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Abstract
This study sought to develop a credit risk model that com-

bines machine learning algorithms with stochastic control
techniques to enhance the prediction of rare events, specifi-
cally credit defaults. The study was anchored on Stochastic
control theory is a mathematical-based model for decision
making in forecasting and probability. The study was under-
pinned by exploratory research design and used qualitative
methods to gather and analyze data about the research topic.
Data for the study was collected through searching secondary
sources online. Data was reprocessed to remove missing val-
ues. The data was then split into test and train data sets for
the machine learning model, the model was trained and then
used to make predictions. The model was a combination of
Machine learning and stochastic control models in a ration
that was determined based on the option that led to optimal
efficiency. The findings showed that combining the Random
Forest and Monte Carlo models, demonstrates a balanced
and effective approach to credit default prediction. By op-
timizing the weight to 77.9% for the RF model and 22.1%
for the Stochastic model, the hybrid model achieved a high
accuracy of approximately 82.03%; precision of 68.96%; and
a recall of approximately 33.94%. The Hybrid model there-
fore presents a stronger model for credit default prediction
compared to individual models.
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1 Introduction

1.1 Background

The financial world has gone through significant changes in
recent years marked by the increasing complexity of financial
instruments and the growing inter-connectedness of global
markets,(Balling and Gnan 2013). Amidst this evolving fi-
nancial ecosystem, one critical concern that has garnered
significant attention is the modeling and prediction of de-
fault events (Adede 2012),specifically concerning the ability
of borrowers to fulfill their financial obligations, particularly
in repaying borrowed money. To address this critical issue,
financial institutions have been actively investing in research
to identify effective strategies for credit risk management
(Musyoki and Kadubo 2012).Accurate modeling of default
events is a fundamental component of risk assessment and
mitigation strategies in the financial industry. This research
is propelled by the growing recognition of the paramount role
that credit risk plays in the stability and profitability of fi-
nancial institutions.

Traditional methods for predicting defaults, such as credit
scoring and statistical models, have long been relied upon.
However, these methods often struggle to capture the dy-
namic and stochastic nature of financial markets(Sudhakar
and Naganjaneyulu 2023), leading to inaccurate risk assess-
ments and potential financial loss upon default. A credit
score, often represented as numerical data, is derived from
an individual’s credit history (Aduda, Magutu, and Wangu
2012). It takes into account a range of factors, including fi-
nancial assets, employment history, existing debts, and any
past instances of defaults. Essentially, the credit score serves
as a pivotal determinant of the likelihood that an individ-
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ual will honor their loan commitments. In the backdrop of
these developments, the financial landscape has been con-
tinually transformed by technological advancements. Tradi-
tional financial institutions have integrated technology into
their business models, paving the way for network-based fi-
nancial solutions. Internet finance products have emerged as
a prominent facet of this technological integration (Lee 2009),
encompassing innovative financial institutions that rely on
the Internet for various financial operations, such as mobile fi-
nancing and third-party payment platforms. However, these
internet finance products are not without their challenges
and associated risks.

Financial institutions offering internet-based financial prod-
ucts encounter a range of risks, including the possibility of
substantial losses caused by borrowers failing to make timely
payments, fraudulent activities by operators, and the po-
tential collapse of peer-to-peer (P2P) platforms,(Mutembete
2022). These risks underscore the pressing need for estab-
lishing an effective finance risk model, one that can adeptly
navigate the intricacies of credit risk within the digital realm.
Traditionally, the finance industry has relied on historical
credit data to compute credit ratings (Aduda, Magutu, and
Wangu 2012). However, the traditional financial model is
limited in its capacity to accurately process the complex his-
torical data that characterizes Internet finance. In response
to this challenge, this research paper endeavors to harness the
potential of machine learning and stochastic models to pre-
dict and mitigate risk effectively. Machine learning can pro-
cess large and intricate data sets, uncovering hidden patterns
and connections that traditional methods might miss(Zhao,
Li, and Yu 2017). In contrast, stochastic control furnishes a
sturdy framework for decision-making in uncertain and ever
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changing situations, making it well-suited for modeling rare
events of default. The machine learning model proposed in
this study will be rooted in the mining and collection of inter-
net data, allowing it to adapt to the unique dynamics of the
online financial landscape. These advancements in the field of
machine learning and stochastic modeling hold the potential
to play a trans formative role in enhancing the management
of credit risk for Internet financial products. This research
aims to contribute to the growing body of knowledge and
practical applications in the domain of machine learning al-
gorithms for financial risk management. It strives to navigate
the complexities of the modern financial landscape and offer
valuable insights that can influence the future of managing
risks and maintaining financial stability.

1.2 Scoring Models in Use currently

The traditional credit scoring model has a substantial his-
torical foundation, dating back to the 1950s (Fan, Shen, and
Peng 2020). It introduced the concept of a credit scoring sys-
tem, allowing financial institutions to base their credit deci-
sions on a framework known as the "5C credit discrimination
strategy(Aduda, Magutu, and Wangu 2012)." This strategy
evaluates various factors, including capital, lender’s Charac-
ter, environmental Conditions, capacity, and collateral, to
forecast the performance of borrowers. While effective for
its time, this traditional model faces limitations in handling
complex and dynamic data, particularly in the modern con-
text of internet finance (Ordabayeva, Moldagulova, and Riza
2023).It however provides a foundational approach to assess-
ing credit risk and are often used as a basis for more advanced
credit risk modeling techniques, especially in the modeling of
default events.
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Machine Learning and Financial Control- With the ad-
vancement of technology, financial institutions have gained
access to substantial amounts of data and sophisticated data
mining techniques, especially over the Internet (Kshetri 2014).
This progress gives rise to the application of machine learn-
ing in the domain of financial risk control. Machine learning
algorithms have emerged as a promising tool for predicting
borrowers’ default risk (Mhlanga 2021), offering notable ad-
vantages in terms of reduced prediction errors when com-
pared to the traditional model.

Machine learning models are strong in handling large data
sets and uncovering non linear relationships. machine Learn-
ing models learn the data and are therefore more adapt-
able. This improves the prediction of defaults in a highly
dynamic financial environment.(Zhao, Li, and Yu 2017; Mh-
langa 2021). However one major weakness of machine learn-
ing models is over reliance of large balanced data sets and
struggle with imbalanced data like rare events. They tend to
under perform when it comes to accurately predicting such
rare events, as seen in classification problems involving im-
balanced data (Sudhakar and Naganjaneyulu 2023). Addi-
tionally, Machine learning models often act as black boxes,
lacking interpret-ability, making it difficult for financial in-
stitutions to understand the reasoning behind specific pre-
dictions (Mhlanga 2021).

Stochastic models are grounded in probability theory and
dynamic decision-making under uncertainty. They are bet-
ter suited to handle rare events and capture the randomness
in financial systems like credit default.(Pun 2018; Óskars-
dóttir et al. 2019).The weaknesses of stochastic models lie
in their need for complex mathematical formulations and as-
sumptions, such as constant volatility or normal distribu-
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tions, which may not hold in real-world data. They may
also be less flexible in adapting to new patterns in data be-
cause they rely heavily on predefined assumptions about the
system dynamics.(Ghevariya and Thakkar 2019)

The hybrid model, which combines the strengths of both
machine learning and stochastic models, addresses these weak-
nesses. By combining Machine learning ability to handle
large datasets and discover complex patterns with the stochas-
tic model’s strength in predicting rare events, the hybrid ap-
proach balances accuracy, precision, and recall(Ampountolas,
Nyarko Nde, Constantinescu, et al. 2021).In particular, the
stochastic model compensates for the machine learning model’s
inability to predict rare events effectively, while machine learn-
ing compensates for the stochastic model’s rigidity by adapt-
ing to new data more easily. (Joseph 2013)

1.3 Problem Statement

Financial institutions rely heavily on credit scoring models
to evaluate creditworthiness of borrowers (Aduda, Magutu,
and Wangu 2012).However, this faces challenges due to the
complexity of the data and also noting that credit defaults are
rare events where there exists data imbalance. The changes
in economic environment is a great challenge in modelling
such complexities.

Previous researchers have explored the application of vari-
ous machine learning algorithms in credit risk modeling and
stochastic control models that have demonstrated an im-
provement in predictions compared to traditional models.(Mhlanga
2021; Mutembete 2022).

There exists a gap in literature where machine learning
algorithms and stochastic control have been integrated to
model credit default as a rare event.The primary problem
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to address is how to enhance credit risk modeling to better
predict and mitigate risks in the context of Internet finance,
given that default is a rare event. The study will evaluate
whether machine learning and stochastic models can signif-
icantly improve the accuracy and adaptability of credit risk
assessment in this evolving landscape when applied together.

By doing so, it aims to bridge the existing gap in the tra-
ditional credit risk assessment process and contribute to the
development of more accurate, adaptable, and efficient credit
risk management strategies.

1.4 Research Objective

1.4.1 Main Objective

The primary objectives of this research is to develop a credit
risk model that combines machine learning algorithms with
stochastic control techniques to enhance the prediction of
rare events, specifically credit defaults.

1.4.2 Specific objective

• The model the probability of default using machine learn-
ing.

• The model probability of default using stochastic control
model.

• To model probability of default using the hybrid model.

1.5 Research Questions

• Can machine learning algorithms effectively predict rare
events, such as loan defaults, when default cases are sig-
nificantly lower in number compared to non-default cases
in credit risk modeling?
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• Is a combination of Machine learning algorithm and Stochas-
tic control model better in predicting credit default?

1.6 Significance of Study

This research aims to provide insights into improving credit
risk modeling. The research will contribute to how machine
learning and stochastic control methods can improve the ac-
curacy and adaptability of credit risk models. Financial
institutions can use this paper to develop frameworks that
can optimize credit risk mitigation strategies. Additionally,
policymakers and financial institutions can use the paper to
guide the practical implementation of machine learning and
stochastic control techniques in credit risk modeling.

1.7 Scope and Limitations of the Study

1.7.1 Scope

The study will examine the application of machine learning
and stochastic control in credit risk modeling. The study
will examine the effectiveness of integrating machine learn-
ing techniques with traditional credit risk models to improve
credit risk prediction and management accuracy and effi-
ciency. Additionally, the research explores the potential im-
plications and benefits of combining machine learning and
stochastic control for optimizing credit risk mitigation strate-
gies. The study primarily utilizes secondary data to develop
and assess credit risk models. The findings may help con-
tribute to the field of credit risk modeling and offer practical
insights for financial institutions and policymakers.

1.7.2 Limitations

The research may fail to address all aspects of credit risk
management as the scope is limited to the integration of ma-
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chine learning and stochastic control in credit risk modeling
specifically default as a rare event. Secondly, the research
relies on secondary data. Therefore, the quality of research
findings will depend on the quality of secondary data. Ad-
ditionally, some secondary data regarding the research scope
may require additional permissions from authors and pub-
lishers

2 Literature Review

2.1 Credit Risk Modelling Overview

Research regarding finance risk modeling has gained a lot of
attention lately. Financial institutions are faced with credit
risk regarding the ability of borrowers to meet their obliga-
tion of paying back borrowed money. Financial institutions
fund research to help identify effective strategies for credit
risk management. (Mutembete 2022) state that many finan-
cial institutions use credit scores to evaluate a borrower’s
creditworthiness. The credit score is numerical data based
on the borrower’s credit history. The credit score numeric
data is a representation of financial assets, employment his-
tory, existing debt, and default history of a borrower. The
credit score is used to determine the probability of an in-
dividual to repay their loan.Various articles highlighted how
the advancement of technology has enabled the integration of
tech into business models. The traditional finance industry
is integrated with technology, enabling network-based finan-
cial solutions. Internet finance products include e-commerce
innovation-based financial institutions that use the Internet
for financial operations, such as mobile financing and pay-
ments via third-party platforms. However, internet financing
faces various challenges and risks. Financial institutions with
Internet finance products may be subjected to huge losses
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based on overdue payments by borrowers, operator fraud,
and the collapse of Peer to peer(P2P) platforms (Ghevariya
and Thakkar 2019). The credit risk leads to the urgency of
establishing an effective finance risk model. The credit score
used by the traditional finance industry relies on large histori-
cal credit data to obtain the relevant credit rating (Ghevariya
and Thakkar 2019). Additionally, the traditional financial
model is limited to processing complex historical data accu-
rately.

2.2 Traditional Approaches to credit modelling

The traditional scoring model revolutionized the credit as-
sessment process for financial institutions(Fan, Shen, and
Peng 2020).The model was established in the 1950s and formed
the foundation of credit scoring systems used by lenders to
make informed credit decisions. The system operates on the
principles of the 5C credit discrimination strategy, which
assesses borrowers based on capital, lender’s role, environ-
ment, capacity, and collateral to forecast their performance
and creditworthiness (Fan, Shen, and Peng 2020) Financial
institutions have used the credit scoring model to analyze
quantifiable characteristics of borrowers, especially histori-
cal credit data. This data is crucial in calculating a credit
score, which serves as a numerical representation of an indi-
vidual’s creditworthiness. The credit score plays a key role
in determining whether a loan or credit will be granted to
the borrower. However, despite being an advanced tool in
its time, the traditional scoring model has its limitations.
The old-fashioned model struggles to effectively handle com-
plex data, impacting its accuracy and efficiency in evaluating
credit risk in today’s sophisticated financial landscape. As a
result, financial institutions increasingly recognize the need
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for advancements and improvements in credit scoring mod-
els to better adapt to the evolving and intricate nature of
modern financial data and risk assessment.

2.3 Machine Learning techniques for modeling credit
Risk

Machine learning-based systems are increasingly popular across
various research disciplines. In this field, significant insights
into decision-making have been derived from data, particu-
larly through decision tree-based ensemble techniques that
are effective for supervised classification problems. This sec-
tion reviews the existing literature on the machine learning
techniques used for credit scoring evaluation. While these
techniques are widely recognized, the literature on their ap-
plication offers valuable insights for a deeper understanding
of the subject.

The advancement of technology based on big data and
data mining strategies has significantly influenced research
in machine learning (ML) associated with credit risk predic-
tion and evaluation globally. The primary objective in credit
management for financial institutions is to minimize risks as
well as optimize business performance. There is a need to
have credit risk models based on effective guidelines to help
financial institutions make proper credit-related decisions.

Credit scoring systems relied widely on clustering algo-
rithms in the past. Huang and William developed techniques
for insurance risk identification by merging the K-means clus-
tering technique with supervision methods. Additionally,
(Yeo et al. 2001) utilized predicted risks in the automobile
industry via hierarchical clustering. (Yeo et al. 2001).model
helped identify different customer risk levels ideal for finan-
cial institutions to make operational decisions regarding credit
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limits.
Currently, the availability of data at a large scale has en-

abled the development of complex models regarding credit
risk management. For instance, the vast available data based
on customer transactions and credit management agencies
was used by researchers Khandhani and Kim to model a
credit risk management strategy by employing statistical and
ML algorithms (Khandani, Kim, and Lo 2010). The model
was able to predict borrower default risk. The research con-
cluded that the ML-based model was better than traditional
models based on linear regression methods as it reduced pre-
diction errors by 6%. (Fan, Shen, and Peng 2020). Ad-
ditionally, research by Joseph and Chakraborty concluded
that models based on ML outperformed models based on
traditional logistic regression methods. Their research was
based on an ML model trained to predict financial distress,
improving about 10% when compared with statistical mod-
els regarding discrimination based on operational character-
istics. Ticknor furthered the research via a model based on
neural network algorithms used to predict the behavior of the
financial market. The model improved accuracy prediction
without relying on data processing.

An ML model by Agrapetidou and Gogas was based on
vector machines. The model made predictions by analyzing
data based on financial statements retrieved from banks. The
vector machine-based model achieved a prediction accuracy
of about 99.2% in relation to bankruptcies of financial insti-
tutions in the US between 2007 and 2013 (Fan, Shen, and
Peng 2020). Research by Enneya and Rtayli utilized the vec-
tor machine feature to model an algorithm based on a roster
classifier to predict fraud-related risks. The model improved
the identification of credit card risks, outperforming other
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algorithms based on big data. (Pławiak et al. 2020) modeled
an algorithm known as (DGHLN), a deep genetic hierarchical
learner network. The DGHLN algorithm proved to be an ef-
fective learner-training method based on genetic hierarchical
training principles. The algorithm used cross-validation to
predict 21% of Germany’s credit rate (Fan, Shen, and Peng
2020).

The model by (Khandani, Kim, and Lo 2010) relied on ML
algorithms that were able to reduce losses by 19% as it was
able to increase and improve prediction accuracy regarding
defaults of credit card holders (Ampountolas, Nyarko Nde,
Constantinescu, et al. 2021). The Machine Learning model
was trained via a dataset based on bank customers’ transac-
tions and usage of credit. The study provided a foundation to
examine whether systematic risk prediction may be improved
via credit risk analytics.

A Machine Learning model by (Yap, Ong, and Husain
2011) utilized a dataset based on payment data club members
of a recreational club. The model predicted the credit score
of defaulters regarding the club subscription. In contrast to
many ML models highlighted in this literature, (Yap, Ong,
and Husain 2011) study concluded the old-fashioned credit
scorecard model performed with an accuracy almost similar
to that of ML and other models. (Zhao, Li, and Yu 2017)
Machine learning model relied on a credit dataset from Ger-
many. The model was trained, and its accuracy concerning
MLP, multilayer perceptron, and neural network was exam-
ined. The results highlighted an improvement in the accu-
racy of the MLP model compared to statistical and regres-
sion models. A machine learning model by (Addo, Guegan,
and Hassani 2018) relied on machine deep learning meth-
ods. The model was based on Binary Classifiers to predict
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the probability of loan defaulters. The results showed that
the neural network model was outperformed by old-fashioned
credit models such as the random forest, logistic regression,
and gradient boosting. A dataset retrieved from Greek loan
data was examined by (Petropoulos et al. 2019). The au-
thors utilized Machine Learning models based on classifica-
tions to make predictions for about 10 years (Ampounto-
las, Nyarko Nde, Constantinescu, et al. 2021). The results
demonstrated the Machine Learning model had better accu-
racy in its predictions than the traditional models based on
logistic regression methods. The Machine Learning model
was able to make better predictions via the financial credit
ratings. (Provenzano et al. 2020) Machine Learning model
utilized a dataset based on bankruptcies, balance sheets, and
macroeconomic variables. The results showed the Machine
Learning models outperformed traditional models in areas
of credit rating as well as reducing bankruptcy probability.
These previous studies on the application of Machine Learn-
ing in credit risk modeling demonstrate the evolving land-
scape of Machine Learning. Most of the studies highlighted in
this section demonstrated the potential of Machine Learning
models to improve prediction accuracy. The various Machine
learning algorithms identified help provide valuable insights
for credit risk assessment. The Machine Learning algorithms
are further highlighted below.

2.4 Machine Learning Algorithms

This section highlights the various machine Learning algo-
rithms that outperformed traditional models.
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2.4.1 AdaBoost

AdaBoost, an acronym for Adaptive boosting, demonstrated
improved accuracy based on the enhanced performance of
decision tree-based classifiers. (Freund and Schapire 1997)
used the algorithm to train an Machine Learning model via
the merging of weak classifiers to create an improved clas-
sifier. The improvement attributes made the boosting al-
gorithm popular among researchers from diverse disciplines
(Schapire 2013).

2.4.2 XGBoost

The extreme gradient boosting (XGBoost) proposed by Chen
and Guestrin uses a scalable tree-boosting approach (Chen
and Guestrin 2016). The tree-boosting approach employs
Machine Learning methods to enhance the outcome of a pre-
diction regarding credit risk ratings. The Machine Learning
model is trained via historical data, and the gradient boost-
ing method is applied to improve the outcomes of the model’s
predictions.

2.4.3 Decision Tree Classifier

(Panigrahi et al. 2018) describe the decision tree classifier
as an algorithm with a tree flow that resembles a progress
diagram. The algorithm’s tree structure is based on a train-
ing set of objects associated with one of the various classes.
The dataset used to train the model helps in decision-making
based on the generated decision tree (Panigrahi et al. 2018).

2.4.4 Extra Tree Classifier

The Extra Trees Classifier is an Machine Learning method
based on extremely randomized trees. The algorithm uti-
lizes a top-down approach, relying on a collection of decision
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trees. The Extra Trees Classifier shares similarities with the
random forest classifier. However, the extra trees classifier
constructs the decision trees differently. Each decision tree
is built from the initial training dataset. The decision tree
structure is based on a random selection of elements and cut-
points when dividing nodes. The randomness feature in cut-
point selection sets it apart from other tree-based algorithms.
The algorithm utilizes the entire training dataset rather than
bootstrap replicas that fail to prevent biased decisions (Am-
pomah, Qin, and Nyame 2020). Each decision selects the
optimal feature to split the data according to specific crite-
ria. The algorithm’s key parameters include the total number
of decision trees, the number of randomly chosen features at
each node, and the minimum number of instances needed to
split a node.

2.4.5 Random Forest Classifier

(Geurts, Ernst, and Wehenkel 2006) describe the random tree
classifier as a tree-based algorithm with multiple classifiers
with tree structure. The multiple tree-structured classifiers
increase the accuracy of the algorithm by decreasing over-
fitting. Therefore, the accuracy of the random tree classifier
depends on the strength of the multiple tree-structured clas-
sifiers.For this research, Random forest classifier will be used
as the machine learning model to predict credit default.

2.4.6 K-Nearest Neighbors Classifier,K-NN

K-nearest neighbors, bases its algorithm on the notion that
similar things exist nearby (Abu Alfeilat et al. 2019). The
algorithm is trained by a large dataset with data points char-
acterized by various variables. Distance metric is used to
determine the similarity, and efficiency depends on the used
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distance metric.

2.4.7 Neural Network

Artificial Neural Networks,ANNs, are significant non-linear
models. The algorithms are effectively used in forecasting as
well as demand prediction across multiple disciplines, such
as finance and electricity. ANN models’ empirical evidence
demonstrates good forecasting performance. The advance-
ment in Machine Learning has contributed to the develop-
ment of different ANN models, especially in forecasting sce-
narios. ANN models estimate edge weights to enhance fore-
casting accuracy (Dornaika et al. 2017).

2.5 Stochastic Control Application in Credit Risk
modelling

Stochastic control theory is a mathematical-based model for
decision-making in forecasting and probability. Regarding
credit risk modeling, it provides a mathematical framework
to improve the accuracy of credit-based decisions, reducing
the implications of credit risks. (Pun 2018) states credit risk
is impacted by various factors such as market trends, eco-
nomic conditions, and borrower behavior that are subject to
changes at any given time. (Óskarsdóttir et al. 2019) argues
stochastic control addresses the uncertainty caused by these
factors by employing strategies with randomness methods to
credit risk models. The stochastic control-based models have
a more realistic approach to the dynamic credit environment.
Stochastic control models help financial institutions in risk
management via optimal credit-related decisions. Stochas-
tic control theory facilitates dynamic portfolio management
as well. Application of the theory to credit risk modeling
help financial institutions provide credit to different borrow-
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ers based on changing risk preferences and market condi-
tion. Integrating machine learning with stochastic control
improves credit risk modeling via the usage of large datasets
to identify patterns regarding credit behavior. The identified
patterns and trends allow the real-time adaptability of credit
risk models. Additionally, stochastic control supports the
development of risk mitigation strategies. Stochastic control
helps financial institutions maximize returns via the identifi-
cation of borrowers with good credit ratings and minimizing
potential losses by identifying potential defaulters. The inte-
gration of stochastic control and machine learning provides
improvement opportunities in credit risk management (Dor-
naika et al. 2017). Below are some of the stochastic models
that have been previously used to predict credit default.

2.5.1 Hamilton-Jacobi-Bellman (HJB) Equation

HJB is a partial differential equation used to model opti-
mal policy in stochastic control for continuous time.Studies
have demonstrated that HJB-based models can significantly
improve the prediction of defaults in volatile markets by op-
timizing decisions dynamically rather than relying on fixed
strategies(Oksendal 2013)

2.5.2 Linear-Quadratic-Gaussian (LQG) Control

Linear-Quadratic-Gaussian ( control is used when system dy-
namics is linear and noise is Gaussian.Commonly applied
in credit risk models to predict borrower behavior under
the assumption that economic shocks affecting creditworthi-
ness follow a Gaussian distribution.Studies have shown that
LQG control models improve the accuracy of default pre-
dictions compared to basic models, especially in situations
where market conditions can be approximated by Gaussian
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processes(Anderson and Moore 2007)

2.5.3 Stochastic Differential Equations (SDE)

SDE are used to model the evolution of variables over time
with both deterministic and random components. In credit
risk modeling, SDEs are employed to model the dynamic
behavior of credit markets and borrower creditworthiness,
which are affected by random shocks like changes in interest
rates or economic crises.(Karatzas and Shreve 2014)showed
that SDE-based models are more effective at capturing the
complex interplay between borrower behavior and macroeco-
nomic factors compared to static models, leading to improved
risk management strategies.

2.5.4 Markov Decision Processes (MDP)

MDP models guide decision-making over discrete time peri-
ods. Each decision influences future states, making MDPs
ideal for modeling credit risk, where loan repayment behav-
iors evolve over time. MDPs can evaluate the probability of a
borrower defaulting based on their current state and provide
optimal strategies for granting loans(Puterman 2014)demon-
strated that MDPs outperform static credit models by pro-
viding more adaptive lending strategies that reduce the like-
lihood of defaults and increase profitability over time.

2.5.5 Monte Carlo Model

Widely used to predict risk in uncertain environments.It es-
timates the likelihood of defaults by simulating various fu-
ture states of economic variables and borrower behaviors.It is
powerful for dealing with rare events, such as credit defaults,
because they can explore a wide variety of potential out-
comes based on different assumptions about risk factors like
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interest rates, economic downturns, or changes in borrower
creditworthiness.Research by (Glasserman 2004) showed that
Monte Carlo simulations offer greater accuracy in estimating
default probabilities, especially in portfolios with complex
risk factors and correlated defaults.This research will adopt
Monte Carlo as the preferred stochastic model that will be
optimised together with Random forest model to come up
with an optimal hybrid model for credit default prediction.
The below equations will be run in R code.

PD =
1

N

N∑
i=1

1(Li > Ii) (1)

(1)
where: PD is the probability of default,
N is the number of simulations for this research, N=1000

1(Li > Ii) (2)

is an indicator function that equals 1 if the borrower defaults
in the i-th simulation, and 0 otherwise

2.6 Benefits of Credit Risk Models

Various articles highlighted credit risk models as essential
risk assessment and management tools. (Wang 2009) ar-
gued credit risk models help financial institutions manage
credit risks via structured frameworks. The frameworks im-
prove the ability of financial institutions to identify, measure,
and effectively manage risks. (Kollár and Gondžárová 2015)
stated credit risk models can provide a more accurate predic-
tion of credit risk. The models consider a borrower’s portfolio
mainly based on historical data. The model-based methods
provide a better reflection of concentration risk compared.
(Joseph 2013) highlighted that credit models can adapt and
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respond to changes. The adaptability feature of the models
makes them more responsive tools for risk management. The
implementation of credit risk models makes financial institu-
tions improve their systems based on the need to increase
data collection efforts. Financial institutions that use credit
risk model make more accurate risk assessment and adopts
better pricing strategies. An increase in accuracy leads to
improved transparency regarding the decision-making pro-
cess. (Saeed and Zahid 2016) stated models based on ma-
chine learning and stochastic control demonstrate flexibility
in adapting to changes. The adaptability promotes a more
stable and resilient financial system.

3 Methodology

According to (Silverman and Patterson 2021), research method-
ology refers to the way researchers collect data to find new
facts and solutions to existing research problems. This sec-
tion will highlight all the activities and steps the researcher
will do to collect and analyze data into useful information.
Research methodology is very important for most scientific
studies and helps us tell the difference between facts and
opinions (Taylor, Bogdan, and DeVault 2015).

3.1 Research Design and Method

(Hammersley 2017) stated the three main ways researchers
use for scientific investigations: qualitative, quantitative, and
mixed methods. This study plans to use qualitative methods
to gather and analyze data about the research topic. The
researcher will use secondary data based on historical credit
information, economic indicators, or financial market data,
which government agencies, financial institutions, or other
research groups have already collected and shared with the
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public to answer the research questions. (Lewis 2015) ar-
gued that the research plan should make it easy to collect,
process, and analyze data to answer the research questions
and address the research problem. The researcher will use
an exploratory research methodology to define how to collect
the data.

3.2 Research Setting

(Creswell 2014) describes the research setting as where the
data for a particular study are collected. However, with im-
proved internet access in the modern world, the research
setting could be online, allowing researchers to get results
from anywhere in the world with internet connectivity. This
study’s research setting will be online, where peer-reviewed
articles will be searched and selected.

For this research, the data will be run on R for the Ran-
dom Forest model for the Machine learning, the monte carlo
model for the stochastic model and the hybrid model that
combines the two models with optimal weight. The analysis
is conducted in a systematic way to ensure the models not
only predict but also generalize well on unseen data. Below
is an in-depth look at how these models will work during the
analysis.

3.3 Random Forest Model

The Random Forest algorithm operates by constructing a
multiple decision trees during the training process. Each tree
is built using a subset of the training data, created through
bootstrap aggregation where random samples of the data are
selected, with replacement, to train individual trees. For each
tree:

1. Random Feature Selection: At each node, a random sub-
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set of features is chosen, and the best feature from this
subset is used to split the data. This ensures that the
trees are diverse and reduces the chances of over fitting.

2. Decision Tree Growth: The trees are grown to their max-
imum depth, meaning they learn the training data very
well, which is then averaged out in the forest to generalize
predictions.

3. Voting Mechanism: Each tree in the forest votes for a
class (default or no default), and the final prediction is
made based on the majority vote. This ensemble tech-
nique reduces variance and increases the model’s robust-
ness, especially in predicting the majority class.

The model is trained on the training dataset, and perfor-
mance is evaluated using the test dataset. Various metrics
such as accuracy, precision, and recall are calculated to assess
how well the model identifies both defaults and non-defaults.

3.4 Monte Carlo Model

The Monte Carlo model focuses on simulating the probabil-
ity distribution of potential outcomes by running repeated
random sampling with a goal to model the uncertainty and
randomness in borrowers behavior.

1. Data Sampling: The Monte Carlo model generates nu-
merous simulated data points based on the known statis-
tical properties of the dataset, such as the probability dis-
tributions of key variables used as income, loan amount,
past defaults.

2. Scenario Simulation: Each simulation involves the cre-
ation of a "future state" for each borrower, which ac-
counts for variations in economic conditions (interest rates,
macroeconomic shocks) and borrower behavior. For each
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simulation, the likelihood of a borrower defaulting is com-
puted based on these inputs.

3. Aggregation of Results: The final probability of default
is determined by aggregating the outcomes from all the
simulations.

Both models are then integrated into the analysis by bal-
ancing the Random Forest’s strength in handling structured
datasets with the Monte Carlo’s power in simulating rare
events, making the hybrid model a robust tool for predicting
credit defaults.

This section will be divided into the research design, re-
search method, and analysis section (Taylor, Bogdan, and
DeVault 2015).

3.5 Data Collection

Data for the study was collected through searching secondary
sources online. The main terms used to search for secondary
sources included machine learning, the Black scores calcu-
lus model, pricing prediction models, stochastic control, and
credit risk modeling. The study used secondary sources to
gather current knowledge on using machine learning and stochas-
tic control in credit risk modeling. The search engines that
were used to gather the data included Google Scholar.

3.6 Data Analysis

The goal of this research was to develop a credit risk model
that combines machine learning algorithms with stochastic
control techniques to enhance the prediction credit default
as a rare event. The study used the selected secondary data
to explore the current state of knowledge in using machine
learning and stochastic control in credit risk modeling and
analyzed their effectiveness in predicting credit risk. The R

23



software was used for this analysis. The researcher explored
the data to gain insights on the structure and characteristics.
After identifying the credit default distribution and the rarity
of the credit defaults, data was reprocessed to remove missing
values. The data was then split into test and train data sets
for the machine learning model, The model was trained and
then used to make predictions. The model was a combination
of Machine learning and stochastic control models in a ration
that was determined based on the option that led to optimal
efficiency. Below in the Hybrid equation was used:

Below in the Hybrid equation that was used:

PhX = ω · PMLX + (1− ω) · PStX ]

(3)
where;
The probability of default predicted by the model that

combines Machine Learning and Stochastic models with op-
timized weights is given by Ph(X).

PMLX : probability of default predicted by the machine learning model.

PStX : Probability of default predicted by the stochastic model.

ω : contribution of machine learning into the model where 0 ≤ ω ≤ 1

(1− ω) : is the contribution of the stochastic in the model

The value of (ω)was established through optimization.
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4 Research Findings

4.1 Introduction

This Chapter discusses the results obtained from the devel-
oped model of loan default prediction. The results are ana-
lyzed with respect to the research objectives: to determine
probability of default using machine learning; to determine
probability of default using stochastic model; and to model
probability of default using the hybrid model.In this session,
the study analyzed the Credit Card Clients dataset from the
UCI Machine Learning Repository to predict whether a per-
son will default on their online credit, using Random Forest
and Monte Carlo models.The dataset consists of 24 variables
and 30,000 individual instances. Key variables include: De-
fault Payment Status (0 = No, 1 = Yes), Credit Amount,
Gender (1 = Male, 2 = Female), Education (1 = Graduate
School, 2 = University, 3 = High School, 4 = Other, 5 =
Unknown), Marital Status (1 = Married, 2 = Single, 3 =
Others), Age, Payment History from April 2005 to Septem-
ber 2005 (where -2 = no consumption, -1 = paid on time, 0
= revolving credit used, 1-9 = months of delayed payment),
Bill Statement Amounts from April to September 2005, and
Previous Payments from April to September 2005. There is a
separate variable for each past payment, bill statement, and
previous payment from April to September. The the process:
loading required packages; model establishment for stochas-
tic control; model optimization; data analysis: evaluation;
interpretation of results as well as conclusion is as shared in
the appendix. Additionally, the results revealed only 11 du-
plicate entries in the dataset, so the data frame was filtered
to remove these duplicates. The output showed that 4 vari-
ables were converted from numerical to names: Sex (Male,
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Female); Education (Graduate School, College, High school,
others); Marriage (Married, Single, Unknown, Others); De-
fault (1=Yes, 0=No).

4.2 Data Distribution

Next, bar plots and distribution tables were generated to
examine the proportion of the variables. This was done to
assess whether the data followed a normal distribution. If the
data was not normally distributed, it was useful to observe
the direction and extent of skewness.

4.2.1 Figure 1: Gender

Based on the output, it is clear that Female made up more
than half (60.4%) of the sample data while Male counter-
parts were only 39.6%. This suggest that Female were more
involved in online credit than men. The following output pre-
sented the frequency distribution of customers by education
levels
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Figure 1: Borrowers by Gender
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4.2.2 Figure 2: Education Level

College

46.8%

Grad School

35.3%

High School

16.4%

Other
0.4% Unknown1.1%

Figure 2: Distribution of Education Levels

The results showed that majority of the customers in the
sample data were College graduates (46.8%) followed by Grad-
uate school (35.3%) while high school came third at 16.4%,
1.1% were unknown while the least (0.4%) other categories
were different from the defined ones.

4.2.3 Figure 3: Marital Status
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Figure 3: Distribution by Marital Status
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The results in Figure 3 shows that majority (53.2%) of the
customers in the sample data were single followed by mar-
ried couples (45.5%) while others at 1.1%. Only 0.2% were
unknown.

4.2.4 Figure 4: Default Status
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Figure 4: Borrowers by Default Status

The output showed that majority of the customers (77.9%)
in the sampled data did not default while 22.1% defaulted.
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4.2.5 Default Status by Gender

Figure 5: Default status by Gender

The output showed that the highest number of Female did
not default followed by the men.

4.2.6 Skewedness of Age

Figure 6: Skewness by Age
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Figure 6 indicated that the age distribution was skewed to the
right, suggesting that the dataset was predominantly com-
posed of younger participants. The results revealed that the
median age was 35.5 years.

4.3 Train and Test data Sets

Before creating the prediction models, the dataset was split
into training and testing sets. The training data was used
to build the model, while the testing data was reserved for
making predictions. After fitting the model on the training
data, identifying errors, and minimizing them, the Random
Forest model was applied to predict outcomes on the unseen
test data.

4.4 Random Forest

By constructing a "forest" of decision trees, the classification
model aims to identify the best model by running multiple
decision trees and selecting the majority vote to determine
the final classification.(Geurts, Ernst, and Wehenkel 2006).
To accomplish this, the Random Forest utilized out-of-bag
(OOB) sampling. The OOB error was employed to estimate
the internal error rate of the Random Forest. The results are
as follows: listings

1 predictions_rf No Yes
2 No 5525 1037
3 Yes 316 619
4

5 #Predictions in Percentage Format
6

7 predictions_rf No Yes
8 No 73.696145 13.832200
9 Yes 4.215019 8.256636

10

11 # Calculate accuracy of the RF model
12 accuracy_rf <- sum(diag(conf_matrix_rf)) / sum(

conf_matrix_rf)
13
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14 ## [1] "RF Model Accuracy: 0.81952781112445"
15

16 # Print Precision, Recall, and F1 Score
17

18 ## [1] "Precision: 0.662032085561497"
19

20 ## [1] "Recall: 0.373792270531401"
21

22 ## [1] "F1 Score: 0.477807796217677"

Examining the confusion matrix, the Random Forest model
demonstrated strong performance in predicting "No" for credit
default, achieving a class error rate of 5.4%. However, it faced
challenges in predicting "Yes" for credit default, resulting in
a class error rate of 62.57%.Overall, the random forest model
had 81.95% accuracy and Precision was at 66.20% indicating
a good proportion of predicted defaults are correct.

4.5 Monte-Carlo

The following results were obtained for the predictions for
the stochastic model.

listings
1 # Set number of Monte Carlo simulations
2 N <- 1000 # Number of simulations
3 "Average Confusion Matrix (Stochastic):"
4 No Yes
5 No 5598.773 1102.851
6 Yes 242.700 552.676
7 "Average Confusion Matrix Percentage (Stochastic):"
8

9 No Yes
10 No 74.680179 14.710564
11 Yes 3.237295 7.371962
12

13 "Average Accuracy (Stochastic): 0.820521408563426"
14

15 "Average Precision_st: 0.695728469711039"
16

17 "Average Recall_st: 0.336955297672593"
18

19 "Average F1 Score_st: 0.453944279372914"

Analyzing the confusion matrix, the Monte Carlo model
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effectively predicted "No" for credit default, with 74.68% of
predictions accurately classified as "No" and 7.37% correctly
identified as "Yes." The model achieved an overall accuracy
of 82.05%. In comparison, the Monte Carlo model outper-
formed the Random Forest model, which had an accuracy
of approximately 81.95% in predicting credit defaults. The
Monte Carlo Model has a slightly higher precision 69.57%
compared to the Random Forest model 66.20%.The Monte
Carlo Model has a lower recall 33.69% compared to the Ran-
dom Forest model 37.38% implying that the Monte Carlo
model is less effective at identifying all customers who will
default. Overall, the Decision Tree model has a marginally
better accuracy and precision, but it sacrifices recall and F1
Score. This implies that while the Decision Tree is better at
correctly identifying defaults when it does predict them, it
misses more actual defaults compared to the Random Forest
model.

4.6 Hybrid Model

This section now combines Machine Learning Random For-
est Model and the Stochastic Monte carlo Model to form an
Hybrid model that is used to predict default. The optimal
weight is determined through optimization.

listings
1

2 # Define the Hybrid Model
3 hybrid_model <- function(w, rf_probs, st_probs) {
4 w * rf_probs + (1 - w) * st_probs
5 }
6

7 # Optimize the Weight w
8 actual_probs <- ifelse(test_set$default.payment.next.month

== "Yes", 1, 0)
9 loss_function <- function(w) {

10 hybrid_probs <- hybrid_model(w,
predicted_probabilities_rf[,2],
predicted_probabilities_stochastic)
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11 mean((hybrid_probs - actual_probs)^2) # Mean squared
error

12 }
13

14 opt_result <- optim(par = 0.5, fn = loss_function, method =
"L-BFGS-B", lower = 0, upper = 1)

15 optimal_w <- opt_result$par
16

17 [1] "Optimal Weight (w): 0.779072209908921"
18 predictions_hybrid No Yes
19 No 5588 1094
20 Yes 253 562
21

22 ## [1] "Precision: 0.689570552147239"
23 )
24 ## [1] "Recall: 0.339371980676329"
25

26 ## [1] "F1 Score: 0.454876568191016"
27

28 #Comparing different values of w
29 Accuracy Recall Precision
30 0.1 0.8205949 0.3339372 0.6955975
31 0.2 0.8205949 0.3339372 0.6955975
32 0.3 0.8205949 0.3339372 0.6955975
33 0.4 0.8207283 0.3339372 0.6964736
34 0.5 0.8207283 0.3321256 0.6979695
35 0.6 0.8207283 0.3297101 0.7000000
36 0.7 0.8201947 0.3309179 0.6954315
37 0.8 0.8208617 0.3442029 0.6892382
38 0.9 0.8204615 0.3617150 0.6745495

Figure 7: Recall and Precision representation
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Figure 8: Accuracy Verses values of Weight

The Optimal Weight for combining the Random Forest
(RF) and Stochastic (Monte Carlo) models is calculated us-
ing optimization. The Optimal Weight for the data used
(w) is 0.779. This means that the final hybrid model gives
approximately 77.9% weight to the Random Forest model’s
probabilities and 22.1% weight to the Stochastic model’s
probabilities.The accuracy of the hybrid model is 82.03% is
very close to that of the individual models random forest at
81.95%, and Monte carlo at 82.06%. This indicates that com-
bining the models does not significantly degrade performance
and maintains the benefits of both models. The precision
of the hybrid model is slightly lower than the Monte Carlo
model 69.96% but higher than the Random forest model
66.20%.The recall is at 33.94% which is slightly higher than
the Monte Carlo model,33.39% and lower that that of the
random forest model 37.38%. The F1 Score of the hybrid
model is 45.49% which is better than the Monte Carlo Model
45.12% but lower than the random forest model 47.78%. The
F1 Score balances precision and recall, indicating a more bal-
anced performance overall.
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5 Discussion of Results

The hybrid model, combining the Random Forest and Monte
Carlo models, demonstrates a balanced and effective approach
to credit default prediction. By optimizing the weight to
77.9% for the RF model and 22.1% for the Stochastic model,
the hybrid model achieves the following results:

Accuracy: The hybrid model maintains a high accuracy
of approximately 82.03%, which is comparable to the indi-
vidual models 81.95% for the random forest and 82.06% for
the Monte Carlo. This indicates the model’s robustness and
reliability in predicting defaults correctly.

Precision: The precision of the hybrid model is around
68.96%, which is an improvement over the random model’s
precision 66.20% and slightly lower than the Monte Carlo’s
model precision of 69.96%. This means that the hybrid model
effectively reduces false positives while maintaining a reason-
able level of true positive predictions.

Recall: The recall is approximately 33.94%, which is higher
than the Monte Carlo’s model recall 33.39% and lower than
to the random forest model’s recall 37.38%. This shows that
the hybrid model improves the ability to identify actual de-
faults compared to the Stochastic model. The Hybrid model
therefore presents a stronger model for credit default predic-
tion compared to individual models. It brings about:

Balanced Performance: The hybrid model effectively
combines the strengths of both random forest and Stochastic
models, leading to a well-rounded performance in terms of
accuracy, precision, and recall.

Robustness: By leveraging on strengths of both models,
the hybrid approach offers robustness in predictions, main-
taining high accuracy and reasonable precision while slightly
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improving recall over the Stochastic model.
Optimal Weighting: The optimized weight distribution

77.9% random forest and 22.1% Monte Carlo ensures that the
hybrid model capitalizes on the superior performance of the
random forest model while incorporating valuable insights
from the Monte Carlo model. Overall, the hybrid model
presents a strong and balanced solution for credit default
prediction, making it a valuable tool for financial institutions
seeking to improve their prediction accuracy and reliability.

6 Conclusion and Recommendations

The integration of machine learning with stochastic control,
specifically using a hybrid model combining Random For-
est and Monte Carlo techniques, offers a promising approach
to predicting credit defaults.The combination effectively ad-
dressed the weaknesses of individual models by improving
precision and maintaining accuracy, making it suitable for
credit risk assessments where rare events such as defaults are
involved.

Financial institutions can leverage the hybrid model to en-
hance their credit risk management strategies especially in
areas where traditional credit scoring models fall short.By
implementing models that blend machine learning’s capac-
ity to handle large datasets with stochastic control’s ability
to manage uncertainty in financial markets, institutions can
better predict and mitigate the risk of default.

In future researchers can explore alternative machine learn-
ing algorithms and stochastic control techniques to further
optimize credit risk prediction models. They should also ex-
plore the interpret-ability of these models to make them more
transparent for financial institutions, ensuring their applica-
tion in real-world credit risk scenarios.
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A Appendix

A.1 R Code used

listings
1

2 \begin{verbatim}
3 required_packages <- c("readxl", "rpart", "rpart.plot", "

caret", "pROC")
4 for (pkg in required_packages) {
5 if (!require(pkg, character.only = TRUE)) {
6 install.packages(pkg, dependencies = TRUE)
7 library(pkg, character.only = TRUE)
8 }
9 }

10

11 library(readxl)
12 file_path<- "C:/Users/lizmu/Desktop/Thesis/Credit Default

Data.xlsx"
13 Credit_default_data <- read_excel(file_path, sheet = "

Credit Default Data")
14 print(Credit_default_data)
15

16 #Inspecting data frame classes
17 sapply(‘Credit_default_data‘, class)
18

19 #Fixing missing Columns
20 sum(is.na(‘Credit_default_data‘))
21

22 #Checking for duplicates in the data
23 duplicated(Credit_default_data)
24

25 #Removing duplicated elements
26 unique(Credit_default_data)
27

28 #Data Preprocessing
29

30 #Renaming factor variables
31 Credit_default_data$EDUCATION[Credit_default_data$EDUCATION

%in% "1"] = "Grad School"
32 Credit_default_data$EDUCATION[Credit_default_data$EDUCATION

%in% "2"] = "College"
33 Credit_default_data$EDUCATION[Credit_default_data$EDUCATION

%in% "3"] = "High School"
34 Credit_default_data$EDUCATION[Credit_default_data$EDUCATION

%in% "4"] = "Other"
35 Credit_default_data$EDUCATION[Credit_default_data$EDUCATION

%in% "5"] = "Unknown"
36 Credit_default_data$EDUCATION[Credit_default_data$EDUCATION

37



%in% "0"] = "Unknown"
37 Credit_default_data$EDUCATION[Credit_default_data$EDUCATION

%in% "6"] = "Unknown"
38

39 Credit_default_data$default.payment.next.month[
Credit_default_data$default.payment.next.month %in% "0"]
= "No"

40 Credit_default_data$default.payment.next.month[
Credit_default_data$default.payment.next.month %in% "1"]
= "Yes"

41

42 Credit_default_data$SEX[Credit_default_data$SEX %in% "1"] =
"Male"

43 Credit_default_data$SEX[Credit_default_data$SEX %in% "2"] =
"Female"

44

45 Credit_default_data$MARRIAGE[Credit_default_data$ MARRIAGE
%in% "0"] = "Unknown"

46 Credit_default_data$MARRIAGE[Credit_default_data$ MARRIAGE
%in% "1"] = "Married"

47 Credit_default_data$MARRIAGE[Credit_default_data$ MARRIAGE
%in% "2"] = "Single"

48 Credit_default_data$MARRIAGE[Credit_default_data$ MARRIAGE
%in% "3"] = "Other"

49

50 #View the changes
51 head(Credit_default_data)
52

53 #Data Distribution
54 #View the bar plots
55 counts_SEX <- table(Credit_default_data$SEX)
56 percentages_SEX <- round(100 * counts_SEX / sum(counts_SEX)

, 1)
57 barplot_heights <- barplot(counts_SEX, col = c("blue", "

orange"), ylim = c(0, max(counts_SEX) * 1.2))
58 text(barplot_heights, counts_SEX, labels = paste(counts_SEX

, "(", percentages_SEX, "%)", sep = ""), pos = 3, cex =
0.8, col = "black")

59 title(xlab = "SEX", ylab = "Counts", main = "Counts and
Percentages by SEX")

60

61 #frequency distribution of customers by education levels
62 counts_EDUCATION <- table(Credit_default_data$EDUCATION)
63 percentages_EDUCATION <- round(100 * counts_EDUCATION / sum

(counts_EDUCATION), 1)
64 labels <- paste(names(counts_EDUCATION), ": ",

counts_EDUCATION, " (", percentages_EDUCATION, "%)", sep
= "")

65 colors <- c("red3", "green4", "purple3", "orange", "blue4")
66 pie(counts_EDUCATION, labels = NA, col = colors, main = "
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Counts and Percentages by EDUCATION")
67 plot.new()
68 legend("bottomright", legend = labels, fill = colors, title

= "Education Levels")
69

70 #Distribution by marital status
71 counts_MARRIAGE <- table(Credit_default_data$MARRIAGE)
72 percentages_MARRIAGE <- round(100 * counts_MARRIAGE / sum(

counts_MARRIAGE), 1)
73 labels <- paste(counts_MARRIAGE, " (", percentages_MARRIAGE

, "%)", sep = "")
74 barplot_heights <- barplot(counts_MARRIAGE, col = c("

magenta2", "cyan3", "goldenrod"), ylim = c(0, max(
counts_MARRIAGE) * 1.2), main = "Distribution by Marital
Status", xlab = "Marital Status", ylab = "Counts")

75 text(barplot_heights, counts_MARRIAGE, labels = labels, pos
= 3, cex = 0.8, col = "black")

76

77 #Frequency Distribution of Customers by Default Status
78 counts_default.payment.next.month <- table(

Credit_default_data$default.payment.next.month)
79 percentages_default.payment.next.month <- round(100 *

counts_default.payment.next.month / sum(counts_default.
payment.next.month), 1)

80 labels <- paste(counts_default.payment.next.month, " (",
percentages_default.payment.next.month, "%)", sep = "")

81 barplot_heights <- barplot(counts_default.payment.next.
month, col = c("turquoise2", "sienna1"),ylim = c(0, max(
counts_default.payment.next.month) * 1.2), main = "
Percentage per Category",xlab = "default.payment.next.
month", ylab = "Counts")

82 text(barplot_heights, counts_default.payment.next.month,
labels = labels, pos = 3, cex = 0.8, col = "black")

83

84 #Proportion of defaults by Gender
85 table.default.payment.next.month_gender <- table(

Credit_default_data$default.payment.next.month,
Credit_default_data$SEX)

86 category_percentages <- prop.table(table.default.payment.
next.month_gender) * 100

87

88 barplot(category_percentages,
89 col = c("royalblue", "sienna1"),
90 beside = TRUE,
91 names.arg = c("Female", "Male"),
92 main = "Proportion of Defaults by Gender")
93 legend("topright", legend = c("Yes", "No"), fill = c("

sienna1", "royalblue"))
94

95
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96 #Distribution of sample by age
97 library(ggplot2)
98 ggplot(data = Credit_default_data, aes(x = AGE)) +

geom_histogram(fill = "Blue", col = "Grey", bins = 30)
99

100

101 #Train and test data sets
102 #Initializing number generator.
103 set.seed(123)
104 #New sample created for the training and testing data sets.

The data is split with 75% in training and 25% in
testing.

105 sample <- sample(c(TRUE, FALSE), nrow(Credit_default_data),
replace = TRUE, prob = c(0.75, 0.25))

106 train_set <- Credit_default_data[sample, ]
107 test_set <- Credit_default_data[!sample, ]
108

109 #Machine Learning Model-Random Forest
110 library(randomForest)
111 library(rpart)
112 library(rpart.plot)
113

114 set.seed(123)
115 #Random Forest for variables. mtry = 5 since there are 24

variables (square root of 24 is close to 5).
116 fit_rf <- randomForest(factor(default.payment.next.month)

~., mtry = 5, data = train_set)
117 print(fit_rf)
118 #Making predictions on the test data set
119 predictions_rf <- predict(fit_rf, newdata = test_set)
120 predicted_probabilities_rf <- predict(fit_rf, newdata =

test_set, type = "prob")
121

122 # Comparing predicted labels with actual labels
123 conf_matrix_rf <- table(predictions_rf, test_set$default.

payment.next.month)
124 print(conf_matrix_rf)
125 # Calculate percentages for each cell
126 conf_matrix_rf_percentage <- prop.table(conf_matrix_rf) *

100
127

128 # Print confusion matrix with percentages
129 print(conf_matrix_rf_percentage)
130

131 # Calculate accuracy of the RF model
132 accuracy_rf <- sum(diag(conf_matrix_rf)) / sum(

conf_matrix_rf)
133 print(paste("RF Model Accuracy:", accuracy_rf))
134

135 # Calculate Precision, Recall, and F1 Score for the RF
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model
136 TP_rf <- conf_matrix_rf["Yes", "Yes"]
137 FP_rf <- conf_matrix_rf["Yes", "No"]
138 FN_rf <- conf_matrix_rf["No", "Yes"]
139

140 precision_rf <- TP_rf / (TP_rf + FP_rf)
141 recall_rf <- TP_rf / (TP_rf + FN_rf)
142 F1_rf <- 2 * (precision_rf * recall_rf) / (precision_rf +

recall_rf)
143

144 # Print Precision, Recall, and F1 Score
145 print(paste("Precision:", precision_rf))
146 print(paste("Recall:", recall_rf))
147 print(paste("F1 Score:", F1_rf))
148

149 #Stochastic Model
150 #Monte carlo Simulation
151 library(caret)
152 library(rpart)
153 library(rpart.plot)
154

155 # Set number of Monte Carlo simulations
156 N <- 1000 # Number of simulations
157

158 # Initialize matrices and variables to store results
159 predicted_probabilities_stochastic <- matrix(0, nrow = nrow

(test_set), ncol = N) # Store probabilities across
simulations

160 conf_matrix_sum_st <- matrix(0, nrow=2, ncol=2, dimnames=
list(c("No", "Yes"), c("No", "Yes"))) # Initialize
aggregate confusion matrix

161 precision_sum_st <- 0 # Initialize sum of precision
162 recall_sum_st <- 0 # Initialize sum of recall
163 f1_sum_st <- 0 # Initialize sum of F1 score
164 accuracy_sum_st <- 0 # Initialize sum of accuracy
165

166 # Run Monte Carlo simulations
167 for (i in 1:N) {
168 # Randomly sample from test_set for each simulation
169 test_set_sample <- test_set[sample(nrow(test_set),

replace = TRUE), ]
170

171 # Train a Decision Tree on the training set
172 fit_tree <- rpart(factor(default.payment.next.month) ~ .,

data = train_set, method = "class")
173

174 # Predict probabilities on the sampled test set
175 predictions_st <- predict(fit_tree, newdata =

test_set_sample, type = "prob")
176
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177 # Store the probability of default (class ’Yes’) for this
simulation

178 predicted_probabilities_stochastic[, i] <- predictions_st
[, 2]

179

180 # Confusion Matrix for each simulation
181 conf_matrix_st <- table(predictions_st[, 2] > 0.5,

test_set_sample$default.payment.next.month)
182

183 # Update the aggregate confusion matrix
184 conf_matrix_sum_st <- conf_matrix_sum_st + conf_matrix_st
185

186 # Calculate accuracy for each simulation
187 accuracy_st <- sum(diag(conf_matrix_st)) / sum(

conf_matrix_st)
188 accuracy_sum_st <- accuracy_sum_st + accuracy_st
189 }
190

191 # Average the predicted probabilities across simulations
192 predicted_probabilities_stochastic <- rowMeans(

predicted_probabilities_stochastic)
193

194 # Calculate average metrics across all simulations
195 average_conf_matrix_st <- conf_matrix_sum_st / N # Average

confusion matrix
196 average_accuracy_st <- accuracy_sum_st / N # Average

accuracy
197

198 # Print results
199 print("Average Confusion Matrix (Stochastic):")
200 print(average_conf_matrix_st)
201

202 # Calculate percentages for each cell for the stochastic
model

203 conf_matrix_percentage_st <- prop.table(
average_conf_matrix_st) * 100

204 print("Average Confusion Matrix Percentage (Stochastic):")
205 print(conf_matrix_percentage_st)
206

207 print(paste("Average Accuracy (Stochastic):",
average_accuracy_st))

208 print(paste("Average Precision_st:", average_precision_st))
209 print(paste("Average Recall_st:", average_recall_st))
210 print(paste("Average F1 Score_st:", average_f1_st))
211

212

213

214 # Load necessary libraries
215 library(randomForest)
216 library(dplyr)
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217 # Hybrid Model
218 # Number of simulations
219 num_simulations <- 1000
220

221 # Initialize a matrix to store predicted probabilities
across simulations

222 predicted_probabilities_stochastic_all <- matrix(0, nrow =
nrow(test_set), ncol = num_simulations)

223

224 # Run simulations
225 for (i in 1:num_simulations) {
226 # Fit the decision tree model
227 fit_tree <- rpart(factor(default.payment.next.month) ~ .,

data = train_set, method = "class")
228

229 # Predict on the test set and get predicted probabilities
230 predicted_probabilities_stochastic_all[, i] <- predict(

fit_tree, newdata = test_set, type = "prob")[, 2] #
Probabilities of "Yes"

231 }
232

233 # Average the predicted probabilities across all
simulations

234 predicted_probabilities_stochastic <- rowMeans(
predicted_probabilities_stochastic_all)

235

236 # Now use the averaged probabilities in the hybrid model
237 actual_probs <- ifelse(test_set$default.payment.next.month

== "Yes", 1, 0)
238

239 # Define the Hybrid Model
240 hybrid_model <- function(w, rf_probs, st_probs) {
241 w * rf_probs + (1 - w) * st_probs
242 }
243

244 # Loss function and optimization
245 loss_function <- function(w) {
246 hybrid_probs <- hybrid_model(w,

predicted_probabilities_rf[, 2],
predicted_probabilities_stochastic) # Use averaged
probabilities

247 mean((hybrid_probs - actual_probs)^2) # Mean squared
error

248 }
249

250 # Optimization
251 opt_result <- optim(par = 0.5, fn = loss_function, method =

"L-BFGS-B", lower = 0, upper = 1)
252 optimal_w <- opt_result$par
253
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254 # Compute the Hybrid Model Probabilities with Optimal
Weight

255 final_hybrid_probs <- hybrid_model(optimal_w,
predicted_probabilities_rf[, 2],
predicted_probabilities_stochastic)

256

257 # Print results
258 print(paste("Optimal Weight (w):", optimal_w))
259 print("Final Hybrid Probabilities:")
260

261 # Performance Evaluation of the Hybrid Model
262 predictions_hybrid <- ifelse(final_hybrid_probs > 0.5, "Yes

", "No")
263 conf_matrix_hybrid <- table(predictions_hybrid,

test_set$default.payment.next.month)
264 print(conf_matrix_hybrid)
265

266 # Calculate accuracy of the Hybrid model
267 accuracy_hybrid <- sum(diag(conf_matrix_hybrid)) / sum(

conf_matrix_hybrid)
268 print(paste("Hybrid Model Accuracy:", accuracy_hybrid))
269

270 # Calculate Precision, Recall, and F1 Score for the Hybrid
model

271 TP_hybrid <- conf_matrix_hybrid["Yes", "Yes"]
272 FP_hybrid <- conf_matrix_hybrid["Yes", "No"]
273 FN_hybrid <- conf_matrix_hybrid["No", "Yes"]
274

275 precision_hybrid <- TP_hybrid / (TP_hybrid + FP_hybrid)
276 recall_hybrid <- TP_hybrid / (TP_hybrid + FN_hybrid)
277 F1_hybrid <- 2 * (precision_hybrid * recall_hybrid) / (

precision_hybrid + recall_hybrid)
278

279 # Print Precision, Recall, and F1 Score
280 print(paste("Precision:", precision_hybrid))
281 print(paste("Recall:", recall_hybrid))
282 print(paste("F1 Score:", F1_hybrid))
283

284 # Compare different values of w
285 # Initialize variables to store results
286 results <- data.frame(w = numeric(), accuracy = numeric(),

recall = numeric(), precision = numeric())
287

288 for (w in seq(0.1, 0.9, by = 0.1)) {
289 # Calculate Hybrid Model Probabilities with the current

weight (w)
290 final_hybrid_probs <- hybrid_model(w,

predicted_probabilities_rf[, 2],
predicted_probabilities_stochastic)

291

44



292 # Obtain predictions based on Hybrid Model Probabilities
293 predictions_hybrid <- ifelse(final_hybrid_probs > 0.5, "

Yes", "No")
294

295 # Confusion Matrix for the Hybrid Model
296 conf_matrix_hybrid <- table(predictions_hybrid,

test_set$default.payment.next.month)
297

298 # Calculate Accuracy, Recall, and Precision for the
Hybrid Model

299 TP_hybrid <- conf_matrix_hybrid["Yes", "Yes"]
300 FP_hybrid <- conf_matrix_hybrid["Yes", "No"]
301 FN_hybrid <- conf_matrix_hybrid["No", "Yes"]
302

303 accuracy_hybrid <- sum(diag(conf_matrix_hybrid)) / sum(
conf_matrix_hybrid)

304 precision_hybrid <- TP_hybrid / (TP_hybrid + FP_hybrid)
305 recall_hybrid <- TP_hybrid / (TP_hybrid + FN_hybrid)
306

307 # Append results to the data frame
308 results <- rbind(results, c(w, accuracy_hybrid,

recall_hybrid, precision_hybrid))
309 }
310

311 # Print the results
312 print(results * 100)
313

314 library(ggplot2)
315

316 \end{verbatim}

A.2 Credit Data used

https://www.kaggle.com/datasets/uciml/default-of-credit-card-
clients-dataset
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