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Abstract

An increase in loan defaults have led to financial institutions incurring losses over
the years. Addressing the root causes of loan default is imperative for ensuring the
sustainability of the banking sector. This research aims to utilize logistic regression
to predict probability of loan default with an aim of identifying demographic, socio-
economic and loan specific factors associated with loan default.

The primary objective is to model the relationship between various predictor vari-
ables and loan default outcome. The specific aims include investigating the role of de-
mographic, socio-economic and loan specific characteristics in predicting default prob-
ability and building a logistic a regression model to analyze likelihood of loan default.
The study used a quantitative loan dataset sourced from the Bondora public reports page
containing 36 variables related to loan characteristics and borrower demographics. Lo-
gistic regression analysis was employed to predict probability of loan default based on
the dataset used. Bivariate analysis highlighted demographic and socio-economic factors
associated with default. Data transformation techniques were applied and the dataset was
split into training and testing tests. A logistic regression model was fitted using the train-
ing set and backward stepwise regression was employed to select significant variables.
Bivariate analysis and correlation analysis were conducted to understand the relationship
between loan default likelihood. The analysis showed significant insights into factors in-
fluencing loan default. The key findings included: impact of age, gender, marital status,
employment status and loan characteristics on default probability. The logistic regression
model demonstrated 65% accuracy with a sensitivity of 93% and specificity of 52%.

Recommendations made were exploring advanced machine learning techniques to en-
hance model accuracy and interpretability, incorporating variables such as co-signers,
health and lifestyle factors and political and economic indicators and employing quali-
tative research methods such as surveys or interviews to improve credit risk assessment
and provide deeper insights into the underlying causes of loan default.
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1 Chapter 1 :Introduction
1.1 Background of the study

Loan default is defined as the risk of loss due to the borrower’s failure to fulfill the loan
contract on time. (Zhang et al., 2023). Loan lending has been playing a significant role
in the financial world throughout the years. Although it is quite profitable and beneficial
for both the lenders and the borrowers, it carries a great risk, which in the domain of
loan lending is referred to as Credit risk. (Aslam et al., 2019). Concurrently, banking
authorities are finding it more difficult to correctly assess loan requests and tackle the
risks of people defaulting from on loans. The questions that mostly arise are (i) How
risky is the borrower? And ii) Given their risk, should we lend him/her? According to
Zhao and Zou (2021), prior to the 20th Century money lending processes were highly
subjective and borrowers were evaluated by their trustworthiness character wise. The
bias in this process naturally led to the creation of credit scores. Most banks assess the
credit- worthiness of customers using a credit scoring system. This is a multivariate
assessment system that effectively predicts the risk of loan default by weighing the set of
defined variables and delivering a single value that shows the risk of default (Mugenda,
2008). As such a low score could be interpreted as a low risk of default that is used to
imply that the client is able to service the loan, with a high score indicating a high risk of
defaults thus the rejection of the loan request. In Kenya, commercial banks are the key
players not only in the financial market but also in spurring the economic growth that has
been witnessed in the country in the recent past. The biggest part of these huge profits
emanates from the interests charged on loans they advance to their customers. If these
loans non-perform, these blue-chip companies will come tumbling down and the entire
economy will be threatened.

In response to the evolving economic landscape, banks like Equity Group Holdings
PLC have been actively working to make loan repayments more manageable for borrow-
ers. As outlined in Equity Group Holdings PLC’s 2022 Integrated Report and Financial
Statements, the bank has implemented several initiatives to support businesses facing
financial challenges. Some of the initiatives include: loan repayment extensions, intro-
duction of credit guarantees and offering advisory support to foster financial resilience
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and supporting the long-term success of their clients amidst challenging economic con-
ditions. (EQUITY BANK (KENYA) LIMITED, n.d.) Despite the measures put in place
to make loan repayments manageable, a report on Business Daily confirms a rise in loan
defaults. By the end of October 2023, the stock of bad loans held by Kenyan Banks grew
to 26%. This mounting bad loans are therefore eating into banks’ profitability as they
increase their loan-loss provisions to cover for defaults. (January 24 2024). Loan default
poses a significant risk to both lenders and borrowers, impacting the stability of financial
institutions and the broader economy. Hence addressing the root causes of loan defaults
and refining credit assessment is imperative for ensuring the sustainability of the banking
sector and fostering economic resilience in Kenya. This is why in this paper, the main
objective is to use logistic regression to predict loan default in banking.

1.2 Problem Statement

The banking sector is currently facing the acute problem of Non-Performing Loans
(NPLs), a sign of ineffective lending practices. The increasing amount of NPLs reduces
the bank’s profit and the capacity of lending by reducing bankable assets. Some of the
credit scoring models used by banks to evaluate the probability of a loan default include
traditional credits scoring which assess factors such as income, assets, employment his-
tory, and existing debt obligations thus assigning numerical scores to borrowers based
on their credit history and financial stability and also credit bureau reports from entities
such as the Credit Reference Bureau (CRB) to evaluate the credit history of potential
borrowers.

Although traditional credit scoring and credit bureau reports are valuable tools in as-
sessing credit risk, they have limitations in terms of variable selection, adaptability, out-
come measurement, data quality, and transparency compared to logistic regression which
provides a direct estimate of the probability of a binary outcome, allowing for a more
quantitative and probabilistic assessment of credit risk.

1.3 Objectives

The overall objective of this study is to use logistic regression analysis to predict loan
default in banking. The specific objectives include:
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1. To identify the demographic and socio-economic factors associated with bank loan
default in Kenya.

2. To investigate the role of loan-specific characteristics including loan amount, inter-
est rate and loan purpose in predicting default probability.

3.To fit a logistic regression model to analyze the likelihood of loan default based on
the identified factors.

1.4 Justification

This study is essential for addressing a pressing concern within Kenya’s banking sector:
the escalating rate of loan defaults. With the potential to destabilize financial institutions
and hinder economic growth, understanding the determinants of loan default behavior is
paramount. By employing logistic regression analysis, this study aims to fill a crucial
gap in current credit risk assessment practices, which often overlook demographic and
socio-economic factors. Through a deeper understanding of these factors and their im-
pact on default probability, this study can contribute to the development of more accurate
predictive models, enabling banks to proactively identify at-risk borrowers and imple-
ment targeted risk management strategies. Furthermore, the findings of this study can
inform policymakers and regulatory authorities in crafting more effective frameworks
for monitoring and managing credit risk, thereby promoting financial stability and con-
sumer protection. Ultimately, by addressing the root causes of loan defaults and refining
credit risk assessment techniques, this study has the potential to enhance the resilience
of Kenya’s banking sector and foster sustainable economic development.

1.5 Significance of the study

The study on predicting loan default in banking through logistic regression holds im-
mense significance within Kenya’s economy. Loan default poses a substantial risk to
financial institutions and the broader economy, as evidenced by the escalating rate of
non-performing loans (NPLs) observed in recent years. The banking sector’s gross NPLs
have surged, threatening financial performance and reducing lending capacity, which
undermines investor and depositor confidence. Traditional credit scoring methods and
credit bureau reports, while valuable, have limitations in effectively assessing credit risk.
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By employing logistic regression analysis, this study seeks to bridge this gap by identify-
ing demographic, socio-economic, and loan-specific factors associated with loan default
in Kenya. Through the development of a robust predictive model, banks can proactively
identify at-risk borrowers and implement targeted risk management strategies. More-
over, the study’s findings can inform policymakers and regulatory authorities in crafting
more effective frameworks for monitoring and managing credit risk, thereby promoting
financial stability and consumer protection. Ultimately, by addressing the root causes of
loan defaults and refining credit risk assessment techniques, this study aims to enhance
the resilience of Kenya’s banking sector and foster sustainable economic development.

1.6 Limitations of the Study

The study relied on secondary data from Bondora rather than primary data. Due to time
constraints we were unable to get the necessary approvals (e.g NACOSTI certificate)
to obtain the data from local financial institutions. Some variables in the dataset had
missing values or were made anonymous which led to less accurate analysis. An example
was the undefined category for gender and the “Other” category for occupation area.
Due to the specificity of the dataset to Bondora, the demographic and socio economic
factors of loan borrowers in other regions may not be fully represented hence limiting
the generalizability of the results to diverse banking environments.
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2 Chapter 2:Literature Review
2.1 Introduction

Bank loan defaults, characterized by the inability of the borrower to meet their loan
repayment obligations, have significant repercussions on the banks and the financial sys-
tem’s stability. Understanding the causes, consequences, and mitigation strategies of
bank defaults is essential for policymakers, regulators, investors, and researchers alike.

This literature review delves into the theoretical underpinnings of bank loan defaults,
exploring how different frameworks illuminate the complexities of borrower-bank dy-
namics and the potential causes of loan failure. By analyzing the theories from a wide
range of academic studies, we shed light on the key drivers of bank defaults, the mech-
anisms through which they unfold, and the methods employed to prevent and manage
them

2.2 Behavioural Finance Theory

Traditional finance assumes borrowers act perfectly logically and have the information
they need when applying for a bank loan.Shefrin(2002), challenges this notion, that the
borrowers’ emotions and behavioral biases can significantly influence loan default. He
highlights how several biases such as overconfidence, optimism, and trend-chasing can
negatively impact borrowers.

The results lead borrowers to underestimate the true cost of borrowing, take on more
loans than they can manage, and delay payments when facing financial difficulties.
Banks should develop strategies such as financial literacy programs and design loan
products with realistic payment plans for borrowers.

2.3 Agency Theory

It mainly considered the relationship between an agent and a principal. According to
(Ekanayake, S. 2004) in his journal, agency theory mainly considers the relationship
between an agent and a principal. Agents were entrusted with decision-making authority
or resources by principals An example is in banks where the agents are the bankers while
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the principals are the owners of the banks.
Agency theory attempts to resolve two problems relating to the agency problem. The

first is the monitoring problem that arises because the principal cannot verify whether
the agent has behaved appropriately. Agents can exert little effort without being ob-
served causing a moral hazard problem. (Holstrom, 1979). The second is the problem
of risk sharing (particularly in the case of outcome-based controls) that arises when the
principal and the agent have different attitudes toward risk (Eisenhardt, 1989; Jensen
and Meckling, 1976). Informational asymmetries between borrowers and lenders can
aggravate agency problems, leading to adverse selection and moral hazard issues where
agents have incentives to engage in behaviors that increase their utility or welfare at
the expense of the principals. Adverse selection is where high-risk borrowers might ac-
tively seek loans, leading banks to unknowingly lend to riskier clients (Mishkin, 2007)
while moral hazard is when the borrower might have less incentive to manage funds
well, increasing default risk. He proposes that principals employ various mechanisms,
such as monitoring through information systems such as management control systems,
incentives, and contractual arrangements. Bank loan defaults are a complex issue with
roots in various theoretical frameworks. By understanding the interplay of these the-
ories, banks can develop more robust lending practices, improve risk assessment, and
ultimately reduce defaults.

2.4 Review on Loan Characteristics

Loan terms, encompassing elements such as interest rates, loan amounts, loan-to-value
ratio, repayment schedule and loan purpose play a pivotal role in shaping borrowers’
repayment behaviors and, consequently, the overall credit risk profile of lending port-
folios. Loan-to-value ratio (LTV), the measure of the borrowed amount relative to the
collateral’s value, is crucial in assessing default risk. The European Central Bank (2018)
conducted a study, “The impact of lending standards on default rates of residential real
estate loans” to assess the influence of lending standards (loan-value ratio and loan-
income ratios at origination, maturity of the original loan as well as the borrower’s sta-
tus of employment) on default rates. The loan data used was from multiple euro area
countries. The data analysis was conducted through descriptive analysis and static pro-
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bit regression. The results obtained indicated a high correlation between loan-to-value
ratio at the beginning (OLTV) and increased loan default probability. The main regres-
sion results show that OLTV is significant with a p-value of (0.003) at 1% significance
level with a positive coefficient of 0.0002. Hence indicating that when the OLTV ra-
tio increases by 1%, the chance of defaulting goes up 0.02%. Ultimately, if a borrower
borrows more money relative to the value of the collateral, the probability of defaulting
the loan repayment slightly increases. In relation to this, other findings by Ranisavl-
jević (2016) on “Realistic Evaluation of the Ratio-The Key to Minimizing the Credit
Risk” suggested that commercial banks should establish initial LTV ratios for various
long-term loan products to prevent their increase over time thus mitigating loan default
by taking into account all the factors that cause the ratio’s increase, hence focusing on
reducing the loan defaults other than making loans more attractive and accessible.

Itoo et al (2013) conducted a study on the factors influencing mortgage default. The
researchers analyzed data from Jammu and Kashmir banks from secondary but not pub-
lished data. The data encompassed defaulters from April 2011-March 2012. A sample
size of 115 was chosen through systematic random sampling. The study period spread
from September 2011 to August 2012. Several statistical tests were employed using
SPSS 17.0 to analyze the results, i.e, chi-square, correlation, regression, ANOVA, paired
‘t’ test and logistic regression. The results indicate that the loan rate (r=0.424, p-value
< 0.01) and loan amount (r=0.847, p-value < 0.01) have a positive relationship with
the outstanding balance at 99% level of confidence while amount repaid (r=0.036, p-
value > 0.05), purpose of the loan (r=0.048, p-value > 0.05) and loan type (r=-0.155,
p-value >0.05) have a weak relationship with the outstanding loan balance at 95% level
of confidence. These findings suggest that factors such as loan rate, amount repaid, pur-
pose of the loan and loan amount influence mortgage default. The researchers employed
various statistical techniques hence enabling thorough examination of the relationships
between different variables and mortgage default. Additionally, Mabeya (2019) sought
to find out the determinants of loan repayment defaults among Small and Medium En-
terprises (SMEs) in Kisumu Central Sub-County, Kenya. He focused on various aspects
of loan repayment default such as ownership (sole proprietorship, partnership, registered
company), borrower (age, gender, income status, credit use), loan (loan size, value of
collateral, repayment period) and lender characteristics (time between initial application
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and payment, financing cost, capacity to approach business data). A descriptive cross
sectional study design was used whereby the researcher administered closed ended ques-
tionnaires to 600 SMEs who had benefitted from loan. Stratified random sampling was
used to sample the SMEs. The study found out that loan characteristics influenced loan
default moderately (Mean = 3.7594) while loan amount and collateral value influence
loan default to a higher extent (Mean = 4 and above), most of the respondents agreed
that ownership characteristics determine loan repayment default (Mean = 3.5456), bor-
rower’s characteristics moderately affect moderately affect loan default (Mean = 3.7778)
with their education level, existence of other businesses and attitude influencing loan de-
faults to a greater extent (Mean = 4 and above) and lender characteristics affect loan
default (Mean = 3.7115). While Mabeya’s study sheds light on important factors influ-
encing loan repayment defaults among SMEs in Kisumu Central Sub-County, there are
areas where the analysis, and interpretation could be strengthened to enhance validity of
the findings. The interpretation of ”moderately affect” and ”influence to a higher extent”
lacks precision and could benefit from statistical tests. Further research using more ro-
bust methodologies and analytical techniques would help to deepen our understanding
of the determinants of loan default in this context.

2.5 Review on Borrower Characteristics

Examining the influence of borrower characteristics on loan default in banks has pro-
vided valuable insights into the factors that contribute to credit risk. Overall, evidence
suggests that borrower characteristics play a crucial role in determining loan default
probabilities. Banks and financial institutions utilize this knowledge to develop robust
credit risk assessment models and tailor lending practices to mitigate default risk effec-
tively. However, it’s essential to recognize that default prediction is a complex and mul-
tifaceted process influenced by various interrelated factors, requiring ongoing research
and refinement of analytical techniques.

In addition(Vandell and Thibodeau 1985) study consistently found that borrowers with
lower credit scores or poor credit histories are more likely to default on loans. A credit
score is often regarded as one of the most reliable predictors of default risk, with lower
scores indicating higher risk.
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Income and employment stability is an important factors to consider when evaluating
the likelihood of default. According to (Lin et al., 2011) borrowers with unstable in-
come sources or frequent job changes are more likely to default on loans. Employment
stability and steady income are considered essential factors in assessing a borrower’s
ability to repay debts. A high debt-to-income ratio, indicating that a significant portion
of the borrower’s income is already committed to debt repayment, is associated with an
increased likelihood of default. Borrowers with a higher debt burden may struggle to
meet additional repayment obligations, increasing default risk.

Furthermore, loan purpose positively correlates with loan default. The study by (Net-
zer et al., 2019) suggests that the purpose of the loan can influence default rates. For
example, loans taken for investment purposes might have different default rates com-
pared to those taken for consumption or emergencies. Business loans, particularly for
startups or small businesses, often carry higher default risks compared to personal loans
due to the inherent uncertainties in business ventures. Loan-specific factors, such as loan
amount, interest rate, and term length, can influence default probabilities. Higher loan
amounts relative to borrower income, as well as unfavorable loan terms, may increase
default risk. Loan-specific factors, such as loan amount, interest rate, and term length,
can influence default probabilities. Higher loan amounts relative to borrower income, as
well as unfavorable loan terms, may increase default risk.

Demographic factors such as Age are significant in predicting loan default Study
by(Lin et al., 2011; and Nigmonov et al., 2022) explains the correlations. between bor-
rower age and default rates, with younger borrowers or those in certain age brackets
exhibiting higher default risks. Demographic factors such as marital status, education
level, and geographic location have also been investigated, although findings vary across
studies.

The economic state of a country should be taken into account when looking into de-
fault. A study in the US by (Nigmonov et al., 2022) stated that economic factors, such as
unemployment rates, GDP growth, and interest rate fluctuations, can significantly impact
borrower default rates. During economic downturns or periods of financial instability,
default rates tend to rise as borrowers face increased financial stress.
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2.6 Review on Lender/ Institutional Characteristics

While borrower characteristics undoubtedly play a role, lender/institutional characteris-
tics contribute to default rates. This review explores how various aspects of a bank’s
practices influence loan repayment.

According to the scholarly works of Abid, Ouertani, and Zouari-Ghorbel (2014), we
determine that management quality plays a pivotal role in determining loan defaults in
the Tunisian banking sector. The study investigated Macroeconomic and Bank-Specific
Determinants of Household Non-Performing Loans in Tunisia. The research employed
panel data analysis estimated from 2003 to 2012 on about 16 Tunisian banks. Results
indicated that apart from macroeconomic variables such as GDP, interest rates, and in-
flation rates, non-performing loans could also be explained by bad management quality.
Findings showed that the coefficient of the inefficiency index was positive and statis-
tically significant. This provided support for the ‘bad management’ hypothesis which
implied that banks with poor management practices are more likely to experience higher
non-performing loans due to their inability to effectively assess borrower creditworthi-
ness and enforce repayment returns. This further implied that Tunisian banks exhibited
tendencies to grant credits with poor quality and also lacked sophisticated evaluation
methods to detect insolvent creditors early. The study also explored the relationship
between management efficiency, performance indicators, and loan defaults. The signif-
icant and negative association between return on equity (ROE) and NPLs for consumer
loans provides evidence indicating that the quality of management influences the effi-
ciency of credit granting procedures, particularly those based on quantitative modeling
techniques. Moreover, both performance and inefficiency serve as indicators of man-
agement quality, with lagged inefficiency positively related to NPLs. This suggests that
banks with lower management efficiency may experience higher levels of loan defaults.
Overall, these findings underscore the importance of effective management practices in
mitigating default risk and enhancing financial performance.

Furthermore, the study provided insights into the risk behavior of banks, highlighting
the influence of capital adequacy on loan defaults. The negative and significant explana-
tory power of the solvency ratio for NPLs supported the ’moral hazard’ hypothesis which
suggested that banks with low levels of capitalization could be more prone to increased
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non-performing loans. This is because thinly capitalized banks may engage in excessive
risk-taking behavior which consequently result in higher volumes of NPLs due to their
riskier lending practices. This finding underscores the importance of capital adequacy in
mitigating default risk and maintaining financial stability. The empirical evidence from
the Tunisian banking sector highlights the significant role of lender characteristics, par-
ticularly management quality and risk behavior, in influencing loan defaults. Effective
risk management practices, prudent lending decisions, and capital adequacy are cru-
cial for mitigating default risk and maintaining financial stability. Louzis, Vouldis, and
Metaxas (2012) identify performance and inefficiency measures as probable leading in-
dicators for future problem loans. This suggests that regulatory authorities should focus
on managerial performance to detect banks with potential NPL increases. The study also
mentions that emphasis should be placed on risk management systems and procedures
followed by banks to possibly prevent future financial instability.

Nawai and Shariff (2012) examined factors affecting repayment performance in mi-
crofinance programs in Malaysia and highlighted the importance of loan monitoring
procedures in connection with loan default behaviors. The study employed a survey
to collect data on loan repayment performance in microfinance programs in Malaysia.
The sample size comprised 309 respondents who were clients of TEKUN Nasional in
Peninsular Malaysia. The research revealed ten factors affecting borrower repayment:
borrower demographics (age, gender), business characteristics (experience, formality,
total monthly sales), loan aspects (distance to the lender’s office, loan approval period,
loan monitoring practices), and total household income. According to Addae-Korankye
(2014), among the significant factors that can increase borrowing transaction costs and
also affect repayment performance is loan disbursement lag. Timely loan monitoring and
collection with strong follow-up mechanisms are crucial for identifying potential prob-
lems early, preventing borrower complacency, facilitating communication, and ensuring
the effectiveness of collection strategies. This ultimately helps to minimize loan defaults.
The study also similarly identified a lack of monitoring or improper monitoring among
some of the major factors of default/delinquency in microfinance institutions in Ghana.
Lags between loan disbursement and collection efforts, coupled with weak follow-up
mechanisms, can contribute to defaults. Recommendations given include regular review
of credit risk techniques used and expanding loan monitoring framework for effective
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credit portfolio assessment.

A study investigating institutional factors affecting loan default in Kenyan MFIs (Eric
Maina, 2014) provides a valuable starting point for understanding the influence of credit
policy. The specific credit policy elements explored in this study included the condition
of loan facilities (poor or good), strict or lax repayment policies, and well-formulated
policies. The target population was 59 MFIs under the Association of Microfinance In-
stitutions of Kenya. A descriptive survey design was used to carry out a census of 59
microfinance institutions in Kenya. A structured questionnaire was administered to the
MFI loan officers for response. The model used was Multiple regression to establish re-
lationships between loan default and loan recovery procedures, credit policies, and initial
loan appraisal in MFIs in Kenya. 45 out of 48 questionnaires were adequately responded
to and considered for analysis. Results show that 31% (the highest percentage of the
categories) of the respondents indicated that poor loan facilities have the greatest con-
tribution to loan default rates. When asked about strict repayment policies, the majority
(33%) indicated that it has the least contribution, and under well-formulated policies,
31% marked it off as having the least contribution to loan default behavior. Additionally,
the majority of the respondents (50%) classified poor record-keeping policies as hav-
ing the greatest contribution to loan defaulting while 44% agreed that the overall credit
policies affect loan defaulting. The findings revealed that credit policy had a significant
impact on loan default behavior. Kariuki (2014) also recommended the installation of
a vibrant credit process encompassing issues of accurate customer selection, thorough
credit analysis, authentic sanctioning process, adequate monitoring, and clear recovery
strategies for non-performing loans.

2.7 Review on Ecomomic Conditions

A substantial amount of research suggests that the state of the economy significantly
influences the levels of loan losses experienced by banks (De Bock and Demyanets,
2012).The commonly utilized factors for assessing the fluctuations in Non-Performing
Loans (NPLs) are outlined below:

A significant portion of research relies on the unemployment rate as an indicator of
a nation’s economic condition and to explain the decline in loan quality within banks.
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Theoretical predictions suggest that fluctuations in unemployment are a potential cause
of credit risk (Abras and Rocha, 2020). (Yuksel, 2017) claims that there exists a linear
relationship between non-performing loans and the unemployment rate. Unemployment
continues to be a pressing issue in many developing nations, including Kenya. As per the
Central Bank of Kenya (CBK) data, the banking sector disbursed personal and house-
hold loans totaling Sh843.5 billion by the end of December 2021, with Sh70.1 billion
categorized as non-performing. This underscores the importance of comprehending the
impact of unemployment on credit risk, particularly during periods of record-high un-
employment in Kenya. Inflation is a measure of how fast prices of goods and services
are rising. It is a key macroeconomic determinant of NPLs.Higher inflation can either
have a positive or negative effect on NPLs (Beaton et al., 2016) .The effect of inflation
can be uncertain. While higher inflation may ease debt servicing by decreasing the real
value of outstanding loans, it can also diminish borrowers’ real income if wages remain
unchanged.

(Klein, 2013) presents evidence indicating that during periods of inflation, borrowers
encounter greater difficulty in repaying their debts, particularly concerning loans with
variable interest rates. Jabbouri and Nailli (2019) supported these results. On the con-
trary, an opposing body of literature indicates a negative correlation between inflation
and NPLs (Makri et al., 2014).These studies argue that elevated inflation diminishes the
value of outstanding debts, thereby enhancing the repayment capacity of households and
firms (Nkusu, 2011).

Researchers agree that under favorable economic conditions, both households and
firms tend to be more inclined to fulfill their financial commitments. Due to the inverse
relationship between NPLs and economic cycles, wherein NPLs are typically lower dur-
ing periods of economic expansion and higher during downturns, there exists a neg-
ative correlation between GDP growth rates and elevated levels of NPLs (P.K Ozili,
2015).This negative correlation between GDP growth and NPLs stems from the limited
revenue stream of borrowers during challenged times leading to a rise in NPLs (Vouldis
and Louzis, 2017)
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2.8 Summary of the Literature

A few studies have been conducted in an attempt to resolve the suppressing issue of loan
default, especially in the banking sector. Most studies indicate that loan default is greatly
influenced by the demographic information of the borrowers. Overall from the studies
done, we can see a trend from the findings that loan default in Kenyan banks covers vari-
ous aspects, including causes, consequences, and mitigation strategies. Common causes
identified include economic downturns, poor credit assessment, inadequate collateral,
and furthermore demographic information of borrowers such as unemployment and age.
Consequences of loan default range from financial losses for banks to broader economic
impacts such as decreased lending and economic slowdown. Mitigation strategies often
involve improving credit risk assessment, implementing effective loan monitoring sys-
tems, and promoting financial literacy among borrowers. Additionally, studies explore
the role of regulatory frameworks and government policies in addressing loan default
challenges in the Kenyan banking sector.
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3 Chapter 3:Methodology
3.1 Introduction

This section presents the study methodology used in order to achieve the objectives of
the study. This chapter provides the data source, research design and the statistical model
used for analysis development process.

3.2 Research Design

This Research Project considers the problem of selecting the relevant predictor variables.
Based on the variables identified during the variable selection process, the goal is to
predict if a specific borrower is likely to default on their loan. The design involves
sourcing data, data processing, data analysis and model fitting by applying binary logistic
regression.

3.3 Data Design

This study utilized secondary data that was obtained from Bondora, a peer-to-peer lend-
ing platform headquartered in Estonia through their public reports page. The data is
accessible through the following link: https://www.bondora.com/en/public-reports. The
dataset included loan data from the year 2009 to 2024. For the purpose of this study, the
dataset for the years 2015 to 2016 is considered.

3.4 Research Hypothesis

Hypothesis 1

H0: Demographic and socio-economic factors are not significantly associated with
bank loan default

H1: Demographic and socio-economic factors are significantly associated with bank
loan default.

Hypothesis 2
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H0:Loan-specific characteristics do not significantly affect the probability of loan de-
fault.

H1: Loan-specific characteristics significantly affect the probability of loan default.

Hypothesis 3

H0:A logistic regression model does not accurately predict the likelihood of loan de-
fault.

H1:A logistic regression model accurately predicts the likelihood of loan default.

3.5 Statistical Model

3.5.1 Binary Logistic Regression Model

Binary logistic regression is a statistical method used to model the relationship between
a binary response variable and one or more predictor variables. The model combines one
or more predictor variables to estimate the probability of occurrence of an outcome of
interest. It also gives information on how much an increment in a given predictor vari-
able affects the odds of the response variable. The model can be either a simple model
or a multivariable model. The simple model is used to model the relationship between
one response variable and one predictor variable while the multivariable model is used
to model the relationship between one response variable and two or more predictor vari-
ables. Since the response variable is non-numeric, a dummy variable is created which is
of the form:

De f aultstatus =

{
0 i f borrower did not de f ault on the loan
1 i f borrower de f aulted on the loan

The response variable is a random variable that follows the Bernoulli distribution.

3.5.2 The Bernoulli Distribution

The Bernoulli distribution is a discrete probability distribution used to model experi-
ments that results in either success or failure. For a binary response variable xi assuming
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only two values which for purposes of this study were xi = 1 if the ith borrower defaulted
and xi = 0 if the borrower paid is a realization of a random variable Xi that can take the
values 1 and 0 with probabilities p and 1-p respectively. The distribution is Bernoulli
distribution with parameters p which can be written as:

f (x) = px(1− p)1−x x = 0,1

for 0 < p < 1.

3.5.3 The Logit Transformation

The logit transformation is a mathematical function commonly used in statistics, par-
ticularly in the context of logistic regression. It transforms the probability of a binary
outcome (e.g., success or failure) into a continuous variable that ranges from negative to
positive infinity.

The logit transformation is defined as:

logit(p) = log
(

p
1− p

)
= β0 +β1x1 +β2x2 + ....+βkxk

Where:
p=the probability of the event of interest.
1-p= probability of the complementary event.
log= natural logarithm
The resulting logit transformation can take any real value which makes it suitable for

regression analysis, where the relationship between predictor variables and the logit of
the outcome variable is modeled linearly. In logistic regression, the logit transformation
is used to model the relationship between one or more predictor variables and the log
odds of the binary outcome. The coefficients estimated in logistic regression represent
the change in the log odds of the outcome associated with a one unit change in the pre-
dictor variable, holding other variables constant. The inverse of the logit transformation
is the logistic function which maps the log odds back to probabilities:
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logistic(x) =
(

ex

1+ ex

)
This logistic function allows us to convert the logit-transformed values back into prob-

abilities which are bounded between 0 and 1.

3.5.4 Binary logistic Regression model

The logistic regression model with only one predictor X’s is of the form;

logit(p) = ln(oddso f anevent) = log
(

p
1− p

)
= β0 +β1x

Where; β0 and β1 ...βk are the regression coefficients. To determine the likelihood of
the event of interest we utilize the odds ratio formula:

odds =
(

p
1− p

)
= eβ0+β1x

Here, p represents the probability of the event occurring. Alternatively, the probability
p can be expressed as:

p =

(
eβ0+β1x

1+ eβ0+β1x

)
This equation models the log odds of the event of interest as a linear combination of

the predictor variables. The coefficients β0, β1,. . . βk, are estimated from the data using
maximum likelihood estimation, and they represent the change in the log odds of the
outcome variable for a one-unit change in the corresponding predictor variable, holding
all other variables constant.
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3.6 Assumptions

• The response variable is binary.

• The observations are independent.

• There is no multicollinearity among the explanatory variables.

• There is a linear relationship between explanatory variables and the logit of the
response variables.

• The sample size is sufficiently large.

3.7 Interpretation of the model coefficients

To accurately interpret the coefficients in our logistic regression model, we need a clear
understanding of the relationship between our predictor variables and the probability of
default. These variables can either be categorical or continuous and their interpretation
varies.

The coefficients for the categorical variables show the change in the log-odds of de-
fault compared to a reference category. They show the direction and strength of the effect
each category has on the likelihood of default. For example, suppose the coefficient for
the ”Unemployed” in the ‘Employment status‘ predictor is positive. In that case, it indi-
cates ’unemployed’ increases the log-odds of the outcome occurring when compared to
the reference category ( the employed group).

The coefficients for continuous predictor variables indicate the change in log-odds
or odds ratio for a one-unit increase in the predictor variable. A positive coefficient
indicates an increase in the log-odds or odds ratio as the predictor increases by one unit,
while a negative coefficient suggests a decrease. An example, a positive coefficient for
’loan amount’ suggests that the log-odds of default increase with each additional unit of
money borrowed which means a higher loan amount leads to a higher risk of default.

3.8 Variable selection

Variable selection in logistic regression refers to the process of choosing which predictor
variables to include in the model. Stepwise regression is an iterative process for building
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a regression model, where independent variables are selected or removed one at a time
based on their statistical significance. This method involves a step-by-step approach of
adding or eliminating potential predictors from the model, followed by testing for their
statistical significance in each iteration.

Backward stepwise selection is a variable selection method whereby a model is fit with
all predictor variables and then the least significant variables are iteratively removed until
the desired model is achieved. The significance of variables is assessed using criterion
such as p- values, AIC (Alkaline Information Criterion) or BIC (Bayesian Information
Criterion)

3.9 Model Evaluation

3.9.1 Significance of predictors(Wald’s Test)

Wald Test is a test that helps to determine whether individual predictor variables in the
model significantly contribute to explaining likelihood of loan default. In logistic re-
gression, this technique validates the significance of predictors in the model. The null
hypothesis states that:

H0=βi=0

vs

H1=βi ̸=0

W =

(
βi

s.e(βi)

2
)

Where: βi is the estimated coefficient of the predictor variable that is
tested.

s.e(βi)(standard error of βi) is the standard error of the estimated coef-
ficient.
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The predictor variables are said to be statistically significant if the null
hypothesis is rejected.Reject the null if the p-value is less than alpha or
when the test statistic greater than critical value(chi-square statistic).

3.9.2 Significance of model(Goodness of Fit )

The likelihood ratio test assesses the goodness of fit of two nested mod-
els.The test statistic is:

LRT = 2
(

log− likelihood( f ullmodel)
log− likelihood(nestedmodel)

)

which follows under the hypothesis that a chi-square distribution equals
to the difference in the number of the parameters between the nested
model and the full model.If the p-value is less than the level of signifi-
cance reject the null(use of nested model) in favor of the full model

3.9.3 Confusion Matrix

A confusion matrix is a performance evaluation tool representing the ac-
curacy of a classification model. It displays the number of true positives,
true negatives, false positives, and false negatives. This matrix aids in ana-
lyzing model performance, identifying mis-classifications, and improving
predictive accuracy. For a binary classification problem, we would have a
2 by 2 matrix as shown below, with 4 values:
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Figure 1: Confusion Matrix

The rows represent the actual values of the target variable. The columns
represent the predicted values of the target variable.

In a confusion matrix: True Positive(TP)=the number of instances cor-
rectly predicted as positive.

False Positive(FP)=the number of instances incorrectly predicted as pos-
itive(actually negative)

True Negative(TN)=the number of instances correctly predicted as neg-
ative.

False Negative(FN)=the number of instances incorrectly predicted as
negative (actually positive).

We can derive numerous evaluation metrics from the confusion matrix:
Classification accuracy- it refers to the overall correctness of predic-

tions made by a classification model

Accuracy =
(

T P+T N
T P+FP+T N +FN

)
Sensitivity-also known as the true positive rate, measures the propor-

tion of actual positives that are correctly identified by the model.
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Sensitivity =
(

T P
T P+FN

)
Specificity-also known as the true negative rate, measures the propor-

tion of actual negatives that are correctly identified by the model.

Speci f icity =
(

T N
T N +FP

)
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4 Chapter 4:Data Analysis

4.1 Introduction

This chapter presents the results, the analysis and the discussion of the
dataset used for the purpose of this study.

4.2 Dataset Description

This research utilized loan dataset, which can be found on the Bondora
public reports page. This dataset contains 36 variables including loan
characteristics and anonymous information about the borrowers, which
includes demographic information such as age, gender, country, marital
status, education level, employment status and number of dependents.
The main goal of this project is to predict whether a borrower will de-
fault on a loan or not. This dataset was chosen for its relevance to the
study’s objectives offering accessible and comprehensive information on
bank loan default. We aim to use the data to come up with a predictive
model, to identify the demographic and socio-economic factors associated
with bank loan default, to investigate the role of loan-specific characteris-
tics including loan amount, interest rate and repayment period in predict-
ing default probability. The following is a brief description of the vari-
ables contained in the dataset; LoanNumber which is a unique ID given
to all loan applicants. Gender with 0 representing male, 1 representing
female and 2 representing undefined. MaritalStatus with 1 representing
married, 2 representing cohabitants, 3 representing single, 4 representing
divorced and 5 representing widow. EmploymentStatus with 1 indicat-
ing unemployed, 2 indicating partially employed, 3 indicating fully em-
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ployed, 4 indicating self-employed, 5 indicating entrepreneur, 6 indicating
retiree. Education with 1 representing primary education, 2 representing
basic education, 3 representing vocational education, 4 representing sec-
ondary education, 5 representing higher education. Additionally, the vari-
able Amount in the dataset represents the amount the borrower received
on the primary market. Interest represents the maximum interest rate ac-
cepted in the loan application. LoanDuration represents the current loan
duration in months.

4.3 Demographic and Socio-Economic Characteristics

The data contains the personal attributes of the customers including age,
gender, marital status, education, employment status, number of depen-
dents and home ownership type. The following plots represent the overall
demographic characteristics in the dataset.
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4.3.1 Age

Figure 2: Bar graph of Age Categories

The age group 31-40 recorded the highest proportion of borrowers (31.8%)
while the age group 61-70 recorded the lowest proportion of borrowers
(4.5%)
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4.3.2 Gender

Figure 3: Bar Graph of Gender

Out of the total number of borrowers majority were male (54%), 40%
were female and 6% were undefined.
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4.3.3 Education

Figure 4: Bar Graph of Education

Most of the borrowers attained up to secondary level of education (36.7%)
while the least proportion of borrowers attained up to primary level of
education (1.2%)
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4.3.4 Employment

Figure 5: Bar Graph of Employment

Majority of the borrowers were fully employed (80.18%) while the rest
were entrepreneurs (6.16%), retirees (5.8%), self-employed (4.42%) and
partially employed individuals (3.44%)
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4.3.5 Marital Status

Figure 6: Bar Graph of Marital Status

Majority of the borrowers were single (36%) while the rest were married
(29.6%), cohabitant (23.1%), divorced (9.8%) and widowed (1.5%)
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4.3.6 Loan Characteristics

Figure 7: Bar Graph of Loan Characteristics

The total number of borrowers are 18196. Out of 18204, 70% did not
default on their loans while 30% defaulted.
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4.3.7 Credit History

Figure 8: Bar Graph of Credit History

62% of the borrowers had no credit history while 38% of the borrowers
had a credit history.
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4.3.8 Interest

Figure 9: Histogram of Interests

The histogram is rightly skewed implying that a large number of loan
applications had low interest rates.
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4.3.9 Loan Amount

Figure 10: Histogram of Loan amount

This histogram indicates that most borrowers opted for smaller loan amounts.
Most of the loans fall between the range of 500 euros to 3000 euros.
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4.3.10 Use of Loan

Figure 11: Bar Graph of Use of Loan

The majority of the borrowers used their loans for home improvement
and other uses which were not directly specified while the least number
of borrowers used their loans for real estate purposes.
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4.3.11 Amount of Previous Loans

Figure 12: Histogran of Amount of Previous Loans

The plot of amount of previous loans is rightly skewed implying that the
number of borrowers with less amount of previous loans are more than
borrowers with larger previous loans.

4.4 Bivariate analysis

Bivariate analysis involves evaluating the relationship between two vari-
ables to understand how they are related to likelihood of defaulting on a
bank loan.
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Table 1: Bivariate Analysis Table
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Table 2: Bivariate Analysis Table
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Table 3: Bivariate Analysis Table

The following were key observations observed during the analysis:

• The male customers defaulted more compared to the female customers.

• Customers in the age bracket 31 to 40 defaulted more compared to the
other age groups.

• Majority of the loan defaulters were those who had attained vocational
level of education.

• Most of the loan defaulters were single

• A majority of the loan defaulters are fully employed.

• Most of the loan defaulters had between 15 to 25 years of work expe-
rience.

• A majority of the loan defaulters were home owners.

4.5 Correlation Analysis

This plot shows variables that are highly correlated to each other.
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Figure 13: Correlation Analysis

A threshold of 0.05 was set to determine and remove highly correlated
variables to reduce redundancy and improve the model efficiency. The fol-
lowing variables were removed after performing the correlation analysis;
Free cash, Number of previous loans before loan, Previous repayments be-
fore loan, expected loss, expected return, liabilities total, country, Planned
Interest till date, Previous early repayments count before loan, Work ex-
perience.
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4.6 Logistic Regression Model

4.6.1 Data Transformation

The outcome variable was redefined to represent whether a loan was de-
faulted or not. Loans classified as late were considered defaults and as-
signed the value 1 while loans classified as repaid were considered non-
defaults and assigned the value 0. Loans classified as current were fore-
gone altogether since these represented loans that were still being ser-
viced.

Loan number and loan date were also removed since loan number is a
unique ID given to all loan applicants hence not useful for the study.

The New Credit Customer variable was transformed into a numerical
variable where TRUE was represented by the value 1 and FALSE repre-
sented by 0.

Variables such as Gender,Education ,Marital status.Employment Sta-
tus,Occupation area and Home ownership type were transformed into cat-
egorical variables to make it easier to understand the effects of different
categories of a variable on loan default.

4.6.2 Splitting the data

The dataset was split in the ratio 2:1 where two thirds was used in training
the model and the remaining one third was used in testing the model. This
was done to ensure there was unbiased model performance.
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4.6.3 Fitting the Logistic Regression Model

A logistic regression model was fit using the training set with all the pre-
dictor variables included. Backward stepwise logistic regression was then
applied to the model to select the most significant variables. Wald’s test
was used to determine the significance of individual coefficients of the
model.Likelihood ratio test was used to determine the significance of the
model.

4.7 Interpretation of Model Coefficients

The logistic regression model provides insights into how different vari-
ables influence the likelihood of loan default. By interpreting the coeffi-
cients of the model, we can identify which factors significantly increase
or decrease the risk of default. Since defaults were coded as 1 and non-
defaults as zero the customers who did not default made up the reference
group and the customers who defaulted constituted the group of interest.
The following table represents the summary output of the model together
with the coefficients, standard error, z values and p values.
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Figure 14: Model Summary
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Figure 15: Model Summary

The model coefficients were exponentiated to form the column of odds
ratio to ease interpretation.
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Table 4: Odds Ratio Table
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Intercept
The intercept represents the estimated log odds of default when the in-

dependent variables are zero. For our model, the intercept has an odds
ratio 0f 0.0004 implying that when the predictors are set to zero the odds
of defaulting are minimal.

Age
The age variable has an odds ratio of 1.0244.For each one-unit increase

in age, a borrower is 2.44% more likely to default
Amount
The amount variable has an odds ratio of 1.0001. For every one-unit

increase in the loan amount, a borrower is 0.01% more likely to default.
Interest
The interest variable has an odds ratio of 1.012. For every one-unit

increase in the interest rate, a borrower is 0.012% more likely to default.
Loan Duration
The loan duration variable has an odds ratio of 1.0078. For every one-

unit increase in loan duration, a borrower is 0.78% more likely to default.
Marital Status.
The marital status variable has five categories: “Married”,”Cohabitant”,

”Single”, ”Divorced” and “Widow”. The “Married” category was used as
the reference group. The odds ratio for the widow category was 0.0539
implying that individuals who are widowed were 94.61% less likely to
default compared to those individuals who were married.

Gender
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The “male” category was used as the reference group. The female cat-
egory had an odds ratio of 1.108 implying that females were 10.8% more
likely to default on their loans compared to males.

Employment Status
The employment status variable has five categories: “Partially employed”,

”Fully employed”, ”Self-employed”, ”Retired”, “Entrepreneur” . The
“Partially employed” category was used as the reference group. The odds
ratio for the fully employed category was 0.7286 implying that individ-
uals who are fully employed were 27.14% less likely to default on their
loans than those who were partially employed. The odds ratio for the en-
trepreneur category was 0.6438 implying that entrepreneurs were 35.62%
less likely to default on their loans compared to those who were partially
employed.

Occupation Area
The occupation area variable has 19 categories. The “Other” category

was used as the reference group. The odds ratio for the category finance
and insurance was 0.6532 implying that individuals in finance and in-
surance were 34.63% less likely to default than those whose professions
were not specified. The odds ratio for the category processing was 0.7778
implying that individuals in processing were 22.22% less likely to de-
fault than those whose professions were not specified. The odds ratio for
the category utilities was 1.616 implying that individuals in utilities were
61.6% more likely to default than those whose professions were not spec-
ified. The odds ratio for the category hospitality and catering was 1.2311
implying that individuals in hospitality and catering were 23.11% more

56



likely to default than those whose professions were not specified. The
odds ratio for the category Civil service and military was 0.7461 imply-
ing that individuals in civil service and military were 25.39% less likely
to default than those whose professions were not specified. The odds ratio
for the category education was 0.7093 implying that individuals in finance
and insurance were 29.07% less likely to default than those whose profes-
sions were not specified.

Home Ownership Type
The home ownership category has 9 categories. The “Owner” cate-

gory was used as the reference group. The odds ratio for the category
living with parents was 1.3373 implying that individuals that were living
with parents were 33.73% more likely to default than those who owned
their properties. The odds ratio for the category tenant ,pre furnished
was 1.249 implying that individuals that tenants,pre furnished were 24.9%
more likely to default than those who owned their properties. The odds
ratio for the category tenant, unfurnished property was 1.378 implying
that individuals that were tenant, unfurnished were 37.8% more likely to
default than those who owned their properties. The odds ratio for the
category Council house was 1.425 implying that individuals that were liv-
ing in council houses were 42.5% more likely to default than those who
owned their properties. The odds ratio for the category owner with en-
cumbrance was 0.4501 implying that individuals that were owners with
encumbrance were 54.99% less likely to default than those who owned
their properties

Planned Principal Till Date
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The planned principal till date variable has an odds ratio of 0.9995. For
every one-unit increase in the planned principal till date, a borrower is
0.05% less likely to default.

Loss Given Default
The loss given default variable has an odds ratio of 0.0825. For every

one-unit increase in the loss given default amount, a borrower is 91.75%
less likely to default.

Amount of Previous loans before loans
The amount of previous loans before loans variable has an odds ratio

of 1.00005 .For every one-unit increase in the amount of previous loans
before loan, a borrower is 0.005% more likely to default.

Previous Early Repayments before loan
The amount of previous early repayments before loan variable has an

odds ratio of 0.9. For every one-unit increase in the amount of previous
early repayments before loan, a borrower is 10% less likely to default.
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4.8 Model Evaluation

4.8.1 Significance of Predictors(Wald’s Test)

Figure 16: Wald’s Test analysis

Model 1 represents the full model containing all predictor variables while
model 2 represents the reduced model that includes only the intercept.
The Wald’s test results suggests that model 1 provides a better fit to the
data than model 2. The predictors included in model 1 are essential in
predicting loan default probabilities. Given the extremely low p-value

2.2e−16 < 0.001

, we reject the null hypothesis that the additional predictors in model 1 are
not necessary.
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4.8.2 Significance of the Model(Likelihood Ratio Test)

Figure 17: Likelihood Ratio test

Model 1 represents the full model containing all predictor variables while
model 2 represents the reduced model that includes only the intercept.
With a p-value 2.2e−16 < 0.001, the null hypothesis that the reduced model is
a better fit is rejected at 0.001 level of significance. The likelihood ratio test results
indicates that model 1 provides significantly better fit to the data than model 2.

4.8.3 Confusion Matrix

The model’s performance was evaluated using a confusion matrix. Out of 5836 predicted
values, there were 2062 True negative(Loans that were predicted to not default and ac-
tually did not default), 1929 False positives(Loans that were predicted to default but did
not default), 126 False negatives(Loans that were predicted to not default but defaulted),
1719 True positives(Loans that were predicted to default and defaulted)
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Table 5: Confusion Matrix

Accuracy

The model’s accuracy was 65% which means that 65% of the total predictions(both
positive and negative) were correctly classified. This represents the overall effectiveness
of the model in differentiating between defaulters and non-defaulters.

Sensitivity

The model’s sensitivity was 93% which is the percentage of defaulters that were clas-
sified correctly. The high sensitivity is important in predicting loan default as it ensures
most defaulters are accurately detected thus reducing the risk of granting loans to high-
risk borrowers.

Specificity

The model’s specificity was 52% which is the percentage of non-defaulters that were
classified correctly. Whereas the percentage is lower than desired, it still shows the
model’s ability to correctly identify borrowers who are non-defaulters.
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5 Chapter 5:Summary,Conclusions and Recommendations
5.1 Introduction

This chapter gives the summary, conclusions and recommendations drawn from the find-
ings.

5.2 Summary

The main objective of this study was to use logistic regression to model the relationship
between various independent variables and loan default outcomes. Through logistic re-
gression analysis, the specific objectives were met by identification of key demographic
and socio- economic factors and loan specific characteristics associated with bank loan
default.

5.3 Conclusions

Based on the analysis of the dataset, several significant insights into the impact of demo-
graphic, socio-economic and loan-specific characteristics in predicting loan default were
identified. Results from the bivariate analysis show that certain categories including
male borrowers, individuals aged 31 to 40, borrowers who had attained vocational level
of education, borrowers who were single, fully employed borrowers and homeowners
were more likely to default on their loans. In addition from the logistic regression model
loan specific characteristics such as amount, interest, loan duration, monthly payment,
planned principal till date, loss given default, previous early repayments before loan and
the amount of previous loans before loan were significant in predicting probability of de-
fault. The model evaluation showed a low specificity of 52%, a high sensitivity of 93%
and an average accuracy of 65%. This revealed that although the model performs well in
identifying borrowers who default, it may have limitations in correctly pointing out non
-defaulters. In conclusion, this study highlights the importance of taking into account
both demographic and loan specific characteristics in predicting bank loan defaults. By
maximizing on these findings, financial institutions can better assess the risk associated
with lending thus enhancing decision making procedures and lowering potential losses.
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5.4 Recommendations for Further Research

• Our model was not fully accurate therefore, we recommend use of advanced ma-
chine learning techniques to be explored to enhance model accuracy and inter-
pretability.

• This study explored demographic, socio-economic and loan specific characteristics,
further research could incorporate variables such as co-signer or guarantor , health
and lifestyle factors and political and economic indicators to enhance the accuracy
of credit risk assessment.

• This study used quantitative data, further research could benefit from including qual-
itative research methods such as surveys or interviews with loan borrowers and credit
officers to gain deeper understanding of the underlying causes of loan default.
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