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Abstract

In the financial sector, accurately predicting loan defaults is critical. Traditional creditworthiness
assessment methods, while thorough, often do not capture the dynamic and complex interactions
within financial data. This necessitates advanced solutions like machine learning (ML). Traditional
credit scoring systems are frequently unable to handle high-dimensional, non-linear data effectively,
leading to significant financial losses due to inaccurate predictions of loan defaults. This study aims
to harness advanced machine learning techniques to enhance the accuracy of predicting loan defaults,
aiming to outperform traditional statistical models. Various machine learning algorithms including
Logistic Regression, Decision Trees, Gradient Boosting Classifiers, Random Fore Gaussian
Naive Bayes were applied to a dataset comprising diverse borrower characterist@ loan details.
The selected dataset was an open source containing different datasets fogl;! train and test
Demographic data, Performance data and Previous loans data. It containgd 3 different datasets for
both train and test. The sample submission has 2 outcomes- good @ bad (0). The dataset
systematically divided into two. 70% for the training set, 30% wa test set. These models
underwent rigorous training and validation processes to ensure i%stness and reliability. The
Gradient Boosting Classifier emerged as the most effective m ith an accuracy of 78.8%. This
model significantly outperformed others by effectively cap@ complex patterns in the dataset,
thereby substantially reducing both false positives and §§e egatives. The study confirms that
machine learning models, particularly the Gradient g Classifier, offer superior predictive
power in the context of loan default risk asse s. Financial institutions should consider
integrating these models into their credit evaluati cesses to enhance decision-making accuracy
and minimize risks. Additionally, future reseamuld explore the integration of more diverse data
sources, including non-traditional varia at could affect credit risk assessments, and the
application of deep learning techniques t refine prediction accuracies.

Keywords: Accuracy, Classi 1@%%]&, Financial, Machine Learning Models, Predicting, Cross-
Validation, Data Imputatio omer Segmentation, Nigerian Lending Market, Class Imbalance
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Chapter One

Introduction
1.1 Background to the Study
Expenditure by consumers significantly influences the broader economic climate and
inherent financial risks. As such, scrutinizing consumer credit is relevant since individuals
often secure loans to fulfill their spending requirements'. The transaction va %‘tin the
Consumer Marketplace Lending sector is projected to hit $78.57 million{in 3, with an
expected growth at a Compound Annual Growth Rate (CAGR) of 5. ’S?bm 2023 to 2027
This growth trajectory suggests a rise to a total of $96.57 mi '0$027. In the year 2023,
it is forecasted that the average transaction value per bthe Consumer Marketplace
Lending space will amount to $48.75 million. W ewﬁhining the data on an international

scale, the United States is set to record the high nsaction value, topping at $26.18 billion

in 20233, ) 5\%\

The Nigerian credit market® 's@ﬁominantly governed by the Central Bank of Nigeria
(CBN), which is the @(Qregulatory body in the banking system and is therefore
responsible for C?%Bs“. Obviously, there are credit lenders that are not governed or
supervised binthe CBN. These include the Primary Mortgage Institutions, which report to

the ed@ortgage Bank, and the leasing corporations that operate under the Equipment

Leasing Association of Nigeria's self-regulatory body*.

The credit market in Nigeria falls under the jurisdiction of the Central Bank of Nigeria

(CBN), the pinnacle regulatory authority for the nation's banking sector, thereby overseeing



Deposit Money Banks (DMBs)*. However, some credit providers operate outside CBN's
purview, such as the Primary Mortgage Institutions, which are answerable to the Federal
Mortgage Bank, and leasing firms that adhere to the self-regulatory framework of the

Equipment Leasing Association of Nigeria®.

A loan represents a pact where the lender extends credit to the borrower i Q%rm of
money, property, or other valuable items, contingent on the lender's €onfidence in the
borrower's capacity to return the amount with interest. Prese@\he issuance and
management of loans constitute the central operation of nearl @anking institution. The
interest earned from these loans is a critical asset for ba@) en representing a substantial
portion of their income. (bQ

Granting loans is an intrinsic and crucial activ%%thin many financial institutions. These

N\

lenders constantly seek innovative business“strategies to appeal to potential borrowers>.
Nonetheless, some borrowers defa{(%s}\tl\elr loan repayments. A default can happen within
the loan's tenure if the ba@% falls short in fulfilling their payment commitments.
Consequently, gaugin%Qlikelihood of default over time is crucial for robust risk
management. T @lly, credit officers manually review a borrower's credit history to
evaluate the%g/ﬁent capabilities. However, the last decade has seen a shift in this practice,

larg@ technological progress in the field’.

Assessing credit risk stands as a cornerstone of financial risk management, with banks facing
pivotal choices about extending credit to parties. The formidable challenge within financial

circles is the prediction of insolvency or default. With the myriad of potential clients,



leveraging models and algorithms that minimize human error in consumer credit application
analysis is imperative!. Many leading global financial entities have crafted sophisticated
automated systems to model credit risk, equipping decision-makers with essential insights.
Evaluating a borrower's creditworthiness before issuing credit is vital, as defaults carry
considerable risk. Nonetheless, due to a scarcity of adequate data for deploying machine
learning methodologies, some institutions still depend on traditional evaluatiorb&dq es’.
C

The study of credit risk and the likelihood of default is an area of ﬁr@ﬁresearch rich with
historical context. Credit risk describes the potential ﬁnancie@@hat lenders may face if

borrowers do not fulfill their credit obligations’. This sessment is fundamental in

setting the terms of credit approval and the interes: r@arged by lending institutions.

While automatic credit scoring cannot replace % pertise of credit professionals, it has
the potential to expedite the decisio&&ing process during the initial stages of
.
determining whether a case should nied or require further analysis®. The presentation
of risk associated with certa@%ors by credit rating agencies is not entirely accurate.
Credit scores and ratin%&onstructed through a process of implicit assumptions made
by agents, rend @n erroneous in nature. Consequently, individuals are exposed to a
range of fa@s at have the potential to either underestimate or overestimate their
cred'tw@essg. The variability of credit ratings across different agencies, banks raises

concerns about the suitability of using them as an independent variable in classifier

development.



The contemporary utilisation of machine learning in credit risk analysis has been made
possible by the accessibility of big data and the latest developments in computer
processing capabilities. In contrast to conventional credit analysis methods that rely on
statistical regression techniques and discriminant analysis of established wvariables,
machine learning facilitates the use of algorithms to analyse datasets and generate a
procedure that can predict the classification of an observation. The execut'@Qf ch

analytical techniques necessitates the utilisation of substantial datasets’. <

O
Automated loan default models have emerged as a popular ¢ d@ scoring tool among
financial lending institutions for granting loans to prosp errowers in recent times>.
Machine learning (ML) algorithms have proven o}a%l effective technique utilised by
financial lending institutions to evaluate th%% sk of borrowers’. Effective strategies
for managing credit risks are crucial fo kﬂgating losses and enhancing profitability.
Previous studies have approached @ of predicting loan default as a discrete binary
classification problem, whem&%ndividual is categorised as either creditworthy or non-
creditworthy. Linear D’@lant Analysis (LDA) and Logistic Regression (LR) are two
commonly emp, @chniques for constructing credit scoring models. Following that,
various classification algorithms, including Support Vector Machines (SVM), Artificial
Neural @orks (ANN), Decision Trees (DT), and Bayesian classifier (BC), have been
widely utilised for the purpose of forecasting the likelihood of default among
borrowers!1213, However, the recent trend in Nigeria on various loan default scenarios

especially in the online lenders need the embarrassing of machine learning algorithms to

reduce bad debt. In the context of loan prediction, the occurrence of two types of errors can



result in a decrease in prediction accuracy. These errors are commonly referred to as "false
positives" and "false negatives". A false positive refers to the rejection of an applicant who
is actually credit worthy, while a false negative refers to the acceptance of an applicant

who is not credit worthy. Both of these errors can lead to inefficiencies in the loan

X

The majority of loan default prediction models are centred on the reductio@ or both

prediction process®.

of these types of errors. Despite the progress made in automating@x decision-based
systems, there persist concerns regarding the overestimati %efaults”. Numerous
scholars have utilised ensemble methodologies and tt@ ination of two or more
machine learning algorithms to address the is q&%verestimation of defaults. The
researchers were unable to determine the v riab(@ at effectively reduce the incidence of
misclassifying creditworthy individual x non-creditworthy or non-creditworthy

individuals as creditworthy, comm{ﬁ%referred to as the false positive and false negative

rates!>16, '$%

The field of ma&? rning falls under the umbrella of Artificial Intelligence (Al) and is
h

concerned e analysis of data structure and subsequent modelling for human
utili ati@rbMachine learning algorithms can be utilised by computers to train data and
apply statistical techniques to generate values that fall within a predetermined range. The
utilisation of machine learning techniques enables the creation of models through the

utilisation of existing data, which in turn allows for informed decision-making based on

said data inputs'8. Supervised learning and unsupervised learning are the most prevalent



machine learning techniques, although there are also reinforcement learning and semi-

supervised learning approaches available!®.

The supervised learning methodology involves providing the computer programme with pre-
labelled sample inputs that correspond to the desired outputs?®. Therefore, the machine
learning algorithm is trained through the process of comparing its actual out %h the
original data in order to identify any errors or inaccuracies. This proce(Qe/ timises the
model effectively. The categorization process is known as superv rning due to the
necessity of a third-party supervision of the computer o%me. Classification, as

perceived by data miners, is equivalent to prediction an sting since it utilises similar

methodologies. b’bQ
(&

The objective of supervised learning tec }ses is to generate a model that represents the
[ ]

distribution of the response mriabl&ﬁb\s based on sampled predictor labels?°. The classifier

that has been derived can no&%ﬁilised to assign class values to hypothetical scenarios in

which the predictor lab@ provided, but the corresponding class attribute is unknown.

Diverse machi@g classification techniques have been formulated in the field of

artificial int
QJ’Z}

Unsupervised learning refers to the utilisation of Artificial Intelligence algorithms for the

erice in response to this.

purpose of identifying and comprehending patterns within datasets that lack any form of
labelling or classification?!. The method of classification can be broadly categorised into

three distinct types, namely binary, multi-label, and multi-classification. Binary classification



is the most commonly utilised among the three types, owing to the fact that the majority of
real-world tasks involve distinguishing between two distinct groups®?. The efficacy of a
machine learning system is contingent upon the calibre of data and the selection of
representation features employed for its training. The efficacy of features is dependent upon
the nature of the task at hand. However, it is commonly posited that specific features or
feature sets are indicative of a given dataset and thus should be employed abQ\t or the

purpose of classification.
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Figure 1.1; ple Illustration of Machine Learning Techniques®’.

1.2 Statement of the Problem

One of the most critical risks that a financial organization must manage is credit risk.
Because there is no profit without loan repayment, the issue of credit risk management

affects all financial organizations that lend to individuals and legal companies. The



financial sector,banks, microfinance banks and the online lenders offers a variety of
services to customer such as access to loan facility to be repaid in a specific period.
Recently, most of the financial institutions especially online lenders in Nigeria has
experienced a significant increase in the rate of lending caused by rising cost of living,
inflation, poverty, unemployment, and other economic challenges facing the country,
A
R
However, many subscribers usually do not pay back their loans in time a@y of the
financial institutions usually call as soon as the repayment is due an@o to any length

to embarrass and ensure you pay them in due time, which @ eventually resulted

into bad debt. To minimize the loss due to bad debt, y proposed Evaluation of
Machine Learning-Based Algorithm that seek to pridiﬁ% eligibility of an individual for

loan approval based on the evaluation of cs@ attributes such as educational level,

S

Also, precious literature rev@ t several empirical research studies pertaining to this

employment status, loan history among}t@

study have been ccﬁ@ d!2>16 " Nevertheless, previous empirical investigations
employing alte ‘d@gorithms have demonstrated lower levels of accuracy, lower fl
scores, and qdecreased precision. There is a paucity of prior research examining the
utili@’ga comparative analysis including the combination of five distinct machine
learning algorithms (Decision Trees, Gradient Boosting Classifiers, Random Forest, and
Gaussian NB) and other performance metrics such as confusion matrix, Precision-Recall

curve and Area Under the Receiver Operating Characteristic Curve (AUC-ROC) which



gives a detailed better performance assessment that accuracy in the context of predicting

the creditworthiness of borrowers.

This study also aim to determine the variables that effectively reduce the incidence of
misclassifying creditworthy individuals as non-creditworthy or non-creditworthy
individuals as creditworthy. This paper provides a thorough comparison and st of
five algorithms: Logistic Regression, Decision Trees, Gradient Boost%gassiﬁers,

Random Forest, and Gaussian NB. 6\
1.3 Aim and Objectives of the Study QO

The aim of this study is to develop a model to rg@redit risk, using machine learning

algorithms to predict the creditworthiness of ers and determine their likelihood of

defaulting on loans in Nigeria. The specifi \o\h%tives were to:

i.  develop a model for loan defa&@iction using Logistic Regression, Decision Tree,
Gradient Boosting Classi@%ndom Forest and Gaussian NB Classifier models

ii. test the models in QQ

iii. evaluate th h?\&e’ " performance using precision, F1-score metric and confusion matrix,
eCa

Precisio, Il curve and Area Under the Receiver Operating Characteristic Curve

@%C)

1.4 Methodology Overview
The methodology of this study outlines the approach used to develop a machine learning-
based system for predicting loan defaults in Nigeria. It aim to provide a structured framework

that guides the research through data collection, processing, model training, and evaluation.



The study adopts a supervised learning approach, where models are trained on historical,
labeled datasets to predict the likelihood of a loan default. A selection of machine learning
algorithms—Decision Tree, Random Forest, Gradient Boosting, and Gaussian Naive Bayes
(NB)—are used to classify loans as "good" or "bad." The choice of these models is based on
their diverse capabilities to handle complex data relationships and provide in@etable
S

Data Collection involves gathering datasets that include demograpﬁ\da , performance

results.

data, and previous loan records. This data is sourced from publi lable databases and
contains detailed information about borrowers, includin ir financial histories and
demographic characteristics. Q

Data Preprocessing is conducted to ensur h data quality before analysis. The

preprocessing steps include data cleanin handle missing values, normalization, and data

o \
transformation. These steps help @te a consistent dataset for training and testing the

models, improving the accu@@gﬁredictions.

The dataset is splgt\i' to fraining and testing sets, with 70% used for training and 30% for

testing. This split @dHows the models to learn from historical data and then validate their

predictiv rmance on unseen data.

\/QJ

Model training and evaluation utilize performance metrics such as accuracy, precision,
recall, Fl-score, and the ROC curve to assess each model's effectiveness. The confusion
matrix provides insights into how well each model distinguishes between defaulting and non-

defaulting loans.

10



This methodology aims to develop a robust predictive model, offering a systematic approach
for improving loan approval processes in the Nigerian financial sector. It emphasizes the
importance of data quality, careful model selection, and thorough evaluation to achieve

reliable predictions and support data-driven decision-making in lending practices.

1.5 Significance of the Study *
Predicting the creditworthiness of borrowers using Machine Learning will @‘ itical role
in the financial sector. This project provides solution and helps to redwee the occurrences of
bad debt due to loan defaulting from customers. It will help fina sector especially in
Nigeria to predict accurately the credit worthiness of b@ers before granting loans,
thereby reducing risk. Additionally, the proposed de QH be able to provide detailed
information about customers demographic data, @nance data and previous loans data.
These details can aid management decmon
\%

Academically, the study w111 c@bute to the body of knowledge and proffer intelligent
solutions to issues relati n disbursement. The findings of this study will also serve as
a reference for stude §academlclans or professionals as reference document about the
application of @w earning and big data in financial industries; but not limited to Bank
loan pre%b using machine learning techniques and related work.

v
1.6 Scope of the Study
The purpose of this research is to predict the credit worthiness of borrowers utilising machine
learning algorithms. The selected dataset is an open source from different datasets for both

train and test Demographic data, Performance data and Previous loans data. The sample

11



submission has 2 outcomes- good (1) or bad (0). The evaluation of the design that has been
developed will be based on the metrics of precision, recall, and F1-score. The performance of
the models on each class will be visualised using the confusion matrix. The accuracy of the

models will be used as an evaluation metric. The results will be presented and analysed

1.7 Limitation of Study ( 0

This study, while comprehensive and insightful, carries ceﬂai@tions that could

descriptively.

influence the interpretation and applicability of the findings:

i.  Despite attempts to address class imbalance, the ml exhibited bias toward the
majority class. The techniques used, such as . sw@g, may not have been sufficient to
fully balance the classes or to reflect the co ities of real-world data distributions.

ii. The study focused on a specific set 0 \a\%ne learning models (Decision Tree, Random

.
Forest, Gradient Boosting, and@sian Naive Bayes). While informative, the inclusion
of a broader array of mo&gﬂcluding deep learning approaches, could provide a more
comprehensive Vie\@%ential performance across different algorithmic strategies.

iii. The findin @derived from a single, specific dataset, which was segmented into
demogr@ic information, performance metrics, and historical borrowing records.
Co@ﬁntly, the results might not be generalizable across different datasets with
varying characteristics or in different contexts or industries.

iv. While multiple metrics were used to evaluate model performance, the reliance on

conventional metrics like accuracy, precision, recall, and F1-scores might overlook other

12



important aspects of model behavior, such as interpretability, reliability under varied

conditions, and performance on extremely rare events.

1.8 Definition of Operational Terms

Credit Risk: It refers to the financial loss that creditors may incur as a reéQf ebtors
failing to meet their credit obligations. (}

Credit Risk Evaluation: It is a crucial aspect of financial risk ment used to make
critical decisions regarding whether or not to lend to a counte r%

False Negative: False negative refers to the acceptanc applicant who is not credit

worthy (bQ

False Positive: False positive refers to the ref of an applicant who is actually credit

worthy. \

Loan: Loan is essentially an agre@ etween two parties, the lender and the borrower,
whereby the lender grants the\ er credit in the form of cash, property, or other tangible
goods if the lender beh’@%at the individual who receives a loan is capable to repay the
borrowed funds }\Q’ rest.

Machine L g/ﬂé (ML): Machine learning is a field of artificial intelligence (AI) whose
aim js t@prehend how data is structured and model it so that it can be utilised by people,
facilitates the development of models from available data that will enable decisions to be
made based on these data inputs.

Neural Network: Neural Network are computational model utilised in the domains of

problem-solving and machine learning. Neural networks (NNs) have been widely applied to

13



real-world problems in various domains such as business, education, economics, and other
areas of life

Supervised Learning: Supervised learning methodology involves providing the computer
programme with pre-labelled sample inputs that correspond to the desired outputs where ML
algorithms trained through the process of comparing its actual output with the origim&mta in
order to identify any errors or inaccuracies. Q
Unsupervised Learning: Unsupervised learning refers to the utilisaQn/ Artificial

Intelligence algorithms for the purpose of identifying and comprg patterns within

QO

1.9 Conclusion b’bQ
(o)

This study explored the use of machine lea?®algorithms to predict loan default and assess

datasets that lack any form of labelling or classification.

creditworthiness in the Nigerian ﬁé;’éﬂa sector. By applying models such as Logistic
Regression, Decision Trees., &@xnt Boosting, Random Forest, and Gaussian NB, the
research aimed to impr e@}accuracy of credit risk assessments and reduce loan default
rates. The results; q&lstrated that machine learning can effectively classify creditworthy
and non-creditwo borrowers, providing a more efficient and data-driven approach to

lending d .

v

Although the study faced challenges like class imbalance and dataset limitations, it highlights
the potential for machine learning to enhance credit risk management, reducing losses for

financial institutions. Future research could build on these findings by incorporating more

14



diverse datasets and advanced algorithms, further strengthening the decision-making process

in the lending industry.

Chapter Two provides a literature review that examines the existing research and
foundational concepts relevant to using machine learning for predicting loan defaults. It
explores the theoretical underpinnings of loan risk assessment, machine%aming

methodologies, and data preprocessing techniques, laying the groundwor e study's

)

The chapter begins by defining loan default and discussing Ql ications in the financial

approach.

sector, particularly for lending institutions. It emphas ¢ critical need for accurate
prediction models to minimize risk and improve d C%Qnaking processes in loan approvals.
This section sets the context for why machi rning has become a valuable tool for
addressing the complexities of credit ri:k\' %sment.
N

The application of machine lea@t(?in credit risk assessment is then explored, covering
various algorithms that \been applied to predict loan defaults. The review highlights
popular classiﬁcatio§o els such as Decision Trees, Random Forests, Gradient Boosting,
and Gaussian a:\' Bayes, emphasizing their strengths, limitations, and suitability for

different of datasets. This provides a comprehensive understanding of why these

mode\&yere selected for the study.

In addition to discussing specific algorithms, the chapter delves into data preprocessing
techniques, such as data cleaning, handling missing values, feature engineering, and data

transformation. It underscores the importance of these steps in ensuring high-quality input

15



data, which is essential for building accurate predictive models. The section also addresses
the challenges of class imbalance in datasets, a common issue in loan default prediction, and

reviews techniques like oversampling and undersampling to mitigate this problem.

The chapter further reviews previous studies that have applied machine learning to predict
loan defaults, comparing their methodologies, datasets, and findings. It highlights k%tudies
that have influenced the current research, such as those using clustering ification
methods, ensemble models, and hybrid approaches. This comparati\c%la sis allows the

study to position itself within the existing body of work a areas for further

exploration. 0

Additionally, the chapter addresses evaluation m t:ﬁ&mmonly used in the domain, such

as precision, recall, Fl-score, and accuracy, as the importance of using tools like
confusion matrices and ROC curves. This %n highlights the need for a balanced approach

in evaluating models, especially @ dealing with imbalanced classes, to ensure both

accuracy and fairness in pred

Chapter Two conclu &w identifying gaps in the literature and presenting the research
rationale for t y It points out the limitations in existing approaches, such as the need
for impro ndling of class imbalance and a deeper understanding of model behavior on
minc}&yclasses. These insights justify the study's focus on evaluating multiple machine

learning models and using advanced techniques to enhance the prediction of loan defaults.
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Overall, Chapter Two provides a comprehensive review of the theoretical and empirical
foundations of the study, offering a clear perspective on the current state of research in loan

default prediction and setting the stage for the methodology outlined in Chapter Three.

Chapter Three focuses on the methodology used in the study, outlining the approach, tools,
and processes for building and evaluating a machine learning-based model to g ict loan
lity, and

defaults. It describes the systematic steps taken to ensure the accurac

applicability of the predictive models developed during the research. /\

The research approach involves a supervised learning met re various classification
algorithms, including Decision Tree, Random Forest, Grad Qc)ostmg, and Gaussian Naive
Bayes, are applied to a labeled dataset. This ap @ designed to assess the predictive
capabilities of each model in distinguishin &bﬁ n borrowers who will likely default on

their loans and those who will not. *

The chapter also details t.he @lrement specifications, including the hardware and
software needs. The stu @es a personal computer with 8GB RAM and a 2.2 GHz Intel
Core i3 processor. The sdftware environment includes tools like Jupyter Notebook, Scikit-
Learn, Pandas,%.d/\/latplotlib, providing the necessary infrastructure for data manipulation,

Visualizat% d model building.
The research design is structured around the collection, preprocessing, and analysis of data.
The dataset, divided into training and testing subsets, includes demographic information,

performance data, and records of previous loans. The preprocessing steps involve cleaning

the data, handling missing values through imputation, and converting categorical variables
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into a numerical format. These steps are crucial for preparing a high-quality dataset suitable

for training the machine learning models.

Data analysis techniques like correlation analysis and data splitting are used to understand
the relationships between different variables and to prepare the data for model training. The
correlation analysis uses visual tools such as heat maps to identify the strength andi&ection
of relationships between features, while the dataset is split into training d testing

(30%) sets to evaluate the models effectively. /\

The chapter outlines the algorithms used for model bui 0V1d1ng a rationale for
choosing each. The study examines the strengths and w Q of each model, aiming to
identify the one best suited for loan default pre 'ctiﬁ% leverages ensemble methods like
Random Forest and Gradient Boosting to 1 &redictive accuracy, while the Decision

Tree and Gaussian Naive Bayes models @nsights into simpler yet effective classification

methods. \(—)\

Lastly, the model ev % ectlon describes how the models' performance is assessed
using metrics such as precision, recall, F1-score, and accuracy. Tools like confusion matrices
and ROC curv@employed to visualize and interpret the models' performance on both the

majority nority classes, ensuring a comprehensive analysis of their predictive power.
Overall, Chapter Three provides a thorough explanation of the study’s methodology,

emphasizing the importance of a structured approach to data preprocessing, model selection,

and evaluation to achieve accurate and reliable predictions in loan default analysis.
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Chapter Four focuses on the presentation, analysis, and discussion of the research
findings related to predicting loan defaults using a machine learning-based approach. This
chapter outlines the performance of various classification models, providing insights into

their effectiveness in assessing the likelihood of loan defaults based on the prepared dataset.

The chapter begins by describing the data processing and preparation undertakeh before

model training. It highlights key steps such as data cleaning, handling missi , feature
aso

engineering, and data transformation. These processes ensured the dataset was of high quality,
which is essential for accurate modeling. The pre-processed da Qiivided into training

and testing sets, allowing the models to be trained effective@d tested for their predictive

accuracy.
>

Next, the chapter discusses the evaluation of lﬁb§ne learning models used in the study,

including the Decision Tree, Random Fg&adient Boosting, and Gaussian Naive Bayes
.

classifiers. It presents the results\ﬁf;each model in terms of performance metrics like

Rk%'ore, and confusion matrices. These metrics help in

\Y

understanding the strer@ d limitations of each model, especially regarding their ability

to predict loan @ccurately.

A major &)@bf the analysis is on model comparison, where the performance of different

accuracy, precision, recally

class\ﬂi@s is compared to determine which model best predicts loan defaults. For instance,
while the Decision Tree model showed moderate accuracy, it struggled with classifying
minority cases accurately. The Random Forest and Gradient Boosting models performed

better, demonstrating robustness with higher accuracy scores, but still faced challenges with
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class imbalance. The Gaussian Naive Bayes model achieved the highest accuracy, suggesting

that its assumptions align well with the dataset's characteristics.

The chapter also explores the issue of class imbalance encountered during the analysis,
which refers to the unequal distribution of classes (e.g., 'good' vs. 'bad' loan outcomes). This
imbalance affected the models' ability to generalize across different types of loan s%s. The
discussion highlights the impact of this imbalance on predictive accur: @ models
generally favoring the majority class (more frequent outcome«tﬂﬁ observation

underscores the need for techniques like oversampling, undetsa g, or cost-sensitive

learning, which could improve the prediction of minority clacomes.

Furthermore, Chapter Four addresses the implic ti@ the findings for real-world loan
default prediction. It discusses the strengths_an ntial risks associated with deploying the
models in practical scenarios. For exampl&%i e the models showed strong predictive power
for majority cases, their weaker @mance on minority cases could lead to issues like
underestimating the risk dfg n types of loan defaults. This insight is critical for

stakeholders looking to‘@hese models in financial institutions, as it can inform strategies

for risk manage{q@ credit assessment.

The chapt%écludes by summarizing the key insights derived from the model evaluation,
empwmg the relative strengths and limitations of each machine learning model in
predicting loan defaults. It provides a foundation for the recommendations in Chapter Five,
particularly in relation to improving model accuracy and handling class imbalance. Overall,
Chapter Four serves as a detailed analysis of the study's results, offering valuable information

for both the research community and practitioners in the field of financial risk management.
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Chapter Five of this study presents the conclusion of the research, summarizing the findings,
offering practical recommendations, and highlighting the study's contributions to knowledge.
It also identifies potential areas for further research to improve the application of machine

learning models in loan default prediction.

The summary of findings outlines the effectiveness of the machine leaming—based%roach

in predicting loan defaults. The study utilized Decision Tree, Random @ ,*Gradient

Boosting, and Gaussian Naive Bayes models on a thoroughly prep%ss dataset. The

findings showed varying levels of accuracy and highlighted the cha of class imbalance,
which influenced model performance, particularly in distin ing between defaulting and
non-defaulting loans. Q

In the conclusion, the study emphasizes the i nce of accurate data preprocessing and

the careful selection of machine learnin }gorithms to improve predictive capabilities. It
acknowledges the strengths and lin@ms of each model, noting that Gaussian Naive Bayes

achieved the highest accurat&%«ever, all models struggled with class imbalance, which

remains a critical area 1mprovement.

.
The recomme@ns focus on practical strategies to enhance model performance, such as
implementi esampling methods like SMOTE, using advanced evaluation metrics, and
explo\igg more sophisticated ensemble techniques. The study also advises the development
of cost-sensitive models and regular monitoring of the model's performance once deployed,

ensuring it adapts to new data patterns over time.
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In terms of contributions to knowledge, the study underscores the importance of high data
integrity and the role of data preprocessing in successful predictive modeling. It highlights
the challenges posed by class imbalance, offering a foundation for further exploration of
solutions like resampling techniques. Additionally, the research contributes to the
methodology of model evaluation, advocating for comprehensive metrics beyond ,standard
S

Finally, suggested areas for further study include investigating 3%1%{ methods for

accuracy.

addressing class imbalance, such as Generative Adversarial N (GANSs) and hybrid
models. The study also suggests exploring the use of n@ne learning models across

different domains to evaluate their generalizability and gffectiveness.

(e

Overall, Chapter Five synthesizes the stu y insights, emphasizing its practical
applications and providing guidance r\future research, thus contributing valuable

perspectives to the field of predicti@ly‘ucs in loan default prediction.
N
¢

x@b
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Chapter Two
Literature Review

2.1 Conceptual Review

2.1.1 Credit Worthiness

Creditworthiness refers to the assessment of an individual's or entity's ability to fu fill their
financial obligations, particularly those related to borrowing and credit transa It isa
crucial factor that lenders, such as banks, financial institutions, and credl@:ompames
consider when evaluating whether to extend credit to a b@w r. A borrower's
creditworthiness helps lenders determine the level of risk as 6 ith lending money and

whether the borrower is likely to repay the borrowe

contribute to determining the creditworthiness of t:or;@s:

O

Credit History: A borrower's credit hist \s a record of their past borrowing behavior,

including credit cards, loans, and @nent patterns. A positive credit history with timely

as agreed. Several factors

payments and responsible cm&ﬁagement enhances creditworthiness?.
gﬁ\

Credit Score: A ore is a numerical representation of a borrower's creditworthiness. It
is calculate ased on various factors such as payment history, credit utilization, length of
credit h@, types of credit, and new credit inquiries. Higher credit scores indicate lower
credit risk.

Income and Employment Stability: Lenders assess the borrower's income level and stability
of employment to ensure they have the means to repay the borrowed funds. A stable and

sufficient income increases creditworthiness.
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Debt-to-Income Ratio: This ratio compares the borrower's total debt payments to their total
income. A lower ratio indicates that the borrower has a manageable level of debt and is more

likely to meet their repayment obligations®.

Current Financial Obligations: Lenders consider the borrower's existing debtf Q%Iancial

commitments to determine their ability to take on additional credit. <

Assets and Collateral: Borrowers with valuable assets or coll ra%t can be used to secure

the loan may have higher creditworthiness, as it provid ty net for lenders in case of

N\
O
’bb

Payment Behavior: Regular payments of mnd obligations, including rent and utility bills,

default.

[ ]
demonstrate responsible financial b@hr and enhance creditworthiness.

.\&b

Length of Credit Hist@onger credit history provides lenders with more information
about a borrow@%&ial habits and behaviors.

Public ds: Negative public records, such as bankruptcies, foreclosures, or tax liens, can

significantly impact creditworthiness.

Credit Utilization: This ratio compares the borrower's credit card balances to their credit

limits. A lower ratio indicates responsible credit management.
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Lenders typically use the information collected from credit reports, credit scores, and
application forms to assess the creditworthiness of borrowers. Based on this assessment, they
make decisions on the terms of the loan, such as interest rates, loan amounts, and repayment
schedules. Maintaining good creditworthiness is important for borrowers, as it allows them to
access credit at favorable terms and lower interest rates. It's essential for i {u@ls and
businesses to be aware of their creditworthiness and take steps to improveiit if"ficeded, as it

can significantly impact their financial opportunities and choices. Q

In terms of both macroeconomic factors and systemic ris@gmer spending is a key factor.
Therefore, the analysis of consumer credit is pe im&gs individuals may obtain loans to
satisfy their consumption needs'. It is expected e transaction value of the Marketplace
Lending (Consumer) segment will reach $ Q\lelhon in the year 2023 and is anticipated to
grow at a 5.29% Compound An Qrowth rate (CAGR) over the period 2023-2027,
resulting in a total of US$96 5@2{ the year 2027°. In 2023, the average transaction value
per Marketplace Lend@sumer) user is anticipated to reach $48.75m. From a global

comparison st@% the United States will reach the maximum transaction value
0

(US$26,180&), )in 20235,

The Nigerian credit market is predominantly governed by the Central Bank of Nigeria (CBN),
the apex regulatory body in the banking system and is therefore responsible for the DMBs®.
Obviously, there are credit lenders that are not governed or supervised by the CBN. These

include the Primary Mortgage Institutions, which report to the Federal Mortgage Bank, and
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the leasing corporations that operate under the Equipment Leasing Association of Nigeria's

self-regulatory body’.

Credit risk evaluation is a crucial aspect of financial risk management because banks must
make critical decisions regarding whether or not to lend to a counterparty. The most
significant issue in finance is predicting bankruptcy or default’. In consume Qﬁg, the
large number of potential consumers necessitates using models and algorlt s tHat minimize
or eradicate errors caused by human actions in analysing credit ap 1‘ I, Several largest

global institutions have developed advanced automated sys ems™Nor modelling credit risk,

providing decision-makers with crucial data. Before e g credit to borrowers, it is
essential to ascertain their creditworthiness, as pa %faults can be extremely risky. Due

to the dearth of appropriate data for machine le% techniques, some financial institutions

continue to rely on the traditional strateg \

2.1.2 Loan Q%

A loan can be defined %tractual agreement between two entities, namely the lender and

the borrower!. i@reement the lender provides the borrower with a certain amount of

funds, asset her physical resources, with the understanding that the borrower would
repa tl@rgn together with accrued interest within a predetermined timeframe, contingent
upon the lender's confidence in the borrower's capacity to fulfill their repayment obligations!.
In the context of personal loans, the absence of specific criteria poses a challenge for lenders

in assessing the borrower's ability to return the loan amount along with the accrued interest

within the designated timeframe!®!!. In contemporary times, the primary focus of nearly all

28



financial institutions revolves around the process of evaluating and disbursing loan
applications. The revenue generated from loans disbursed by a financial institution is a

substantial portion of its total assets.

The acquisition of loans for various purposes, such as home loans, education loans, vehicle
loans, and business loans, has become a commonplace occurrence in our dail Q&These
loans are typically obtained via financial institutions such as credit upion§®and banks.
Nevertheless, a significant portion of individuals face challenges in @’\aely assessing their
capacity to repay the entirety of their financial obligatidns. The assessment of
creditworthiness holds significant importance for bank her financial institutions in
order to sustain operations within the fiercely co @market and ensure profitability. It
is imperative to establish explicit and well-de criteria for the provision of loans. The
aforementioned criteria should be deeme ﬁctory and appropriate in order to furnish the
.
necessary details pertaining to the c&fd}structure, borrowers, and payment method. Financial

organizations, such as banks aﬁzﬁcroﬁnance institutions, are inundated with a substantial

volume of credit applicatiohs on a daily basis. It is important to note that not all loan
applicants will gdi oval from these institutions. The majority of banks employ their own

credit scorir%alg rithms and risk assessment procedures when evaluating loan applications

in order@rgtermine whether to approve or reject them.

The main objective within a banking context is to allocate assets to reliable entities, ensuring
a high probability of generating a guaranteed return. Numerous financial institutions and

banks have implemented a stringent loan approval procedure; nonetheless, there is no
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assurance that the selected applicant is genuinely deserving of the loan or possesses the
lowest risk of loan default and full repayment by the designated due date. A loan is
essentially an agreement between two parties, the lender and the borrower, whereby the
lender grants the borrower credit in the form of cash, property, or other tangible goods if the
lender believes that the individual who receives a loan is capable of repaying the horrowed

% and

funds with interest’. Almost every bank's primary focus today is on

distributing debts. A significant component of a bank's assets comprises\profits generated

O
N

Loan Prediction is a highly valuable tool for both emp@s of financial institutions, like

from disbursed loans.

banks and money lending organizations, and borr: w@o are in the process of submitting
loan applications. In the lending/banking busifiess; the assessment of borrower risk is of
paramount importance, prompting the foll w\g key inquiry: a) Does the borrower possess a
high-risk profile? b) Considering tl@ower’s risk profile, should the bank extend a loan to
them?!!, . \A%

The interest rate of th ogwer is contingent upon the response to the initial inquiry. The

assessment of %&wer’s level of risk is quantified through the interest rate, which is

t E\
influenced b¥uvarious factors, including the concept of the time value of money'?!3. There
exists a@ve correlation between the interest rate and the level of risk associated with the
borrower. The bank can thereafter determine the eligibility of the applicant for the loan by
considering the interest rate.

Borrowers obtain loans from investors, who act as lenders, in return for the promise of

repayment with interest. In this context, it can be observed that the lender's financial gain,
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specifically in the form of interest, is contingent upon the borrower fulfilling their obligation
to return the loan. In contrast, the lender incurs financial losses in the event that the borrower

fails to fulfill the repayment obligations associated with the loan.

Loans provided by banks have emerged as a significant external financing option, for both
enterprises and families, mostly driven by the financial limitations faced by b Qﬁtlies in
their pursuit of company development and expansion. Lending to the e¢onoffly is a very
advantageous activity for commercial banks, as loans constitute a si@’%nt portion of their
assets'’. Nevertheless, the escalation in loan disbursement is,conhected to various potential
hazards, including the risk of default or credit risk. g pertains to the borrower's
incapacity to fulfill the loan repayment obligatio y@ the predetermined timeframe and
under the agreed-upon terms and conditions fb%

O

In the event that the debtor fulfills @ obligation by repaying the loan, the creditor would
realize a financial gain deriwd\kgﬁ the borrowed funds. Nevertheless, in the event that the
debtor is unable to fulfill % obligation to repay the borrowed funds, the creditor incurs a

loss in terms ot@eir financial interest and the capital invested. Hence, creditors are

confronted the challenge of predicting the likelihood of a debtor's inability to fulfill loan
repa@%ﬁgations.

Credit risk is widely recognized as one of the primary factors contributing to financial
instability. Commercial banks view lending as a means of generating profit, but they also
recognize the inherent risks involved. To mitigate the risk of default, commercial banks

employ two key strategies: evaluating the borrower's ability to repay the loan and requiring
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collateral as a condition for loan approval'4. This operation is accomplished by the utilization
of extensively skilled personnel inside commercial banking institutions, who assess the
eligibility of loan applicants by scrutinizing several factors to determine their suitability for

loan acceptance or denial, resulting in the assignment of a numerical score.

In recent times, advancements in technology have led to the creation of ma I¢arning

algorithms and neural networks that can autonomously forecast an individual’scredit score

by analyzing their historical data!>. This enables the identiﬁc potential credit

defaulters prior to loan approval. The insolvency of banks hag been attributed to the accrual

of delinquent debt stemming from poor creditworthine borrower's refusal to repay

funds intended for the benefit of depositors and to@ their financial obligations is the
O

underlying cause. ’b

Subsequently, depositors initiate the process“of withdrawing their funds from the bank, so

causing a depletion of cash reserv, consequently resulting in financial losses for the
bank. In the event of a comm&ﬁccuﬂence transpiring across all financial institutions, the

overall economy wou@ience significant repercussions. Key personnel, such as the

management, arfﬁ@r terminated as a consequence of loan defaults.

O

The es@%ility of approving loans typically rests with the manager. Due to the manager's
inability to accurately forecast the loan's potential for repayment, they assume full
responsibility for the consequences of their decision. Consequently, banks sometimes resort
to staff layoffs as a means to alleviate their financial burdens. By leveraging the acquired

information and data, it becomes possible to identify and analyze trends, such as the age
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group that exhibits a lower propensity to repay debts. The banking industry has amassed a
significant amount of data mostly derived from consumer interactions, business financial
statements, and payment records, among other sources. The utilization and analysis of this

data can be instrumental in obtaining a competitive edge and forecasting the creditworthiness

The utilization of data mining plays a crucial role in achieving these obj ec@ata mining

of customers, therefore mitigating the occurrence of precarious transactions'®!”

is a continuous process that integrates business intelligence, mack@le rning techniques,
and tools with large amounts of accurate and relevant data to m%ae the discovery of non-
obvious insights hidden within an organization's corpora@ . The data derived from the
observed trends can assist an organization in deve og'f@bvel tactics aimed at enhancing the
firm's interactions with both its consumers an oyees. Data mining approaches can be
categorized into two primary groups: s‘@ methods and artificial intelligence'®.

.

c_)\
The logistic regression and {k \minant analysis are the prevailing statistical methods
employed for loan pre@ The logistic regression model posits that the fitted likelihood
of an event is a @nction of the observed variables of the explanatory factors?’. One of

the advantages aSsociated with statistical approaches is their ease of execution and their

abili@rate easily interpretable outputs?!'-?2.

2.1.3 Artificial Intelligence in Loan Prediction
Artificial Intelligence (AI) is revolutionizing the way financial institutions assess loan

applications and predict the creditworthiness of borrowers. Artificial intelligence techniques
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encompass a range of methodologies, such as K-nearest neighbor, Decision Trees, Neural
Networks, Naive Bayesian classifier, Genetic programming, and Support vector machine
models?®.The integration of Al technologies in loan prediction processes has led to more
accurate, efficient, and data-driven lending decisions. Al algorithms can analyze vast
amounts of data from various sources, including credit history, income, employment,
transaction history, social media activity, and more?’. This comprehensive an %pbvides
a more holistic view of the borrower's financial situation. Also, machiné|leaffiing models,
such as logistic regression, decision trees, random forests, and graosting, can learn
from historical loan data to identify patterns and factors th @ute to loan default or
repayment?*. These models continuously improve their a(@ﬁ as they learn from new data.
Al-driven credit scoring models use advanced a al@o assign credit scores based on a
wide range of factors?*. These models can inccﬁ@ te more variables and update scores in

N\

real-time as new data becomes available.
D
(_)
Al can assess risk more aca@ \y considering both quantitative and qualitative factors.
This helps lenders m re informed decisions and offer competitive interest rates to
lower-risk bo Nt can also automates the underwriting process by analyzing
application @, erifying information, and determining whether to approve or decline a

loan?. reduces the manual workload for underwriters and speeds up the decision-

making process.

Al-driven systems can generate personalized loan offers based on the borrower's profile,

needs, and preferences?. This enhances the customer experience and increases the likelihood
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of loan acceptance. Similarly, Al algorithms can identify loanulent loan applications by
detecting anomalies and patterns that indicate potential loan. This helps minimize the risk of
lending to loanulent borrowers. After loan approval, Al can monitor borrower behavior and

financial status in real-time. This allows lenders to detect early signs of financial distress and

X

Advanced Al models can provide insights into the factors that influenced Qdecision%.

proactively offer support or modifications to the loan terms?®.

This transparency helps borrowers understand why their application@proved or denied

and promotes fairness in lending. Al-powered analytics assis{:er% in managing their loan

portfolios by predicting potential defaults, identifying accounts, and suggesting
strategies to mitigate risk?>2*. Al systems can s@at lending practices comply with
regulations, such as fair lending laws and_ant rimination policies, by identifying and
addressing any biases in decision-maki@

.

c_)\
By leveraging Al in loan prﬂ{Q \, financial institutions can make more accurate lending
decisions, reduce defaﬁ@% improve customer experiences, and streamline their lending
processes. How. V@ important to carefully design Al models to avoid biases and ensure
that ethical @1 crations are prioritized throughout the loan prediction process.

O
\/Q

The utilization of Al techniques is prevalent in situations where the relationship between
dependent and independent variables is complex and exhibits non-linear characteristic. The

issue of loan default prediction holds significant importance for lending institutions such as

banks and other financial organizations, as it exerts a substantial impact on their profitability
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and growth. Despite the existence of numerous conventional approaches to gather
information pertaining to loan applications, it appears that a majority of these methods are
exhibiting subpar performance, as seen by reported escalations in the prevalence of non-

performing loans. Over the course of time, machine learning techniques have been employed

2.1.4 Machine Learning ‘ 0

Machine learning is a subfield within the realm of Artificial Intelli Al) and computer

to assess and forecast credit risk through the analysis of an individual's past data.

science, which centers on the use of data and algorithms to replitate human perception and
enhance its precision through iterative processes?”?%2°, l@y@ learning (ML) is a field of
study focused on enabling computers to acquir: @ocess data and information in a
manner that allows them to learn and perform t ithout the need for explicit human-like
programming?’. Machine learning emplo §veral algorithms based on the characteristics of
the problem and the data at hand. @orithm is trained using the datasets, enabling the
system to learn from the paﬁ@%ithin the data. Consequently, the algorithm is capable of
making predictions wh@% data is introduced to the system. This suggests that machine
learning has th t@ty to acquire knowledge from past data and afterwards utilize that

knowledge ‘w@a ¢ decisions on new input data.
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ML makes predictions and
Data Is Processed System Lears data (ecisions based on past
(ata

o
Machine Learning Working Process*. 6
Machine learning algorithms enable aut \gus decision-making in systems without the

need for external assistance. Th ification of valuable underlying patterns within

complex data is the basis forbm& such decisions™.

Qﬁ\

Machine leamit(ﬁ\@ﬁ broadly categorized into two main branches: descriptive analytics

and predict&

fundam%rb characteristics and attributes of the data, whereas predictive analytics are

alytics®!. Descriptive analytics serve the purpose of elucidating the

employed to get insights into future events or outcomes®!. Machine learning algorithms are
classified into many categories based on factors such as learning capabilities, kind of input
and output data, and issue behavior. These categories include supervised learning,

unsupervised learning, reinforcement learning, and semi-supervised learning?2-3334,
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Types of Machine Learning Alsonthms

Supernsed Semi supervised | | Unsupervised Remforcement
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[ | ", [
Categonze datatn o 2| | Analysss the Riship Grouping sumilar variables || Probabilty of more
or more values hetween vanables mto | cluster 00CUITENCe
\,

Types of Machine Learning Algorithmg>*

2.1.4.1 Supervised Learning Algorithm

Supervised learning is &ymachine learning paradigm employed when data is characterized by
input variables of qualities, which are utilized to predict or generate a target or output value?®.
The algorithi, accomplishes this by acquiring knowledge from the input data and making
projectiQis*On the output value. Data pre-processing in supervised learning encompasses
several procedures, including but not limited to data cleaning, normalization, transformation,
feature extraction, and selection®’. The ultimate training set is obtained through the process of
data pre-processing. Supervised learning can be broadly categorized into two main types:

classification and regression®®
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Classification: Classification is a fundamental machine learning technique that involves the
utilization of labeled data to train a model, enabling it to categorize new data instances into
several predefined categories or classes®. The primary objective of classification is to
effectively and properly categorize the target class based on the provided input data®. The
most basic form of classification is binary classification. Several co Qﬂ used
classification techniques include logistic regression, several forms of decision {f€es, gradient

boosting machines, Naive Bayes, random forest, Support Vector s (SVM), multi-

QO

Regression: Regression is a specific type of sup j@eaming that focuses on predicting

layer perceptron, and K-Nearest Neighbor#®+!,

continuous numerical values. In regression, th is to establish a relationship between

input variables (also known as features% e output variable, allowing the algorithm to
make accurate predictions for new nts*24,

Regression algorithms are ﬂ@% used in various fields, including finance, economics,

healthcare, and more, fs@% such as predicting stock prices, estimating sales revenue, and

forecasting me@omes. In regression, the target variable is continuous and numerica®.

O

There a@%ious types of regression techniques, each suited to different types of data and
scenarios. Some common types of regression include linear regression, polynomial
regression, support vector regression, decision tree regression, and random forest regression*?.
During the training phase, the algorithm learns the relationship between the input features

and the target variable by fitting a regression function. The goal is to find the best-fitting
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function that minimizes the difference between the predicted and actual target values.
Regression is a fundamental technique in supervised learning that focuses on predicting
continuous numerical values based on the relationships between input features and the target

variable. It plays a crucial role in data analysis and decision-making across multiple

Decision Tree ( 0,

Decision Trees (DT) are a tree-like structure that sorts instances b feature values to

industries and domains.

classify them. Each branch of a decision tree indicates a val t@e node can accept, and
each node represents a feature in an instance to be classift %a group of observations that
make up a data set, decision trees try to establis a@ association between input values
and goal values. When a set of input values is f o have a strong link to a target value, all
of these values are grouped into a bin, w 'c}creates a decision tree branch. It begins with a
.
single root node that divides into s@ranches, each of which leads to other nodes, each
of which can split further or t@%te as a leaf node*.
N
Decision Trees a&%eral advantages:
Interpretabi%g

tool for @ining how decisions are made by the model**.

ccision Trees are easy to visualize and understand, making them a useful

Non-linearity: Decision Trees can capture non-linear relationships in data without requiring
complex mathematical transformations*.
Handling Missing Values: They can handle missing values in the dataset by using surrogate

splits.
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However, they also have some limitations:

Overfitting: Deep Decision Trees can overfit the training data, leading to poor generalization
on unseen data. This can be mitigated by pruning or using ensemble methods like Random
Forests®.

Instability: Small changes in the data can lead to significantly different trees, ma'&g them

unstable. Q
Bias towards Dominant Classes: In classification tasks, Decision Trees can @ed towards
dominant classes if not adjusted properly. To address some of thtations, ensemble
methods like Random Forests and Gradient Boosting we %@ed, which combine
multiple Decision Trees to improve performance and gen ion™®.
™

There are key equations and concepts involv the decision-making process within a
Decision Tree. ®

N
Information Gain: Information gai&@sures the reduction in entropy (uncertainty) achieved

by splitting the data based on a@g{cular feature**.

\

Information Gain= Entr ?)- ( ( )u- () 2.1

Gini Impurity: <! h® impurity measures the degree of impurity in a set of samples. It
ranges frorré(pure set, all samples belong to one class) to 0.5 (maximally impure set,

sampl& evenly distributed across classes).

.. _a._ C 2
Gini (P)= 1 iz1 Pi 2.2
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Logistic Regression
Logistic Regression is a statistical method used for modeling the relationship between a
binary outcome variable (dependent variable) and one or more predictor variables

(independent variables)*%47,

Logistic Regression model is a Machine Learning classification method (al@u ) ‘that is
used to forecast or predict the probability of a categorical dependent facQ“J n a logistic
regression model, the dependent variable is a binary that contalns d 0 d as 1 (yes, etc.)
or 0 (no, etc.)®. In other words, the logistic regression mode c s P(Y=1) as a function
of X. Logistic Regression is one among most popular @l models for categorical data,

especially for binary response data in data modellgg@stlc regression models can directly

predict probabilities (values that are restricte the (0,1) interval); furthermore, these
probabilities are well-calibrated in c on to the possibilities predicted by other

classifier models, like Naive Bayes‘”CB\gls ic regression preserves the marginal probabilities

of the training data. The mu@ of the model also gives some hints about the relative

importance of every inp:@ iable.

The equation f@isﬁc Regression can be described as follows:
Logit Tr ation: The logit transformation is used to model the linear relationship
bethredictor variables and the log-odds of the outcome being in the positive class®.
consider:

p as the probability of the event (positive outcome).

1 - p as the probability of the non-event (negative outcome).

The logit transformation is the natural logarithm of the odds ratio:
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' — P
logit (p) — log (1_p) 23
Linear Combination of Predictor Variables: In the logistic regression model, the logit of the

probability is assumed to be a linear combination of predictor variables*’:

Iogit (p) = BO + lel + BZXZ RIERRRERE + ann 24

where x1, X2, ...... Xn are the predictors variable *

Bo, B1,-.....B, are the coefficients associated with the predictor variables Q)

2. Sigmoid (Logistic) Function: The logit values are then transformed back % ababilities

using the sigmoid (logistic) function’: ’\(/
_ 1
P=T7——0 % 2.5

The sigmoid function —— takes a linear combination of@)res and transforms it into a

1+
value between 0 and 1, which represents the prob@@y of the positive class (in binary

classification) or the event of interest.

(&
Random Forest ®

Random Forest (RF) is an additional}\& rvised machine learning technique that may be
employed for both classiﬁcatic@ca regression tasks. Random Forest (RF) generates
predictions by aggregating@utputs of several decision trees, as its name suggests. A
random tree refers to %Qhat is constructed randomly from a given set of trees, where each

tree in the set(poss%

sés K random properties at every node®'. Consequently, every tree

possesses uivalent likelihood of being selected for sampling. The whole RF structure
0

was @%d in Figure 2.1 below.
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Instance
Random Forest

Tree-n

Clars-A Class-B Cla]s-B

Majority voting

N\
Figure 2.3: General RF Algorithm>2, b’b

In Random Forest, we have a collection oi@on trees (so known as “Forest”). To classify
a new object based on attributes, eac‘r@ ives a classification and we say the tree “votes”
for that class>. The forest choc%gfae classification having the most votes. Each tree is

planted & grown as fo%@he number of cases in the training dataset is P, then a sample

of P cases is taken a%l om but with replacement. As shown in figure 2.3, the tree consists
[ ]

of one root nod{_s}eral internal and leaf nodes. The internal node consists several leaf node

and this | de correspond to decision result. The final model of the random forest is

deciwy the majority votes produced by all individual decision trees>*.

If there are N input features, a number n<<N is specified such that at each node, n features
are selected at random out of the P and the best split on these m is used to split the node*.

The value of n is held constant during the forest growing
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1
MSE = = iN:l (f — yi)? 2.6
Where N is the number of data points in from given dataset,f; is the value returned by the

model and Y; is the actual value for data point i

K Nearest Neighbors classifier \

Is a simple machine learning algorithm that stores all available variables an Qﬁes new
variables based on a similarity measure (distance) KNN has bee gedlln statistical
estimation and pattern recognition as a non-parametric technique? cla551ﬁers use the
distance to classify to class with its neighbors and this dep oh the value of K. If K=1
means that the class is simply assigned to its neighbor by% distance function.

6’6

Knowing the correct optimal value K is b st controlling the data. In general, a high
value of K is more precise because itg&es the overall noise in your data but there is no
guarantee>. Cross-validation is &gmer way to consider a good K value by using an

independent dataset to vali \ K value. Historically, the optimal K for most datasets has

been between 3-10°°. @

A distance @ric, such as Euclidean distance, Manhattan distance, or others, is used to

mea&%%e similarity between data points in the feature space®. Commonly used distance

metrics include

Euclidean Distance: J =L - )2 2.7

Manhattan Distance: ~—~| 1 — 4] 2.8
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1

Minkowski Distance:( =1 =l )_ 2.9

KNN is relatively simple and has some advantages: They are Intuitive to understand and
implement, can handle multi-class classification and non-linear data, doesn't assume any
underlying distribution of data. However, it also has limitations: Sensitive to the choice of K
and the distance metric, computationally expensive, especially with large daﬁm, and
doesn't learn a model and might not generalize well in complex scenarios.Kl\Qthen used

for tasks where interpretability is important, or when the data distribut%s(nd well-defined

and linear methods might not perform well. EQ

GaussianNB classifier Q
The GaussianNB classifier is an established mac@(b%ming technique consisting of two
components: the Naive Bayes theorem %@aussian distribution®’. The Naive Bayes
formulas are commonly employed in\t& 1d of probability, particularly in scenarios where
the likelihood of event A needs t termined, given that event B has previously occurred.
The GaussianNB algorithn@lized to estimate the likelihood of a framework for training

dataset model ﬁtti@wn as maximum posterior, in the context of developing
e

classification p‘edi%zv

The ﬁeg!ian Naive Bayes (GaussianNB) algorithm employs a Gaussian distribution to

odels such as Bayes Naive and Bayes Optimal classifiers>®.

estimate the probability distribution of each feature inside each class, under the assumption
that the feature adheres to a normal distribution®®. The approach use Bayes' theorem in order
to compute the posterior probability of each class, given the input features. The anticipated

class is determined by assigning it to the class with the highest posterior probability®. The
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Gaussian Naive Bayes classifier calculates the class posterior probabilities using the

following formula®:

_ P(XIC). P (Ck)
P (CK|X) = T 2.10
where *
P (Ck|x) is the posterior probability of class Cx given features x. Q
P (X|Ck) is the likelihood of observing features x given class Cy < 0
P (Cx) is the prior probability of class Cx ’\

P (X) is the marginal probability of observing features P (X) (a n%ization factor).

Gradient Boosting Q
)

Gradient boosting is a machine learning metho that utilizes decision trees of fixed size
as base learners®!. This approach aims to e}g\%e the quality of fit for each individual base
learner. The Gradient Boosting n\é%@: a classification technique that involves the
sequential construction of tree@th are then evaluated and compared to one another using
mathematical scores f@z. In contrast to bagging techniques such as Random Forest,
Gradient Boostings\@{nethodology that prioritizes the iterative enhancement of a model's
deﬁciencies&gﬁ achieved by modifying the weights assigned to training instances, with a
particul@phasis on those that were inaccurately identified in the preceding iteration.
N/

The fundamental models employed in Gradient Boosting often consist of shallow decision
trees, commonly known as "weak learners®." Typically, these arboreal specimens have a

diminutive stature, characterized by a limited vertical extent and a sparse distribution of

branches. The ensemble in Gradient Boosting is constructed in an iterative manner. During
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each iteration of the boosting process, a new weak learner is trained with the objective of
rectifying the faults caused by the preceding ensemble of models®’. During each iteration, the
training instances are allocated weights according to their performance in the preceding
rounds. Instances that were misclassified or had larger errors are assigned more weights, so

directing the new weak learner's attention towards rectifying those specific flaws®.

Gradient Boosting can be conceptualized as an optimization procedure in i@ space that
resembles gradient descent®. The loss function is minimized thr iterative process

wherein new models are fitted to the negative gradient of tf loss, taking into account the

preceding ensemble's predictions. Q
™
Gradient Boosting incorporates various techni %émitigate the issue of overfitting. These
techniques encompass constraining the d&h individual trees, employing a learning rate to
.

regulate the influence of each wea&(%ner, and injecting randomness during the creation of
trees®. Gradient Boosting Ps@ le of operating with a diverse range of loss functions,
which are selected basb@n he specific nature of the task at hand. In regression tasks, the
Mean Squared SE) is frequently employed as a standard metric. Log loss, also
known as c@- tropy, is frequently utilized in classification problems. The process of

boo@teraﬁvely executed until a predetermined number of iterations have been

accomplished or until a specific level of performance has been achieved®.

gt (x) = E, [&p(y, (O

2.11
o(f(x) | ]f(x):ft—lx
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Support Vector Machine

Support Vector Machine (SVM) is a powerful and widely used supervised machine learning
algorithm for classification and regression tasks. Its main focus is on finding the hyperplane
that best separates different classes in a feature space®. Given a set of labeled training data,
where each data point xi is associated with a class label yi (either +1 or -1), S aims to
find a hyperplane that maximizes the margin between the two classes wh@%ﬂmng
classification errors®®. The hyperplane is defined by the equation®:

W.X+b=0 2.12

&

w is the weight vector perpendicular to the hyperplane. Q

x is the input feature vector. ; ’b

b is the bias term.

The distance between a data point xi an @/perplane is given by:

|w . x+b=0]| \

foe2= \C—) 2.13

The goal of SVM is to ﬁn(@r erplane that maximizes the margin, which is the distance

between the two classes' est data points (support vectors) to the hyperplane.

D"
C
Regressio b

Reg function is used to find the relationships between two or more features and use
this relationship to classify the target value. For example, when there are two variables and
one variable increases the other variable may also increase or decrease, or vice versa. Based
on this, each variable has a positive or negative relationship. The regression can be grouped

into linear and logistic regression.
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Linear Regression

Linear regression is a statistical technique employed to establish a linear association between
one or more variables. There are two distinct types of linear regression, namely simple
regression and multiple regression®®. Linear regression is a fundamental and extensively
employed technique in the field of machine learning. This approach entails th. Q%aion of
mathematical principles to do predictive analysis. Linear regression is a statistical technique

that enables the estimation of continuous or mathematical Variables“Q

Linear regression is a widely employed supervised macht aQing approach that is utilized
to make predictions about a continuous numerica o%Qcommonly referred to as the target
or dependent variable. These predictions are mal considering one or more input features,
which are known as independent varia gghe model establishes a linear equation to

represent the connection between t t variables and the corresponding output.

The equation for sim %r regression, which involves only one input feature, can be

expressed as: '@
&

y=Bo+B

Where: fb
e\/

y is the predicted output (target variable).

2.14

x is the input feature.
Bo is the intercept (the value of y when x is 0).

[31 is the slope of the line (represents how much y changes when x changes by 1 unit).
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€ is the error term, representing the difference between the actual output and the predicted
output. It accounts for unexplained variability and measurement errors.

In the case of multiple linear regression, with p input features, the equation becomes:

Y =Bo+PiXg +Baxa+ ...+ Ppxp +E 2.15

. Q*

X1, X2,....,Xp are the individual input features.

B1, B2,......Bp are the coefficients (parameters) associated with each inp&fecglyz.

O

2.1.4.2 Unsupervised Learning Algorithm O$

Unsupervised learning, as opposed to supervised learning@ form of machine learning that
is capable of discovering novel patterns withibﬁ@otated data. In order to use the
extensive quantity of unannotated data, uns@d learning methods are utilized to acquire
complex, highly non-linear models g@ng millions of parameters®’%, The objective of
unsupervised learning algorithms Q(@\acquire knowledge and group unannotated datasets
into clusters. These algorith. gﬁt capable of detecting concealed patterns or clusters within
data sets without the n%or human intervention®’. Unsupervised Machine Learning (ML)
techniques can(éi{&eg rized into two main types: clustering and association, as depicted in
Figure 2.369©supervised learning is highly advantageous in the context of exploratory data
anal)%%ata preparation, and extracting valuable insights from extensive and intricate

datasets.

Clustering
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Clustering refers to the procedure of categorizing similar entities into a unified cluster. In
order to consolidate similar entities into a cohesive cluster, the algorithms acquire knowledge
of the underlying patterns present within the input data’. Cluster analysis is a discipline that
involves the systematic examination of techniques and algorithms utilized for the purpose of
categorizing or clustering items, taking into consideration their shared characteristics and

%\/leans

similarities. The prevalent clustering algorithms in machine learning encom Q

Clustering, Mean-Shift Clustering, Hierarchical Clustering, and Spectral Clysterifig’®’!.

Association i N

Associative learning is a type of unsupervised rule-bas@ ine learning that identifies
significant relationships between features in a atza7 . K-means clustering, hierarchical

clustering, and Self Organizing Map(SO Vl! a most prevalent unsupervised Machine

learning techniques’’4, *

2.1.4.3 Semi Supervised L Algorithm

Semi-supervised leami%%s to a machine learning approach that involves the integration
of both labele '@labeled data sets’. Semi-supervised learning is a computational
approach t@ tegrates elements of both supervised and unsupervised learning
met od@s”’%. The availability of labeled data is constrained whereas the volume of
unlabeled data is substantial. The semi-supervised strategy addresses the issue of limited
availability of labeled data by initially employing unsupervised learning to cluster the
unlabeled data, followed by utilizing supervised learning to assign labels to these clusters

based on the labeled dataset’>. This methodology involves the integration of a limited
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quantity of labeled data, which consists of data with predetermined outputs, with a more
extensive quantity of unlabeled data, which lacks predetermined outputs, for the purpose of
constructing a model. The objective is to utilize the unannotated data in order to enhance the
efficacy of the model in tasks that include a scarcity of annotated data’®.
Semi-supervised learning encompasses a diverse range of algorithms and appro cQA
Self-Training: Self-training is a simple approach where a model is trained t@abeled data

and then used to predict labels for the unlabeled data’’. The predicte@ for the unlabeled

data are then added to the labeled dataset, and the model is ftr ined. This process iterates

until convergence. Q
N\

Co-Training: Co-training involves trainin, ’?models using different subsets of
features and then using each model to pre&%labels for the unlabeled data. Instances that are
confidently predicted by both mo@e added to the labeled dataset. Co-training is often
used for cases where the inpu& es can be divided into distinct and informative subsets’s.

Semi-Supervised Supmé%tor Machines (S3VM): S3VM extends traditional Support
Vector Machin @p to incorporate unlabeled data during training’. It aims to find a

decision boﬁl that separates the labeled data while using the unlabeled data to optimize

the ar@rb

Generative Models: Generative models, such as Generative Adversarial Networks (GANs)

and Variational Autoencoders (VAEs), can be used in a semi-supervised manner’. By
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training the model to generate realistic data samples, you can also use it to assign labels to
unlabeled data based on their generated features.

Pseudo-Labeling: Pseudo-labeling involves training a model on the labeled data and then
using this model to predict labels for the unlabeled data”. The predicted labels are treated as
pseudo-labels and used as if they were true labels for the unlabeled data during s&ﬁequent
training. Q
Transfer Learning: Transfer learning techniques, which often involve pretr@a model on
a related task or dataset with a lot of unlabeled data, can be used in @1 supervised way®’.

The pretrained model can then be fine-tuned on the limite@D ed data available for the

target task. Q

Semi-supervised learning is particularly useful whérv@‘ning large amounts of labeled data

is expensive or time-consuming, as it allows utilize the wealth of unlabeled data to

improve model performance. However, @ires careful consideration of how to effectively
incorporate the unlabeled data into {%&aming process while avoiding potential pitfalls like
label noise from the pseudo-ia{%g'data.

2.1.4.4 Reinfor e@“earning Algorithm

Reinforcement ledrning is a subfield of machine learning that involves the development of a

trai 'ng@ess that relies on the application of rewards to reinforce desired behaviors and

penalties to discourage undesired actions®!.
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During the learning process, an artificial agent is subjected to either rewards or penalties
based on its exhibited actions. The reinforcement information exchange is depicted in Figure
2.3%1,

Reinforcement Learning (RL) is a machine learning paradigm that centers on the training of
agents to make a series of decisions within an environment with the objective of maximizing
a cumulative reward. In the field of Reinforcement Learning (RL), an auto Q&uagent
acquires knowledge and skills by active engagement with its surroun 'nggvironment,
wherein it interacts with the environment and subsequently receivative feedback in
the form of incentives®?. The primary objective of the age 's%acquire knowledge of a

policy that establishes a correspondence between sta@ actions, with the aim of

optimizing the anticipated cumulative reward over;a g@lime period.

O

Key components and concepts of reinforg\ebt learning include:
.
Agent: The learner or decision-ma@t interacts with the environment.
Environment: The external w@ith which the agent interacts and learns from. It provides
the agent with states, aﬂ@gent selects actions based on those states.
State: A represe t@f the current situation or configuration of the environment.
Action (a): Fhe choices that the agent can take in a given state. The actions may have an
imp%@ environment.

Policy (m): A strategy that the agent follows to select actions in different states. It defines the

agent's behavior.
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Reward (1): A scalar feedback signal provided by the environment to the agent after taking an
action in a specific state. The reward indicates the immediate benefit or cost of the action.
Value Function (V): The expected cumulative reward that an agent can obtain from a given
state while following a specific policy. It helps the agent evaluate the desirability of states®?.
Q-Function (Q): The expected cumulative reward that an agent can obtain from a specific

state-action pair while following a specific policy. It helps the agent determine fEQest action

to take in a given 8!, (/

N
O
Reinforcement learning algorithms can be categorized into thr %ypes:
Model-Based Algorithms: These algorithms build an int odel of the environment and
use it to simulate the effects of different acti n%%ley then use planning or search
techniques to find the optimal policy. ’gb
Model-Free Algorithms: These algorithm }ﬁectly learn policies or value functions without
explicitly modeling the environme{&eaming and SARSA (State-Action-Reward-State-
Action) are examples of mc&k@algorithms%“.

N

Policy Gradien@ms: These algorithms directly optimize the policy by adjusting its
parameters %ﬂ rease the expected cumulative reward. They often use gradient ascent
tech. iq@%update the policy in the direction of higher rewards®S.
Reinforcement learning has applications in various fields such as robotics, game playing,
autonomous driving, recommendation systems, and more. It is particularly suitable for
scenarios where the agent learns from trial and error through interactions with the

environment.
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l

State (

Agent L Environment
Reward
Overview of Reinforcement Learning®‘. Q\)
2.1.4.5 Performance Metrics Q

Machine learning performance metrics are @itative measures used to assess the
effectiveness and quality of a machine lea@ model's predictions. These metrics provide
insights into how well a model is p?%\ ing and help in making informed decisions about
model selection, parameter, ‘Q% and overall model improvement. Different types of

machine learning task@s classification, regression, and clustering, require different

performance metris&
C
Precisi@

Precm is a performance metric used in binary classification to quantify the proportion of
correctly predicted positive instances out of all instances that were predicted as positive by
the model®’. In other words, it focuses on the accuracy of the positive predictions made by
the model.

Mathematically, precision (P) is calculated using the following formula:
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Precision (P) = e ) ) 2.16

Where:

TP (True Positives) represents the number of instances that are actually positive and were
correctly predicted as positive by the model.

FP (False Positives) represents the number of instances that are actually negativw were
incorrectly predicted as positive by the model. OQ
Precision ranges between 0 and 1, where: ’\(/

P =1 indicates perfect precision, meaning that all positive predi made by the model
were correct. O

P = indicates that the model's positive predictions were a@orrect.

A higher precision value is desirable when the 6 false positives (predicting positive

when it's actually negative) is relatively hig@

Accuracy é
Accuracy is a common per@ce metric used in classification tasks to measure the overall

correctness of a mo l\gredictionsgg. It represents the proportion of correctly classified
instances out o@a instances in the dataset.

Mathema%@ Accuracy (ACC) is calculated using the following formula:
Acah\g(ACC) - e 2.17

Where:

Correct Predictions is the number of instances that were correctly classified by the model.
Total Predictions is the total number of instances in the dataset.

Accuracy values range between 0 and 1, where:
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ACC =1 indicates perfect accuracy, meaning that all predictions made by the model were
correct.

ACC =0 indicates that none of the model's predictions were correct.

While accuracy is a straight forward and widely used metric, it might not be suitable for
imbalanced datasets where one class is much more prevalent than the other. In such cases, a
high accuracy can be misleading because the model might be performin Qﬁn the
dominant class but poorly on the minority class®. Additionally, accuracy\might not be the
best metric for certain types of problems where the cost of misclas@’&t)n varies between

classes. In such situations, other metrics like precision, rec %ore, or area under the

ROC curve (AUC-ROC) might provide a more info assessment of the model's

performance®®. 6(6Q
®%

Recall, also known as Sensitivity @\'ue Positive Rate, is a performance metric used in

Recall

binary classification to mea roportion of actual positive instances that were correctly
predicted as positive b%@del”. It focuses on capturing the model's ability to identify all

ositive instanc less of how many false positives it may predict®®.
p \ y p yp

Mathematically, recall (R) is calculated using the following formula®:

fb True Positives (TP
Recall (R} _ (P)__ 2.18
True Positives (TP) + False Negatives (FN)

Where:

TP (True Positives) represents the number of instances that are actually positive and were

correctly predicted as positive by the model.
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FN (False Negatives) represents the number of instances that are actually positive but were
incorrectly predicted as negative by the model.

Recall values range between 0 and 1, where:

R = 1 indicates perfect recall, meaning that the model correctly identified all positive
instances in the dataset.

R = 0 indicates that the model failed to identify any of the positive instances. Q*

Recall is particularly important when the cost of false negatives (no:@% a positive
S

when it's actually positive) is high. For instance, in medical diagnos@f ling to diagnose a

disease could have serious consequences. : S ’

F1-Score be

The Fl-score is a performance metric used ary classification that combines both
precision and recall into a single value N provides a balanced measure of a model's

accuracy by considering both the ‘w@asitlve rate (recall) and the positive predictive value
(precision). . @

Mathematically, the Flssc Q(Fl) is calculated using the following formula®':

F1-Score (F1) %

Where: ’bb

Preck'{);&s the proportion of true positive predictions out of all positive predictions,

2.19

calculated as %, where (TP) is true positives and (FP) is false positives.

Recall is the proportion of true positive predictions out of all actual positive instances,

P

calculated as T+ @

where (TP) is true positives and (FN) is false negatives.

The F1-score ranges between 0 and 1, where:
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( F1 = 1) indicates perfect precision and recall, meaning that all positive predictions are
correct and all actual positive instances are identified.

( F1 = 0) indicates that either precision or recall (or both) is zero, representing poor model
performance®’.

The F1-score is particularly useful when dealing with imbalanced datasets or when both false
positives and false negatives have significant implications. It helps strike a ba Q%’ween
making accurate positive predictions and identifying as many actual positive=instances as
possible. It's important to consider the F1-score alongside precision@{gall to make well-

informed decisions about model performance, especially whf there's a need to balance the

trade-off between different types of errors. Q

Receiver Operating Characteristic (ROC) ’bb
The Receiver Operating Characteristic (g})curve is a graphical representation of a binary
different discrimination thresholds®>%. It illustrates

classification model's performance {&3&8

the trade-off between the t ve rate (recall) and the false positive rate as the decision
threshold for classifyingéline and negative instances is varied.

Mathematically ﬂ\@‘: curve is created by plotting the True Positive Rate (TPR) on the y-
axis and the&s ositive Rate (FPR) on the x-axis as the threshold for classifying positive

inst@djusted. The formulas for TPR and FPR are as follows®*:

True Positive Rate (TPR) = ) 2.20

+

Where:
TP (True Positives) represents the number of instances that are actually positive and were

correctly predicted as positive by the model.
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FN (False Negatives) represents the number of instances that are actually positive but were
incorrectly predicted as negative by the model.

FP (False Positives) represents the number of instances that are actually negative but were
incorrectly predicted as positive by the model.

TN (True Negatives) represents the number of instances that are actually negative and were
correctly predicted as negative by the model. Q&

The ROC curve starts at the point (0,0), which corresponds to a threshold \@1 instances
are classified as negative. As the threshold increases, the true positié%‘and false positive
rate change, and the curve traces the path from the lower-lef‘[Sl the upper-right corner

of the plot. A diagonal line connecting the points (O@n (1,1) represents a random

classifier®>. (bQ

The area under the ROC curve (AUC-ROC) is {Qmon metric used to quantify the overall
performance of a binary classification @ AUC-ROC values range between 0 and 1,
where®?: \(_;\\'

AUC-ROC =1 indicates a pe\fekgfassiﬁer.

AUC-ROC=0.5 indica&@ ndom classifier.

AUC-ROC bet e)\@sand 1 indicates varying degrees of classification performance.

The ROC cynye provides a visual way to assess the performance of a classification model
and el@omparing the trade-off between true positive and false positive rates at different
threshold settings®®. The AUC-ROC metric summarizes the overall quality of the model's

predictions across all possible threshold values.

Area Under the Precision-Recall Curve (AUC-PR)
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The Area Under the Precision-Recall Curve (AUC-PR) is a performance metric used in
binary classification to quantify the overall quality of a model's predictions, with a specific
focus on the trade-off between precision and recall®®. Unlike the ROC curve, which focuses
on the trade-off between the true positive rate (recall) and the false positive rate, the PR
curve considers the trade-off between precision and recall. The PR curve is created by
plotting precision on the y-axis and recall on the x-axis for different threshol ings. The
AUC-PR is then calculated as the area under this curve®. (/
N

O
Mathematically, the AUC-PR can be approximated using vari u%hods, but one common
approach is to use numerical integration, such as the trape le95.
1. Sort the instances based on their predicted ob&%ties or scores from the model in
decreasing order. ’58
2. Calculate the precision and recall forsi mreshold setting, using formulas:
SE Q\C)\
(TP) ° A

Calculate the diffg@n recall (A Recall) for consecutive threshold settings.

Precision=

Recall =

Calculate thg&@ge precision (AP) using the precision values and A Recall values®:

AP= Q’b x ARecal)

The BIC—PR is then calculated as the sum of the products of precision and A Recall values,

normalized by the maximum possible value of AP:

AUC-PR =

)

The AUC-PR value ranges between 0 and 1, where:

63



AUC-PR =1 indicates perfect performance, meaning that the model achieves high precision
and high recall across different threshold settings.

AUC-PR= 0 indicates poor performance, where either precision or recall (or both) are low.
The AUC-PR is particularly useful when dealing with imbalanced datasets or when there's a
focus on positive class prediction®®. It provides insights into how well the model is
performing across various levels of positive class prevalence. AUC-PR s &s the
performance of a binary classification model in terms of precision and\recall trade-offs,

providing a comprehensive view of its effectiveness, especially in s where the class

QO

2.2 Methodological Review (bQ

distribution is skewed.

This section gives a theoretical background of in classification algorithms used in this

study. \
S

2.2.1 Gradient Boosting Clgs@

The theoretical under%@s of the Gradient Boosting Classifier entail the iterative
optimization of a @unction by the consecutive addition of new weak learners. These

learners are é&ﬁtally designed to rectify faults caused by the ensemble of previous models.

The afo@x

accukfacross a diverse set of classification tasks®’.

1oned procedure yields a robust prediction model that exhibits a high level of

The Gradient Boosting Classifier is a widely used ensemble learning method that constructs a
predictive model through an iterative process of aggregating the outputs of weak learners,
such as decision trees®?. This approach is designed to specifically address and rectify the
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faults made by the preceding models. The fundamental principle underlying gradient

boosting involves the optimization of a loss function that is differentiable®>%. This is

achieved by iteratively updating the parameters of the model in a manner that minimizes the

gradient of the loss. The following are the fundamental mathematical equations that underlie

the Gradient Boosting Classifier.

1.

%F ),

Loss Function: Gradient Boosting begins with defining a loss functio
where y is the true target value and F(x) is the current model's predic(’oné [he goal is
to minimize this loss function. Common loss functions for clas@n include log loss

(cross-entropy) for binary classification and multin(@ eviance for multi-class

classification. Q

nt(— dL(y, F(x)

5F00 ) of the loss function

Negative Gradient (Residuals): The negativ

with respect to the current prediction é\@fg‘[s the residuals, which indicate the errors
that need to be corrected®®. These @sals are used to train the new weak learner.

Weak Learners (Base Mo@{:—l\]radient Boosting uses a sequence of weak learners,
often decision trees. E%\y k learner is designed to predict the negative gradient of the
loss function with,re$péct to the model's current prediction®?.

Initializaté}%e process starts by initializing the model's predictions, often with a
simpl@mator like a decision stump (a single-level decision tree)®.

E{a/%’ent Descent: In each iteration, a new weak learner is fit to the negative gradient of

the loss function with respect to the current model's predictions®’. The negative gradient

points in the direction of steepest decrease in the loss function.
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6. Learning Rate: A learning rate (also known as shrinkage) scales the contribution of
each new model to the ensemble®®. A smaller learning rate can help prevent overfitting
but may require more iterations to achieve good performance.

7. Update Ensemble Predictions: The predictions of the ensemble are updated by adding
the scaled predictions of the new weak learner. The learning rate controls how much the
new model's predictions influence the ensemble (Learning Rate x Qv odel
Prediction)®2. QJO

8. Iteration: Steps 3-6 are repeated iteratively, with each new ming to correct the
errors of the previous ensemble®®,

9. Final Prediction: The final prediction of the Gradie@y sting Classifier is the sum of

the predictions from all individual models, eag@ by the learning rate.

®%

The Gaussian Naive Bayes (NB) G}ﬁer 1s a machine learning algorithm that operates on

2.2.2 Gaussian Naive Bayes (GNB)

the idea of Naive Bayes. It n&%e assumption that the features of the data are distributed
according to a Gaussi&@%nal) distribution within each class®’. The technique is well-
suited for hand@inuous data and is characterized by its simplicity and efficiency in
classiﬁcatio@s S.The Gaussian Naive Bayes (GNB) classifier is a probabilistic method
com, o%rgqployed in machine learning for the purpose of classification. However, it is
specifically tailored to handle continuous data by making the assumption that the features
adhere to a Gaussian distribution. According to®’>% the Gaussian Naive Bayes (NB)

classifier's theoretical model encompasses the following components:
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The Probability Density Function (PDF) that characterizes the Gaussian distribution is as

follows: The Gaussian Naive Bayes classifier makes the assumption that the feature

distributions of each class follow a normal (Gaussian) distribution®. The utilization of the

Probability Density Function (PDF) of a Gaussian distribution is employed for the estimation

of the probability of a feature value, given a specific class.

According to”, for a feature ‘X' and a class 'C", the PDF of the Gaussian @ion is
C

given by®’:

- S
PXIC) =7 % 2.21
Where: Q

1s the mean of the feature values for class 'C". ’b

O

1s the variance of the feature values for (%\QC‘.

B

Naive Bayes Principle: The Naive@res principle assumes that features are conditionally
independent given the clas%@other words, the presence or absence of a particular feature
doesn't influence th@ce or absence of any other feature, given the class label. This

[ J
assumption sirr(li/%ot

Likelihood @nation: For each feature and class, the Gaussian NB classifier estimates the

calculations and allows for efficient estimation.

mea\/%d the variance from the training data®. These parameters are then used in the
PDF to compute the likelihood of a feature value given a class.
Prior Probability: The prior probability P(C) of each class is estimated from the training data.

It represents the overall likelihood of each class occurring in the dataset.
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Posterior Probability: Using Bayes' theorem'%, the posterior probability P(C|X) of each class
given a feature vector X is calculated. This is the probability that an instance with feature
values X belongs to class C.

Classification: For a given feature vector X, the Gaussian NB!°! classifier calculates the
posterior probabilities for all classes and assigns the class with the highest&sterior

probability as the predicted class.
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Advantages of Gaussian NB Classifier

1. Suitable for Continuous Data: GNB works well with continuous feature data that follows
Gaussian distribution.

2. Fast and Simple: It's computationally efficient and doesn't require complex parameter
tuning.

3. Handles High Dimensions: GNB can handle high-dimensional data wé@to its

conditional independence assumption. <

Limitations of Gaussian NB Classifier %Q
h

Strong Assumption: The assumption of Gaussian distributio@g

g QQ

1. Independence Assumption: The independence a&tion might not be valid in some real-

world scenarios. @

2. In ability to Capture Complexieg%tm hips: GNB can't capture complex relationships

not hold for all types of

between features. . @
Q
2.2.3 Random Forest

The Random F rithm is a supervised ensemble technique that leverages a multitude
of decision @s 0 provide predictions'®. The Random Forest algorithm is a classification
met od@ omprises a collection of tree-based classifiers. These classifiers are constructed
using independent random vectors that are identically distributed. Each tree in the Random
Forest assigns a unit vote to the most prevalent class for a given input, denoted as x'®. A
randomly produced vector, which is independent of the previously generated random vectors

from the same distribution, is utilized to construct a tree using the training set. From this
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process, an upper bound is derived for Random Forests in order to estimate the generalization
error based on two parameters'®!%, The precision and interconnectedness of separate

classifiers have been extensively studied.

Training Training Training
Data Data eoe Data
1 2 n

Training ¢ ¢ /\(/ 1
Set Decision Decision %Q Decision

Tree Tree Tree
| \& "
Voting

N (averaging)
LY
Q.}(') Prediction

Random Forest Flow Cha v YA

Test Set

In order to obtain vario bsets of samples, the bootstrap method is employed. Each subset
of samples is tl‘Ql} d to construct a Decision Tree. Subsequently, several Decision Trees
are aggrega@to form a Random Forest. The classification conclusion of the sample is
deteﬁ@ through a voting process on the Decision Tree'. In academic research, it is
common for researchers to enhance the precision of a classifier by iteratively refining its

parameters and reducing the interdependence across several classifiers.
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The Random Forest algorithm is utilized in the classification process to collectively reduce
the impact of classification errors from each individual base classifier. This is achieved by
employing a common distribution of errors, resulting in the overall decrease of the
classification effect. The test features are utilized to apply the rules of each randomly

generated Decision Tree in order to predict the outcome and thereafter record the a tlclpated

result (target). Calculate the number of votes received for each projected ta The
final prediction from the Random Forest algorithm can be regarded as th ipated goal
with the highest number of votes. Q

N\

Dataset

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Majority Voting / Averaging

Final Result

Random Forest Training Flow Chart!%,
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The RF algorithm is very efficient, as it handles datasets that contain continuous variables, as
well as categorical variables robustly. An RF classifier contains subsets of various tree
classifiers{ ( , ), = , ,..}wherethe are independently and identically distributed
random vectors, with each tree being able to specify the modal class at input !'%. The
performance index, which solely approximates the confidence interval (CI) of the Xmodel
is given as ) (\Q
¢(,o)= Coe)y=)-mx ((0)=) 2.22
where (.) denotes an indicator function, and  (.), the average value. It is observed that as

the margin increases, the confidence level also increases. The generalisation error becomes

= ( (,)<0), 2.23

(0‘
Advantages of the RF Algorithm ’bb

1. High Accuracy: Random Fore\\ n provides greater accuracy compared to other
algorithms and works effe@ with large datasets.

2. Efficient Handlin@h Dimensionality: It can manage thousands of input
variables quic yg effectively.

3. Featur@l’t nce: RF provides insights on which variables are most and least
si %ﬂt in classification, aiding feature selection.

J@fndles Missing Data: It offers techniques to estimate incomplete data, maintaining
model performance despite missing values.

5. Robust to Missing Details: RF can handle missing information without a significant

loss in accuracy.
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6. Prototype Generation: Prototypes generated within the model provide metadata on
the relationships between variables.
7. Variable Interaction Analysis: RF allows for the examination of complex

relationships between variables.

Disadvantages of the RF Algorithm *
1. Risk of Overfitting: Overfitting can occur, particularly with regress ona
single dataset if hyperparameters are not carefully tuned. /\
2. Challenges with Multi-Dimensionality: RF struggles wi Qvalued or multi-

dimensional attributes, favoring categorical variables @ distinct levels.

2.2.4 Decision Tree Q
O

Decision trees are widely employed in sev ra ins, including machine learning, image
processing, and pattern recognition, du ir considerable efficacy. Decision Trees (DT)
are a sequential model that effecti %coheswely combines a number of fundamental
tests, wherein a numeric feah&gfompared to a threshold value in each test!!?. Constructing
conceptual rules is oft@ dered to be a less complex task compared to determining the
numerical wei t%@%n the neural network of interconnected nodes. DT is mostly utilized
for the pu@e of categorization. Furthermore, Decision Trees (DT) are commonly
emp oy@ a classification model in the field of Data Mining. The components of each tree
consist of nodes and branches!'?. In this context, it can be observed that each individual node
serves as a representation of distinct features within a given category that is subject to

classification. Furthermore, it is worth noting that each subset within this framework

delineates the potential range of values that can be assumed by the respective node. Decision
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trees have been widely applied in several fields due to their straightforward analysis and

ability to accurately handle diverse forms of input.

Decision Node

\

Leaf Node Leaf Node Decision Node Leaf Node
) \
Leaf Node Leaf Node

Figure 2.7. Decision Trée Rlow Chart!".

Types of D%isgn/l‘ree Algorithms:

There e@erious types of Decision Tree (DT) algorithms, including Iterative Dichotomies
3 (ID3)YSuccessor of ID3 (C4.5), Classification And Regression Tree (CART), CHi-squared
Automatic Interaction Detector (CHAID), Multivariate Adaptive Regression Splines
(MARS), Generalized, Unbiased, Interaction Detection and Estimation (GUIDE),

Conditional Inference Trees (CTREE), Classification Rule with Unbiased Interaction
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Selection and Estimation (CRUISE), and Quick, Unbiased and Efficient Statistical Tree

(QUEST)!1°.

In the context of decision algorithms, entropy and information gain are utilized as metrics to
assess the level of impurity or unpredictability present in a given dataset. The entropy value
is constrained between the range of 0 and 1. The optimal value is achieved Q&t:quals
zero, and the suboptimal value is attained when it deviates from zero. In, oth&f words, the
closer the value is to zero, the more desirable it becomes. As depi@n Figure 2.7. In the

context of the study, if the focus of investigation is the target s ’

: 2.24

Entropy (S) = _, Pilog 2P Q

Where P; is the ratio of the sample number of the %MB nd i-th attribute value.

®%

The DT algorithm is part of the su@ed learning algorithm family, and its main objective

Benefits of Decision Tree

is to construct a training m %at can be used to predict the class or value of target

variables through leam}nbgcision rules inferred from the training data. The DT algorithm

can be used to (.:\\%

i. solve re@ssmn and classification problems

ii. % o comprehend

iii. Quickly translated to a set of principle for production

iv. Can classify both categorical and numerical outcomes, but the attribute generated must
be categorical

v. No a priori hypothesizes are taken with consideration to the goodness of the results
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However, DT has some draw backs which include;

i. The optimal decision-making mechanism can be deterred and incorrect decisions can

S

iii. For more training samples, the decision tree's calculation compl@ y increase

O

2.3 Review of Related Work Q

follow

ii. There are lots of layers in the decision tree, which makes it interesting

This section reveals what several authors have c@ significantly to the development

®%

In a study where an Artificial Ne{ﬁ&twork algorithm was utilised to construct a loan

of loan prediction system.

prediction system, the resm&% found that. The system was developed and put into
operation utilising Py@% the programming language, Hypertext Markup Language
(HTML), and C g Style Sheet (CSS) for the front end, and then PHP as the backend.
When deternai gqhe system's level of accuracy, the confusion matrix was also utilised by
the st@% one of the performance measures. The outcome of the test demonstrated that
the system had an accuracy rate of 92%; this demonstrated that the developed system
projected correctly and was able to determine whether a potential borrower would be able to
repay the loan or not. The technology is also able to determine whether or not a loan will be

paid back poorly by the debtor. In the end, the system was evaluated in terms of its accuracy
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in comparison to other studies that had been conducted previously, and it was determined
that the suggested system performed significantly better than the studies that had been

conducted previously!'.

In another study, different machine learning approaches were utilised to determine a
customer's eligibility for a loan. These strategies were employed in order &we the
prediction. Data on customers is gathered from a variety of banks, and a@g granted to
customer profiles in order to perform an analysis of the data based @hin factors that are
required for integration with machine learning strategies. e%nine learning strategy,
which involves analysing the data and providing the resu@a d on the customer profile in
order to approve loans, is the most sophisticate np@’ compared to the more traditional
loan approval-based methods. Cleansing the dat ecting the most important attributes, and
evaluating the effectiveness of several r&c}ﬁe learning approaches (decision tree, random
.
forest, support vector machine, K@est neighbour, and decision tree with AdaBoost, to

name a few) in determining’v@%r or not a customer is eligible for a loan are the primary

goals of the project. 3@%61 is trained using the train dataset, and then the model's

performance is EV@ using the test dataset. The data are first partitioned into the training
rts.

and testing 6

adaboo nique provided a higher level of accuracy compared to the other models that

he findings indicate that the ensemble model decision tree with the

were deployed!'2.

A number of different machine learning algorithms that predict whether or not a loan

application will be approved are compared and contrasted in this study. Random Forest

77



Classifier, K-Nearest Neighbours Classifier, Support Vector Classifier, and Logistic
Regression are some of the classification techniques that have been investigated. Exploratory
data analysis and feature engineering are the two processes that are used to prepare the
dataset. When evaluating the effectiveness of each method, we look at many statistics, such as
accuracy score, F1 score, and ROC score.According to the data, the Random Forest
Classifier had the best accuracy, scoring 98.04 percent. This was followed by Q(- earest
Neighbours Classifier (78.49 percent), Logistic Regression (79.60 perc%gld Support
Vector Classifier (68.71 percent). These findings emphasise the pot &or algorithms that
use machine learning to improve the process of loan appro %ower the likelihood of
loan defaults. In general, this study sheds light on the e@ of several machine learning
algorithms for the prediction of loan acceptan e,(@h might be helpful for financial
organisations looking to improve their decisjon- g process' .
P
In a study employing machine lealiﬁa?to predict whether or not a loan would be approved.
The Logistic regression mod'e&gémployed for the study. The data is obtained from Kaggle
and then used for the\@?ses of studying and making predictions. Logistic Regression
modelling has % ied out, and the various performance metrics have been obtained.
®

Comparison@

spec@rgevaluate their relative merits. The culmination of the research has revealed that

e models are made using performance metrics such as sensitivity and

the model generates a variety of findings. The model is only slightly superior because it takes
into account variables (personal characteristics of customers, such as age, purpose, credit
history, credit amount, credit duration, etc.) in addition to checking account information,

which reveals a customer's level of wealth. These variables should be taken into account in
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order to accurately calculate the likelihood that a customer will default on a loan. Therefore,
by employing a method known as logistic regression, the appropriate clients to be targeted
for the provision of loans can be simply identified by assessing the likelihood that they will

default on those loans!'4.

In a piece of research that made use of four different classification-based ma Q Iearning
algorithms, namely Logistic Regression, Decision Tree, Support Vector chine, and
Random Forest, the Support Vector Machine approach was found t@ most accurate in

predicting whether or not a loan application would be approvzf“ .

Another similar study aimed to predict acceptancE &@)ank loan offers using the Support

Vector Machine (SVM) algorithm. In this conte M was used to predict results with four
kernels of SVM, with a grid search algorithth for better prediction and cross validation for
much more reliable results. Resear@fdlngs show that the best results were obtained with a
poly kernel as 97.2% accura& the lowest success rate with a sigmoid kernel as 83.3%

accuracy. Some precisiﬁ@ recall values are lower than normal ones, like 0.108 and 0.008

due to unbalante@:et, like for 1 true value, there are 9 negative values (9.6% true

value)!!S, 6
In another research, the researchers employed something Modified Synthetic Minority
Oversampling Technique (MSMOTE). It is a method of oversampling in which synthetic

data of the minority class are generated in order to balance with the data of the majority class.

In order to further increase the overall performance of bank loan prediction systems, this is

79



paired with the ensemble classifier technique. MSMOTE is a modification of the method
known as the Synthetic Minority Oversampling Technique (SMOTE). The unbalanced
dataset is subjected to the application of bagging and boosting-based ensemble approaches in
order to improve the performance of loan prediction. Kaggle is used to collect the dataset that
will be used to validate the proposed strategy. The results of the experiments reveal that the
proposed model, MSMOTE, achieved 95% of precision and accuracy when ¢ Q%ﬁ with

adaptive boosting. This result was achieved by combining the two techniques™In contrast,

when MSMOTE was used in conjunction with Bagging and Ran est, the resulting

QO

In addition, in a work that proposed a model a@egates multiple machine learning

precision and accuracy was 99%!'!7.

algorithms with ensemble algorithms suc a ging and voting classifiers. The most
important purpose of the work that we a 1ng is to determine whether or not a specific
individual is qualified to receive t (.% he new model that we have presented requires
less effort and time from h w& to process, and it also generates results that are more

accurate than those p;@%l by existing methods. According to the findings of our

experiments, thit@lance of the standard model can be improved by up to 94% by using

our approac%
Q0

Another study seeks to provide a comprehensive review of lending estimation systems and
structures that employ prediction methods and techniques flourished and developed after

recent years. In this study and paper, researchers studied the learning techniques as well as

the raw datasets utilized for training and test sets. The system model’s precision is also
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discussed. Our work also provides a quick overview of a few datasets that can be used to

anticipate loan/mortgage analysis. Recent and future trends are also spotlighted'"”.

In this study, ten Machine Learning models, including Decision Tree, Logistic Regression, K
Nearest Neighbour (KNN), Random Forest Classifier, Support Vector Machine, (SVM),
Linear Discriminant Analysis (LDA), Gaussian Naive Bayes, XGBoost, Grad'eQ%sting,
Adaboost, and Deep Learning models, including Deep Neural Network (D and Long
Short Term Memory network (LSTM), was compared to predict loaants who deserve
the money. Both Logistic Regression and Linear Discriminan@ sts had the best accuracy
of 82.43% after examining all of these models'?. Q
™

In a study that was carried out with the obj{% determining how well various machine
learning and deep learning models can fofecast loan eligibility. For this purpose, the authors

made use of a Kaggle dataset that @

the data, resolving any missi gﬂes, and standardising the independent variables, the next

614 samples and 13 attributes. After gathering

step in developing a ﬂ%%curate model is to put it through training and testing. This
process is done a@e variables have been standardised. Following this, the results are
analysed. Ir@&(to accomplish this, they make use of well-known Machine Learning
tech iq@%uch as Decision Tree, Logistic Regression, K-Nearest Neighbour (KNN),
Random Forest Classifier, Support Vector Machine (SVM), Linear Discriminant Analysis,
Gaussian Naive Bayes, XGBoost, Gradient Boosting, and AdaBoost, in addition to Deep

Learning techniques such as Deep Neural Network (DNN) and Long Short Term Memory
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network (LSTM). When evaluating the models, a number of characteristics are considered,

such as their F1 score, their precision, and their accuracy'?!.

In this study, the author basically did the thorough investigation on DGHI dataset for the
purpose of analysing the customer eligibility using LRD machine learning algorithms (i.e.
Logistic Regression, Random Forest, and Decision Trees). The purpose of this i %ﬂ/as to
determine if the client is eligible for a loan or not. The experimental research that'was carried
out was split into two parts: training, and then testing, using t@ that was readily
available. The authors came to the conclusion that logistic regression was the most effective
method for predicting the likelihood of a loan being o a customer based on the
findings of the research that they had carried ou Qb% basis of factors such as Loan id,
Gender, Married, Education, Self-employed, a%§ on, the authors were able to get the
results they wanted and choose Logisti é\ggression as the appropriate technique for the
given approach. This was done so @ey could get the most accurate results possible. It

has been agreed that the acm@nd precision of Logistic Regression will be improved in

the work that will be d@%e future!?2,

)
Another stu dev?oped a model with the help of artificial intelligence technology, namely
mac in&ling algorithms, with the purpose of making a prediction about the likelihood of
small and medium-sized businesses (SMEs) failing on the repayment of loans. The research
utilised the Louvain clustering algorithm to effectively group the loan recipients based on
their cumulative repayment amounts over time. Additionally, two distinct machine learning

techniques, namely Logistic Regression (LR) and k-Nearest Neighbour (k-NN), were utilised
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to evaluate their efficacy in classifying recipients' risk levels, which were either low-risk or
high-risk. A mean accuracy score of 100% was attained by the LR model, which indicates a
high degree of precision that can accurately estimate the risk of SME loan payback. This is
further confirmed by the fact that the LR model obtained an Area Under the Curve (AUC)
value of 1.0. This indicates that the model has achieved optimal separation of the two groups,
and as a result, it is extremely trustworthy for risk prediction. It is thought th Q&ethod

will improve the effectiveness and precision of credit risk assessment icli*Could assist

financial institutions (FIs) to optimise their decision-making proc@l&nd limit possible

QO

This research was conducted as part of an effort @ a system capable of making such

losses brought on by loans that go into default!?’.

predictions. The generated solution, known anApprovalStatus, was constructed by
making use of bank data that had been md in the past in order to forecast the approval
status of a financial loan. The prim&@cus of LoanApprovalStatus is classification, and the
application makes use of a ﬁ@% learning model that was created by integrating a voting
classifier with a mri@dditional methods. A graphical user interface that can be
accessed onling @Veloped in order to engage with and direct users. When making a
prediction, the, inputs provided by the user are taken into consideration. The prediction of the
loan ap@% will be able to forecast individual cases one at a time, with the outcomes
displayed individually. Forecasting, Machine Learning, Data Classification, and Credit

Approval'?4,
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In a study that intends to utilise machine learning techniques and algorithms to analyse the
applicant's personal information and anticipate if a customer is eligible for a loan and the
loan amount based on his financial status, the personal information of the applicant will be
analysed. To train and analyse the client creditworthiness and loan approval decision made
by the bank employee regarding whether or not the request will be granted, the models were
developed using supervised learning techniques such as Logistic Regression, Q&o Tree,
SVM, and Random Forest. These models were used to determine whetherQ} the request
would be granted. The results of the aforementioned models showed@ndom Forest had
the highest accuracy, recall, and F1 scores out of the three mode andom Forest also had
the largest percentage of correct predictions. The Rando l—;bmachine learning technique
was chosen as the best model to forecast the loa %%al status, and an additional model
was constructed to calculate the suitable loan s n amount depending on the information
provided by the customer. Both of these \oie s are described in more detail below. When
-
deciding how much of a loan to ap ﬁ§\a customer for, one of the most important factors to
consider is that customer's credk%ore. Additional research reveals to individuals how they

\Y

might improve their ¢ of being approved for a loan in the future by demonstrating a

track record {@zctorily meeting requirements in accordance with the bank's

speciﬁcatio.@.
Another study attempted to establish a system that would allow one to forecast whether or
not the applicant that was chosen would be a worthy applicant for the approval of the loan.

This study was unsuccessful. The system makes its predictions on the basis of a model that

has been trained with the assistance of algorithms for machine learning. The authors have
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gone as far as analysing the degree of accuracy achieved by various machine learning
methods. We obtained an accuracy rate ranging from 75 to 85%, but the Logistic Regression
method produced the highest accuracy, which was 88.70% of the time. The user can enter the
information necessary for the model to make a prediction through the user interface web
application that is included with the system. The fact that this model takes into account a
large number of characteristics is one of its drawbacks. However, in re Q, loan
application may occasionally be accepted based on a single compelling ¢Haracteristic;

however, that outcome will not be attainable when utilising this appr1 :

Another study was conducted with the goals of addressin@@ue of customers' loans being
placed into default by determining whether or n %%sumer is qualified for a loan and
assisting customers in maintaining a good cred e by advising them to avoid taking out
QO
loans that they are unable to repay. T Xediction is made using data pre processing
.
techniques, which clean the datase\@provide accurate data for training machine learning

models. These techniques a‘r&% to clean the dataset. In the course of our job, a great

number of machine le@nodels, the majority of which are employed for classification

algorithm train@’@testing, are utilised to determine whether or not a loan applicant
should be approved.

The accuracy of models is evaluated through the use of the baseline
modelli@d the KFold cross validation procedures. The model that achieves the highest
level of accuracy is the one that is taken into consideration for the development of the loan

approval prediction model. After being trained, this model is then used to take inputs from

the user and produce the results of predictions as the output!?’.
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A related study suggests employing machine learning models in conjunction with ensemble
learning techniques in order to evaluate whether or not it is feasible to grant individual loan
applications. It is feasible to improve the accuracy of the process of selecting eligible
candidates from an existing list by making use of this strategy, which entails applying it. As a
result, this procedure can be utilised to address the difficulties outlined above regarding the
processes involved in the approval of loans. Because it takes a significantly s Q&a'nount
of time to sanction the loan, the concept is beneficial not only to banki staff“but also to
applicants. Because of this, the authors were able to determine wheot an application
poses a security risk, and hence, the entire process of feature ation is carried out using
machine learning techniques. The applicant and the b Qers can both benefit from
using the loan prediction tool. In this work, th e%%roposition that seeks to supply a
method that is speedy, uncomplicated, and i diate for finding individuals who are
qualified. There will be a cutoff time for bﬂpproval of a loan applicant. With the help of
.
this technology, switching to an a@tlon that needs to be checked first is feasible. It is
reserved solely for the admi&ve leadership of the bank or financial institution. The
entirety of the process@iiction is carried out in private so that no stakeholders may
influence the p % It is possible to transmit individual loan identification numbers to
various ban]@ epartments in order to give those departments the ability to take necessary
action @ the application. However, the bank can only make a limited number of slots
accessible, and it must sell them to a select group of customers in order to cover its costs. As
a result of this, one of the regular steps is assessing who will be unable to repay the loan and
who will demonstrate to the bank that they are a more reliable choice. This study proposes

the implementation of a system for the approval of loans, which would use predetermined
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criteria to decide whether or not a particular person should be granted a loan. The strategy
that we propose to banks will help them identify trustworthy persons who have asked for
loans, which will increase the possibility of prompt repayment of the loans. This evaluation is
carried out by utilising a wide variety of machine learning algorithms in order to provide the

most accurate findings when estimating the potential outcomes of a loan'8,

In a work that presented a loan recommendation system, the author stat%; the system

would offer an instant and straightforward method for selecting @o opriate applicant
based on the validation of attributes. The use of regression modeling is going to be used in
this study with the intention of predicting a model for th 1Bution of loans. Each attribute
receives a certain amount of weight based on 'tsr&%ve importance to the bank. This
technology is able to make predictions about wl@ or not an application will be successful
\S)
in obtaining the loan. It is advantageous %ust for those working at the bank but also for
AN
those who might be eligible for a \from the institution. In this section, we are going to
extract the essential charactc@gﬁom the loan dataset. Within the loan prediction system,
the importance of each'e %t feature can be analysed and computed. The same properties,
together with t '@priate weights, can be processed for newly collected test data. It is
possible to a Specific limit on the amount of time that must pass before applicants can
chec tl@ﬂus of their application. It is possible to incorporate a jumping mechanism into
the forecasting system so that loans can be disbursed according to their priority. However,
one potential drawback of the method being implemented in a real-world setting is that the
recommendation system may have a preference for a single predominating characteristic or

quality'?’.
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Another study's objective is to improve accuracy by performing unique loan approval
forecasts using a variety of machine learning algorithms. This will be done in order to
achieve the goal.On the dataset that represents the Loan Prediction Problem, machine
learning methods are implemented. The dataset includes a train file and a testing file.
Logistic regression, Decision tree, Random Forest, and XGBoost were the fo Q%s that
were utilised in this process. The sample size was determined to be 35 individudls for each of
the groups by utilising a Gpower value of 80%.When compare@t Random Forest,
XGBoost, and Decision Tree, the accuracy is at its highest w, r% approval prediction is
done using Logistic Regression (83.24%). This is the @ en if there is a statistically
significant difference between the classifiers (p%?b%he decision tree yields the lowest
level of accuracy, which is 70.34 percent!°, fb
O

In a study that offered a loan pred@ system that was based on machine learning, it was
suggested that the system m@%maﬁcally select persons who were qualified for loans. In
this research, we mak\@ diction about the effectiveness of various machine learning
models for de‘@gﬁ whether or not to grant a loan. These models include Logistic
Regression,%m ion Tree, Random Forest, Extra Trees, SVM, KNeighbors, GaussianNB,
AdaBodst, and Gradient Boosting. The accuracy, recall, and fl-score of the model's
performance were all taken into consideration during the analysis. The results of the
experimental study indicate that the Extra Trees machine learning algorithm is superior than
other techniques to machine learning, such as Logistic Regression, Decision Tree, Random

Forest, SVM, KNeighbors, GaussianNB, AdaBoost, and Gradient Boosting. The study also
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compares the Extra Trees algorithm to the Random Forest and the AdaBoost and Gradient
Boosting machine learning methods. Following this, we use an ensemble of machine learning
models that have shown to have superior accuracy in order to forecast bank loan defaulters.
In addition to this, we also design desktop applications that provide user interfaces (UI). The
recommended model achieves a higher level of accuracy than the model-wise strategies that
perform best in terms of accuracy, such as Extra Trees, by making use of a @ssiﬁer
that is based on ensemble learning!3!. Q/

N

O

Investigating the process of loan prediction using a variety of @ learning algorithms is
the primary objective of this work. The proposed meths with the preprocessing of
the data in order to clean the data, get rid of any o tl@d find the correlation between the
features in order to determine which feature if@bmost significant. Following that, three
different machine-learning algorithms, hly Logistic Regression, Decision Tree, and
Random Forest, will be trained ant{ﬁ%fuated. The originality of this study can be illustrated
by contrasting three different mkg{ne-leaming algorithms in an effort to locate the one that

\Y

makes the most accura@ast. The results of the experiments demonstrated that Logistic

Regression is si&*@ the other two algorithms in terms of accuracy, precision, recall, and

Area Under&

oper; tilégracteristic (ROC) testing, which revealed the capacity of Logistic Regression to

urve (AUC). The decision tree algorithms were also put through Receiver

forecast the state of the loan based on a variety of criteria'32.

The aim of the study is to provide detailed analysis of previous studies and to propose a

predictive model for automatic loan prediction using four -classification algorithms.
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Exploratory data analysis is performed to obtain correlation between various features and to

get insights of banking datasets'3?.

In another research, the aim is to determine the status of loans by employing an algorithm
called backpropagation. One dependent variable and thirteen independent variables make up
the dataset that was employed. Seventy-five percent of the variables were Q&r data
training, while the remaining quarter were used for data testing. There are two pfimary types
of simulation experiments: one simulates all of the predictor @S&s, and the other
simulates only those predictor variables that have a signifi r@ociation with the goal
variable. Both types of simulations involve the target Var@ ccording to the results of the
first primary simulation experiment, the first mod I'S(@erformance metrics are as follows:
94.37% accuracy, 78.57% sensitivity, 98.25% s‘f@§city, 91.67% precision, and 84.62% F1
score. The measures of performance for t hécond simulation are identical to the metrics of
.
performance for the first simulati@t performed the best. The findings of this research
have the potential to be util&'@ financial institutions as a tool to assist in the feasibility

evaluation of prospecti\@%)rs, with the end goal of minimising the amount of money lost
by businesses134:' @

For the @fgses of this study, the datasets for both the training and the testing phases were
obtained from Kaggle. The findings that were obtained from the two different datasets were
compared in order to identify which algorithm might be most effectively utilised for
predicting loan approval and also to ascertain which characteristics are most essential when it

comes to forecasting loan approval. Accuracy, precision, recall, and the Fl-score are the
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several metrics of performance that were utilised in the process of defining the outcomes.
The models were trained with the assistance of eight distinct methods, including the Logistic
Regression methodology, the Random forest algorithm, the Decision tree algorithm, the
Linear Regression algorithm, the Support Vector Machine (SVM) algorithm, the Naive
Bayes algorithm, the K-means algorithm, and the K Nearest Neighbours (KNN) algorithm.
The culmination of the research showed that the models produced a wide ran Q&ding&
Logistic regression achieved the highest level of accuracy across both datasets; with 83.24
percent, followed by Naive Bayes, which achieved 82.16% accur ’Sd Random Forest,

which achieved 77.34% accuracy'?. $

QO

A study whose is to increase the performance ;09@ prediction system. This study is

focusing on different machine learning algori such as Logistic Regression, Decision
Tree, Random Forest, K nearest neighbor }ﬂﬁcial neural network, Naive Bayes, Adaboost,

and Voting classifier to predict the @pprovalm.
&
N\

In this research, MaG@QLeaming (ML) techniques are utilised to find patterns in
anticipating pot @n defaulters and to extract patterns from a common loan-approved
dataset. The&a ysis will make use of the historical data of customers, such as their ages,
inco&&: amounts, and lengths of employment, among other things. Several different
machine learning methods, including Random Forest, Support Vector Machine, K-Nearest
Neighbour, and Logistic Regression, were utilised in order to ascertain the maximum
relevant features, also known as the characteristics that have the most influence on the

outcome of the prediction. The aforementioned algorithms are analysed using the
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conventional metrics, and the results are compared with one another. The algorithm known
as random forest is superior in terms of accuracy!'?’.

This study makes use of three different machine learning methods, including Logistic
Regression (LR), Decision Tree (DT), and Random Forest (RF), in order to forecast whether
or not consumers would be approved for loans. Based on the findings of the experiments, one
may draw the conclusion that the accuracy of the Decision Tree machine lea 'Q&grithm

is higher when compared to the accuracy of the Logistic Regression and Rafidom Forest

O

In a study that proposed three machine learning algori@ ecision Tree (DT), Logistic

machine learning approaches!3.

Regression (LR), and Random Forest (RF), by usig@’ata collected from Quds Bank with
a variables that cover credit restriction and re r instructions. The algorithm has been

implemented to predict the loan approv@ustomers and the output tested in terms of the

predicted accuracy!'®. \(—)\
The purpose of the r a?presented in this paper is to address this issue and provide

Q@timﬁons in their efforts to prevent making bad loans. In contrast to

assistance to le
earlier work@ ch focused only on particular aspects such as the client's salary, the current
one use@ entire customer's details to conduct a background check on each and every
customer. This ensures that the check is comprehensive. Models of ensemble learning, such
as Random Forest, Gradient Boosting, and XGBoost, amongst others, have been utilised over

the course of this work. This has been the key area of concentration. The Gradient Boosting

classifier produced the highest quality output out of all the different models. The
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aforementioned algorithms have been pieced together to create a voting classifier, which has
allowed it to finally be constructed. This contributed to a slight improvement in the metrics

such as the F1-score and the roc-auc-score!4.

The authors of a study that proposes a hybrid data mining method that consists of two phases,
first cluster the eligibility of customers to be given a loan using the k-means %n, and
second classify the loan amount using data from the clustering of eligible cistorntérs using the
k-nearest neighbours algorithm. Both of these steps are included ih the“study. Due to the

findings of this study, they were able to divide their 25 clie $wo distinct groups: 10
customers were placed in the "Not Feasible" cluster, a ﬁstomers were placed in the
"Feasible" cluster. The authors were also success l@ntifying clients who filed for new
loans and whose occupation was Entrepreneu ose salary was at least IDR 5000000,
whose loan guarantees included Proof of }icle Ownership, whose account balance was at
least IDR 5000000, and whose fa@me was at least four (4). The findings specifically
pertained to loans that were t@ zed as having a lower loan amount. They discovered that
the data validity assess%%each input variable to the target variable reached 97.57%'%.
Q)

During the geurs \of a study to establish whether or not certain organisations or people
should @anted loans. In order to monitor performance and locate consumers who are
qualified for loan approval, the Random Forest Regressor model has been applied. According
to the model, banks should not only focus on attracting wealthy customers, but they should

also take into account other consumer characteristics that are essential in determining

whether or not to give credit and in estimating the likelihood of loan default. The study

93



investigates a variety of criteria for deciding whether or not to approve a loan application,
including gender, educational qualification, type of employment, type of business, loan
length, and marital status. In addition, the study examines the number of loans that have been

granted, drawn, and refused, which offers important insights into the approval process for

X

The primary objective of this study is to assess the efficacy of the L@Regression

loans and loan forecast!4.

method in comparison to the Random Forest approach in terms of e:@cl g the precision of
loan prediction. This will be done by comparing the two hods against one another. In
order to gather the data, which came from a wide Variety@"ﬁrces, we used the findings of
the current research, as well as a confidence inte ab@%, a threshold of 0.05 percent, the
mean, and the standard deviation. In order to c ise the data based on a sample size of n
equaling ten, the G-power tool's scaling ﬂx&ﬁs increased by 80%, and two separate kinds of
algorithms are applied. The accur@f the Random Forest approach is just 75.6 percent,
however the accuracy of the’ @gdc Regression method is extremely high at 81.30 percent.
A statistically signiﬁcb@?p between the two groups is considered to exist when the
difference betw e@ is smaller than 0.05, or 0.001. It illustrates that the method known

as Logistic&g ssion seems to be more accurate when estimating the amount of a

cust@n compared to the alternative method known as Random Forest!#,.

In a work that aims to provide a new approach, specifically a Social Border Collie
Optimisation (SBCO)-based deep neural fuzzy network for the prediction of loan eligibility,

this work's main focus is on the latter. In this approach, the box-cox transformation is applied
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to the input loan data in order to generate data that is suitable for subsequent processing. The
altered data make use of a wrapper-based feature selection in order to choose appropriate
features that will improve the performance of the loan eligibility calculation. After the
features have been selected, the naive Bayes (NB) algorithm is modified so that it may do
feature fusion. During the NB training process, the classifier uses the featu&of the
incoming data to construct a probability index table and then categories the s.*"When
assessing the NB classifier in this manner, the posterior probability ratid, is iSed, and the
conditional likelihood of normalisation constant with class evid@l\s also taken into

consideration. In the end, a deep neural fuzzy network @ been trained using a

customised SBCO is able to predict whether or not a bo ill be eligible for a loan. In
this case, the social ski driver (SSD) algorithm @order Collie Optimisation (BCO)
algorithm are combined to create the SBCO, w s designed to produce the most accurate

N

result possible. The accuracy, sensitivity pecificity parameters enable the analysis to be
completed successfully. When co s\dﬁo the existing methods, such as fuzzy neural
network (Fuzzy NN), multipl@g{al least squares regression model (Multi PLS), Instance-
based Entropy fuzzy S@QVector Machine (IEFSVM), deep recurrent neural network
(Deep RNN), a @social optimisation algorithm-based deep RNN (WSOA-based Deep
RNN), the @y esigned method performs with the highest accuracy of 95%, sensitivity

and g@gy of 95.4 and 97.3%, respectively'#.

In this study, a solution to this challenge is proposed, and it involves the generation of
simulated data for Al. The concept of creditworthiness will be examined via the lens of the

banking industry as a case study. A loan is seen as the primary source of revenue for the
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banking industry, as well as the primary source of risk. As a consequence of this, determining
a customer's creditworthiness is an essential step for both the banks and the clients
themselves. The authors suggest a system that is geared to lenders so that they may review
credit application and consumers so that they can be aware of behaviours that can affect their
credit score as a means of addressing this need. The strategy that is presented in this paper
attempts to realise realistic datasets for Artificial Intelligence (called IDEA) in r to fulfil
particular user requests and cater to the requirements of certain businesses. Using’the datasets
that are already in existence, we are going to undertake an analysis @le\vailable literature
as well as approaches for the development of conceptual modelsNI'he strategy that is being
presented both pulls from and contributes to such previt@ arch. The application that is

planned for this strategy is to implement it in g@@ing industry with the purpose of

evaluating the creditworthiness of consum%@ ave established financial relationships.
Therefore, the use case that is now be'}considered is to anticipate the likelihood of
borrowers defaulting on their loa‘KQhe methodology that was used to analyse certain
financial datasets for the use'ga\sk%outlined in the paper. Before employing IDEA to make a

prediction regarding c@ olvency, a validation of the datasets is carried out with the
assistance of th@i@?ality Index 46,

The u@fg of this study is to determine the probability of approving individual loan
applications by integrating machine learning (ML) models and ensemble learning
methodologies. This strategy has the potential to improve the degree of precision with which
competent candidates are chosen from among a group of applicants. As a consequence of this,

this approach can be utilised to solve the issues with loan approval procedures that were
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discussed earlier. The dramatically shortened period of time required for loan approval is a
benefit that accrues to both the people applying for loans and the workers of the bank. The
growth of the banking industry resulted in an increase in the number of persons requesting
for loans at financial institutions. We used four distinct algorithms—namely, Random Forest,
Naive Bayes, Decision Tree, and KNN—in order to improve the accuracy w1th hich we
could forecast whether or not an application individual would be granted a loa . hsmg

them, we were able to get a higher accuracy of 83.73%, with the Nalv Bayes algorithm

g

In a work that examines the factors that go into deterrmr’ erson's credit score, with the

emerging as the most successful option'?’.

goal of assisting financial organisations in dete he terms of loans that are made
available to their clients, this topic is covere& purpose of this article is to provide
financial institutions with information re g a loan prediction solution known as Seven
.
Seas. This article addresses a Variet@ssues relating to the beginning of the loan process. It
has been explained how an a@g{ion for a loan is processed on a high level as well as an
alternative scoring mo@edit that uses machine learning. This article also discusses the
potential size o T@re market for such a solution and highlights a number of different
financial insfi t1 ns that are able to start the transformation processes they need to with the

help of éba disruptive technology. The size of the current market and the potential for it to

adopt this technology is amazing, not only in India but also everywhere else in the world'#8.

In this study, the authors have constructed a number of models by employing a variety of

techniques, such as Deep Support Vector Machine (DSVM), Boosted Decision Tree (BDT),
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Averaged Perceptron (AP), and Bayes Point Machine (BPM), in an effort to improve their
ability to forecast individuals who will default on their payments. The repository of machine
learning at the University of California, Irvine (UCI) was able to provide us with a dataset
that had 30,000 different instances and 25 different features. According to the findings of our
research, the DSVM is the model that outperforms the other three in its ability to, forecast
defaulters. The authors were of the opinion that these models may be utilised %@it risk

management systems in banking and lending institutions to improve their ‘ability to forecast

O

The authors of this work conduct a comprehensive a 1S of a number of significant

customers who default on their loans!#°.

academic contributions (76 publications) made V%% course of the last eight years to
address the issues associated with credit risk lising statistics, machine learning, and
deep learning methodologies. To be mor pxlﬁc, we present a new classification approach
for ML-driven credit risk algorit%\nd a way for assessing the effectiveness of these
algorithms using public data@%ﬁey go on to examine the issues, which include the data
imbalance, the incons'&@%tasets, the lack of model transparency, and the insufficient
utilisation of d ’@ing models. The analysis of their findings demonstrates that 1) the
majority of Qaming models perform better than traditional machine learning and
stati%&orithms in the evaluation of credit risk, and 2) ensemble approaches provide

higher accuracy compared to single models. In conclusion, we give some summary tables on

the datasets and models that have been proposed'*°.
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This work demonstrates the benefits that artificial intelligence may bring to the process of
assessing credit risk. with this particular topic, we take a look at the current state of affairs
with the advancement of research. In order to manage this evaluation, the writers initially
concentrated on the keywords in order to capture and examine the available publications
written by specialists. They narrowed the time frame down to 2016-2021 so that they could
focus on the most recent developments. Numerous approaches to feat Q%&ction,
classification, and prediction have been investigated by the research {conithunity. The

algorithms used in data mining, machine learning (both supervisec@’xnsupervised), and

deep learning (artificial neural networks) are highly distinct f‘z@e another and target a

variety of different areas that need to be investigated. Be these advancements, banks
are now able to become more intelligent, which e wm to provide a service that is both
better and more quickly, all while protectin selves from losses caused by credit
defaulters. According to the research that v% done, the Support Vector Machine, Catboost,
Decision Tree, and Logistic Regres@ produced fascinating results'>!.
&

In a study that prese 9\(6) different machine learning algorithms (Random Forest,
Gradient Boost @‘1 Tree, Support Vector Machine, K-Nearest Neighbour, and Logistic
Regression) Aor predicting loan eligibility, the researchers found that the Random Forest
approao@formed the best overall. The models were trained using the historical dataset
known as 'Loan Eligible Dataset,' which can be found on Kaggle and is distributed with a
licence known as Database Contents Licence (DbCL) v1.0. Processing and analysis of the

dataset were carried out in the cloud-based Jupyter Notebook environment provided by

Kaggle using Python programming packages. The findings of our study demonstrated great
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levels of performance accuracy, with the Logistic regression algorithm receiving the lowest
score of 80% and the Random forest algorithm receiving the highest score of 95.55%. In
terms of precision-recall and accuracy, our models came out on top, besting two of the three

loan prediction models that could be identified in the relevant research!*2,

In a study that suggested research to construct a model that would antici @ming
business sectors in retail banking, the researchers thought it would be helpful to develop such
a model. The research made use of a variety of documents, inclu@ ose pertaining to
business customers of a retail bank. These records came fro @he rural and the urban
areas of Bangladesh. These records were utilised to anal primary transactional drivers
of customers and to make a prediction regarding e for likely subdivisions in a retail
bank. The challenges that were used to dev%&odel were analysed with a decision tree
data mining method, and then weka was &é\o put the model through its paces and evaluate
how well it performed. The crea{ﬁ%\k a Credit Scoring Model for implementation by
Sudanese financial instituticﬁ@%the primary objective of the article. Decision Tree (DT)
and Artificial Neural N@% (ANN) were the two options for the classification of mined
data that were @ selected. After that, the approaches of Generic Algorithm (GA) and
Principal C(@‘ﬁgnt Analysis (PCA) were utilised in order to identify features. In order to
evaluat efficacy of the approaches, both the Sudanese credit dataset and the German
credit dataset were utilised. According to the results of the categorization, ANN performs
significantly better than DT in the vast majority of scenarios. When compared, it was
discovered that the GA method is superior to the PCA technique in terms of the selection of

features. The accuracy of the German data set came in at 80.67%, whereas the accuracy of
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the Sudanese data set was 69.74%. Finally, the conclusion. It was observed that ANN
performed better than DT as well as DT's hybrid models, which include PCA-DT and GA-
DT!5.

In a different research, data mining was used to provide an innovative method for classifying
the levels of credit risk in the banking industry. In order to accurately forecast the state of
loans, the data that was used for this model came from many institutions. In %create
the projected models, three different techniques were utilised. These algorifiiins are j48,
bayesNet, and Naive Bayesian. Weka was the application th@ utilised for the

implementation, and it was then put through testing. The ﬁn@he study indicated that

the j48 algorithm performed the best in terms of accura purpose of this study was to

investigate how the accuracy of credit risk préd@ could be enhanced by utilising

classifier ensembles, as well as the expected belf@

they would react to various types of i@ence. After that, the result is based on four

r of five different classifiers about how

[ ]
different credit datasets, and a co@on of how each classifier performed in terms of its
predicted accuracy at Var}&&rees of attribute noise is shown. The results of the

experimental evaluatio@?ate that using a collection of different classifiers has the ability

to increase the t}@of predictions!>?,

Ano he@y suggested a prediction model that employed the Artificial Neural Networks
(ANN) procedure of Machine Learning to accomplish loan nonpayment forecasting and liken
it with the Logistic regression procedure. The authors prepared their archetypal on pre-
documented data to estimate the of the debtor and they made effort to yield the greatest likely

results!>>.
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In a work that projected a strategy that utilised vector machines for loan nonpayment
forecasting, the system was anticipated to be effective. After comparing the results of the
study with those of other classifiers, the researchers came to the conclusion that the support
vector machine performed significantly better than many of the older approaches in terms of
both throughput and arithmetical implementation in situations where large amounts of data
were associated with several descriptive characteristics. The accuracy of the r@pr dicted
by the system was 81%!3°.
N
O
A logistic regression model was used in a study to determine t rcentage of individual
loans in Kenya that were not repaid. The method of ari@1 analysis was utilised in this
study, and the focus was placed on the characteri tipb debtors in terms of their failure to
repay individual debts. The test data precision o’f@ prototype was 0.7333, whereas the train
data precision was 0.7727. The precisio \0(‘ the logistic regression model with the train
.
statistics was 0.8440, while the predisi %

of the test statistics was 0.8244, respectively. The

greatest shortcoming of thiS'@%lS that it produces an excessive number of false positive

results'>’. QQ

Another study reVealed the findings of an exhaustive analysis and outlined a process to
account&e possibility of defaulting on a loan. In order to conduct this investigation, the
KDD, CRISP-DM, and SEMMA techniques were utilised. Because of its significant

physiognomies regarding the estimation of loan nonpayment in the fiscal subdivision, the

superior system was thoughtfully selected, clarified, and advised because it was built on
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specific restrictions. The accuracy of this plan is 78%, yet it was a failure because its ROC
score and zone weren't in the proper place!s.

In a separate but related study, it was suggested that the neural network method be used for
the evaluation of loan default. The author provided a basis for merging a neural network
method that was utilised to speculate on nonpayment loans, and they advised that this be

done. The evaluation was carried out with reference to the economic and publ'c@xation

that was provided by the potential borrower. When calculating the likelithood™of a late or

O

In order to evaluate how well logistic regression works, a@r ade use of data provided by

missed payment!>°.

a microfinance organisation. The author made us (@mber of different predictors, such
as age, family status, gender, years of schooli ars of industry experience, and starting
capital. The marital status of the individ b&umber of years spent working in the business
.
sector, and amount of base capital éxtﬁe relevant prognosticators for the procedure. This
strategy was effective about’%g{ent of the time; however, the most notable flaw was that
the difference between\@ scenarios that were predicted was not significant!®,
Q

In a related study, an effort was made to train the archetype using machine learning; the
clas iﬁ@j@ set to LSVM, and the level of competence was tested using RMSE. The flaw
was that it had a lower level of productivity if the descriptive variables were less than 10,
which was its minimum threshold. In addition to that, he made an effort to instruct the model
by utilising ANN. The accuracy of the Neural Network classifier was 93 percent in this

instance!®!,
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In another research, the researchers used six different classification methods to make a
default prediction. These methods included Bayesian Networks, Multilayer Perceptron, NB,
LR, RF, and J48. These algorithms were compared with one another using performance
metrics such as RMSE, ROC, ACC, Prec, and F-measure. Rec was also con51der d. Their
research demonstrates that LR is the best model to utilise according to the ® ts and it

was applied in order to ascertain the effect of the covariant on the variables\that'fad a greater

%»

Another study reviewed and analysed the dataset contain Q loans using RF, LR, SVM,

default factor by utilising Chi-square'®2,

and various other applicable algorithms imp g@%@m Python. Because of its high

classification impact, particularly when use to r or more highly dimensional data sets,
RF method proves to be more ideal for cred1t default prediction model based on five
model effect evaluation matrices: {Cs},\{ec, Prec, Fl-score, and ROC. These matrices are
used to evaluate the effectiven@ the model'3.

This paper tool@ peer-to-peer lending into consideration in order to forecast defaults

on credit lo ey used the LR, DT, RF, and KNN algorithms among their collection of
naive-bi rggorlthms The authors were dedicated to the use of probability of default in a
default point to minimise credit risk, and as a result, they achieved an accuracy of 94.6%.

According to the findings of the article, the random forest model is the most appropriate one

to use for the model that will be implemented'%4.
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Another research came up with a model for credit risk management in banking institutions,
with the goals of improving prediction and standardising pre-lending evaluation. This author
implements a default forecast using the RF approach, which is based on information from
previously taken out loans. According to the results of the experiments described in this

article, the RF approach performs better than other algorithms, such as DT and& when

R
(O

In a study that was carried out, early payback was shown to be a fac@’Xa may significantly

measured in terms of their ACC and REC rates!'®

cut down on classification error, and this factor was employed.i %udy. On the other hand,
their work only makes use of three different methods fi oping models, with logistic
regression being the most successful classificati n(a l. Therefore, the purpose of this
work is to further investigate the usage of add algorithms with more datasets for the
purpose of forecasting the likelihood ogﬁult based on a list of applicants!'6¢

c_)\
A study was conducted witgt@\aim of devising a method to effectively discern and
authenticate loan applib%%he authors accomplished this with the assistance of a machine
learning techni f‘\ method allows for the automatic selection of suitable applications
based on thescriferia that are currently available. The prediction was achieved with the

Dec@ algorithm. One of the primary challenges associated with this method pertains

to the exclusive utilisation of a single machine learning algorithm!'®’,

The utilisation of a machine learning technique was employed in a study to forecast

individuals who are likely to fail on their loans. The Logistic regression model was employed
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in conjunction with the dataset acquired from Kaggle to make predictions. The collected
results were compared in order to determine their effectiveness, utilising specificity and
sensitivity as criteria. The conclusive findings indicate a higher level of performance in
comparable initiatives. However, it should be acknowledged that the obtained findings do not

accurately reflect the anticipated outcomes due to the utilisation of only one hmachine

R
(O

A web-based application was developed for the purpose of carryintensive and more

learning method, without any valid rationale!®8,

reliable prediction using logistic regression, which was 'r@ented in the Python
programming language. This was done as a result of the a on that loan prediction plays
an important role in the modern banking system. v@m is capable of delivering findings
with a high accuracy and just a minor loss wh&b d to train or validate data. It should be
emphasised, however, that the performance ofthe system is restricted with regard to specific
characteristics, and the users canno&@?ive assistance beyond those restrictions!'®’.
R

In a study that used si@)ﬁ machine learning algorithms for the prediction of android
applications, th T@ters wanted to reduce the risk element that was behind selecting the
safe person @r 1 to save lots of bank work and assets. This was accomplished through the
study's @gs. The goals of their work were accomplished by mining the profiles of
individuals who had previously been offered loans that were comparable to the one in
question. The finished product is effective in comparison to other projects of a similar nature.
The applicant profiles that are used to determine who is qualified for a loan are quite narrow,

and as a result, they cannot possibly represent the entire population'”.
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An integrated learning classification model that used Particle Swarm Optimisation (PSO)
optimisation Support Vector Machine (SVM) was suggested in a study. While a prediction
model was being developed, PSO was utilised in order to improve SVM, and AdaBoost was
utilised in order to incorporate SVM's weak classifier. It was discovered that the AdaBoost-
S

PSO-SVM strategy has the potential to successfully increase the level of Q cy. The

relatively low number of samples that were used for the classification is the\printary obstacle.
For the purpose of determining whether or not a bank customer i ’&geﬂa is eligible for

credit or a loan, an improved model of the machine learning.technique was constructed. A

very trustworthy and usable dataset was gathered from 1@. L repository in an effort to

verify the efficacy of this model. This dataset wa ugﬁ this endeavour. The usefulness of
the concept was demonstrated by the confu%@Q, with accuracy serving as the primary
criterion for measuring success'”'.
Q
2.4 Chapter Summary and G \iterature
N\

The chapter was strﬁc@? into four distinct sections, including conceptual review,
theoretical revi @work and review of empirical works pertaining to the research topic.
The concep& cview provided a comprehensive analysis of the underlying concepts
expl&@ughout the study. The themes under discussion encompass credit worthiness,
loans, the application of artificial intelligence in loan prediction, and the utilisation of
machine learning techniques. The study also provided comprehensive insights into many

types of machine learning and classification algorithms, including GBoost, Support Vector

107



Machines (SVM), Gaussian Naive Bayes (GNB), K-Nearest Neighbour (KNN), Random

Forest, and Decision trees. Several performance metrics were identified and explained.

The methodology review provided a comprehensive explanation of the primary
categorization algorithms employed in this study. The Gradient Boosting Classifier involves
the iterative optimisation of a loss function by the sequential incorporation @ weak
learners. The Gaussian Naive Bayes (NB) Classifier assumes that the featurés”of the data
follow a Gaussian (normal) distribution within each class. The R@ Forest algorithm
utilises an ensemble of decision trees to generate predictions. th%proach, many decision
trees are employed, with each tree making use of variou Q

teristics to classify data and

Decision Tree, where each node represents featu:ewggcategory to be classified and each

subset defines a value that can be taken by th nﬁb

N
.
The literature study encompasset{ﬁs}\\'ﬁer of empirical research that focused on the
application of machine leaﬂ@%hniques for the purpose of loan and credit worthiness
classifications and pre&@ . The literature reveals that several empirical research studies
pertaining to t e\ ct of investigation have been conducted. Nevertheless, previous
empirical inyestigations employing alternative algorithms have demonstrated lower levels of
acc ac@ver fl scores, and decreased precision. There is a paucity of prior research
examining the utilisation of a comparative analysis including four distinct machine learning
algorithms in the context of predicting the creditworthiness of borrowers. This study aims to
mitigate the financial impact caused by non-performing loans by introducing four distinct

machine learning models. These models are designed to predict the likelihood of loan
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approval for individuals based on the assessment of specific attributes, including educational
attainment, employment status, and loan repayment history, among others. The evaluated
empirical studies indicate a dearth of research in the topic area, highlighting a gap in the

existing literature that necessitates further investigation.
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Chapter Three

Methodology

3.1 Research Approach

The research employs a supervised learning approach, focusing on training a classification

model to predict the severity of road accidents. Supervised learning is well-sui or this
S

task, as it relies on labeled datasets where the input features are used to pre
he

outcomes. By training the model on historical data with known outcomQ

fic target
odel learns to

identify patterns and make predictions about new, unseen cases. %Q

Four classification algorithms are utilized in the study:@mon Tree, Gradient Boosting
Classifier, Random Forest, and Gaussian Naive B @) Classifier. Each of these models
has unique strengths and is selected for their @ to handle classification tasks, making
them suitable for predicting accident severity based on a variety of input features. These
algorithms differ in complexity an{(a}broach, providing a balanced comparison to identify

the best-performing model. '\A%

The study's approa;:\@es dividing the dataset into training and testing subsets, ensuring
that the model\is ¢xposed to different data during training and evaluation. Additionally,
cross-vali techniques are employed to further ensure the robustness of the model.
Cros}x%iation involves splitting the data into several folds, training on some folds while

testing on others, which helps in minimizing overfitting and obtaining a more generalizable

model.
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3.2 Requirement Specification

3.2.1 Hardware Minimum Requirements: The study is conducted using a personal

computer equipped with 8GB of RAM and a 2.2 GHz Intel Core i3 processor. The selected

hardware is sufficient to handle the computational requirements of data proces%g and

training models on moderately-sized datasets. The choice of this hardwar: @% that the
ga#nance delays,

models can be trained and evaluated without experiencing signiﬁcan‘*

making it accessible for similar research applications. %

3.2.2 Software Requirements: A range of software @ and libraries is essential for

implementing the developed model. Integrated;ﬂc@)ment Environments (IDEs) like

PyCharm, Jupyter Notebook, and Visual Stud de provide user-friendly platforms for
coding, debugging, and managing the %. These IDEs facilitate efficient code writing

and execution, allowing for seamle@gration of various libraries and packages.

The research also uses d@@tﬂpulation and analysis libraries such as Pandas and NumPy,
which are instmm{g1
large datasets.@

data visualization, Matplotlib and Seaborn are employed to create

managing dataframes, performing data cleaning, and handling

insightful s and plots, which help in understanding data distributions and relationships
amo@v&riables. The Scikit-Learn library is crucial for implementing machine learning
models and evaluation metrics, simplifying the process of training models and assessing their
performance. The use of Anaconda as a development environment ensures that dependencies

are managed effectively, enabling smooth installation and operation of all required libraries.

127



3.3 Research Design

Dataset

Data Processing

Algorithm
RF, DT,
GNB, GB)

Result

Figure 3.1: ConcepWodel of the Proposed Design

&

3.3.1 Data Collectim@\study uses an open-source dataset containing information
relevant to predic@oan defaults, sourced from publicly accessible repositories. This
dataset incl e&ﬁultiple data files for training and testing purposes, ensuring that both
phases @machine learning pipeline are well-supported. The data was selected based on
its co§!ﬂeteness and relevance to the study objectives, covering various aspects of loan

applications and repayments.

3.3.2 Dataset Details: The dataset is composed of three key segments: demographic data,

performance data, and previous loan data, each of which provides critical insights into
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customer behavior. The training and test datasets are structured to facilitate machine learning

model development, with the target variable labeled as "good" (1) or "bad" (0), indicating

whether a loan is likely to default. This binary classification allows the models to distinguish

between high-risk and low-risk loan applicants effectively.

3.3.3 Dataset Description:

Demographic Data: This dataset includes information like custorc}@ Lalrthdate
ti

type of bank account, geographical coordinates (longitude an. tude), bank name
and branch, employment status, and the highest level ion attained. These
features provide insights into the socio-economic b ound of customers, which

can influence their loan repayment behavior. Q

Performance Data: This subset focuses o&brepeat loans taken by customers and
the likelihood of their repayment\‘ég on historical performance. It helps in
assessing whether a customeﬁ@gs taken a previous loan is likely to default again.
This information is plvo®1 evaluating the overall risk profile of the customer,
taking into accou t@past behavior with regard to loan repayments.

Previous Loa ata: This dataset records all past loans associated with each
custom@th unique identifiers for each loan. It enables tracking the entire

bo% g history of a customer, including the amounts borrowed, repayment

Q

\t)melines, and any previous defaults. This historical data is crucial for training the

model to recognize patterns and predict future loan performance.
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3.3.4 Data Preprocessing and Balancing

Data preprocessing is an essential step to prepare raw data for analysis, ensuring that the
dataset is clean, consistent, and suitable for training machine learning models. This process
involves steps such as data cleaning, where any irrelevant or erroneous records are removed
to maintain the integrity of the dataset. In this study, missing data is addressed, through
imputation, using mean values for numerical variables and mode values @te orical

variables to ensure that all data points are filled appropriately. ’\<

The data is then normalized and transformed to ensure that all ft e on a similar scale,
which is important for algorithms sensitive to feature scale@ikit—learn’s pipeline is used
for seamless implementation of these preprocessing steQa wing the data transformation to
be carried out in a streamlined manner. Additiona tegorical variables are converted into

numerical formats using dummy Variablei@fgng them suitable for model input while
retaining their original information. * @

Correlation analysis is\@ ted to explore the relationships between different variables in

3.3.5 Correlation Analysis *

the dataset. It @ntify which features have a strong positive or negative correlation
with the tar%varlable, providing insights into which factors most significantly impact loan
defa lts@ understanding these relationships, the study can focus on the most influential

variables during model training, potentially enhancing model accuracy.

The results of the correlation analysis are visualized using a heat map, which provides a
graphical representation of the strength and direction of relationships between variables. This

visualization is critical for identifying multi-collinearity among features, which can be
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addressed by removing or combining highly correlated variables to improve model

performance.

3.3.6 Data Splitting
The pre-processed loan dataset is randomly split into two parts: 70% of the data is used for
training the model, while the remaining 30% is reserved for testing. This htting
strategy ensures that the model has ample data to learn from while being §n unseen
data to evaluate its generalization ability. By separating the trainin QL{

sting sets, the

study aims to prevent overfitting and ensure that the model perfo on new data.

The random splitting method is crucial as it helps to max’ ;e representativeness of both
the training and testing sets. This approach ensur fl&%ie testing set is a true reflection of
the diversity and complexity of the tralmng dat. wing for a more accurate assessment of

the model's predictive capabilities. &

3.3.7 Algorithm Used for Modeéfu?dmg

e Naive Bayes (N Nalve Bayes algorithm is based on Bayes' theorem and
assumes ind ndénce between input features. Despite its simplicity, it is highly
efﬁcien@capable of handling large datasets. It is particularly effective when the
as ion of feature independence holds true, making it a valuable baseline model

\yt%lis study.

e Random Forest (RF): The Random Forest algorithm is an ensemble learning

technique that constructs multiple decision trees during training and outputs the class

that is the mode of the classifications of the individual trees. This method is robust
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and can handle overfitting better than a single decision tree by averaging the
outcomes of many trees, making it a powerful tool for classification tasks.

e Decision Tree: A Decision Tree classifier partitions the data into subsets based on
the values of input features, leading to a tree-like structure where each node
represents a feature, each branch represents a decision rule, and each leaf represents
an outcome. This intuitive approach makes it easy to interpret the de Q&\aking
process of the model, though it can be prone to overfitting if not properly*tuned.

e Gradient Boosting Classifier: Gradient Boosting bullcgl els sequentially,
focusing on correcting the errors of previous models i e uence. It is known for
its ability to improve accuracy through the gr duction of error, making it
suitable for complex datasets. The rnethodc§ s the strengths of weak learners to

create a more accurate and robust pr dlcﬁb odel.

3.4 Model Evaluation and Performa@

Confusion matrix analysis is us@s a primary method for evaluating the performance of
each classification mo@wdes detailed insights into the true positives, false positives,
true negatives, and false “hegatives, helping to assess how well each model distinguishes

between the "g od" nd "bad" outcomes.

Perfi ﬁ@ metrics such as precision, recall, and F1-score are employed to provide a more
nuanced understanding of the model's predictive accuracy. Precision measures the accuracy
of positive predictions, while recall assesses the ability to identify actual positive cases. The
Fl-score balances these metrics, offering a single measure of a model's effectiveness,

especially in cases of class imbalance.
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Additionally, ROC curves are used to evaluate the models' performance across different
classification thresholds, offering insights into the trade-off between true positive and false
positive rates. By considering accuracy, sensitivity, and specificity, the evaluation provides a
comprehensive view of how well the models perform in predicting loan default risks, guiding

the selection of the best model for practical deployment.
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Chapter Four

Result and Discussion of Findings

This section presents results of the methodology employed based on the objectives of this
study. This section presents how the dataset is processed and divided into demographic
information, performance metrics, and historical borrowing data to prepare it for machine
learning applications. Key preprocessing steps include which cleansing to eliminate
incomplete records, maintaining data integrity essential for reliable analysis. The cleaned
dataset is then used to build various predictive models. Performance is evaluated using
precision, recall, fl-scores, and accuracy metrics, with a focus on how different models
perform on majority and minority classes, providing valuable insights into each model's

predictive capabilities and suitability for deployment in real-world scenarios.

4.1 Result on Dataset Processing

The dataset has been segmented into three distinct categories: demographic information,
performance metrics, and historical borrowing records. To ensure data integrity, columns
containing null entries were rigorously examined and cleansed if they failed to satisfy an
established threshold for validity. This process was critical to ascertain the proportion of
data points falling short of accuracy within each column. Subsequent to this refinement,
Figure 3.1 presents a detailed classification of the remaining data types within the cleaned
dataset, specifically pertaining to demographic details, performance statistics, and antecedent

loan transactions, all of which are pivotal for the model's application.
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Figure 4.1 Columns Remaining after Data Cleaning Q\)

Research Design, 2024. Q
Figure 4.1 shows a screenshot of a dataframe di ed in a Python coding environment
using pandas or a similar data manipulat ibrary. This dataframe contains various

columns with information about loé%s\%ﬂ omers, and their demographics. The dataset
has 30 distinct columns, each @nting a different attribute or feature related to loans
and customers. The namihg'convention is straightforward and descriptive, indicating good
data management ﬂces. Each column has a 'non-null' count of 3269, which suggests
that there arg(a}sing values across the entire dataframe for the columns displayed. This
is a po@% sign, indicating that the dataset is complete and may not require further
cleaning for missing values. The absence of null values implies that there won't be a need
for imputation strategies typically required to handle missing data. The data types are
consistent with what one would expect for each column (e.g., dates are in date-time format,
identifiers are integers). This consistency is essential for ensuring that data types match
their expected format for analysis. The columns represent potential features for predictive
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modeling. For instance, factors such as loan amount, interest rates, and customer bank
account flags might be used to predict loan default (good bad flag). With no null values
and proper data types, the dataset exhibits high data integrity, which is conducive to

reliable outcomes from data analysis or machine learning models.

Also, loan amount distribution, loan amount by good or bad and Educatio ® by
good/bad to for better understanding and analysis of the data was plotte ch shows

that in terms of loan amount and educational level, the good out perf@’%the bad

) .
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Figure 4.2: Plots Showing Loan Amount Distribution

Research Desi
X

Figure 4.2 shiews the bar chart which plots the frequency of loans at various loan amount
levels. @the chart, it is evident that the most common loan amount is in the lowest
bracket shown, 10,000, which has a count significantly higher than any other amount, with
over 1750 occurrences. The frequency of loans decreases as the loan amount increases,
showing fewer loans distributed in the higher amounts of 20,000, 30,000, 40,000, and

50,000.
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Figure 4.3: Plots Showing Loan Amount by Good/Bad \.J)
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Figure 4.3 shows a bar chart comparing the total lwounts categorized by the "Good/Bad
Flag," which likely represents the creditwgsthiigess or repayment history of the borrowers.
'Good' indicating reliable borrowers.a@ad’ indicating those who may have defaulted or
are at risk. The blue bar, repres@cg\'Good' borrowers, shows a higher total loan amount
compared to the orange ba@%ad’ borrowers. The presence of error bars on top of each
column indicates vari & in the loan amounts within each group, suggesting there is some
variation in the(;%\\!%s for both 'Good' and 'Bad' borrowers. The higher total loan amount
for 'Good' wers suggests that the lender's strategy may favour extending more credit to
indiﬁ{u/gd with a positive repayment history. The chart also imply that 'Bad' borrowers are
less likely to be approved for larger loans, reflecting a risk-averse lending approach. The
borrowers who are classified as 'Good' may generally be more financially stable, allowing

them to take out larger loans, while 'Bad' borrowers may either apply for smaller loans or be

approved for less due to their credit history.
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Figure 4.4: Plots Showing Educational Level By (&&d
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Figure 4.4 depicts a bar chart titled whic %ts the count of individuals across various
employment categories. These catégglxs include Permanent, Student, Self-Employed,
Retired, Unemployed, and .C%Q From the chart, the 'Permanent' category has the
highest count by a sig%%\margin, indicating that the majority of individuals in this
dataset are perma@ employed. The counts for 'Student', 'Self-Employed', 'Retired',
'Unemployed! gd'Contract‘ are substantially lower, with 'Students' and 'Self-Employed'
being s]@ more than the other categories, but still much less compared to 'Permanent'.
The k{count of permanently employed individuals shows a lower credit risk for lenders,

as these individuals potentially have a stable income source. Also, it reflects the lender's

target market, indicating a focus on individuals with permanent employment.
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4.2 Model Building

Before model's training, the dataset was systematically divided to form two separate
subsets. The Training set was allocated 70% of the total data; this portion is utilized to
educate the model, allowing it to discern and learn the intricate patterns and relationships
inherent in the data. The remaining 30% was designated as the Test set, serving as,a new
and unseen dataset for the model to make predictions on. This approach all Qﬁo the
validation of the model’s performance in a realistic scenario, closely simulatifig how it
would perform when deployed in a real-world environment. T@ re a thorough
evaluation of the model's predictive prowess, a suite of perfo%ﬁetﬂcs was employed.
The Accuracy metric would offer a straightforward prop@n of correct predictions over
the total predictions made. The F1 Score would 0@ balance between precision and
recall, especially useful in situations where an e mportance to false positives and false
negatives is given. Precision would m %«e the model’s accuracy in terms of the

.
proportion of positive identiﬁcati(ﬁ)\hat were actually correct, while the Confusion

Matrix would offer a detailc@gﬁdown of the model's predictions, showcasing the true

positives, true negativ@ positives, and false negatives. For the construction of the

predictive modﬁ: @istinct algorithms were selected, each with its own strengths and
a

approaches 616

desi% compare and contrast the different models’ abilities to generalize from the

ing from data. The use of multiple algorithms is a strategic decision,

training data and accurately predict the outcomes on the test data. This multi-algorithm
approach not only enhances the robustness of the model evaluation but also assists in
identifying the most effective algorithm that aligns with the data characteristics and the

predictive goals of the project.
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4.2.1 Decision Tree
A variable for the decision tree classifier was established, and the essential libraries were

brought in from Scikit-Learn. Following this, adjustments were made to the data to prepare

it for the decision tree model's learning and prediction processes, which wou@pplied

C

to both the training and test datasets.

Table 4.1: Classification Report of Decision Tree \6\
Precision Recall fl;sq)w Support

0 0.25 0.26 152

1 0.77 0.77 ﬁ) 502

Accuracy b’b 0.65 654

Macro avg 0.51 O.SIb 0.51 654

Weighed avg 0.65 \\E\Q 0.65 654

‘)
N\
.,;é

Table 4.1 shows the classi% report of the performance of a decision tree classifier on

Research Design, 2024

a dataset with two class}bbeled '0' and '1".

S
Class 0 Per@]ance

Precis@ﬂ.ZS): Out of all instances predicted as class 0, only 25% were actually class 0.
This indicates a high number of false positives.
Recall (0.26): Of all actual class 0 instances, the model correctly identified 26% of them. A

low recall indicates many false negatives.
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F1-Score (0.26): The Fl-score combines precision and recall into a single metric. A score
of 0.26 suggests poor performance for class 0.
Support (152): This is the actual number of occurrences of class 0 in the dataset. The

model had 152 instances to learn from.

Class 1 Performance

Precision (0.77): This is considerably higher for class 1, with 77% of the p@d class 1
instances being correct. Q

Recall (0.77): Similarly, the model correctly identified 77% %t@al class 1 instances.

F1-Score (0.77): A much better F1-score for class 1 ins more balanced precision

and recall, suggesting good performance. (bQ
Support (502): Class 1 had a larger representati the dataset with 502 instances, which
p

ormance on this class.

could have contributed to the model's b,et&\r
c_)\

Overall Model Performance\qz\

Accuracy (0.65): The \@chorrectly predicted 65% of the total instances. While not

outstanding, thi S@‘s moderate performance.

Macro Avergge (Precision: 0.51, Recall: 0.52, Fl-score: 0.51): Macro averaging treats all

classes @rg , giving a better measure of the true performance across the class imbalance.

The scores around 0.51 indicate mediocre performance across both classes.

Weighted Average (Precision: 0.65, Recall: 0.65, Fl-score: 0.65): The weighted average

takes class imbalance into account. Given that class 1 has a higher support, the better

metrics of class 1 heavily influence these averages, pushing them to 0.65.
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The decision tree model performed well with the majority class (class 1) but poorly with
the minority class (class 0). The significant class imbalance (with class 1 having more than
three times the instances of class 0) is likely affecting the model’s ability to predict class 0
accurately. Given the imbalance, the accuracy might not be the best stand-alone metric.

The Fl-scores, especially the macro average, give a clearer picture of the &odel’s
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Figure 4.5: Confusion Matr'\w(ﬂecision Tree
Research Design, 2024

N

Figure 4.5 sh s\‘('%confusion matrix of decision tree classifier, to measure the
performanceQf a” classification model. The matrix displays the actual versus predicted
clasﬁ/@ that a model has made.

True Positive (TP): The yellow square (bottom right) shows the number 385, indicating
that the model correctly predicted the positive class ('1") 385 times.

True Negative (TN): The purple square (top left) with the number 40 shows that the model

correctly predicted the negative class ('0') 40 times.
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False Positive (FP): The purple square (top right), with the number 112, shows the
instances where the model incorrectly predicted the positive class ('1') when it was actually
the negative class ('0'). False Negative (FN): The blue square (bottom left), showing the

number 117, represents the instances where the model incorrectly predicted the negative

X

The model has a higher number of true positives and true negatives than fal@ives and

class ('0") when it was actually the positive class ('1").

false negatives, which generally indicates a model that is perfor@basonably well.
However, the number of false negatives is close to the nu er%ue negatives, which
could be a concern depending on the cost or risk assoc ith a false negative in the

specific application for this model. The relatively. hg&%nber of false positives suggests

that the model may be over-predicting the pgsiti@s&

4.2.2 Gradient Boosting Classifie&(—)\
.0

Table 4.2: Classification Report of Gradient Boosting Classifier

\W}ﬁon Recall fl-score Support
0 041 0.06 0.10 152
1 &0.77 0.97 0.85 502
Accuracy 0.76 654
Macro 0.59 0.52 0.48 654
Weig\n@ avg 0.69 0.76 0.69 654
Research Design, 2024

Table 4.2 gives the classification report for the Gradient Boosting Classifier.
Performance on Class 0 (Typically the 'negative’' class)

Precision (0.41): When the model predicts class 0, it is correct 41% of the time.
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Recall (0.06): The model correctly identifies only 6% of all actual class 0 instances.
F1-Score (0.10): This low F1-score indicates a poor balance between precision and

recall for class 0. It suggests the model is not performing well on the minority class.
Performance on Class 1 (Typically the 'positive' class)

Precision (0.77): The model's predictions for class 1 are correct 77% of the time.

Recall (0.97): The model identifies 97% of all actual class 1 instances, which is \th h.

F1-Score (0.85): This score is robust for class 1, suggesting the model is quite go6d at

Overall Model Performance Q :

Accuracy (0.76): Across both classes, the model a cm& predicts 76% of the instances.

predicting this class.

Macro Average (Precision: 0.59, Recall: 0.52, F re: 0.48): These averages treat both

classes equally. The low recall and Fl-sc@ggest the model is not performing equally

well across both classes. &Co\
&

Weighted Average (Préeis 9.0.69, Recall: 0.76, F1-score: 0.69): These metrics account

for the support {@as& The weighted scores are skewed towards class 1 due to its

larger suppo&e ecting better overall performance due to the model's effectiveness in

pred@ majority class.
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Figure 4.6: Confusion Matrix of Gradient Boosting c1@/
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Figure 4.6 shows The confusion matrix for the (@nt Boosting Classifier. The model
predicted the negative class '0' correctly@s (True Negatives), but it incorrectly
predicted the positive class 'l1' as 'O'°@>occasion5 (False Negatives). For the positive
class 'l', the model predicted cor@w 89 times (True Positives) and incorrectly predicted

N

the negative class '0' as 'L L@imes (False Positives). The diagonal from the top left to the
bottom right shows Qorrect predictions by the model, with the larger numbers
indicating the @ tendency to predict class 'l' correctly more often than class '0'. The
small HUI@( True Negatives compared to False Negatives suggests that the model has
difﬁéb{t}%ldentifying the negative class. This is consistent with the earlier classification
report, which indicated a low recall for class '0'. The high number of True Positives and
low number of False Negatives for class 'l' indicates that the model is much better at

predicting the positive class. The model's strong bias towards predicting class 'l' indicate

an imbalance in the dataset or in the model's ability to distinguish between the classes.
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4.2.3 Random Forest Classifier
Table 4.3: Classification Report of Random Forest Classifier

Precision Recall f1-score Support
0 0.41 0.06 0.10 152
1 0.77 0.97 0.85 502
Accuracy 0.76 654
Macro avg 0.59 0.52 0.48 654 \
Weighed avg 0.69 0.76 0.69 Q
Research Design, 2024 (}v

Table 4.3 shows the classification report for the Random Forest Cl:s

Class 0 (Potentially the less frequent or 'negative' class)

Precision (0.41): This suggests that when the model predi n instance to be class 0, it is
correct about 41% of the time. be

Recall (0.06): The model correctly identiﬁe@t e actual class 0 instances indicating a
very high miss rate for this class. . ’\%\

F1-Score (0.10): The harmonic me@recision and recall is quite low for class 0,
reflecting the poor performaﬁi&le model on this class.

Class 1 (Potentially th@re frequent or 'positive' class)

Precision (0.77 \Négu e model predicts class 1, it is correct 77% of the time.

Recall (O.97ﬁhe model successfully identifies 97% of all actual instances of class 1,
whia@y’g high.

F1-Score (0.85): A strong F1-score for class 1 indicates good model performance for this

class.
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Overall Model Performance

Accuracy (0.76): The overall accuracy of the model is 76%, meaning it correctly predicts
76% of the time when considering both classes.

Precision (0.59): This average precision considers both classes equally and is moderately
low, suggesting imbalanced class performance.

Recall (0.52): The macro average for recall is also moderately low, heavily im ®

the poor recall for class 0. < \

Fl-score (0.48): This score is quite low, indicating poor overall perf@ across both

<>°$
X

Weighted Average
Precision (0.69): This suggests better perfor%%Qt it is influenced by the larger class 1.

classes when weighted equally.

N

Recall (0.76) & F1-score (0.69):These re é&t e weighted contributions of each class to
the overall metric, skewed by the b@pe%orming class 1.

The Random Forest model i {@ﬁcantly better at predicting class 1 than class 0, which
may be due to class im@%e or features that do not distinguish well between the two
classes. The lo @for class 0 is concerning as it indicates the model misses many
actual insta@ class 0. The precision and recall are substantially higher for class 1,

showin ear model bias toward the majority class, which often occurs in imbalanced

datasets.
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Figure 4.7: Confusion Matrix of Random Forest Cla ifier’.

Figure 4.7 shows the confusion matrix for the Ra@ Forest Classifier with the number
of correct and incorrect predictions mad@ e model. There are 9 true negatives,
indicating that the model correctly predicted the negative class '0' nine times. There are

489 true positives, where the ﬁ@f?orrectly predicted the positive class 'l'. However,

N

there are 13 false neg@eaning the model incorrectly predicted the negative class
t

when it was actuallS positive class, and 143 false positives, where the model
incorrectly pre@ positive class when it was actually the negative class. The model

is substants etter at predicting the positive class than the negative class.

\/QJ
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4.2.4 Gaussian Naive Beyes

Table 4.4 : Classification Report of Gaussian NB Classifier

Precision Recall f1-score Support
0 0.41 0.06 0.10 152
1 0.77 0.97 0.85 502
Accuracy 0.76 654
Macro avg 0.59 0.52 0.48 65Q\
Weighed avg 0.69 0.76 0.69 ¢
Research Design, 2024 ’\\J
Table 4.4 presents the classification report for the Gaussian Naive NB).

Class 0 Metrics 0

Precision (0.41): This indicates that when the classiﬁe@s an instance to be in class 0,

it is correct about 41% of the time. b’b

Recall (0.06): The classifier only correctly @ 6% of all actual class 0 instances,

which is very low and suggests that m the class 0 instances are being missed.
F1-score (0.10): The F1-score fo@é& is quite low, which means the balance between
precision and recall is poor@s not ideal, especially if class 0 is critical to identify

correctly.

i

Class 1 N@

Precﬁ&).ﬂ): Suggests a relatively high precision, meaning the classifier's predictions
for class 1 are correct 77% of the time.
Recall (0.97): The classifier identifies 97% of all actual class 1 instances, which is

excellent.
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F1-score (0.85): A high Fl-score for class 1 reflects a good balance between precision and

recall for this class.

Overall Performance

Accuracy (0.76): The model has an overall accuracy of 76%, which indicates that it

Macro Average ’\

Precision (0.59): An average of the precision for both classet %ately low, indicating

correctly predicts the class for 76% of the instances across both classes.

imbalanced performance.

Recall (0.52): Also moderately low on average, sl@ the very low recall for class 0.
performance across both classes

Fl-score (0.48): Similarly, this score reﬂect

when equally considered. &

Weighted Average AQ

Precision (0.69), Rec@@ 6), Fl-score (0.69): These weighted metrics consider the
number of 1nst</@ each class, thus favoring class 1 due to its larger number of
instances. 6

The Ga& NB classifier is showing a significant discrepancy in performance between
the two classes, with a strong bias towards class 1, likely influenced by the class imbalance.
The very low recall for class 0 implies that the classifier is not effective at identifying
instances of this class, which could lead to a high number of missed critical cases if class 0

represents an important condition such as a disease in medical diagnosis. Although the
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overall accuracy is relatively high, the low macro averages highlight the model's inability

to perform equally well for both classes.
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Figure 4.8: Confusion Matrix of Gaussian Classifier
Research Design, 2024

The confusion matrix for the Gau&cﬁ\\lalve Bayes Classifier shows that the model has
correctly predicted class 0 egatives) only 2 times and class 1 (True Positives) 500
times. It has incorrectl icted class 0 as class 1 (False Positives) 150 times, and class 1
as class 0 (F xlves) 2 times. This suggests the model is highly effective at

1dent1fy1n%&és 1 instances but struggles significantly with class 0, failing to identify the
ma_]o% actual class O instances correctly. The disproportionally small number of

correct predictions for class 0 indicates a possible bias towards class 1.

152



Table 4.5 : Classification Report of the Models

Model Score

GaussianNB 0.787584
Random Forest Classifier 0.762997
Gradient Boosting Classifier 0.762997

Decision Tree Classifier 0.647615 @

Research Design, 2024
The classification report in Table 4.5 present the overall accuracy, of ifferent models.

The Gaussian Naive Bayes (NB) Classifier with a score of @ mately 0.788, the
Gaussian NB model has the highest accuracy among the dels. This suggests that,
despite its simplicity, the Gaussian NB classifier is b t generalizing from the training
data to the test data for this particular dataset. R@’Q Forest Classifier has an accuracy
score of around 0.763. This ensemble meﬁ)@which typically performs well on a wide
range of classification tasks due to "{gqa city for reducing overfitting, is slightly less
accurate than the Gaussian I\.IB @9 for this dataset.
N\

Gradient Boostin.g@r also with a score of 0.763, it performs equivalently to the
Random Fo es@el. Gradient Boosting is another ensemble method that focuses on
learning he errors of previous trees. Its performance being similar to the Random
Forest\sdggests that both ensemble methods are benefiting similarly from the dataset's
characteristics. Decision Tree Classifier with a score of approximately 0.648 is
significantly lower than the other models. As a single decision tree, it's more prone to
overfitting and generally less accurate on unseen data compared to ensemble methods. The

simplest model, Gaussian NB, outperforms the more complex ensemble models in this
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case. This could suggest that the dataset's features have a relationship that aligns with the
conditional independence assumption of Naive Bayes. The equivalent scores of the
Random Forest and Gradient Boosting models suggest that they are similarly effective for

this dataset.

4.3 Discussion of Findings Q\

The findings from this research highlight several insights into data procesﬁllggd model
performance. The analysis of the methodology and the results de@ om employing
various machine learning models dataset provides a cor@%ve insight into the

strengths and limitations of each model with respect to th rediction data.
™

The dataset, segmented into demographic i fon@Q, performance metrics, and historical
borrowing records, was cleansed to en %data integrity, a crucial step for reliable
predictive modeling. The preproce@*steps eliminated incomplete records and validated
the remaining data, ensurin% bust foundation for building predictive models. In
evaluating the models%%ge of metrics including precision, recall, Fl-scores, and
accuracy were n@g‘hese metrics highlighted how different models handled the
predictive tasks, particularly how they performed across majority and minority classes,
she din@’gt on their potential real-world applicability.

Among the models evaluated, the Decision Tree Classifier showed moderate overall
performance with an accuracy of 65%. It performed notably better on the majority class

compared to the minority class, suggesting a bias or an overfitting issue towards the

majority class due to the class imbalance. The ensemble methods, Gradient Boosting and
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Random Forest, displayed better performance with an accuracy of 76%, and a notable
strength in handling the majority class but again showed weaknesses in dealing with the
minority class. This trend underscores the challenge of class imbalance affecting the
model’s ability to generalize across different classes. The Gaussian Naive Bayes Classifier
stood out with the highest accuracy of approximately 78.8%, indicating its efficiency

despite the simplicity of the model. This could suggest that the assumption Qfe ure

independence in Naive Bayes align well with the characteristics of this p r dataset.
Despite its higher accuracy, the Gaussian Naive Bayes also d@t&sxated a similar
challenge in accurately predicting the minority class, underscorin ommon issue across
all models tested. The confusion matrices provided r depth to the analysis,
illustrating the actual versus predicted classifica '0%% revealing specific areas where
each model faltered, particularly in terms of fal atives and false positives.

These matrices were instrumental in und E\Sng the practical implications of deploying
these models, such as the potential {ﬂ%ﬂssociated with misclassifications.

&

Comparing the results Q\study, a study opposes this finding that reported the use of
three different learning methods, including Logistic Regression (LR), Decision
Tree (DT), ndom Forest (RF), in order to forecast whether or not consumers would
be a pr@rbfor loans. Based on the findings, the accuracy of the Decision Tree machine
learning algorithm is higher when compared to the accuracy of the Logistic Regression and
Random Forest machine learning approaches!. Another study used different machine

learning methods, including Random Forest, Support Vector Machine, K-Nearest

Neighbour, and Logistic Regression. The random forest outperformed others in terms
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accuracy’. Another study's used Logistic regression, Decision tree, Random Forest, and
XGBoost. Result showed that Logistic Regression (83.24%) out performed When
compared with Random Forest, XGBoost, and Decision Tree, the accuracy is at its highest
when loan approval prediction is done using®. Another study presented eight distinct
methods, including the Logistic Regression methodology, the Random forest algorithm,
the Decision tree algorithm, the Linear Regression algorithm, the Support Vec Q%ine
(SVM) algorithm, the Naive Bayes algorithm, the K-means algorithm, an@é Nearest
Neighbours (KNN) algorithm. Logistic regression achieved the hi el of accuracy

across both datasets, with 83.24 percent, followed by Naive ‘Bayes, which achieved

82.16% accuracy, and Random Forest, which achieved 7 ccuracy?.
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Chapter Five
Conclusion
This chapter presents a summary of the findings of the research, conclusion,

recommendations, contributions to knowledge, and areas for additional research.

5.1 Summary of Findings Q\

This study aims to use a Machine Learning-Based approach to predict l@ault. Using
Zindi data which is divided in to three (3); demographic data, perfor@: data and previous
loan data, research delve into the thorough data processing and moadeling techniques utilized
for loan approval prediction. The comprehensive analysi dataset, which was carefully
segmented into demographic information, perfo Qnetrics, and historical borrowing
records, revealed significant insights regardin % erformance of various machine learning
models. The dataset underwent cleanin o\hminate incomplete records, ensuring a high
degree of data integrity crucial for @bsequent analysis. The key findings from the model
i-n&g‘fant aspects. Firstly, the data preparation demonstrated a

N\

high level of completet% ith no missing values across all columns, facilitating accurate

evaluations highlight severat

modeling witho @ged for imputation strategies. This thorough preparation allowed for
the effective@ ation of machine learning techniques.

Regarding model performance, the Decision Tree Classifier achieved moderate accuracy of
65% and displayed better performance on the majority class compared to the minority class,
which might indicate potential issues of class bias or overfitting. The ensemble methods,

namely the Random Forest and Gradient Boosting models, reported higher accuracy at 76%,
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showcasing their robustness. However, these models, similar to the Decision Tree, also
performed poorly on the minority class, suggesting difficulties in handling class imbalance.
The Gaussian Naive Bayes Classifier stood out by achieving the highest accuracy at
approximately 78.8%, despite its simplicity. This performance suggests that the assumptions
of feature independence in Naive Bayes might align well with the dataset's character'&tics.
R

A recurring theme across all models was the notable discrepancy in perfor argetween the
majority and minority classes, with a strong bias towards the maj orl®. This emphasizes
the impact of class imbalance on model accuracy and the 1 ablhty of predictions,
highlighting a critical area for improvement in model tr 611d application. The findings
also underscore the implications for deploying t sv@els in real-world scenarios. While

the models can effectively predict outcomes fo ajority class, their performance on the

minority class could lead to potential ris ,Xpecially in scenarios where the minority class

represents important but less frequ@comes.

5.2 Conclusion

This study success \ %wed Machine Learning based approach to predict loan default.
The aim was Q}hance credit risk assessment and predict the likelihood of a borrower
failing totB their payment obligations. The study's comprehensive approach to data
prepawgn and model evaluation has yielded a deep understanding of the performance
characteristics of various machine learning models when applied to a rigorously cleansed
dataset. This loan default prediction data, was segmented into demographic information,

performance metrics, and historical borrowing records, was shown to have high integrity,

which is vital for reliable machine learning applications. The absence of missing values due
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to thorough data cleansing allowed for straightforward application of machine learning
techniques without the complication of data imputation.
The performance analysis of the models Decision Tree, Random Forest, Gradient Boosting,
and Gaussian Naive Bayes revealed that while each model has strengths, they also exhibit
significant limitations, particularly in handling class imbalance. The Decision Tree model
demonstrated moderate accuracy and highlighted potential overfitting issues, Q&zrmed
significantly better on the majority class. Similarly, both ensemble methods, dom Forest
and Gradient Boosting, although robust with a higher accuracy of @ truggled with the
minority class, suggesting that even sophisticated models ter without strategies to
address class imbalance. The Gaussian Naive Bayes m: @erged as the top performer
with the highest accuracy, suggesting that its un er}%%assumptions might be particularly
well-suited to the dataset’s features. However he other models, it also showed a bias
towards the majority class, indicating a co rn n challenge across the board.
c_)\
5.3 Recommendations %\
Based on the findings t\@wmg recommendations were made;
i.  Implement C@es such as synthetic minority oversampling technique (SMOTE),
t1

adaptive s sampling (ADASYN), or other resampling methods to balance the dataset.
This ca@’g improve model performance on minority classes and ensure more equitable
predictions.

ii. Beyond standard accuracy, it is recommended to incorporate additional evaluation

metrics like the Area Under the Curve (AUC) or the Matthew's Correlation Coefficient
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(MCC). These metrics can provide a more understanding of model performance, especially in
scenarios with imbalanced classes.

iii. Also, modify the Ilearning algorithms to make them cost-sensitive, where
misclassifications of the minority class are penalized more heavily than those of the majority
class. This approach can help in reducing the bias towards the majority class an(&us the
model on reducing more critical errors. Q

iv. Given that ensemble methods like Random Forest and Gradient Boost@wed robust
performance, further exploration into more sophisticated ensem@hniques such as
stacking or blending might yield better results. These metho@a everage the strengths of
multiple predictive models to improve overall performanQ

v. It is also recommended to establish a syste f%%tinuous monitoring of the model's
performance once deployed. Regular updates t model based on new data and feedback
can help in maintaining its relevance an %‘racy over time. Additionally, monitoring can

quickly identify any shifts in data é‘}ns or performance degradation, allowing for timely

adjustments. . \A%

5.4 Contributi @wledge

This study's gentributes to knowledge in the following ways:

1. %%suring high data integrity through meticulous data cleansing and preparation,
the study underscores the importance of data quality in predictive modeling. This contributes
to a deeper understanding of the link between data preparation and model performance,

reinforcing best practices in data science.
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il. The research highlights the pervasive issue of class imbalance and its impact on

model performance, providing a foundation for further studies into effective strategies for

managing this challenge. The findings promote a broader application of techniques such as

resampling and cost-sensitive learning in machine learning projects.

iii. By employing a variety of metrics (accuracy, precision, recall, Fl-score, and

confusion matrices), the study contributes to the methodology of mod Qéﬁation,

advocating for a more comprehensive approach that goes beyond simple agcurdcy measures.

This helps in building more reliable and interpretable models in dlvehcatlons

iv. The study’s exploration of ensemble methods enriches ‘the” dialogue around their
@es

application, especially in handling datasets with imbalan

5.5 Suggested Area of Further Studies b
Building upon the findings of this resea %‘ eral areas can be identified for further studies
y 0

to enhance the understanding and e@ machine learning models in handling real-world

data complexities. A%

1. Investigate mo@stlcated approaches beyond traditional resampling methods,
such as generatj e{ﬁ&rsaﬂal networks (GANs) for generating synthetic data, or advanced
anomaly det@o techniques that focus specifically on minority class characteristics.

il. @re the development of hybrid ensemble models that combine multiple machine
learning techniques to optimize performance. Research could focus on how different models
complement each other and whether combining models like decision trees with neural

networks can yield better performance on imbalanced datasets.
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iil. Further explore the practical applications and outcomes of cost-sensitive learning in
diverse industries such as finance, healthcare, and public services, where the costs of
misclassification can be particularly high.

iv. Further studies can be done to undertake comparative studies to evaluate how the
findings from this research apply across different domains with varying data characteristics.
This could help in understanding the domain-specific challenges and e@ss of
machine learning models. Q/

V. Deepen the research into the impact of different dimension@a quality (such as

accuracy, completeness, consistency, and timeliness) on I,\he rformance of predictive

models. Q
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Appendices
Appendix I: Design Source Code
In [69]: x = np.arange(0,len(df timelinel),1)

fig, ax = plt.subplots(1,1,figsize=(20,5))

ax.plot(x,df timelinel['num_of transactions'])

ax.set_xticks(x) \
ax.set_xticklabels(df timelinel['year month']) Q
ax.set_xlabel("Year Month') ( 0

ax.set_ylabel('Num of Transactions')

plt.show() E Q
In [51]: #importing required packages QQ

#modelues for EDA steps Q

import pandas as pd b

import numpy as np

import matplotlib.pyplot as plt ®

import seaborn as sns '5\\'
#modules for data cleaning and da&%alysis
from sklearn.model selection4 t train_test split

from sklearn.model sele ‘@mport StratifiedKFold
from sklearn.preprmﬂfi import StandardScaler

import scipy.s@gt

S

from imblearn.over sampling import RandomOverSampler
from imblearn.over sampling import SMOTE

#baseline linear model

from sklearn.linear model import LogisticRegression

from sklearn.tree import DecisionTreeClassifier
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from sklearn.ensemble import RandomForestClassifier
#modules for hyper parameter tuning

from sklearn.model selection import GridSearchCV
#modules for model evaluation

from sklearn.model selection import cross val score

from sklearn import metrics

from sklearn.metrics import confusion matrix, classification_report \
from sklearn.metrics import precision_score, accuracy_score, fl _score, 12 sc@Q
from sklearn.metrics import precision_recall_curve, roc_curve <

#modules for avoiding warnings
import warnings %Q
warnings.filterwarnings(‘ignore')

#setting backend for matplotlib Q

% matplotlib inline
#setting formatting options &

pd.options.display.max_columns = 100
pd.options.display.max_rows = 900
pd.set_option('float_format', '{:f}' f ’\&
#setting plot style

plt.style.use('seaborn-darkg @

In [52]: #loading the d

df = pd.read csv( d&anTrain.csv')

Out[54]: 0

In [55]: df.c

Out ]Qrb

In [56]™f.drop('"Unnamed: 0', axis=1, inplace=True)
In [57]: # Plot the distribution of each variable
df.hist(figsize=(20,15))

plt.show()4/18/23, 5:51 PM

loan_detection

file:///C:/Users/owner/Downloads/loan_prediction.html

182



4/44

0 1289169

1 7506

Out[59]:

In [60]: # Feature engineering

# Extract useful information from the "trans_date_trans_time" variable

#converting trans_date trans_time into datetime \
df['trans_date trans time'] = pd.to_datetime(df]'trans date trans time']) OQ
dff'trans_datetime'] = pd.to_datetime(df'trans date trans_time']) <

dff'hour of day'l| = df['trans_datetime'].dt.hour

dff'day_of week'] = df['trans_datetime'].dt.dayofweek 6\

df['trans_year month'] = df'trans_date trans time'].dt.to _pe@
dff'time_since last trans'] = df.groupby(['cc num])[um diff().fillna(0)

In [62]: # Create a new variable that indicates the@nce between the customer's location

dff'dist_customer merchant'] = np.sqrt((df]’ ’b‘['merch_lat'])**2 + (df]'long
In [13]: # Create a new variable that indi ﬂ%the frequency of transactions made by each ¢
dff'freq_trans_customer merchant'] = %pry(['cc_num', 'merchant'])['trans_num'
# Create a new variable that indi the time difference between the current tran
dff'time_diff customer m & ] = df.groupby(['cc_num', 'merchant'])['unix_time']
In [63]: #finding age

#converting 'dob! n to datetime

df['dob'] = pd.t@time(df[’dob'])

dff'age'l =n nd((df['trans_date trans time'] - df['dob'])/np.timedelta64(1, Y

df.a e.@

Outé}/

In [64]: #dropping variables

df.drop(['trans_date trans_time','first', 'last', 'dob'] , axis=1, inplace=True)
df.head()4/18/23, 5:51 PM

Out[66]:4/18/23, 5:51 PM

loan_detection
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plot =10,0,0]

#plotting the 'trans_hour' feature

plot[0] = sns.countplot(df.hour of day, ax = plt.subplot(221))
#plotting the 'trans_day of week' feature

plot[1] = sns.countplot(df.day of week, ax = plt.subplot(222))

#plotting the 'trans year month' feature \
plot[2] = sns.countplot(df.trans_year month, ax = plt.subplot(212)) Q

for i in plot: < 0

i.set_xticklabels(i.get xticklabels(), rotation=30) 6\

plt.show() %
In [68]: #year _month vs number of transactions 0

df timelinel = df.groupby(df['trans_year_month'])[['tran@ ,’cc_num'].nunique()
df timelinel.columns = ['year_month','num_of_transae@ns’,'customers’]
df timeline b’b

Out[72]: (b

In [73]: x = np.arange(0,len(df timeline2 )\

fig, ax = plt.subplots(1,1,figsize=(20 : &

ax.plot(x,df timeline2['loan_cus s'])

ax.set_xticks(x) - \
ax.set_xticklabels(df_th@n%['year_month'])

ax.set xlabel('Yea th')

ax.set_ylabel("Number of loan customers')

plt.show()

In [74]:%rrgting the 'gender’ distributed dataframe

df_g%r = df[['gender','trans_num']].groupby(['gender']).count().reset_index()
df gender.columns = ['Gender', 'gender count']

#creating gender-loan distribution

In [76]: #let us first bin the age feature

for i in range(len(df.age)):

if df.age[i] <= 30:
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df.age[i] ='< 30’

elif df.age[i] >30 and df.age[i] <= 45:
df.age[i] = '30-45'

elif df.age[i] >45 and df.age[i] <= 60:
df.age[i] = '46-60'

elif df.age[i] >60 and df.age[i] <= 75:

df.age[i] ='61-75'
X

else:

df.age[i] ="> 75' Q/O
df.age.head()4/18/23, 5:51 PM ’\

In [77]: #constructing the age-transaction count distribution Q

df age= dﬂ['age',’transnum']].groupby(['age']).count().reset@§

df age.columns = ['age', 'age count'] Q

#creating the age-loan distribution Q

df loan age = dff['age’, 'trans_num', 'is_loan']]. grc@[ age','is_loan']).cou

df loan age.columns = ['age', 'is_loan', 'Trx?(bt count']

df loan age =df loan age.merge(df a &

df loan age['Transaction percentage: ’\%d
df loan age

Out[77]: AQ

In [78]: sns barplot(dat% an_age, y="Transaction count', x="age', hue='is_loan')
plt.show()4/18/23,

In [88]: #functl@return highly correlated column above a threshold

def correlati ataset, threshold):

age count']], how='inner', on="ag

filoan age['Transaction count']/df frau

col co () # This set stores the highly correlated columns
corr_&mix = dataset.corr() #correlation matrix

#traversing the correlation matrix

for i in range(len(corr_matrix.columns)):

for j in range(i):

if corr_matrix.iloc[1,j] >threshold:

colname = corr_matrix.columns[i] #selecting columns above threshold
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col_corr.add(colname) #adding columns to set

return col_corr

In [89]: #let us get the features with correlation above 85%
corr_features = correlation(df,0.85)

corr_features4/18/23, 5:51 PM

44250.000000

1296675 rows x 8 columns Q\

Out[89]: Q
In [90]: #removing unnecessary variables Q/
df.drop(['zip', 'lat', 'long', 'city pop', 'unix time', 'merch_lat','merch 1 &
axis=1, inplace=True) %6

In [91]: df.head() Q

Out[91]: Q

In[124...

N\
#split X and Y ’b
O

X = df.drop(['is_loan'],axis=1) @
y =df.is_loan

In[125... . \%

X Out[125]: i Q
In [93]: #scaling

scaler = StandardScaleﬂg@QB, 5:51 PM

loan_prediction

<class 'pandas.@ame.DataF rame"™
Rangelndex 6675 entries, 0 to 1296674

Dat% (total 9 columns):
# Columin Non-Null Count Dtype

0 category 1296675 non-null int32
1 amt 1296675 non-null float64

2 gender 1296675 non-null int32
3 is_loan 1296675 non-null int64
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4 day of week 1296675 non-null int64

5 hour_of day 1296675 non-null int64

6 time since last trans 1296675 non-null float64

7 dist_customer merchant 1296675 non-null float64
8 age 1296675 non-null int32

dtypes: float64(3), int32(3), int64(3)

memory usage: 74.2 MB Q*

0 644585

13753 (/0
for train_index, test_index in skf.split(X,y): ’\

X train, X test = X[train_index], X[test _index] %Q

y_train, y test = y[train_index], y[test index] 0

y_train.value counts() Q
Out[95]: ’bQ

In [96]: Ir = LogisticRegression(random_state=42
model = Ir.fit(X_train, y_train) @%
y_train_pred = model.predict(X_train)

y_test pred = model.predict(X test) Ej\’\%

In [97]: #evaluating the model é

model name = 'Logistic Re , \Am - imbalance class'
train_score = model.sc@in,y_train)

test_score = modg (X_test,y_test)

acc_score = ac@_score(y_test,y_test _pred)
f score = fl re(y_test, y test pred, average='weighted')

precisi recision_score(y_test, y test pred)
reca&netrics.recall_score(y_test,y_test _pred)

#creating a dataframe to compare the performance of different models

model eval data =[[model name, train_score, test_score, acc_score, f score, precis
evaluate df = pd.DataFrame(model eval data, columns=['"Model Name', 'Training
Out[97]:

In [98]: #random under sampling using imblearn
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rus = RandomUnderSampler()

X rus,y _rus =rus.fit resample(X train,y train)

y_rus.value counts()

Out[98]:

In [99]: X train, X test, y train, y test=train_test split(X rus, y rus, test size=0.3, ra
In [100...

#evaluating the model Q\

model name = 'Logistic Regression - with Random Under Sampling'

train_score = model.score(X train,y train) < :
test_score = model.score(X _test,y test) 6\

acc_score = accuracy_score(y_test,test pred) %

f score = fl_score(y_test, test pred, average='weighted')

precision = precision_score(y_test, test pred)4/18/23, 5:5

#adding calculations to dataframe Q

model eval data =[model name, train_score, tes@’be, acc_score, f score, precisi
model eval dict = {evaluate df.columns[i]: (b_eval_data[i] for i in range(len(mod
evaluate df = evaluate df.append(model §~_dict, ignore_index=True)

evaluate df &é;\\'

Out[103]:

In[104... \AQ

Hoversampling with imb@

ros = RandomOvg ler()
X ros,y_ros =Qs)ﬂt_resample(X_train,y_train)

y_ros.value nts()

Out%%

In [105Y.

#train Test split

X train, X test, y train, y test =train_test split(X ros,y ros, test size=0.3, str
y_train.value counts()

Out[105]:

In[134...
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#implementing logistic regression

Ir = LogisticRegression(random_state=42)
#creating model

model = Ir.fit(X_train, y_train)
y_train_pred = model.predict(X_train)
y_train_pred

Out[134]:
Q\

In [107...

test_pred = model.predict(X test) < 0
test_pred 6\

Out[107]: %
In[108...

#printing classification report Q
In [109... Q
#evaluating the model 6%
model name = 'Logistic Regression - Rand. ’bt Sampling'

train_score = model.score(X_train,y train

test_score = model.score(X test,y t .f)\%

acc_score = accuracy_score(y_te ~ pred)

f score =fl_score(y_test, t < d, average='weighted")

precision = precision_seQr §test, test_pred)

recall = metrics.rg core(y_test,test pred)

#adding clacul@ to dataframe

model eval = [model name, train_score, test score, acc_score, f score, precisi
modgl €yal~dict = {evaluate df.columns[i]:model eval data[i] for i in range(len(mod
evah%y_ df = evaluate df.append(model eval dict, ignore index=True)

evaluate df

Out[109]:

In [110...

#Himplementing logistic regression

Ir = LogisticRegression(random_state=42)

189



#creating model

model = Ir.fit(X _train, y_train)
y_train_pred = model.predict(X train)
y_train_pred

Out[112]:

In[116...

model = model.predict(X_test) Q\

model

Out[116]: (/0
In[l14... Q’\

#printing classification report %
print(classification_report(y_test, test pred))

In[115... Q
#evaluating the model be

model name = 'Logistic Regression - SMOTE'
train_score = model.score(X _train,y train) ,b

°
acc_score = accuracy_score(y_test,t

test_score = model.score(X test,y test) §

f score = fl_score(y_test, test saverage='weighted')

precision = precision_score , test_pred)

recall=metrics.recall_&® _test,test_pred)

#adding claculat(og&f’atafmme
model eval da€=>§no el name, train_score, test_score, acc_score, f score, precisi

model eval = {evaluate df.columns[i]:model eval data[i] for i in range(len(mod
evaluat evaluate df.append(model eval dict, ignore index=True)
eval&dﬂ/ 18/23, 5:51 PM

In [69]: #Decisiontree classifier

#train-test split

X train, X test, y train, y test =train_test split(X,y, test size=0.3, random_stat

dtree = DecisionTreeClassifier(max_depth=10)

model = dtree.fit(X_train,y train)
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y_test pred = model.predict(X test)
print(classification_report(y_test, y test pred))
#evaluating the model

model name = 'Decision Tree - imbalance class'
train_score = model.score(X _train,y train)

test_score = model.score(X _test,y test)

acc_score = accuracy_score(y_test,y test pred) *
f score =fl_score(y test, y test pred, average='weighted') OQ
precision = precision_score(y_test, y_test pred) <

recall = metrics.recall score(y_test,y test pred)

#adding claculations to dataframe %
model eval data =[model name, train_score, test_score, ac f score, precisi

model eval dict = {evaluate df.columns[i]:model eval da Qr 1 in range(len(mod
evaluate df = evaluate df.append(model eval dict, i @ﬁ;mdex—True)
evaluate df4/18/23,5:51 PM

In [70]: #train-test split

X train, X test, y train, y test= traln tes §l1t(X rus,y_rus, test size=0.3, ran
dtree = DecmonTreeClaSs1ﬁer(max *

model = dtree.ﬁt(X_traln,y_traan

test_pred = model.predict(

print(classiﬁcation_repb@ est, test_pred))

#evaluating the m

model name =Q.e>i610n Tree - Random Under Sampling'

train_score del.score(X_train,y train)

test sco@ odel.score(X test,y test)

acc_b& = accuracy_score(y_test,test pred)

f score = fl_score(y_test, test_pred, average='weighted')

precision = precision_score(y_test, test_pred)

recall = metrics.recall score(y_test,test pred)

#adding claculations to dataframe

model eval data =[model name, train_score, test_score, acc_score, f score, precisi
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model eval dict = {evaluate df.columns[i]:model eval data[i] for i in range(len(mod
evaluate df = evaluate df.append(model eval dict, ignore index=True)

evaluate df4/18/23,5:51 PM

In [71]: #train-test split

X train, X test, y train, y test =train_test split(X ros,y ros, test size=0.3, ran

dtree = DecisionTreeClassifier(max_depth=10)

model = dtree.fit(X_train,y train) *
test_pred = model.predict(X test) OQ
print(classification_report(y_test, test pred)) (}

#evaluating the model ’\
model name = 'Decision Tree - Random Over Sampling' %Q
train_score = model.score(X _train,y train) O
test_score = model.score(X test,y test)

acc_score = accuracy_score(y_test,test pred) Q

f score =fl_score(y_test, test pred, average='wei

precision = precision_score(y_test, test_pre ’b

recall = metrics.recall score(y_test,test }
#adding claculations to dataframe &

model eval data =[model nam in_score, test_score, acc_score, f score, precisi
model eval dict = {evaluat i lumns[i]:model _eval data[i] for i in range(len(mod
evaluate df = evaluate \df. %nd(model_eval_dict, ignore_index=True)

evaluate df4/1 8/2%% PM

#evaluating th@

model namé =}Decision Tree - SMOTE'

trai so@rbmodel.score(X_train,y_train)

testi&(e = model.score(X test,y test)

acc_score = accuracy_score(y_test,test pred)

f score = fl_score(y_test, test pred, average='weighted')

precision = precision_score(y_test, test pred)4/18/23, 5:51 PM

model eval data =[model name, train_score, test_score, acc_score, f score, precisi

model eval dict = {evaluate df.columns[i]:model eval data[i] for i in range(len(mod
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evaluate df = evaluate df.append(model eval dict, ignore index=True)
evaluate df

Out[72]:

In [73]: #train-test split

X train, X test, y train, y test =train_test split(X,y, test size=0.3, random_stat

rf = RandomForestClassifier(n_estimators=100, criterion='gini")

model = rf.fit(X_train,y train) Q«

y_test pred = model.predict(X test) 0
print(classification_report(y_test, y test pred))4/18/23,5:51 PM (/
#evaluating the model

model name = 'Random Forest %Q
train_score = model.score(X _train,y train) 0

test_score = model.score(X test,y test) Q

acc_score = accuracy_score(y_test,y test pred) Q

f score = fl_score(y_test, y test pred, average=' ed')

precision = precision_score(y_test, y_test %’b
recall = metrics.recall_score(y_test,y_testX)

#adding claculations to dataframe .\

model eval data =[model nam in_score, test_score, acc_score, f score, precisi
model eval dict = {evaluat i lumns[i]:model _eval data[i] for i in range(len(mod
evaluate df = evaluate \df. %nd(model_eval_dict, ignore_index=True)

evaluate df4/1 8/23,% PM

#evaluating th@

model namé =yRandom Forest - Random Under Sampling'
trai so@rbmodel.score(X_train,y_train)

testi&(e = model.score(X test,y test)

acc_score = accuracy_score(y_test,test pred)

f score = fl_score(y_test, test pred, average='weighted')
precision = precision_score(y_test, test_pred)

recall = metrics.recall score(y_test,test pred)

#adding claculations to dataframe
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model eval data =[model name, train_score, test_score, acc_score, f score, precisi
model eval dict = {evaluate df.columns[i]:model eval data[i] for i in range(len(mod
evaluate df = evaluate df.append(model eval dict, ignore index=True)

#Hevaluating the model

model name ='Random Forest - Random Over Sampling'

train_score = model.score(X train,y train)

test_score = model.score(X test,y test) *

acc_score = accuracy_score(y_test,test pred)

f score = fl_score(y_test, test pred, average='weighted') < 0

precision = precision_score(y_test, test_pred) 6\

recall = metrics.recall score(y_test,test pred)

#adding claculations to dataframe 9
model eval data =[model name, train _score, test score; ore, f score, precisi

model eval dict= {evaluate_df.columns[i]:model_eva@ata[i] for 1 in range(len(mod
In [79]: #train-test split

X train, X _test, y train, y_test = train test ’bsm,y sm, test_size=0.3, rando
rf = RandomForestClassifier(n_ estlmato cr1ter10n=’g1n1)

model = rf.fit(X_train,y train) §

test_pred = model.predict(X test

print(classiﬁcation_report(y.

#Hevaluating the model QQQ
model name = 'R‘a@F orest - SMOTE'

train_score = n@core(X_train,y_train)

test_score =@del.score(X_test,y_test)4/ 18/23, 5:51 PM

acc @ccuracyscore(ytest,test -~ pred)

f score™= fl_score(y_test, test_pred, average='weighted')

ytest pred))

precision = precision_score(y_test, test_pred)

recall = metrics.recall score(y_test,test pred)

#adding claculations to dataframe

model eval data =[model name, train_score, test_score, acc_score, f score, precisi

model eval dict = {evaluate df.columns[i]:model eval data[i] for i in range(len(mod
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evaluate df = evaluate df.append(model eval dict, ignore index=True)
evaluate df4/18/23,5:51 PM

In [80]: #train-test split

model name ='Random Forest - SMOTE'

train_score = model.score(X _train,y train)

test_score = model.score(X _test,y test)

acc_score = accuracy_score(y_test,test pred) *
f score = fl_score(y_test, test pred, average='weighted') OQ
precision = precision_score(y_test, test_pred) (}
recall = metrics.recall score(y_test,test pred)
#adding claculations to dataframe §

r

model eval data =[model name, train_score, test score, ac@ y f score, precisi
model eval dict= {evaluate_df.columns[i]:model_eval_
evaluate df = evaluate df.append(model eval dict, i index=True)

In [81]: best_grid = RandomForestClassiﬁer(max@ es = 'sqrt', n_estimators=200,

random_ @%

#train-test split

or i in range(len(mod

X train, X test, y train, y test= traié%s&%st_ plit(X_sm,y_sm, test size=0.3, rando
model = best_grid.fit(X_train,y

test_pred = model.predict( :

print(classification_rep est, test_pred))

#evaluating the m

model name =®om Forest - SMOTE [Hyperparameter Tuned]'
train_score del.score(X_train,y train)

test sco@ odel.score(X test,y test)

acc_b& = accuracy_score(y_test,test pred)

f score = fl_score(y_test, test_pred, average='weighted')

precision = precision_score(y_test, test_pred)

recall = metrics.recall score(y_test,test pred)

#adding claculations to dataframe

model eval data =[model name, train_score, test_score, acc_score, f score, precisi
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model eval dict = {evaluate df.columns[i]:model eval data[i] for i in range(len(mod

evaluate df = evaluate df.append(model eval dict, ignore index=True)
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