mcnemar_result.pvalue 

 

# Balanced Accuracy 

balanced_accuracy = (sensitivity + specificity) / 2 

 

print(f"Confusion Matrix:\n{cm}") 

print(f"Accuracy: {accuracy:.4f}") 

print(f"Sensitivity: {sensitivity:.4f}") 

print(f"Specificity: {specificity:.4f}") 

print(f"Positive Predictive Value: {ppv:.4f}") 

print(f"Negative Predictive Value: {npv:.4f}") 

print(f"F1 Score: {f1:.4f}") 

print(f"Cohen's Kappa: {kappa:.4f}") 

print(f"No Information Rate (NIR): {nir:.4f}") 

#print(f"P-Value [Acc > NIR]: {p_value_acc_nir:.7f}") 

print(f"McNemar's Test P-Value: {mcnemar_p_value:.7f}") 

print(f"Balanced Accuracy: {balanced_accuracy:.4f}") 

Confusion Matrix: 

[[22494     0] 

 [    0  7240]] 

Accuracy: 1.0000 

Sensitivity: 1.0000 

Specificity: 1.0000 

Positive Predictive Value: 1.0000 

Negative Predictive Value: 1.0000 

F1 Score: 1.0000 

Cohen's Kappa: 1.0000 

No Information Rate (NIR): 0.7565 

McNemar's Test P-Value: 1.0000000 

Balanced Accuracy: 1.0000 

ROC and AUC for Extreme Gradient Boosting 

# Get prediction probabilities for the positive class 

y_scores = xgb_model.predict_proba(X_test)[:, 1] 

 

# Compute ROC curve and AUC 

fpr, tpr, thresholds = roc_curve(y_test, y_scores) 

roc_auc = auc(fpr, tpr) 

 

# Plot the ROC curve 



106 

 

plt.figure(figsize=(8, 6)) 

plt.plot(fpr, tpr, color='darkorange', lw=2, label=f'ROC curve (AUC = 

{roc_auc:.2f})') 

plt.plot([0, 1], [0, 1], color='navy', lw=2, linestyle='--') 

plt.xlim([0.0, 1.0]) 

plt.ylim([0.0, 1.05]) 

plt.xlabel('False Positive Rate') 

plt.ylabel('True Positive Rate') 

plt.title('Receiver Operating Characteristic (ROC) Curve and AUC for XGBoost') 

plt.legend(loc="lower right") 

plt.show() 

 

# Print AUC score 

print(f'AUC: {roc_auc:.2f}') 

 

AUC: 1.00 

Loss Function 

# Convert the data into DMatrix, which is the optimized data structure that XGBoost 

uses 

dtrain = xgb.DMatrix(X_train, label=y_train) 

dtest = xgb.DMatrix(X_test, label=y_test) 

 

# Define parameters for XGBoost 

params = { 

    'objective': 'binary:logistic',  # This specifies the loss function 

    'eval_metric': 'logloss',        # This specifies the metric we want to monitor 

} 

 

# Watchlist to evaluate performance on the training and validation data 

watchlist = [(dtrain, 'train'), (dtest, 'eval')] 

 

# Train the model and evaluate logloss 

bst = xgb.train(params, dtrain, num_boost_round=100, evals=watchlist, 

early_stopping_rounds=10) 

 

# To access the final evaluation metric (e.g., logloss) on the test data 

evals_result = bst.eval(dtest) 

print(f"Final Logloss on Test Data: {evals_result}") 

[0] train-logloss:0.32070 eval-logloss:0.31916 

[1] train-logloss:0.21720 eval-logloss:0.21626 

[2] train-logloss:0.15258 eval-logloss:0.15197 

[3] train-logloss:0.10917 eval-logloss:0.10875 

[4] train-logloss:0.07898 eval-logloss:0.07868 

[5] train-logloss:0.05754 eval-logloss:0.05733 

[6] train-logloss:0.04213 eval-logloss:0.04198 

[7] train-logloss:0.03095 eval-logloss:0.03084 

[8] train-logloss:0.02279 eval-logloss:0.02271 
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[9] train-logloss:0.01682 eval-logloss:0.01676 

[10] train-logloss:0.01242 eval-logloss:0.01238 

[11] train-logloss:0.00919 eval-logloss:0.00916 

[12] train-logloss:0.00680 eval-logloss:0.00678 

[13] train-logloss:0.00504 eval-logloss:0.00503 

[14] train-logloss:0.00374 eval-logloss:0.00373 

[15] train-logloss:0.00278 eval-logloss:0.00278 

[16] train-logloss:0.00207 eval-logloss:0.00206 

[17] train-logloss:0.00154 eval-logloss:0.00154 

[18] train-logloss:0.00116 eval-logloss:0.00115 

[19] train-logloss:0.00087 eval-logloss:0.00087 

[20] train-logloss:0.00066 eval-logloss:0.00066 

[21] train-logloss:0.00049 eval-logloss:0.00049 

[22] train-logloss:0.00038 eval-logloss:0.00038 

[23] train-logloss:0.00029 eval-logloss:0.00029 

[24] train-logloss:0.00022 eval-logloss:0.00022 

[25] train-logloss:0.00017 eval-logloss:0.00017 

[26] train-logloss:0.00013 eval-logloss:0.00013 

[27] train-logloss:0.00011 eval-logloss:0.00011 

[28] train-logloss:0.00008 eval-logloss:0.00008 

[29] train-logloss:0.00007 eval-logloss:0.00007 

[30] train-logloss:0.00006 eval-logloss:0.00006 

[31] train-logloss:0.00005 eval-logloss:0.00005 

[32] train-logloss:0.00004 eval-logloss:0.00004 

[33] train-logloss:0.00004 eval-logloss:0.00004 

[34] train-logloss:0.00003 eval-logloss:0.00003 

[35] train-logloss:0.00003 eval-logloss:0.00003 

[36] train-logloss:0.00003 eval-logloss:0.00003 

[37] train-logloss:0.00003 eval-logloss:0.00003 

[38] train-logloss:0.00002 eval-logloss:0.00003 

[39] train-logloss:0.00002 eval-logloss:0.00002 

[40] train-logloss:0.00002 eval-logloss:0.00002 

[41] train-logloss:0.00002 eval-logloss:0.00002 

[42] train-logloss:0.00002 eval-logloss:0.00002 

[43] train-logloss:0.00002 eval-logloss:0.00002 

[44] train-logloss:0.00002 eval-logloss:0.00002 

[45] train-logloss:0.00002 eval-logloss:0.00002 

[46] train-logloss:0.00002 eval-logloss:0.00002 

[47] train-logloss:0.00002 eval-logloss:0.00002 

[48] train-logloss:0.00002 eval-logloss:0.00002 

[49] train-logloss:0.00002 eval-logloss:0.00002 

[50] train-logloss:0.00002 eval-logloss:0.00002 

[51] train-logloss:0.00002 eval-logloss:0.00002 

[52] train-logloss:0.00002 eval-logloss:0.00002 

[53] train-logloss:0.00002 eval-logloss:0.00002 

[54] train-logloss:0.00002 eval-logloss:0.00002 

[55] train-logloss:0.00002 eval-logloss:0.00002 

[56] train-logloss:0.00002 eval-logloss:0.00002 

[57] train-logloss:0.00002 eval-logloss:0.00002 

[58] train-logloss:0.00002 eval-logloss:0.00002 
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[59] train-logloss:0.00002 eval-logloss:0.00002 

[60] train-logloss:0.00002 eval-logloss:0.00002 

[61] train-logloss:0.00002 eval-logloss:0.00002 

[62] train-logloss:0.00002 eval-logloss:0.00002 

[63] train-logloss:0.00002 eval-logloss:0.00002 

[64] train-logloss:0.00002 eval-logloss:0.00002 

[65] train-logloss:0.00002 eval-logloss:0.00002 

[66] train-logloss:0.00002 eval-logloss:0.00002 

[67] train-logloss:0.00002 eval-logloss:0.00002 

[68] train-logloss:0.00002 eval-logloss:0.00002 

[69] train-logloss:0.00002 eval-logloss:0.00002 

[70] train-logloss:0.00002 eval-logloss:0.00002 

[71] train-logloss:0.00002 eval-logloss:0.00002 

[72] train-logloss:0.00002 eval-logloss:0.00002 

[73] train-logloss:0.00002 eval-logloss:0.00002 

[74] train-logloss:0.00002 eval-logloss:0.00002 

[75] train-logloss:0.00002 eval-logloss:0.00002 

[76] train-logloss:0.00002 eval-logloss:0.00002 

[77] train-logloss:0.00002 eval-logloss:0.00002 

[78] train-logloss:0.00002 eval-logloss:0.00002 

[79] train-logloss:0.00002 eval-logloss:0.00002 

[80] train-logloss:0.00002 eval-logloss:0.00002 

[81] train-logloss:0.00002 eval-logloss:0.00002 

[82] train-logloss:0.00002 eval-logloss:0.00002 

[83] train-logloss:0.00002 eval-logloss:0.00002 

[84] train-logloss:0.00002 eval-logloss:0.00002 

[85] train-logloss:0.00002 eval-logloss:0.00002 

[86] train-logloss:0.00002 eval-logloss:0.00002 

[87] train-logloss:0.00002 eval-logloss:0.00002 

[88] train-logloss:0.00002 eval-logloss:0.00002 

[89] train-logloss:0.00002 eval-logloss:0.00002 

[90] train-logloss:0.00002 eval-logloss:0.00002 

[91] train-logloss:0.00002 eval-logloss:0.00002 

[92] train-logloss:0.00002 eval-logloss:0.00002 

[93] train-logloss:0.00002 eval-logloss:0.00002 

[94] train-logloss:0.00002 eval-logloss:0.00002 

[95] train-logloss:0.00002 eval-logloss:0.00002 

[96] train-logloss:0.00002 eval-logloss:0.00002 

[97] train-logloss:0.00002 eval-logloss:0.00002 

[98] train-logloss:0.00002 eval-logloss:0.00002 

[99] train-logloss:0.00002 eval-logloss:0.00002 

Final Logloss on Test Data: [0] eval-logloss:0.00002038910254278 

The final log loss on the test data for the XGBoost model is extremely low, 

approximately 2.04×10−52.04×10−5. This indicates that the model's predictions are 

highly accurate, with the predicted probabilities being very close to the actual class 

labels. Log loss measures the uncertainty of the predictions, penalizing incorrect 

classifications more heavily. A near-zero log loss suggests that the model is making 
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very confident and correct predictions for the majority of instances in the test set. This 

strong performance reflects the model's ability to generalize well to unseen data, 

making it a reliable tool for binary classification in this context. The low log loss is an 

indicator of the model’s effectiveness in minimizing errors and providing high-quality 

predictions. 

Comparative Analysis 

Plotting the three ROC Cuves and AUC for the three Models in one Plot 

y_scores_ridge = ridge_model.decision_function(X_test) 

y_scores_ann = ann.predict(X_test).ravel() 

y_scores_xgb = xgb_model.predict_proba(X_test)[:, 1] 

930/930 ━━━━━━━━━━━━━━━━━━━━ 1s 1ms/step 

# Compute ROC curve and AUC for Ridge Logistic Regression 

import matplotlib.pyplot as plt 

fpr_ridge, tpr_ridge, _ = roc_curve(y_test, y_scores_ridge) 

roc_auc_ridge = auc(fpr_ridge, tpr_ridge) 

 

# Compute ROC curve and AUC for Artificial Neural Network 

fpr_ann, tpr_ann, _ = roc_curve(y_test, y_scores_ann) 

roc_auc_ann = auc(fpr_ann, tpr_ann) 

 

# Compute ROC curve and AUC for XGBoost 

fpr_xgb, tpr_xgb, _ = roc_curve(y_test, y_scores_xgb) 

roc_auc_xgb = auc(fpr_xgb, tpr_xgb) 

 

# Plotting the ROC curves 

plt.figure(figsize=(10, 8)) 

 

# Ridge Logistic Regression ROC 

plt.plot(fpr_ridge, tpr_ridge, color='blue', lw=2, label=f'Ridge Logistic Regression 

(AUC = {roc_auc_ridge:.2f})') 

 

# ANN ROC 

plt.plot(fpr_ann, tpr_ann, color='green', lw=2, label=f'Artificial Neural Network 

(AUC = {roc_auc_ann:.2f})') 

 

# XGBoost ROC 

plt.plot(fpr_xgb, tpr_xgb, color='red', lw=2, label=f'XGBoost (AUC = 

{roc_auc_xgb:.2f})') 

 

# Plot random chance line 

plt.plot([0, 1], [0, 1], color='navy', lw=2, linestyle='--') 

 

# Configure plot 

plt.xlim([0.0, 1.0]) 

plt.ylim([0.0, 1.05]) 

plt.xlabel('False Positive Rate') 
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plt.ylabel('True Positive Rate') 

plt.title('ROC Curve Comparison of Ridge Logistic Regression, ANN, and XGBoost') 

plt.legend(loc="lower right") 

plt.grid(True) 

plt.show() 

import matplotlib.pyplot as plt 

 

# Create a figure and axis object 

fig, ax = plt.subplots(figsize=(10, 8)) 

 

# Plot ROC curves for the models 

ax.plot(fpr_ridge, tpr_ridge, color='blue', lw=2, label=f'Ridge Logistic Regression 

(AUC = {roc_auc_ridge:.2f})') 

ax.plot(fpr_ann, tpr_ann, color='green', lw=2, label=f'Artificial Neural Network 

(AUC = {roc_auc_ann:.2f})') 

ax.plot(fpr_xgb, tpr_xgb, color='red', lw=2, label=f'XGBoost (AUC = 

{roc_auc_xgb:.2f})') 

 

# Plot random chance line 

ax.plot([0, 1], [0, 1], color='navy', lw=2, linestyle='--') 

 

# Configure plot 

ax.set_xlim([0.0, 1.0]) 

ax.set_ylim([0.0, 1.05]) 

ax.set_xlabel('False Positive Rate') 

ax.set_ylabel('True Positive Rate') 

ax.set_title('ROC Curve Comparison of Ridge Logistic Regression, ANN, and 

XGBoost') 

ax.legend(loc="lower right") 

ax.grid(True) 

 

# Save the figure 

fig.savefig('roc_curve_comparison.png', dpi=300) 

 

# Show the plot 

plt.show() 

 

from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, 

roc_auc_score 

 

def evaluate_model(y_true, y_pred, model_name): 

    accuracy = accuracy_score(y_true, y_pred) 

    precision = precision_score(y_true, y_pred) 

    recall = recall_score(y_true, y_pred) 

    f1 = f1_score(y_true, y_pred) 

    roc_auc = roc_auc_score(y_true, y_pred) 

 

    print(f"{model_name} Performance:") 
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    print(f"Accuracy: {accuracy:.4f}") 

    print(f"Precision: {precision:.4f}") 

    print(f"Recall: {recall:.4f}") 

    print(f"F1 Score: {f1:.4f}") 

    print(f"ROC AUC Score: {roc_auc:.4f}") 

Create an empty list to store results 

results = [] 

 

# Evaluate models and store results 

results.append(evaluate_model(y_test, y_pred_ridge, "Ridge Logistic Regression")) 

results.append(evaluate_model(y_test, y_pred_ann, "Artificial Neural Networks")) 

results.append(evaluate_model(y_test, y_pred_xgb, "Extreme Gradient Boosting")) 

 

# Convert results to a DataFrame 

results_df = pd.DataFrame(results) 

Ridge Logistic Regression Performance: 

Accuracy: 0.7807 

Precision: 0.7357 

Recall: 0.1550 

F1 Score: 0.2560 

ROC AUC Score: 0.5685 

Artificial Neural Networks Performance: 

Accuracy: 0.9998 

Precision: 0.9994 

Recall: 0.9997 

F1 Score: 0.9996 

ROC AUC Score: 0.9998 

Extreme Gradient Boosting Performance: 

Accuracy: 1.0000 

Precision: 1.0000 

Recall: 1.0000 

F1 Score: 1.0000 

ROC AUC Score: 1.0000 

Extract the Create a Table of Performance Metrics for the three Models 

import pandas as pd 

# Example structure of what evaluate_model might return 

def evaluate_model(y_true, y_pred, model_name): 

    # Assuming this function returns a dictionary of evaluation metrics 

    return { 

        'Model': model_name, 

        'Accuracy': accuracy_score(y_true, y_pred), 

        'Precision': precision_score(y_true, y_pred), 

        'Recall': recall_score(y_true, y_pred), 

        'F1-Score': f1_score(y_true, y_pred), 

        'Balanced Accuracy': roc_auc_score(y_true, y_pred) 

    } 
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# Create an empty list to store results 

results = [] 

 

# Evaluate models and store results 

results.append(evaluate_model(y_test, y_pred_ridge, "Ridge Logistic Regression")) 

results.append(evaluate_model(y_test, y_pred_ann, "Artificial Neural Networks")) 

results.append(evaluate_model(y_test, y_pred_xgb, "Extreme Gradient Boosting")) 

 

# Convert the list of dictionaries to a DataFrame 

results_df = pd.DataFrame(results) 

Display the DataFrame 

results_df 

 Model Accuracy Precision Recall F1-Score Balanced 

Accuracy 

0 Ridge Logistic 

Regression 

0.780689 0.735738 0.154972 0.256018 0.568528 

1 Artificial Neural 

Networks 

0.999798 0.999448 0.999724 0.999586 0.999773 

2 Extreme Gradient 

Boosting 

1.000000 1.000000 1.000000 1.000000 1.000000 

Add AUC to the Data Frame 

# AUC values for the three models 

auc_values = [0.71, 1.00, 1.00] 

 

# Adding the AUC column to the DataFrame 

results_df['AUC'] = auc_values 

 

# Display the updated DataFrame 

results_df 

 Model Accuracy Precision Recall F1-Score Balanced 

Accuracy 

AUC 

0 Ridge 

Logistic 

Regression 

0.780689 0.735738 0.154972 0.256018 0.568528 0.71 

1 Artificial 

Neural 

Networks 

0.999798 0.999448 0.999724 0.999586 0.999773 1.00 

2 Extreme 

Gradient 

Boosting 

1.000000 1.000000 1.000000 1.000000 1.000000 1.00 
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Appendix 4: R-Codes  

COMPARATIVE ANALYSIS OF RIDGE LOGISTIC REGRESSION, ARTIFICIAL 

NEURAL NETWORKS AND EXTREME GRADIENT BOOSTING FOR 

ENHANCING LOAN DEFAULT PREDICTION FOR KENYA FINANCIAL 

BANKS 

Mary Lemasulani Mpaine 

r Sys.Date() 

{r setup, include=FALSE} knitr::opts_chunk$set(echo = TRUE, 

warning=FALSE,comment = NA, message=FALSE,                       fig.height=4, 

fig.width=6) 

COMPARATIVE ANALYSIS OF RIDGE LOGISTIC REGRESSION, 

ARTIFICIAL NEURAL NETWORKS AND EXTREME GRADIENT 

BOOSTING FOR ENHANCING LOAN DEFAULT PREDICTION FOR 

KENYA FINANCIAL BANKS 

Load Some Necessary Packages and Libraries 

 

library(summarytools) 

library(tidymodels) 

library(dplyr) 

library(sjmisc) 

library(stargazer) ##for creating tables 

library(caret) #for machine learning models 

library(psych) ##for description of  data 

library(ggplot2) ##for data visualization 

library(caretEnsemble)##enables the creation of ensemble models 

library(tidyverse) ##for data manipulation 

library(mlbench)  ## for benchmarking ML Models 

library(flextable) ## to create and style tables 

library(mltools) #for hyperparameter tuning 

library(tictoc) #for determining the time taken for a model to run 

library(ROSE)  ## for random oversampling 

library(smotefamily) ## for smote sampling 

library(ROCR) ##For ROC curve 

library(iml) 

library(lime) 

####Load the Health Data you want to work on 

default = read.csv("Uncleaned Default Rate data.csv", header = TRUE) 

head(default) 

attach(default) 
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Marital Status 

default$Marital_Status <- ifelse(income >=0 & income <=2000, 1, 

              ifelse(income >2000 & income <=10000, 3, 

                     ifelse(income > 10000, 2, NA))) 

head(default) 

Move the Marital Status to the Second Column 

last_col <- ncol(default)  

default <- default[, c(2, last_col, 3:(last_col - 1))] 

head(default) 

 

DATA PREPARATION 

Check for Missing Values 

missing_data = as.data.frame(colSums(is.na(default))) 

names(missing_data) <- "Missing" 

missing_data 

View the Structure of the data 

str(default) 

Impute the Missing values with the Mean value 

for(i in 1:ncol(default)) { 

  if(is.numeric(default[[i]])) {  # Check if the column is numeric 

    default[[i]][is.na(default[[i]])] <- mean(default[[i]], na.rm = TRUE) 

  } 

} 

Check for Missing values 

missing_data = as.data.frame(colSums(is.na(default))) 

names(missing_data) <- "Missing" 

missing_data 

Convert Some Numeric Variables to Integer 

default$loan_limit <- as.integer(default$loan_limit) 

default$Marital_Status <- as.integer(default$Marital_Status) 

default$age <- as.integer(default$age) 

default$loan_purpose <- as.integer(default$loan_purpose) 

default$Credit_Worthiness <- as.integer(default$Credit_Worthiness) 

View the Data in the Viewer tab 

str(default) 

#View(default) 

View the Dimension of the Prepared Data 
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dim(default) 

 

Descriptive Statistics 

library(psych) 

describeBy(default) 

NAMES <- as.data.frame(names(default)) 

names(NAMES)<- "NAMES" 

NAMES 

frq(default, Status) 

Create Factors for Categorical variables 

default$loan_limit <- factor(default$loan_limit,  

                 levels = c(0,1),  

                 labels = c('No', 'Yes')) 

 

default$loan_type <- factor(default$loan_type,  

                 levels = c(1,2,3),  

                 labels = c('Secured', 'Unsecured', 'Specialized')) 

 

default$loan_purpose <- factor(default$loan_purpose,  

                 levels = c(1,2,3,4),  

                 labels = c('Vocation', 'Car','Domestic Appliances','Education')) 

 

default$Credit_Worthiness <- factor(default$Credit_Worthiness,  

                 levels = c(0,1),  

                 labels = c('No', 'Yes')) 

 

default$business_or_commercial <- factor(default$business_or_commercial,  

                 levels = c(0,1),  

                 labels = c('Yes', 'No')) 

 

default$credit_type <- factor(default$credit_type,  

                 levels = c(1,2,3,4),  

                 labels = c('CRB', 'CRIF','EQUI','EXP')) 

 

default$age <- factor(default$age,  

                 levels = c(1,2,3,4,5,6,7),  

                 labels = c('<25', '25-34','35-44','45-54','55-64','65-74','>74')) 

 

default$Marital_Status <- factor(default$Marital_Status,  

                 levels = c(1,2,3),  

                 labels = c('Single', 'Married','Divorced')) 

 

default$Gender <- factor(default$Gender,  
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                 levels = c(0,1),  

                 labels = c('Female', 'Male')) 

 

Note: For the purpose of this training, 

it is assumed that the data is already clean and preprocessed 

###Rename the classes of the Target variable and plot it to determine imbalance {r, 

fig.height=5, fig.width=6} default$Status <- factor(default$Status,                   levels 

= c(0,1),                   labels = c('No', 'Yes')) 

Frequency Distribution Table for Hypertension 

library(sjmisc) 

frq(default, Status) 

Plot the Results using Bar Plot 

{r, fig.height=5, width =9} ###Plot Target Variable plot(default$Status, names= 

c('Non Defaulter', 'Defaulter'), col=c(3,2),       ylim=c(0, 140000),      

ylab='Respondent', xlab='Defaulter Prediction',      main = "Bar Graph of Defaulters 

and Non Defaulter") box() 

Or use ggplot 

ggplot(default, aes(x = Status, fill = Status)) +  

  geom_bar() +  

  labs(x = "Default Intention", y = "Count") #+  

 # scale_fill_manual(values = c("darkgreen", "red")) 

#write.csv(default, "Loan Default2.csv") 

Features Importance Plot 

{r, fig.height=9, fig.width=10} attach(default) featurePlot(x = default[, -

which(names(default) == "Status")],                y = default$Status,                                            

plot = "box",                                                    scales = list(x = list(relation = "free"),                                     

y = list(relation = "free")), main = "Visual Comparison of Feature Distributions 

Across              Default Intention") 

Inferential Statistics 

tbl_summary(default,  

            by = Status)%>% 

  add_ci()%>% 

  add_p() 

Marital Status and Default Intention 

View(default) 

tbl_summary(default[,c(2,16)], 

              by = Status) 

# Create a contingency table 

table_marital_status <- table(default$Marital_Status, default$Status) 

 

# Add row percentages 

table_with_percentages <- prop.table(table_marital_status, margin = 1) * 100 
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# Combine the counts and the percentages into one table 

table_combined <- cbind(table_marital_status, table_with_percentages) 

colnames(table_combined) <- c("Count (0)", "Count (1)", "Percent (0)", "Percent 

(1)") 

 

# Print the combined table 

table_combined 

library(ggplot2) 

library(scales) 

ggplot(default, aes(x = Marital_Status, fill = Status)) + 

  geom_bar(aes(y = ..count../tapply(..count.., ..x.., sum)[..x..]), position = "dodge") + 

  geom_text(aes( 

    y = ..count../tapply(..count.., ..x.., sum)[..x..],  

    label = percent(..count../tapply(..count.., ..x.., sum)[..x..]) 

  ), stat = "count", position = position_dodge(0.9), vjust = -0.5, size = 3) + 

  ylab("Percentages") + 

  xlab("Marital Status") + 

  ggtitle("Bar Graph Showing the Distribution of Marital Status Across\nDefault 

Intention") + 

  scale_y_continuous(labels = percent) +  # Format y-axis labels as percentages 

  theme( 

    plot.title = element_text(hjust = 0.5),  # Center the title 

    axis.text.x = element_text(angle = 45, hjust = 1)  # Rotate x-axis labels for 

readability if needed 

  ) 

frq(default, Marital_Status) 

```{r, fig.height=7, fig.width=8} library(ggplot2) library(dplyr) 

Calculate the count and percentage 

data_summary <- default %>% group_by(Status) %>% summarise(count = n()) %>% 

mutate(percent = count / sum(count) * 100) data_summary 

Plot 

ggplot(data_summary, aes(x = Status, y = count, fill = Status)) + geom_bar(stat = 

“identity”) + geom_text(aes(label = paste0(count, ” (“, round(percent, 1),”%)“)), vjust 

= -0.5, size = 4) + labs(x =”Default Intention”, y = “Count”, title = “Distribution of 

Default Intention”) + theme(plot.title = element_text(hjust = 0.5)) # Center the title 

## Gender and Loan Default 

```{r} 

frq(default, Gender) 

# Create a contingency table 

table_gender <- table(default$Gender, default$Status) 

 

# Add row percentages 

table_with_percentages <- prop.table(table_gender, margin = 1) * 100 
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# Combine the counts and the percentages into one table 

table_combined <- cbind(table_gender, table_with_percentages) 

colnames(table_combined) <- c("Non defaulter (0)", "defaulter (1)", "Percent (0)", 

"Percent (1)") 

 

# Print the combined table 

table_combined 

ggplot(default, aes(x = Gender, fill = Status)) + 

  geom_bar(aes(y = ..count../tapply(..count.., ..x.., sum)[..x..]), position = "dodge") + 

  geom_text(aes( 

    y = ..count../tapply(..count.., ..x.., sum)[..x..],  

    label = percent(..count../tapply(..count.., ..x.., sum)[..x..]) 

  ), stat = "count", position = position_dodge(0.9), vjust = -0.5, size = 3) + 

  ylab("Percentages") + 

  xlab("Gender") + 

  ggtitle("Bar Graph Showing the Distribution of Loan Status Across\nGender") + 

  scale_y_continuous(labels = percent) +  # Format y-axis labels as percentages 

  theme( 

    plot.title = element_text(hjust = 0.5),  # Center the title 

    axis.text.x = element_text(angle = 45, hjust = 1)  # Rotate x-axis labels for 

readability if needed 

  ) 

Loan Purpose and Default intention 

# Create a contingency table 

table_purpose <- table(default$loan_purpose, default$Status) 

 

# Add row percentages 

table_with_percentages <- prop.table(table_purpose, margin = 1) * 100 

 

# Combine the counts and the percentages into one table 

table_combined <- cbind(table_purpose, table_with_percentages) 

colnames(table_combined) <- c("Non defaulter (0)", "defaulter (1)", "Percent (0)", 

"Percent (1)") 

 

# Print the combined table 

table_combined 

{r fig.height=6, fig.width=7} ggplot(default, aes(x = loan_purpose, fill = Status)) +   

geom_bar(aes(y = ..count../tapply(..count.., ..x.., sum)[..x..]), position = "dodge") +   

geom_text(aes(     y = ..count../tapply(..count.., ..x.., sum)[..x..],      label = 

percent(..count../tapply(..count.., ..x.., sum)[..x..])   ), stat = "count", position = 

position_dodge(0.9), vjust = -0.5, size = 3) +   ylab("Percentages") +   xlab("Loan 

Purpose") +   ggtitle("Bar Graph Showing the Distribution of Loan Status 

Across\nLoan Purpose") +   scale_y_continuous(labels = percent) +  # Format y-axis 

labels as percentages   theme(     plot.title = element_text(hjust = 0.5),  # Center the 
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title     axis.text.x = element_text(angle = 45, hjust = 1)  # Rotate x-axis labels for 

readability if needed   ) 

 

Credit Worthiness 

# Create a contingency table 

table_credit <- table(default$Credit_Worthiness, default$Status) 

 

# Add row percentages 

table_with_percentages <- prop.table(table_credit, margin = 1) * 100 

 

# Combine the counts and the percentages into one table 

table_combined <- cbind(table_credit, table_with_percentages) 

colnames(table_combined) <- c("Non defaulter (0)", "defaulter (1)", "Percent (0)", 

"Percent (1)") 

 

# Print the combined table 

table_combined 

ggplot(default, aes(x = Credit_Worthiness, fill = Status)) + 

  geom_bar(aes(y = ..count../tapply(..count.., ..x.., sum)[..x..]), position = "dodge") + 

  geom_text(aes( 

    y = ..count../tapply(..count.., ..x.., sum)[..x..],  

    label = percent(..count../tapply(..count.., ..x.., sum)[..x..]) 

  ), stat = "count", position = position_dodge(0.9), vjust = -0.5, size = 3) + 

  ylab("Percentages") + 

  xlab("Gender") + 

  ggtitle("Bar Graph Showing the Distribution of Loan Status Across\n Credit 

Worthness") + 

  scale_y_continuous(labels = percent) +  # Format y-axis labels as percentages 

  theme( 

    plot.title = element_text(hjust = 0.5),  # Center the title 

    axis.text.x = element_text(angle = 45, hjust = 1)  # Rotate x-axis labels for 

readability if needed 

  ) 

Age Category and Loan Default Status 

# Create a contingency table 

table_age <- table(default$age, default$Status) 

 

# Add row percentages 

table_with_percentages <- prop.table(table_age, margin = 1) * 100 

 

# Combine the counts and the percentages into one table 

table_combined <- cbind(table_age, table_with_percentages) 

colnames(table_combined) <- c("Non defaulter (0)", "defaulter (1)", "Percent (0)", 

"Percent (1)") 
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# Print the combined table 

table_combined 

{r, fig.height=6, fig.width=9} ggplot(default, aes(x = age, fill = Status)) +   

geom_bar(aes(y = ..count../tapply(..count.., ..x.., sum)[..x..]), position = "dodge") +   

geom_text(aes(     y = ..count../tapply(..count.., ..x.., sum)[..x..],      label = 

percent(..count../tapply(..count.., ..x.., sum)[..x..])   ), stat = "count", position = 

position_dodge(0.9), vjust = -0.5, size = 3) +   ylab("Percentages") +   

xlab("Gender") +   ggtitle("Bar Graph Showing the Distribution of Loan Status 

Across\nAge Categories") +   scale_y_continuous(labels = percent) +  # Format y-

axis labels as percentages   theme(     plot.title = element_text(hjust = 0.5),  # Center 

the title     axis.text.x = element_text(angle = 45, hjust = 1)  # Rotate x-axis labels for 

readability if needed   ) 

Loan Borrowed for Busines/Commercial or Otherwise 

# Create a contingency table 

table_business <- table(default$business_or_commercial, default$Status) 

 

# Add row percentages 

table_with_percentages <- prop.table(table_business, margin = 1) * 100 

 

# Combine the counts and the percentages into one table 

table_combined <- cbind(table_business, table_with_percentages) 

colnames(table_combined) <- c("Non defaulter (0)", "defaulter (1)", "Percent (0)", "Percent 

(1)") 

 

# Print the combined table 

table_combined 

ggplot(default, aes(x = business_or_commercial, fill = Status)) + 

  geom_bar(aes(y = ..count../tapply(..count.., ..x.., sum)[..x..]), position = "dodge") + 

  geom_text(aes( 

    y = ..count../tapply(..count.., ..x.., sum)[..x..],  

    label = percent(..count../tapply(..count.., ..x.., sum)[..x..]) 

  ), stat = "count", position = position_dodge(0.9), vjust = -0.5, size = 3) + 

  ylab("Percentages") + 

  xlab("Gender") + 

  ggtitle("Bar Graph Showing the Distribution of Loan Status Across\n Business/Commercial 

Purpose") + 

  scale_y_continuous(labels = percent) +  # Format y-axis labels as percentages 

  theme( 

    plot.title = element_text(hjust = 0.5),  # Center the title 

    axis.text.x = element_text(angle = 45, hjust = 1)  # Rotate x-axis labels for readability if 

needed 

  ) 

 


