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Abstract

It can be seen that the value of assets is rising daily. That often necessary a lot of
capital to buy the whole asset. Many times it becomes impossible to buy even from
our savings. So we can apply for a loan to get the money we need because, through
the loan application, we can easily get the money for buying assets. However, obtaining
a loan is a lengthy procedure. The application must go through several steps before
being accepted, and approval is not guaranteed. Many loan prediction models have been
created to reduce the time and also reduce the risk attached to the loan. The main goal
of my project was to compare different types of prediction models and then finalize which
one is the best for loan-eligible prediction with the lowest amount of mistakes. Also
used SHAP method for Feature importance of model prediction. After that choose the
best ML model for deployment. So, I used eight machine learning models for my research
paper. I get Logistic Regression is the best among the eight machine learning models with
high accuracy and F1 score. For my application, I used this logistic regression model for
prediction and also used SHAP for feature importance. After that, used text generation
model L Lama-3.3-70b-versatile with Groq API to explain the reason for the prediction
and give suggestions based on the prediction.

Keywords: Machine Learning, Loan Eligibility Prediction, XAI, Groq API.
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Chapter 1

Introduction

1.1 Motivation

Banks make a chunk of their money through loans. Revenue comes when banks provide
loans because they take interest on loans. Banks offer customers money to keep at a
high interest rate. And this money is offered to customers as bank loans from which the
bank earns interest. Besides, loans are also important in the economy by financing the
people and businesses for investment and expanding as well as growing. This in turn
leads to economic development which in turn is good for the banks in that they get
more business opportunities. Banks offer multiple types of loan products (personal loans,
mortgages, business loans, etc.) set up as a way to rebalanced funds between people
and businesses and help reduce risk for lenders. This diversification is important so that
the banks do not suffer losses in case of a sector wise business decline. Banks can use
offering loans to build up strong relationships with customers, sometimes exponentially,
since customers who take loans will often buy other financial products that banks offer,
such as insurance, investment services and more. That’s Why loans are important for
banks. On the other hand, we need loans because it is important for an individual, a
company, and an economy. All types of businesses need loans to get up and running, to
grow, or to sustain operations. Such as this is from funding to purchase equipment, to
the hiring of staff, to managing inventory and to venture into new markets, etc. Because,
a number of businesses would also find it difficult to start and grow without loans.
Loans allow individuals to make significant life purchases but these purchases were not
possible as it required access to funds that were not readily available sometimes to the
borrower. But personal loans can also go toward debt consolidation, smoothing cash flow,
or improving the quality of one’s life.

For most people, it is financially impossible to buy a home outright with cash. Individuals
make home loans, known as mortgages, that help them pay their home loan in installments
while enabling them to own a home. Not only does this investment give you a place to
live but it does so in a way where you are also building equity that can be a very valuable
asset.

Automobiles are costly and also essential for going to work or handling life. Auto loans
allow people to provide installment of car’s loan throughout several years and giving them
reliable transportation without using all of their savings at once. Investing in education
is an important step in one’s future, but it’s expensive. The funds to enable students to
pay tuition fees, books, and other charges are provided by student loans to allow as many
people as possible to get to college. This means having better access to the education



necessary to attain a well paying job at a higher earning potential and greater stability
financially.

Medical emergencies, sudden job loss or urgent home repairs can be quite unexpected
and suddenly turn crippling on finances. Personal loans facilitate loans, in the sense that
they help people take care of these crises before they resort to high interest options like
credit cards or payday loans. This access can stop financial instability and give you peace
of mind during difficult times.

An agricultural loan is a financial product used to finance crop cultivation, livestock rear-
ing, land development, building of storage facilities as well as purchasing of equipment.
Short, medium or long term loans with subsidized interest rates at the rate affordable
and flexible payment terms that can be matched to the farming cycle. Small scale farm-
ers are empowered by governments through special schemes meant to encourage rural
development. Modernizing farming, food security and rural economy depends a lot on
agricultural loans.

However, at present, in many banks loans are manually authorized by a bank represen-
tative. For a number of reasons, manually predicting loan eligibility is always considered
risky. Traditional ways are already there and exist for a long period of time, but they
offer numerous drawbacks to both the lender and the borrower. Manual loan prediction,
in particular, requires human judgment, which is inherently error-prone, inconsistent and
biased. An applicant presented to different loan officers may get evaluated differently
based on the personal experience of the loan officer, his intuition or his understanding of
the financial metrics. If it’s not consistent, it means that some good borrowers will be
denied and some unsafe borrowers will be granted a loan. Additionally, Manual assess-
ments are usually based on a few select data points. While this narrow approach can
easily miss key insights and result in suboptimal decisions regarding an applicant’s ability
which is sometimes incorrect.[13].

Manual assessment of loan applications tends to be slow and laborious, requiring a de-
tailed perusal of financial papers, credit histories and other supporting material. Delays
in loan approval can affect the applicant in a negative way and can eventually lead to los-
ing business to competitors who offer slicker and effective processes. This type of method
is usually a time and resource consuming process, and hence is relatively expensive. On
the other hand, a lender can process much larger volumes of applications much more
efficiently, and with far greater accuracy, by using an automated system, reducing costs
to the lender[18].

Higher Default Rates created by manually loan prediction. Manual predictions of the risk
profile of an applicant might not be complete, giving higher probability to loan defaults
even if it has been approved. Most lenders contend that, in the absence of thorough loan
assessment, they are exposed to more financial risk for they attract more loans that are
likely to default and affect their profit margins.

Because manual loan prediction depends entirely on human judgment, only limited data
analysis is available, and human biases may not be completely removed. These risks can
result in poor decisions, financial loss and compliance issues, meaning it is an increasingly
outmoded way to operate, even in the age of data-driven decision making.

For this reason, it is very important to have the ability to have the loan authorized in the
shortest time possible, with the fewest number of mistakes in risk prediction is critically
feasible.

In recent years, data science, and machine learning specifically, has brought in powerful
tools to improve the process of loan approval. Using historical data, the machine learning



models have created which can spot these very complex relationships between those kinds
of variables: income, employment history, credit behavior, and other socio economic
factors. With high accuracy, these models can predict the likelihood of loan repayment
so lenders can automate decisions, reduce processing time and increase consistency in
evaluation. Therefore, we need a loan prediction model. Thus, this type of model can
predict in time, whether the given applicant’s loan will be approved or not.

1.2 Aims and Objectives

The project’s main goal is to evaluate loan eligibility prediction using multiple machine
learning algorithms and then select the best one that may reduce loan approval time and
also risk. And also using the XAI method to explain the prediction. After that choose
the best model for deployment. It has been completed by forecasting whether or not the
loan can be provided to that individual based on a variety of factors such as Married,
Education, Loan Amount, Applicant Income, and so on. The prediction model benefits
both the applicant as well as the bank through reducing risk and lowering defaulters
number.

1.3 Organization of the Report

The report is organized in the following sequence:

Chapter-1 describes the motivation, aims and objective of my project work, the organi-
zation of the report structured,.

Chapter-2 discuss about the related work about loan eligibility prediction.

Chapter-3 demonestrates Exploratory Data Analysis and visualization

Chapter-4 discuss about the Methodology, Data Preprocessing, Model Specification &
Explainable Al

Chapter-5 show Result Analysis

Chapter-6 describes the Project Development process.

Chapter-7 presents the conclusion.



Chapter 2

Related Work

The prediction of loan eligibility has become a very important area of research in the
area of financial services where accurate decision-making is required to approve the loan.
Predicting loan eligibility became a lot more efficient and accurate while using machine
learning techniques than that traditional methods provide. Traditionally, credit scoring
models were almost entirely based on historical credit data, neglecting other important
ones, such as income and employment status. However, these modern approaches include
a wider set of attributes, and utilize sophisticated algorithms in order to produce more
accurate predictions.

Uddin, Nazim, et al. developed a machine learning (ML) powered loan prediction system
to automatically spot eligible candidates for loans by addressing this problem. The thor-
ough research examines data preprocessing procedures and efficient SMOTE balancing
alongside an exploration of multiple machine learning models including Decision Trees,
SVM, KNN, Gaussian Naive Bayes, AdaBoost, Gradient Boosting and deep learning
techniques such as recurrent neural networks, deep neural networks and long short-term
memory models. The investigators carefully assess the accuracy and recall performance
and F1 score measurements of their model. The experimental findings from their inves-
tigation demonstrate that Extra Trees produce superior results compared to alternative
models. By combining the top three ML models into an ensemble voting model they
achieve exceptional accuracy for bank loan default predictions which exceed Extra Trees
by 0.62. They developed a user-focused desktop application which improves interface
usability[10].

The objective of Ozkurt, Cem in his research paper is to improve the forecast of eligibil-
ity for the personal loan using fancy machine learning algorithms. In order to minimize
risk and expedite the lending process, financial companies necessarily need to accurately
calculate creditworthiness. He used a large dataset including financial and demographic
data to assess three algorithms: XGBoost, GradientBoost and AdaBoost. The highest
performing on this criterion was found to be XGBoost with an F1 score of 0.95%, ac-
curacy, precision, and recall of 95%. We find that these results demonstrate how well
XGBoost can predict which borrowers have the probability of paying their loans back,
hence making it a useful tool for loan approval decision-making. XGBoost may therefore
help banks decrease the risk of default, deliver better customer service, simplify processes,
and ultimately come up with better and more reliable lending practices[15].



In order to forecast loan eligibility, Orji, Ugochukwu .E.; et al. in their paper, provide six
(6) machine learning algorithms. The models were trained on a historical ” Loan Eligible
Dataset” which is a released database under the Database Contents License (DbCL) v1.0
available on Kaggle. Their studies showed superior accuracy with the Random Forest
scoring 95.55%, Which is the best score & Logistic Regression at 80%, which is the low-
est score. Their models performed better than the two in terms of precision-recall and
accuracy among three different loan prediction models that were published in the litera-
ture[7]

For his research, Chen, Guangxuan selects a Kaggle dataset that is open to the public,
cleans data meticulously, before training eight frequently used models simultaneously.
Accuracy, precision and F1 score are the measures that are used in this case. From
which, AdaBoost was the best model as it achieved the highest F1-score 0.8957 and the
highest accuracy 84.95%. Finding the best precision performance was accomplished using
XGBoost. This paper demonstrates how the concept of machine learning can indeed im-
prove sound financial decision-making and provide a more precise means of loan approval.
It assists in simplifying the loan approval procedures, increasing loan accessibility, and
enabling loan applicants assessment for the chances of getting the loans by the relevant
financial institutions.[18]

In their study, P, Krishnaraj, et al. investigate many machine learning approaches ap-
plied in different contexts, review their benefits, drawbacks and performance metrics,
including loan approval.s. In order to predict and categorize the objective variable, they
used three well-known machine learning models in this research. Which are Logistic re-
gression, Decision trees, and their extension, Random forest. The general goal was to do
a comparative analysis for different models and to find out which model works best for
the given job. After a deep analysis and also comparing the model results, they found
that the Logistic Regression machine learning model was marginally better compared to
the other models. Their evaluation yielded an 86% accuracy with the logistic regression
method. Test accuracy is the percentage of times the test dataset accurately predicted
instances. Logistic regression model has an accuracy of 86% making it pretty decent to
produce predictions depend on unseen data[13]

For the purpose of classifying loan approvals, Noviandy, Teuku Rizky, et al. used Light-
GBM, a gradient-boosting framework that was verified using 10-fold cross-validation and
refined through the use of Random Search hyperparameter tuning in their paper. To
tackle the interpretability problem in machine learning, we implemented the Shapley
Additive exPlanations (SHAP) framework. But in recall (97.17%), accuracy (98.13%),
precision (97.78%), and Fl-score (97.48%), the Light GBM model performs better than
traditional approaches (Decision Tree, Random Forest, AdaBoost, and Extra Tree). The
study shows that the accuracy and transparency of loan approval decisions may be greatly
increased by utilizing an interpretable machine learning technique with LightGBM and
SHAP. With the use of this technique, financial institutions may improve their loan ap-
proval processes and make decisions in the digital economy more dependable, effective,
and transparent.|[14]

Loans are a vital source of revenue for the economic industry however they entail seri-
ous economic hazards. A sizable amount of a bank’s assets are made up of loan interest.



Globally, there is an increasing need for loans, and businesses are coming up with effective
ways to draw in new customers. Dansana, Debabrata, et al. in their article’s goal is to
decide whether to lend money to particular people or businesses. To gauge performance
and find qualified borrowers for loan approval, the Random Forest Regressor model has
been applied. According to the model, bankers should take into account additional con-
sumer attributes that are crucial for determining defaults on loans and issuing credit, in
addition to focusing on wealthy customers. The study looks at a number of factors that
affect loan acceptance, including marital status, employment type, business kind, gender,
educational background, and loan term. The research also examines the quantity of loans
that are granted, drawn, and denied, which offers important information about approval
of loans and forecasting.[11]

Rohini, Dr.S.Gomathi alias et al. used The Jupyter Notebook cross-platform Integrated
Development Environment (IDE) and Python 3.7 and associated libraries to create the
system. They used four machine learning model. Based on their average balance amount
in the bank during the period and their financial background, the system authorizes the
loan amount to the anticipated applicants having a good credit record. The system’s
ability to forecast applicants’ financial worth was determined. The accuracy of the Naive
Bayes, SVM, and XGBoost algorithms in predicting creditworthiness was 79%, 81%, and
84%, respectively.[19]

Madaan, Mehul, et al. conducted a comprehensive and comparative study regarding two
algorithms, Random Forest and Decision Trees. Both approaches made use of the same
dataset. An even closer look found that the Random Forest algorithm performed better
comparison the Decision Tree, with the latter showing a much greater success rate. The
Random Forest Classifier gave them an accuracy of 80%, one the other hand the Decision
Tree method gave them an accuracy of 73%. Consequently, it seems that the Random
Forest is a more appropriate option for this kind of data. This work investigated, exam-
ined, and created a machine learning algorithm to precisely ascertain a person’s likelihood
of loan default based on a collection of attributes.[4]

Tejaswini, J., et al. provide a comprehensive analysis of the prediction of a customer’s
loan application acceptance based on 3 machine learning algorithms. They use Random
Forest and Decision Tree as well as Logistic Regression. According to the experiment’s
results, the Decision Tree algorithm is more accurate than the Random Forest and Lo-
gistic Regression machine learning algorithms. What’s nice about this part is that it’s
easily integrable with a big range of different systems. [1]

In their research paper, Bansode, Nikhil et al. employ five different machine learning
algorithms to predict customer loan approvals. Nevertheless, logistic regression is the
most accurate algorithm with 84.376% accuracy. It handles flexibility, categorical values,
and it may deal with overfitting, while it’s also quite good at visualizing the data via a
confusion matrix. It can also finish the missing values of datasets. If applicants have the
chance of loan default, they have a greater possibility of being denied with bad credit. 5]

Yussuph, Toyyibat T. in his study forecasts loan defaults and determines the optimal
loan levels for small firms using advanced machine learning techniques, including the
XGBoost and Random Forest algorithms. A dataset with 27 variables—including loan



features, borrower information, and loan outcomes—is examined. The findings show that
Random Forest and XGBoost are both good at predicting loan default, with XGBoost
having a small advantage. For eligible borrowers, loan amounts are also estimated using
linear regression. The study pinpoints the main causes of loan defaults, and Random
Forest projections heavily rely on variables including term, disbursement gross, SBA ap-
proval, and gross approval .[20]

Zuama, Robi Aziz, et al. in their study examined how the use of machine learning model
can be applied to predict loans based on consumer behavior. In this paper they explore
the role ML can play in loan result forecasting. In particular, ML has been proven to
be a revolutionary tool for Loan default prediction using more sophisticated approaches
to analyses the historical data related to the behaviours of the consumer. Findings show
that with 89% accuracy rate, XGB Outperforms other machine learning methods. Lo-
gistic regression and random forest have an accuracy of 88%. KNN and decision trees
follow, with both slightly lower accuracy rates (87%).[17]

In order to assist in future decision-making, Perera, C. L., et al. in their research sug-
gested an approach for evaluating the credit risks connected to loans. To offer insights,
a data analysis based on exploration was conducted. In order to predict loan credit risks
using Machine Learning (ML) algorithms, this study evaluated consumer profiles accord-
ing to the demographic as well as geographic information of the consumers. Finally, the
efficiency of the model was evaluated using evaluation metrics. The best training and
test accuracy of 0.99% and 0.78%, respectively, were achieved by the Stacking Ensem-
ble, outperforming the other methods. The research presented here is interesting since
it collected extensive data from one of Sri Lanka’s top financial institutions. The most
important steps in the research are feature selection, machine learning algorithms, hyper-
parameters, and how to assess. Additionally, voting-based ensemble learning—a unique
machine learning technique-was suggested as a way to improve results.[16]



Chapter 3

Exploratory Data Analysis and
visualization

3.1 Data Overview

The dataset Is collected from the Kaggle. In my datasets, there are 13 columns and 614
rows available. Table Table 3.1 describes the key information of the data set.

Attribute Name Description

Gender Male/Female

Married Yes/No

Dependents Number of Dependents
Education Graduate/Under- Graduate
Self-Employed Yes/No

Applicant Income Applicant’s Income
Co-applicant Income | co-applicants Income

Loan Amount Loan Amount in Thousands
Loan Amount Term | Term of Loan in Months
Credit History Good or Bad

Property Area Urban/Semi- Urban/Rural
Loan Status Loan Approved or Not

Table 3.1: Overview of the dataset

In the data set, we can see that there are some string-type of data and some int-type of
data existing. In Table.3.2, we see what type of data is in our dataset. Also we can see
that some of the columns have some missing values.



Attribute Name Non-Null Count | Type

Loan ID 614 String
Gender 601 String
Married 611 String
Dependents 599 String
Education 614 String
Self-Employed 582 String
Applicant Income 614 Integer
Co-applicant Income | 614 Integer
Loan Amount 592 Integer
Loan Amount Term | 600 Integer
Credit History 564 Integer
Property Area 614 String
Loan Status 614 String

Table 3.2: Data info

3.2 Bar Plot Analysis
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Figure 3.1: Bar plot of Gender

Figure 3.1 plots the gender distribution within a data set. In this plot, the gender
categories (Male and Female) are represented by the x-axis. Here, y-axis represent the
frequency or count of each category. There are about 500 counts in the male category
and about 100 counts in the “Female” category. It’s show that large number of male in
the dataset.



Married

Figure 3.2: Bar plot of Married

The married distribution within a dataset is plotted in Figure 3.2. The x-axis in this
visualization represents the Married categories (Yes and No). Here, the y-axis is the
frequency or count of each category. The “No” category has above 200 people, the
“Yes”about 400 people. This means that in the dataset there were more married people
than not married.

Dependents

Figure 3.3: Bar plot of Dependents

This bar plot (Figure 3.3) represents the distribution of dependent variables in a data
set. The number of dependents is shown on the x-axis and on the y-axis is the count
or the frequency of each of the kinds. Most people have 0 dependents, and the number
is more than 350. From this, we conclude that most of the individuals in our dataset
are predominantly dependent-free. Out of the three categories, one and two have counts
which are just near 100, whereas, lacking enough count marginally above 100, the 3+
group has the lowest number, which implies fewer numbers, around 50 of people having
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3 or more dependents.
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Figure 3.4: Bar plot of Education

Figure 3.4 represents the distribution of educational credentials of a dataset. The x-axis
represents two categories. are respectively “Graduate ” and “Not Graduate”. On the
other hand, the y-axis shows how many people (or frequency) are in each category. The
“Not Graduate” group has a count of less than 200 and the “Graduate” group has a
count of approximately 500.
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Figure 3.5: Bar plot of Self Emlpoyed

This Figure 3.5 illustrate the self-employed population distribution of this dataset. On
x-axis we see the Self_ Emlpoyed categories, i.e. Yes, No, and on the y-axis the count or

the frequency of each category. The majority of the people are not self-employed which
is approximately 500 and about 100 are self-employed.
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Figure 3.6: Bar plot of Property_Area

The distribution of the Property_Area variable among three classes: urban, rural, and
semi-urban are demonstrated in Figure 3.6. On the y-axis is the number of data points
(frequency) and on the x-axis are the categories. Semi urban has the highest count,
indicating that it is the most popular property area category in the dataset. The next

most prevalent category is urban. Rural is the least prevalent category, with the lowest
count.
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Figure 3.7: Bar plot of Loan Status

Figure 3.7 shows the overall distribution of the Loan_Status variable in a loan eligibility
prediction dataset. The two categories that are seen on the x-axis represent “Y” and “N”
both, where “Y” stands for approved loans and “N” stand for unapproved loans. On the
y-axis, the number of times each category of the variable occurred is shown (frequency).
Y: 500, it was closer to, Which means that most of the loan applications in the dataset
were accepted. Fewer applications were rejected a low count in the Loan Not Approved
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(N) category.

3.3 Histogram Plot Analysis
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Figure 3.8: Distribution of Applicant income

The histogram above Figure 3.8 represents the “ApplicantIncome” variable available in
the loan prediction dataset. Finally, the range of possible applicant income values is plot-
ted along the x-axis, and the number of applications within each income in the monthly
range is plotted along the y-axis. Smooth the distribution by making a line overlay (most
likely a density plot). The vast majority of applicants make less than 10,000. There is
some extreme outliers with very high earnings (over 40,000) that pushes the tail of the
distribution to the right. The majority of candidates earn between 2,000 and 6,000.
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Figure 3.9: Distribution of Co-
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Figure 3.9 shows the distribution of values of the “CoapplicantIncome” variable in a loan
prediction dataset. Here the x-axis depicts co-applicant income levels in monthly, while
the y-axis depicts the frequency (count) of co-applicants within each income bracket. A
density curve is superimposed to provide a smooth depiction of the distribution. The
highest frequency is shown in the first bar (at Co-applicant Income = 0). This indi-
cate that a large number of candidates lack a co-applicant to provide income. This
histogram is right-skewed, with a long tail extending towards higher incomes and the
majority of values concentrated at lower income levels, much like the applicant income
distribution. In contrast to the vast majority, the tail displays a tiny percentage of ex-
troverted co-applicants with substantially higher earnings (e.g., above 10,000). Most of
the Co-applicant’s earning income 0 to 10000 range.
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Figure 3.10: Distribution of Credit History

One important aspect in determining loan eligibility is the “Credit_History” variable,
whose distribution is shown in Figure 3.10. Here Credit_History = 1, it means that the
applicant has a solid credit history and has previously made responsible loan or debt
repayments. The majority of customers have strong credit histories (a big bar at 1). On
the other hand, Credit_History = 0 denotes the lack of previous credit conduct or an
untrustworthy or bad credit history. Candidates who were with little or no credit record
are represented by a smaller group (the bar at 0), which is near 100.
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Figure 3.11: Distribution of Loan amount term

Figure 3.11 illustrates the distribution of the “Loan_Amount_Term” feature of a loan
eligibility prediction dataset. The x-axis (Loan_Amount_Term) reflects the loan period,
which is often expressed in days (12, 36, 60, etc.). The y-axis (frequency) shows how
often every single loan term period comes up in the dataset. With a notable increase
close to one specific figure ( 360 Days), the graph is heavily biased to the right, suggesting
that most loans have a long duration (about 30 years, a typical loan period). For other
periods, such as for 180 numbers, the frequencies are less. Loan terms as short as 100
months (8 years) and beyond 400 months (33 years) are very rare.
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Figure 3.12: Distribution of Loan Amount

“Loan Amount” is a major determinant in forecasting a customers loan eligibility and the
histogram of the distribution of this factor is shown by Figure 3.12. The loan amounts
values are represented by the x-axis (LoanAmount). The loan amount distribution is
right-skewed (positively skewed). Here, Loan amount is represented in thousands. With
limited examples of bigger loan amounts (more than 300), the majority of loan amounts
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come under a lower range, usually within 100 and 200 (in thousands). Most of the loan
amount is in this range. Above this level, the frequency sharply declines while the loan
amount rises. Higher loan amounts (over 400, up to 700) remain quite rare.

3.4 Scatter Plot Analysis

For the relation between two variables, now I visualize the scatter plot for all numerical
data in my dataset.
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Figure 3.13: Scatter Plot: ApplicantIncome vs CoapplicantIncome

Figure 3.13 show “ApplicantIncome” against “CoapplicantIncome” with a categorical
label of loan eligibility. X-axis (ApplicantIncome) It is the income of the applicant in
the loan application in the monetary unit. Y-axis (CoapplicantIncome), Explains the co-
applicant’s income in terms of monetary unit. The every dot on the graph represents a
loan application. The color of the points indicates Loan Status: Blue (Y): Loan approved.
Green (N): Loan not approved. In this plot, most of the points lie toward the bottom-left
quadrant meaning low Applicant Income and low Co-applicant Income. This in turn
implies that most of the applicants and co-applicants earn less than this income earning
level. The majority of the loans are presented in the area with low Applicant Income
and Co-applicant Income and many of them are approved (blue color points). Hence,
green points here seem to be indicative of a fair degree of dispersion but are actually
more clearly discernible as the income values rise. Meaning that apart from income,
credit history or other financial indicators constitute highly important factors in the loan
decision.
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Figure 3.14: Scatter Plot: ApplicantIncome vs LoanAmount

In this case, a scatter plot is plotted with “ApplicantIncome” and “LoanAmount” along
with a categorical variable loan status which is show in Figure 3.14. In both ApplicantIn-
come (0 to 10,000) and LoanAmount (0 to 200)(in thousands), we see a large cluster of
points accumulating in the lower ranges. So, it seems that most loan applicants request
lower loan amounts and also have lower incomes. The densely populated region below
shows that loan approvals (blue) vastly outnumber loan denials, indicating that loans are
being approved more often for lower-income applicants requesting smaller loan amounts.
We see loan rejections (green) scattered throughout the graph, but are more visible for
higher Loan Amount values or outliers.
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Figure 3.15: Scatter Plot: ApplicantIncome vs Loan_Amount_Term

This scatter plot(Figure 3.15) explores the relationship between “ApplicantIncome” and
“Loan_Amount_Term”, with the loan eligibility status. We can see that most of the data
points are occurring around 360 months (30 years) loan amount term, irrespective of
Applicant Income, which means that 360 months (30 years) is the standard loan amount
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term for most loans. The remaining loans have terms of 180 months (15 years), 300
months (25 years), and shorter term loans throughout the income spectrum. Furthermore,
the Loan Status (approved or rejected) does not exhibit a clear pattern on Applicant
Income as the count of loans approved (Y) and rejected (N) across different Applicant
Earnings are relatively similar, and there is no clear pattern of count of loans approved
(Y) and rejected (N) across different Loan Amount Term means.
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Figure 3.16: Scatter Plot: Applicant Income vs Credit History

“ApplicantIncome” and “Credit_History” relationship in predicting loan eligibility as vi-
sualized by Figure 3.16 on the x and y-axis. Loan Approval Status is represented by
color coding. We observe that applicants with a Credit History equal to 1 (good credit
history) are more likely to have their loans approved (blue dots having high density, in
y = 1). The more green dots at y = 0 means that, applicants with Credit History =
0 (no or bad credit history) are more likely to be denied loans. We don’t see a strong
linear relationship between Applicant Income and loan approval. We see people who got
approved and rejected across a very wide range of incomes. Here, Credit_History seems
to be an important predictor of approval: there is a very skewed approval distribution
with respect to Credit_History = 1.
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Figure 3.17: Scatter Plot: Coapplicant Income vs Loan Amount

Figure 3.17 represents the relationship between “CoapplicantIncome” (x-axis) and “Loan
Amount” (y-axis) against loan status by coloring the data points. We also see many
points clustered near Co-applicant Income = 0 which suggests that a large proportion of
people did not have a co-applicant, or that the co-applicant had no income. These loans
usually have smaller loan amounts and commonly are under 200 (in thousands). At this
point, there is loan approval (blue), and loan denial (green), hinting co-applicant income
is not the sole criterion to approve or deny a loan. Also, as the Co-applicant Income
increases the range of loan amounts increases, which indicates that higher Co-applicant
income could also be associated with higher loan amounts. Nevertheless, there are some
outliers represented by those with very high values of the project amount (700 thousand)
or income (40000), however, which happens infrequently.
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Figure 3.18: Scatter Plot: Coapplicant Income vs Loan_Amount_Term
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The Figure 3.18 represent the scatter plot that there is some relationship between “Coap-
plicantIncome” and “Loan_Amount_Term”, where there are some loans concentrated at
a couple of terms such as 360 months and 180 months. The loan term does not directly
determine loan status, and co-applicant income is not the sole determinant. Loans with
terms of 360 months dominate the dataset, reflecting the preference for long-term loans.
Higher co-applicant incomes do not guarantee loan approval, but denials appear slightly
more frequent at extremely high incomes for long-term loans.
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Figure 3.19: Scatter Plot: Co-applicant Income vs Credit History

In this scatter plot(Figure 3.19), “Credit_History” (y-axis) is plotted against “Coappli-
cantIncome” (x axis) and color-coded by Loan Status. Credit History = 1 (Good Credit
History): A significant number of data points are concentrated here, and most of them
belong to approved loans (blue dots) instead of poor Credit History. Thus, it is shown
that good credit history has a close correlation with loan approval. And bad Credit his-
tory has fewer data points, which mainly represent the loan not being approved. Also
most data points are clustered near Co-applicant Income 0 to 5000. Both approvals and
denials exist in this range, with credit history playing a more decisive role.
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Figure 3.20: Scatter Plot: Loan Amount vs Loan_Amount_Term

Here i present a scatter plot examining the relationship between “LoanAmount” (on the
x-axis) and “Loan_Amount_Term” (on the y-axis). The data points are color-coded based
on Loan Status, where, Blue points (Y) Represent approved loans and Green points (N):
Represent rejected loans. We can see that most of the data points are located in very
specific regions meaning that they are often common loan amounts and terms. The most
frequent values of Loan Amount Term are standard loan durations: 360 months (30 years)
and also 180 months (15 years). The blue dots show that for smaller loan amounts (less
than 200), more of them seem to have been approved. But many loans, whether approved
or not, focus on low to mid-range loan amounts and standard terms, like 360 months.
Alongside those, we also have a few outliers with terms and loan amounts that are high.
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Figure 3.21: Scatter Plot: LoanAmount vs Credit_History
This scatter plot visualizes the relationship between “LoanAmount” and “Credit_History”
in a loan dataset. We see a very strong correlation between having a credit history and

getting a loan approval. The majority of loans are approved (1.0) for loans with a positive
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credit history, irrespective of the loan amount. On the other hand, loans with a negative
credit history (0.0) are mostly rejected, and the rate of approving them is very low. Loan
amounts vary widely within each of these categories, but the clustering of approved loans
is primarily observed at higher values for the credit history. This means that having a
good credit history is very important to whether your loan will be approved or not. Some
of the loans with poor credit history going through approval suggest outliers there could
be exceptions or some other influence play.
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Figure 3.22: Scatter Plot: Loan_Amount_Term vs Credit_History

Figure 3.22, scatter plot represents the relationship between “Loan_Amount_Term” and
“Credit_History”, and their effect on Loan Status (Y /N). The x-axis represents Loan_Amou-
nt_Term, which is the duration of the loan in months. The y-axis represents Credit_History,
where, 1 means the applicant has a good credit history and 0 means the applicant has
no or poor credit history. In general, blue dots dominate the area of applicants with a
credit history of type 1 (good credit) - which translates to better chances of getting a
loan approved. Applicants with no or poor credit history (Credit_History = 0) are less
likely to have their loans approved (green dots dominate this area). It does not seem that
there is a good relationship between the duration of the loan term and loan approval, as
the points are all over the x-axis.

3.5 Correlation Matrix

Figure 3.23 plots a correlation matrix, which shows the linear relationships among dif-
ferent features in the dataset and the correlation values are in the range from -1 to 1.
Red shows strong positive correlations, which means as one variable increases then the
other generally also increases, and blue shows strong negative correlations. The numeric
value of the correlation between “ApplicantIncome” and “LoanAmount” is 0.57 which
is slightly positive and indicates the positive relation or as higher applicant income, the
larger loan amount. “CoapplicantIncome” shows a very weak positive correlation with
“LoanAmount” (0.19) hence a very lower impact. There are some features like Gender,
Married, Dependents, Self Employed, etc., which cause negligible correlation with other
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variables therefore they do not interact and or predict other features in a linear way.
we observe that “Loan_Amount_Term” is also weakly correlated with all features, which
demonstrates its independence. We note a slight negative correlation between “Edu-
cation” and “ApplicantIncome”(-0.14) here perhaps indicating that higher incomes are
associated with lower levels of formal education in this dataset. The matrix shows, over-
all, that most features are relatively independent of each other, and they have only a few
moderate correlations, which may assist in the avoidance of multicollinearity problems in
the predictive modeling. The weak correlations also imply that no one feature on its own
will likely overwhelm the explanatory power for outcomes. The results of this analysis
help you identify feature interactions, detecting possible multicollinearity, and selecting
key predictors, that is, necessary information for model designing and getting to know

data structure.
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Figure 3.23: Correlation matrix
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Figure 4.1: Work flow of this Project

In this part, I discuss my methodology. Figure 4.1 we can see the overall proposed system
of my project. So, our primary task is data acquisition or sourcing it from a reputable
database. After collecting the database we need to analyze the data of the database.
Here I mainly used bar plots, histogram plots, scatter plots and confusion matrices for
data visualization. Because this plot helps us to understand how data is distributed.
After visualization we need to pre-process and then based on this preprocessed data, we
need to feature selections. In the dataset, I choose the top most features that impact on
results analysis. So for feature selections, I use the MRMR algorithm which stands for
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“Minimum Redundancy - Maximum Relevance”. This means it is designed to find the
smallest relevant subset of features for a given Machine Learning task. So after using the
MRMR algorithm, I get 7 features that impact on output. And I collected the selected
feature datasets for my model performance analysis. Before model training, we need to
split the dataset. So using train test split to split the dataset. So in my selected features
train dataset, 80% of the data will be used for training the model and 20% data will
be used for testing the model. After that, I used a standard scaler for three features,
which are mainly large-scale. Use this scaling to both train and test datasets. Then all
combined features are used for training and testing. Then fit the model for prediction.
In my project, I use eight machine learning algorithms which are SVM, Decision Tree,
KNN, Adaboost, Logistic Regression, MLP, XGBoost and Random Forest. After using
this model I generate our results. If the result is satisfactory then I analyze the model
performance. For model performance, I use a performance matrix, curve and plotting.
And also use the XAI method to explain the feature’s importance against accuracy. And
then the best model to use for deployment.

4.1 Data Preproccesing

Data preparation means taking raw and unprocessed data and converting it into struc-
tured, understandable, and useful data for machine learning modeling. This is a critical
step as data in the real world frequently has no key patterns, and also has inconsistency
and incomplete information which can prevent the building of an effective model. Ba-
sically, it means that good preprocessing ensures that data is correct, meaningful, and
well structured to allow for the machine learning model to actually extract good knowl-
edge. Left untreated, missing data can also hurt machine learning models. Imputation,
removal, or replacement methods are rolled out in order to avoid missing values and help
use the data available with models in the best possible way. Furthermore, the preprocess-
ing, including -feature selection, scaling, and normalization- is suitable enough to combat
over-fitting and thus ensures that the model learns real patterns instead of the noise or
random information. Data preprocessed is suitable for learning, improves the model’s
accuracy, and hence results in better predictions.

4.1.1 Data Imputation

Missing values are one of the typical problem with a dataset that is why their removal
or imputation is an essential step of data preparation. If not addressed, missing values
can cause normally distributed values to shift and skewed the model’s result. This is a
way of filling gaps left in data for the purpose of making sure that all data collected are
reliable.

Imputation Technique: Median

For missing numerical values i used median imputation in my research. In this method,
i replace missing values by the median of the observed (non missing) values per feature.
Compared to the mean, the median being the middle value of a sorted data sample is
very resilient to outliers and is a much more robust measure of central tendency.

Steps for Median Imputation:

Find the features or columns having missing values.

25



For each affected feature, calculate the median value of observed (not missing) data.
It replaces the missing values with the median calculated.

Imputation Technique: Mode

For missing categorical values, i used mode imputation in my research. The Mode imputer
replaces missing values on categorical columns with the most frequent value (mode) in
that column. A frequent and natural way to deal with missing values in categorical data
for which this assumption holds is simply to infer the missing values as the most common
category.

4.1.2 Data Encoding: Categorical Variable Transformation

So in the pre-processing stage on 1st, we noticed that in my train data set there are some
columns that have numerical data and on the other hand there are some columns which
have Categorical Data. In categorical data, there are two types of data in our dataset.
Where few columns have Binary Categorical Variables and few columns have multi-class
categorical variables.

Label Encoding

Label Encoding converts binary categorical variables with only two unique categories
(Yes/No, Male/Female) to numeric labels (0 and 1). Machine learning algorithms can’t
directly process categorical text data. So, they need to be transformed. In the dataset
used for my research, binary categorical columns were identified and converted to numeric
values using the LabelEncoder method.

Target encoding

Multi-class categorical variables have more than two distinct categories. These categories,
which represent groups or levels of a feature, are transformed using Target encoding.
Target encoding is the technique of transforming categorical variables into numerical
values using the statistical information of the target variable, often the mean, but it can
also be the median or standard deviation in many cases. This encoding takes advantage
of the feature and the target variable information together so that it can help machine
learning models learn relationships better. Firstly, the data set is grouped by the unique
categories of the variable. Next, a statistic (often the mean of the target variable) is
calculated over each category. After that, the original categorical values are assigned
with their analyzed statistics, while in fact transforming the variable to a numeric one
inclusive of correlation with the target.

4.1.3 MRMR

The mRMR algorithm, a feature selection approach, is extremely common to use in Ma-
chine learning. It tries to extract a subset of these as being highly relevant to their target
variable by reducing the redundancy among the characteristics chosen.

Relevance:
Mrmr mainly used mutual information to calculate the relationship between the feature
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and target variable. When these two variables depended on each other then mutual in-
formation measured the strength of their relationship. If the value of mutual information
is high between Xi and Y, then it means this feature has a strong relationship with the
target variable.[12]

Relevance(X;,Y) = I(X;,Y) (4.1)

Redundancy:

In this part mrmr measure the relationship between the feature, it means it measure
how much information share each other X; and X,. If the mutual information is high
between this two feature then it mean they provide the same information. Then it
call high redundancy. So that MRMR ignore that feature which mainly shares the same
information. Because it main goal is to reduce overfitting in machine learning algorithms.

Redundancy(Xi, XJ) = I(XZ, Xj) (42)

Average Redundancy:

Here mainly measures the redundancy within the new feature X; and the feature S which
are already calculated for redundancy. It help to identify whether the feature X; share
any information with the feature of S.

1
Average Redundancy(X;, S) = — Z Redundancy (X;, X;) (4.3)

|S| XjES

Finally, MRMR score is calculated based on relevance and Redundancy. Where it mea-
sures the high relevant to the target variable. Also, measure the low redundancy among
the features.[12]

1
mRMR Score(X;) = Relevance(X;,Y) — —: Z Redundancy (X;, X;) (4.4)

|S‘ X;es

4.1.4 Standardization

Standard Scaling is also known as standardization. It is a data preprocessing technique
used in machine learning to transform numerical features so that they have a mean of 0
and a standard deviation of 1. This puts all the features at an equal footing to contribute
to the model without some features dominating because of their larger scales.

4.2 Model Specification

4.2.1 Logistic regression

Logistic regression is a convenient supervised machine learning algorithm to use for clas-
sification problems when we have a binary result (0 or 1). Logistic Regression is mainly a
statistical technique used to estimate the likelihood of a target falling within a particular
category given a set of predictors (independent variables). In this post, we will look at
Logistic Regression (LR), the most common kind of regression as a supervised machine
learning approach. LR predicts the likelihood of a binary result by using a sigmoid func-
tion to a linear combination of input data. As the output probability value is from 0 to
1 it better suits with classification problem.
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The logistic function is defined as:

1

PYIX) =1 T e (BotB1X)

(4.5)
where [y and [, are parameters learned during training, and X represents the input
features.

4.2.2 SVM

SVM is a powerful machine learning tool when speaking about classification and regres-
sion. It is good for complex high dimensional datasets. The support vector machine
approach attempt to identify a perfect hyperplane that separates the data into one of
the different groups. When choosing the hyperplane, we try to maximize the margin.
Which is mainly the distance between the hyperplane as well as the closest data points
of every class. Kernel functions allow SVM to deal with data that is separable in a linear
or non linear manner. The method may apply kernel functions in order to transform the
original feature space to a higher dimensional space, in order for the classes to be linearly
separable.[7]

The SVM formula is given as:

w" = argmax ——
wo w2

[mnin Yo (Wop(x) + b)] (4.6)
Where:

miny, (w’ ¢(x) +b)
stands for the shortest margin between a data point and decision border.

arg max
w

mainly stands for the highest point in the domain of a function

4.2.3 Decision Tree

A Decision Tree is a supervised learning method that underutilized for solving both
classification and regression problems but is more preferred in classification problems.
Indeed, it is a tree-based model, where the tree nodes represent features of the given
dataset, decision branches are defined by the tree branches, and the decision outcomes
are defined at the leaf nodes. The model comprises two kinds of nodes: which are called
one is a Decision Node and the other is a Leaf Node. Decision Nodes decide the path for
decision trees and have more than one branch while the Leaf Node are the final results
options of decision trees that cannot branch any further. Based on the specific attributes
of the data set, the decisions or the tests within the tree are taken. A Decision Tree is a
tool that is used to model all possible options to decide the best solution of a particular
problem based on the conditions provided. It is given a brand name and called a "tree”
because it has roots that give birth to other branches that spread all over in a tree like
manner. For future class formation of the dataset, the first step starts at the root node
and checks the root attribute with the attributes of the dataset. Accordingly, if this is
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the case, it moves to the next branch of a tree and then continue with the same process.
This process goes on right to the end where the algorithm attains a terminal node which
displays the forecast. The Decision Tree algorithm is a decision-making technique that
uses the feature or attributes of a data set in making the best decision. Its main objective
is to gather as much information as possible, which influences selecting features of splitting
nodes. The algorithm first chooses the feature which provides the maximum information
gain and uses that as the first split.[7] The formula for information gain is expressed as:

IG(T,a) = H(T) — H(T | a) (4.7)

Where H(T | a) represents the conditional entropy of T', given attribute a.

4.2.4 K-nearest neighbors

KNN algorithm is one kind of supervised machine learning method which is mainly ap-
plied to resolve classification as well as regression problem. It is among the most used
machine learning algorithms because it is simple also easy to implementations. No as-
sumptions on the underlying data distribution are required to work with it. It is also able
to process both numerical and categorical features. This is a nonparametric method, that
predicts a new point based on the similarity of the point in your given dataset. Other
algorithms however are more sensitive to outliers and KNN is not. KNN approach uses
a distance metric and it is called the Euclidean distance, which computes the K number
of closest neighbors of a given data point. The data point assigned the class or value
which corresponds to the majority vote or average value of the closest K neighbors. It
can adjust to different patterns and predict based on the local structure of the data with
this approach.

The first thing is to determine the number of neighbors. In step two you will calcu-
late the Euclidean distance between the k neighbors. The third step is to select the K
neighbors according to the estimated Euclidean distance when it’s the closest to you. In
these K neighbors, count the number of data points that fall into each category. And
this is the fourth step. The fifth step is to assign the newly acquired data points to the
category that has the biggest number of neighbors. Tuples are the focus of the KNN
classifier. Specifically, it involves taking into account k training tuples that are located in
the pattern space that are the closest to the unknown tuple under consideration. In other
words, these k-training tuples are literally the K nearest neighbors of the unknown tuple.
3] Xy = (z11, 712, .., %1,) and Xy = (21, T29,...,T2,) are examples of elements that
make up a Euclidean distancecite. This distance is also known as the distance between
two tuples. And this Euclidean distance formula may be used to determine the distance
between two tuples, as follows:

n

dist(X1,X5) = (| Y (w1 — x2:)° (4.8)

=1

4.2.5 AdaBoost

AdaBoost (Adaptive Boosting), an ensemble learning technique that works best for clas-
sification problems, aggregates multiple weak classifiers such as decision stumps to form
a powerful classifier. This is done in a round-robin process where at the beginning each
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datum is given equal weight, and it trains what can be referred to as weak learners on
the weighted dataset. The weak learner computes the weighted error rare, assigns a
weight to the performance, and adjusts the weights assigned to the misclassified samples
towards the harder ones. Thus combination of all such weak classifiers makes the final
strong classifier, through weighted voting.[15] Adaboost is easy to use, improves accuracy,
and doesn’t need feature scaling. However, it is sensitive to outliers and is highly time-
consuming on large datasets. Some of its main uses include face recognition, filtering of
spam emails, diagnosing disease, and credit rating.

Initial Weight Assignment:

(2

b1
w == Vi=1,....n (4.9)
n

here, wgi) represents the initial weight for each sample in the dataset. One the other hand

n the entire amount of instances which are mainly used for training.
Updating weights
w = w - exp (n - 1 {hu(w:) # i} (4.10)

e Here, a; is the contribution of weak learner h; at iteration ¢, which is computed as:

o = %ln (t—:t) with €, representing the error rate of h; weighted by the sample

weights.

e The function 1{h;(z;) # y;} serves as an indicator, returning 1 if h;(x;) is not equal
to y;, and 0 if the prediction is correct.

° D}l)ring iteration, iteration t, the weight of the sample x; is denoted by the symbol
t

Final Classification Rule:

H(z) = sign (Z Qg - ht(a:)) (4.11)

where, H(x) is the combined Strong classifier produced by AdaBoost. Here T represents
the overall number of boosting rounds or iterations.
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4.2.6 Multilayer Perceptron
Input layer Hidden Layers Output layer

y1

yz

Ym

Figure 4.2: Multilayer Perceptron (MLP) Algorithm

A Multilayer Perceptron (MLP) is a type of feedforward neural network widely used in su-
pervised learning for both classification as well as regression tasks. It consists of an input
layer, one or more hidden layers and an output layer. An MLP with two hidden layers-an
input layer and an output layer is shown in Figure 4.2. Every node exhibits some bias
in its interactions. The input layer consists of n variables X, written as {z1,zs,...,2,}.
Also the output layer consists of m variables Y, written as {y1,y2,...,¥m}. It is possible
to determine how many parameters make up an MLP.[§]

Np—1

neohi+ > i b+ by, on (4.12)

k=1

4.2.7 XGBoost

XGBoost’s robust functionality and remarkable flexibility have garnered it widespread
acclaim in several industries, including healthcare, marketing, and finance. Its ability to
deal with missing information, use of parallel and distributed computation, and built-in
regularization to prevent over fitting are some of its unique characteristics. Furthermore,
XGBoost includes a set of hyper parameters that may be adjusted by a practitioner to
get the best possible model performance.

One of the main things about XGBoost is that we have a regularization strategy which
helps us avoid overfitting the dataset. Regularization adds in a penalty term to the
loss function to make sure that it doesn’t get too focused on the training data and to
lose its ability to generalize to new inputs. To improve the performance of XGBoost, a
tree pruning technique is applied to reduce the tree structure. The XGBoost objective
function is described as:

ZL(yy )+ZQ fi) (4.13)

where:
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e [(0) represents the entire target function.

L (yz-, gjgt)) represents the loss function, which mainly quantifies the disparity within
(t)

the actual value y; as well as the anticipated value g, at iteration ¢.

Q(fx) is the word that is used to regularize the k-th tree fj.

0 is the parameters of the model.

An additional definition of the regularization term Q(fz) is:

Q(f) = AT + %)\wa (4.14)

where:
e T charges the tree complexity with respect to its leaves with T' leaves.
° %)\ Z;F:l wJQ-, It aids in reducing overfitting by penalizing the leaf weights w;,

XGBoost combines these elements with the goal to create a model that will have good
training performance and good adaptability to new unseen data. XGBoost seems to work
well for stock market prediction because the regularization term does play an important
role as to not overfit.[15]

4.2.8 Random Forest

The ensemble learning technique Random Forest is useful for problems which involve
classification or regression. Instead, multiple decision trees are built during training
time, since this helps increase accuracy and reduce over fitting. It is mainly ensemble of
decision trees. Firstly it randomly choose samples in using provided data or training set.
This algorithm will construct decision tree with each set of training data. At the end,
the outcome of the vote will be decided by averaging the decision tree. For the last, final

forecast, pick the one with the most votes.
2 a e 3

Training Data
1
Decision Tree Decision Tree
1 - 3

Training Set

Test Set

Voting

Figure 4.3: Random Forest Algorithm
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4.3 Explainable AI

4.3.1 SHAP

Among machine learning interpretation techniques SHAP (SHapley Additive ExPlana-
tions) has gained significant recognition. Prior to producing a prediction SHAP evalu-
ates feature participation levels then relays these relevance assessments to explain specific
outcomes. SHAP uses cooperative game theory through Shapley values to evaluate how
much each player adds when they participate in collaborative gameplay. SHAP provides
interpretation capabilities to a wide range of linear, tree-based along with deep learning
mathematical models. The method creates an adaptable interpretability solution that
works with any modeling approach|2].

The SHAP value formula for a feature 4, derived for machine learning explainability, is
as follows:

Z |2/ |\ (M |z’| - 1! () — fo(2\ {iD)] (4.15)

2/ Cax!

Where

e ¢;(f,x): The SHAP value for feature i, quantifying its contribution to the prediction
of the model f for input instance x.

e 2/ C 2': All possible subsets of the simplified input features z’.
e M: The total number of simplified input features.
e f.(z'): The model’s output when conditioned on the subset 2’ of features.

e f.(z\{i}): The model’s output when the subset 2z’ excludes feature i.

o -1y

37 : A combinatorial weight ensuring fairness in feature attribution.
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Chapter 5

Result analysis

5.1 Performance Evaluation Metrics

If the projected class value is the same as the actual class value, and both say yes, then
we say it more specifically a true positive (TP). As an example, what we term “True
Positives” (TP) happens when both the actual and projected classes point to the same
conclusion: It shows that this applicant is qualified for a loan. In the case of True
Negatives (TN), the actual and projected values of the class are negative. For example,
suppose the actual class is that the applicant does not qualify for a loan and the projected
class also matches with this class. Our actual class will be different from our anticipated
class, and we will get false positives and false negatives. FP is the name given to the
situation where the anticipated class is yes, while the actual class is no. First, let us take
the case when the actual class says the Applicant does not qualify for this loan but the
anticipated class does. The term used for the actual class is positive and the projected
class is negative is called False Negatives (FN). This could happen, if the applicant’s
actual class value denotes him eligible for the loan; the predicted class value denotes him
not eligible for the loan. After understanding these four attributes, they can be calculated
for Accuracy, Precision, Recall, and F1 score.|[3]

When dealing with machine learning and classification tasks there are numerous impor-
tant measures to be used when evaluating the performance of a model. Among them are
accuracy, precision, recall, and F1 score, etc. The definitions as well as explanations for
each are provided in the following:

1. Accuracy For classification tasks accuracy is the most common metric. It tells us
how much the model is correct overall, how often the model makes correct predictions.

TP+TN
TP+TN+ FP+ FN
2. Precision A precision metric estimates how much of the instances predicted as

positives are actually positives. It showcases accuracy of the positive predictions of the
model.

Accuracy = (5.1)

TP
Precision = ———— 5.2
recision = s (5.2)

3. Recall (Sensitivity) Recall, which is sometimes referred to as sensitivity, is a mea-
surement that determines the percentage of real positive cases by which the model accu-
rately recognized them. Its primary objective is to find every positive situations that are
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relevant.

TP
Recall = m—m (53)

4.F1 Score

The harmonic mean of the accuracy and recall scores is what makes up the F1 Score.
When we need to strike a balance between accuracy and recall, as well as when there are
imbalances in the data, it is helpful to have this tool. An F1 score may vary anywhere
from 0 (the poorest) to 1 (the greatest).

Precision x Recall
F1 =2 A4
Score % Precision + Recall (5-4)

5.2 Classifiers Performance Analysis

I measured machine learning model performance through Accuracy, Precision, Recall
and F1-Score metrics. In my research, I used eight machine-learning models. which are
SVM, Decision Tree, KNN, AdaBoost, Logistic Regression, MLP, XG-Boost and Random
Forest. Table 5.1 shows output values for True Negatives (TN), False Positives (FP) and
False Negatives(FN), True Positives (TP) derived from confusion matrices. Based on this
confusion matrix, I calculated Accuracy, Precision, Recall, and F1-Score for all model.
Which is in Table 5.2. And if we noticed then see that, through comparison of different
Machine Learning models, Logistic Regression (LGR) was the top performing model with
the highest accuracy of 0.83 and F1 score of 0.89 and excellent recall of 0.98 which shows,
it is able to identify almost all positive cases correctly. Other strong-performing models
include AdaBoost, Multi-Layer Perceptron (MLP), SVM with balanced metrics and high
recall (0.93, 0.94, 0.95) and F1 scores (0.87). We also see that Random Forest and K-
Nearest Neighbors (KNN) follow closely, with good recall (0.88-0.91) but lower precision
and accuracy compared to the top models. XGBoost performs well, where Accuracy
(.80), precision (0.84) and F1 score (0.86); and Decision Tree has the lowest performance
across all metrics, specifically accuracy (0.66) and F1 score (0.76). Logistic Regression
proved the most robust overall with the best general performance, and is the most fitting
model for applications with high accuracy and F1 score.

ML Model TN | FP | FN | TP
SVM 18| 20 4| 81
DT 16| 22| 20| 65
KNN 19| 19 8| 77
AdaBoost 20 | 18 6| 79
Logistic Regression 191 19 2| 83
MLP 19| 19 51 80
XGBOOST 23| 15 9| 76
Random Forest 21| 17 10| 75

Table 5.1: TN, FP, FN, TP Table for different ML Models
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Figure 5.1: Confusion matrix for (a) SVM, (b) DT, (c) KNN, (d) AdaBOOST, (e) Logistic

(b) Decision Tree

Logistic_Regression Confusion Matrix

Regression, (f) MLP, (g) XGBoost and (h) Random Forest.

(e) Logistic Regression

XGBoost Confusion Matrix

ML Model Accuracy | Precision | Recall | F1 SCORE
SVM 0.80 0.80 0.95 0.87
Decision Tree 0.66 0.75 0.76 0.76
KNN 0.78 0.80 0.91 0.85
AdaBoost 0.80 0.81 0.93 0.87
Logistic Regression 0.83 0.81 0.98 0.89
MLP 0.80 0.81 0.94 0.87
XGBoost 0.80 0.84 0.89 0.86
Random Forest 0.78 0.82 0.88 0.85

Table 5.2: Accuracy, precision, Recall and F1 score comparison table for Different Ma-

chine Learning algorithm
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5.2.1 ROC Curve

An ROC (Receiver Operating Characteristic) Curve for each model is presented here to
evaluate the classification performance. On the Y-axis, plot the proportion of actual
positives correctly identified, also is known as sensitivity or recall, TPR = True Positives
/ (True Positives + False Negatives). False Positive Rate (FPR), on the X-axis, is the
proportion of actual negatives incorrectly classified as positives and given by FPR = False
Positives / (False Positives + True Negatives). The red dashed line is the performance of
a random guessing model. An effective model’s curve should, therefore, ideally be above
this line. Thus the blue ROC curve defines the trade off between TPR and FPR for
different threshold value, a curve nearer to the top left corner means better performance.
AUC (Area Under the Curve), ranging from 0 to 1, with 1 meaning perfect model, 0.5-
random guessing, and values less than 0.5 meaning worse performance than random
guessing.

We see the below ROC curves(Figure 5.2- 5.9) for model performance comparison on
different classification models like Support Vector Machines (SVM), Decision Tree, K-
Nearest Neighbors (KNN), AdaBoost, Logistic Regression, Multi Layer Perceptron (MLP),
XGBoost, Random Forests. For each curve, I plot the True Positive Rate (TPR) on the
Y-axis versus False Positive Rate (FPR) on the X-axis, and the choice of the optimal
threshold is exhaustively investigated from the trade off between the TPR and FPR by
changing the threshold value.

The results of each model’s performance are represented as a number, the AUC (Area
Under the Curve) values. KNN (0.7910) and SVM (0.7858) responded with higher AUC
values: implying better discriminatory power and more ability to discriminate between
positive and negative incidents. On the other hand, Decision Tree model (AUC = 0.5929)
does only slightly better than a random guess (AUC = 0.5). Logistic Regression, Ad-
aBoost, XGBoost, Random Forest models turn out to perform slightly above average
with the scores ranging from 0.74 to 0.76 which seems to be a decent level of classifier
effectiveness.

Decision_Tree ROC Curve

SVM ROC Curve 10
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Figure 5.3: ROC Curve for Decision
Tree

Figure 5.2: ROC Curve for SVM
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KNN ROC Curve
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Figure 5.4: ROC Curve for KNN
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Figure 5.6: ROC Curve for Logistic Re-
gression
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Figure 5.8: ROC Curve for XGBOOST

5.2.2 Model Explanation
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Figure 5.5: ROC Curve for AdaBoost

MLP ROC Curve

1.0
0.8 1
Z
Z o6
v
>
G
&
g 044
£
0.2
0.0+ — ROC Curve (area = 0.7529)
00 02 04 06 08 10
False Positive Rate
Figure 5.7: ROC Curve for MLP
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Figure 5.9: ROC Curve for Random
Forest

I used SHAP, which stands for Shapley Additive explanations, in order to provide an
explanation for the various models as well as the predictions that were generated by
them. In order to do this, i scrutinized the SHAP-provided feature significance for each



model.[9]

Shap

The basics of feature significance are to determine how significant a feature is. To do so,
we first compute the average absolute Shapley value for each feature, and plot these in
decreasing order. To give a global view of the feature importance of a machine learning
model, you take the mean SHAP value plot, that summarizes the contributions of each
feature across the whole dataset. They allow us to rank features by the total amount
they contribute to the model’s prediction. The model output is more sensitive to higher
mean SHAP value features, making these features more important. Mean SHAP value
plot is a simplified summary of the entire dataset, instead of analyzing SHAP values for
each instance (local interpretability).[6]

The support vector-based feature importance graph is shown in Figure 5.10 With the pro-
vided statistics, it’s easy to see that Credit_History is the most important aspect. The sec-
ond most important thing is the ApplicantIncome. Next comes the Loan_Amount_Term.
In Figure 5.11, we see that Credit_History is the most important feature. Then Appli-
cantIncome and CoapplicantIncome most important. For KNN(Figure 5.12), Credit_History
is the most significant feature, with the highest mean SHAP value, indicating its dom-
inant role in the model’s predictions. followed by looked-after Applicant Income and
Loan_Amount_Term. For AdaBoost(Figure 5.13), Credit_History is the most important
feature and followed by AplicantIncome and Loan_Amount_Term. For Logistic Regres-
sion(5.14), Credit_History play the most important role and Coapplicantincome is the
second most significant feature. From Figure 5.15 for MLP, we can notice that the
Credit_History is the most influential variable according to the highest mean SHAP value
which influences the model’s prediction. Coapplicantincome and Loan_Amount_Term are
both ranks as the second most significant feature, although its impact is much smaller
than Credit_History. A SHAP summary plot in Figure 5.16 for the XGBoost model
shows that Credit_History has the greatest mean SHAP value, making it the most in-
fluential feature in The model’s predictions. ApplicantIncome and CoapplicantIncome
follow closely, contributing significantly to the predictions. Meanwhile, other features
have smaller SHAP values. Finally, for Random forest (Figure 5.17), Credit_History has
the greatest mean SHAP value. ApplicantIncome and CoapplicantIncome is the second
and third importance feature.

Loan_Amount_Term . Coapplicantincome _
Coapplicantincome I Property_Area _
Gender | Loan_Amount_Term -
Education Education -
Property_Area Gender -
0.00 0.05 010 015 0.20 025 0.30 0.000 0025 0050 0075 0000 0125 0150 0.175
mean(|SHAP value|) (average impact on model output magnitude) mean(|SHAP value|) (average impact on model output magnitude)
Figure 5.10: Feature importance for Figure 5.11: Feature importance for De-
SVM cision Tree
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Figure 5.12: Feature importance for k-
Nearest Neighbors

Credit_History
Coapplicantincome
Applicantincome
Education
Property_Area
Loan_Amount_Term

Gender

0.00 0.05 0.10 0.15 0.20 0.25 0.30
mean(|SHAP value|) (average impact on model output magnitude)

Figure 5.14: Feature importance Logis-
tic Regression
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Figure 5.16:
XGBoost
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Figure 5.13: Feature importance for Ad-
aBoost
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Figure 5.15: Feature importance for
Multi-layer Perceptron
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Figure 5.17: Feature importance for

Random Forest
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Chapter 6

Project Development

6.1 Project Overview

This project centers on designing and implementing an infrastructure that uses machine
learning algorithms to forecast loan approvals from financial and demographic user input.
The system conducts loan prediction through data analysis of information users give
regarding their finances. The development uses Python language combined with machine
learning models made deployable through Streamlit framework. SHAP-based feature
importance visualizations used here. Used Recommendations generated through the Groq
API, as a result user can understand why their loan is approve or reject. Also admin can
view and download database.

6.2 Problem Statement

Financial services manage loan evaluation as a cornerstone of the financial expertise in
order to effectively allocate credit in a responsible manner. In reality manual evaluation
processes involve a lot of manpower as well as they tend to be less transparent and this
results in applicant dissatisfaction and inefficiencies. This process can be automated and
sped up, and the accuracy and fairness improved, when done through machine learning,
using a data-driven approach.

6.3 Requirements

At the 1st stage I analysis the application functionality or required features. The main
purpose of this application is to allow users a secure login and input their loan related
information. After that provide a prediction with reason and explanation. Also, with
an admin dashboard, the admin can view & download user information and prediction
results.

Functional Requirements:

e The system requires a user authentication method through a login module based
on user and admin roles.

e The system requires input fields to gather user information about their income,
credit history, loan term duration, and property area extent.
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An admin dashboard is needed for viewing and analyzing data, including down-

loading Data.

Integration of a pre-trained machine learning model (Logistic Regression) for pre-

dictions.

Data-driven explanations of model decisions demonstrated using SHAP-based fea-
ture importance visualizations.

Recommendations generated through the Groq API.

User

Use Case 1: Login

Actor: User & Admin

Here, the user and admin first need to log in with their user ID and password to enter
into their dashboard.

Smart Loan Application System

Submit Loan
Application Form

Get
Recommendatio
MNew Request
iew & download
user history
Clear Database
History

Figure 6.1: Use Case Model

Use Case 2: Submit Loan Application Form
Actor: User
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Admin

In this Use Case Model there are two actors, the first one is the user and the second one
is the admin. Here user and admin have two different dashboard. From this Use Case
diagram, we can easily understand the key requirements of the user and admin. Now
describe the Use Case Model.



After login, the user can easily view and fill in the loan application form for loan predic-
tion.

Use case 3: View Result
Actor: User
After the submission form, the user can easily view the result of loan approval or rejection.

Use Case 3: View Plot
Actor: User
The user can also see the plot of feature importance.

Use Case 5: Get Recommendation
Actor: User
Here mainly users can see the reason and also get suggestions for future loan approval.

Use Case 6: New Request
Actor: User
If the user wants a new request for prediction, then he can do it.

Use Case 7: View & Download user history

Actor: Admin

In the admin dashboard, the admin can view the user input for loan prediction and also
see the result after prediction. Also, the admin can download the user history.

Use Case 7: Clear Database History
Actor: Admin
In the admin dashboard, the admin can also clear the Database if he or she want.

Use Case 8: Logout

Actor: User & Admin
In admin and user can easily leave the dashboard by Logout button

6.4 Design Phase

The design phase focused on building the application’s structure:

6.4.1 Front-end Design

I designed an interactive interface using Streamlit which users would find user-friendly.
Figure 6.2 demonstrates the front-end workflow diagram.
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Valid User Credentials

User Dashboard

Fill Personal Information

Submit Form for Prediction

Click Predict Loan Approval

Display Loan Prediction Result

./

™

User Accesses App

Login Page

Valid Admin Credentials

Invalid Credentials

Admin Dashboard

Login Error Message

Show Recommendations &

: Show SHAP Flot
Suggestion
Mew
e Request MO— Logout
?

Admin Options

Click Logout

h 4

View & download
Database

Clear Database History

Figure 6.2: Front-end Workflow Diagram
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The flow chart in Figure 6.2 defines the front-end workflow for a loan prediction appli-
cation and shows the steps that a user and admin will take. When the user accesses
the app and then he/she enter the login page is the start of the process. If the user
has certain credentials, depending on them, he is redirected to the user or admin dash-
board. In case of invalid credentials, there is an error message with the invalid credentials
message. After Successfully logging, users can input their personal details in their user
dashboard, and they can submit their loan applications for prediction where the results
together with their SHAP plot and also use can get recommendations and suggestions
based on their input and prediction results. As a result, the user can easily understand
why their loan is approved or rejected. In the user dashboard, there is a new request
button for new loan prediction if they want. On the other hand, admins get a dedicated
dashboard to view and download the SQLite database for further investigation. Also,
have a clear database option for admin. If they want, they can easily clear the database.
The logout option is secure enough for both users and admins to terminate their session.
By following this workflow, various roles are able to seamlessly experience it while also
retaining the functionality for prediction and data management.

6.4.2 Backend Design:

- ) « | Scale Input Data with Run Logistic Regression
User Console | User Input Frovided | Scaler using Pickle —> Maodel using Pickle
h 4
Generate Prediction and
Probability
h 4
Save User details and
Admin Console »! prediction result save in Sqlite Compll.lr;iferSI-rI:t:b\i-:aﬂLues for
database p
T L 4
Return Prediction, SHAP Integrate with Grog AP for
Insights, and — Reasons and
Recommendations fo User Recommendations

Figure 6.3: Backend Workflow Diagram

Here I used Python’s pickle module to load a Logistic Regression model and data
scaler for scaling data for the model.

providing users with visual insights, I used XAI method SHAP.

For generating Reason and recommendations based on user data, Groq API inte-
gration was designed.

To view and download the database, here use SQLite.

6.5 Development Phase

The development phase involved implementing the features using Python in VS Code:
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Login System: Simplicity dictates a hardcoded username and password solution was
implemented alongside Streamlit’s session state management for login authentication.

Input Form: Streamlit widgets (e.g., st.text_input, st.number_input, and st.selectbox)
were used to create a form for user input.

Prediction Model: A pre-trained logistic regression model was integrated to predict
loan status.

Visualization: SHAP was used to generate bar charts showing which features influenced
the decision.

Recommendations: The Groq API(L_Lama-3.3-70b-versatile) was used to provide sug-
gestions, helping users understand how to improve their chances of loan approval. For
this, I used the prompt here. This prompt is created based on user input and prediction.
Based on this prompt text generator model provide the reasons and suggestions.

Key tools and libraries:

Streamlit for Ul and interactivity.

sklearn for loading the logistic regression model and scaling input data.
SHAP for feature importance visualizations.

Groq API for generating recommendations & decision explanations.
matplotlib.pyplot for visualize SHAP Plot in the app.

sqlite3 for managing an SQLite database.

6.5.1 Database Description

Using SQLite database technology, the application stores user loan application informa-
tion in a database named user_history.db. Such applications flourish with SQLite because
it operates as a lightweight self-contained serverless database engine. The following sec-
tion presents an overview of the database structure along with its operational features.

Database Schema

The database features one distinct table known as user_history. The user_history table
functions as a database storage location for user information together with loan applica-
tion entries and predicted values. The schema of the user_history table is as follows:

Column Name Data Type Description
Customer. Name TEXT The name of the Cﬁit;)rrlner applying for the
Credit_History INTEGER Indicates the credit history of the customer
Education INTEGER Education level of the customer.
ApplicantIncome REAL Monthly income of the applicant (in
dollars).
CoapplicantIncome REAL Monthly income o.f the co-applicant (if
applicable).

Loan_Amount_Term INTEGER The loan repayment term in months.
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Encoded numerical value representing the
Property_Area REAL area type (Urban, Semiurban, Rural).
Gender INTEGER Gender of the applicant.
Loan Amount REAL Requested loan amount in thousands of
dollars.
Marital Status TEXT Marital status of the apphcant (Married or
Unmarried).
Number of dependents financially
Dependents INTEGER dependent on the applicant.
Employment type of the applicant
Self_Employment TEXT (Yes/No).
The loan approval status predicted by the
Loan.Status TEXT model (Approved or Declined).
e The probability score of loan approval
Approval _Probability REAL predicted by the model.

Table 6.1: Overview of the Database Schema

Functionality of the Database

The Following operations for primary functions in the database system.

Data Storage

The save_to_sqlite() function stores user loan application data with input fields along
with prediction results to the user_history table. The system preserves each entry made
by users with permanent storage capabilities for later use.

Data Retrieval

The system provides the admin with visual access to stored data by displaying it through
the admin dashboard for making decisions. Through the displayed DataFrame adminis-
trators can access loan application history for review purposes.

Data Deletion

Through clear_database() administrators can completely delete records stored in the
user_history table. The clear_database() function executes automatically to completely
erase stored records which exist in SQLite database and persistent session state.

Export Capability
Under administrator privileges the user_history.db SQLite file can be obtained for backup

purposes and external analysis. The st.download button() function enables administra-
tors to obtain complete database file downloads.

6.6 Testing Phase

The application was thoroughly tested to ensure its functionality and usability.
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6.6.1 Functional Testing:

e A successful test confirmed the correct operation of the login system when users
and admin log in with valid credentials.

e Confirmed that the input fields handle data properly as well as being user-friendly.

e Additionally, I validated that the forecast values are consistent with the Logistic
Regression model.

e Verified that the admin can download the database.

6.6.2 Usability Testing:

e Confirmed that the user can easily navigate the interface and also they can under-
stand easily when they use this application. Also, the admin can easily view the
database and download it. After that they can log out of their session if they want.

e Also Ensured that the explanation and visualization are clear and understandable
for the user. They can easily understand why their loan is rejected and after
rejecting what they need to do.

6.6.3 Error Handling:

Also checked error handling for the application. Like.

e Checked that the application handles the invalid input properly. like if a user misses
the fill any field then the application handles it properly.

e Also verified for error messages. If the user logs in not properly then it gives an
error message, also for API failures.

6.7 Deployment

The application was developed and tested locally using Streamlit in VS Code. For deploy-
ment, it is hosted on Streamlit Cloud using GitHub. Future plans may include expanding
to other cloud platforms like AWS for wider accessibility.

6.8 UI or Front-end View

6.8.1 Starting Login Screen

Here is the login process page. The application comprises a login system to ensure the user
is authenticated securely and allocated an appropriate set of permissions or capabilities
depending on their role (admin or normal user). If the user or admin doesn’t provide the
correct user password then it shows ”Invalid credentials” message. Figure 6.4 shows the
login page for both the User and Admin.
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;g Smart Loan Application

Your one-stop solution for all financial burden

Login to Your Account

Username

Password

Login

Figure 6.4: Login page for User and Admin

6.8.2 Loan prediction Process for User

If any user wants to predict that he or she is eligible or not eligible for the loan, then
at 1st log in as a user. Then after logging in he or she fill-up their personal information
which is mainly the application provided. After fill-up then press the prediction button
for the result. All the figures show the process of a user step by step and also application
shows the result and also explains.

[i§Smart Loan Application -

Your one-stop solution for all financial burden

Login to Your Account

Username

user@gmail.com

Password

Login

User login successful!

Figure 6.5: Login page for User

After successfully logging in as a user, then the user enters into the next step where the
app provides a form for filling up personal information.
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Provide Details for Loan Prediction

Customer Name:

Abdur Rahim

Do you have a good credit history?

Yes

Education Level:

Graduate

Applicant Income (3/Monthly):

5000.00

Co-applicant Income (§/Monthly):

3000.00

Gender:

Male

Enter Loan Amount Term (in months):

Figure 6.6: Personal information form

Enter Loan Amount Term (in months):

24

Property Area:

Urban

Marital Status:

Married

Number of Dependents:

3

self-Employment :

Yes
Loan Amount (1000 x §):
500.00

Predict

Figure 6.7: Personal information form
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Predict

Prediction Result
Loan Status: Approved

Approval Probability: 0.80

creait_wistory |

Loan_Amount_Term _

education [
Coapplicantincome -

Property_Area .

Applicantincome |

Gender I

0.0 0.1 0.2 0.3 0.4 0.5 0.6
mean(|SHAP value|) (average impact on model output magnitude)

Figure 6.8: Result and SHAP Explanation for Approved

After filling up all the information the user can show the prediction when he or she
presses the “Predict” button. In Figure 6.8, we can see the result after prediction. The
application also provides a SHAP plot with it.

Suggestions and Recommendations

Reasons

The loan prediction model has determined the loan status as Approved with a high probability. The main

factors contributing to this decision are:

*  Good credit history, which indicates a strong track record of repaying debts on time
*  Stableincome, which suggests the ability to afford monthly loan payments

*  Suitable loan term, whichis not too long or too short for the loan amount

»  Favorable property location, which may impact the loan's collateral value

*  Positive demographic factors, such as education and gender

Suggestions

As the loan is already approved, there are no necessary suggestions to improve approval chances.
However, if the loan were to be declined in the future, potential suggestions could include:

*  Improving credit history by making timely payments and reducing debt

* Increasing applicant or co-applicant income to demonstrate a higher ability to repay the loan

*  Adjusting the loan term to a more suitable length

»  Choosing a property location with a more favorable designation

*  Enhancing demographic factors, such as pursuing higher education or providing additional income

sources

Figure 6.9: Suggestions and Recommendations for Approved

The application also provides reasons and Suggestions for the user. As a result, users can
easily understand why they are eligible or not eligible. In Figure 6.9, see Suggestions and
Recommendations based on prediction for loan approval.
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Predict

Prediction Result
Loan Status: Declined

Approval Probability: 0.14

creat visory |

Loan_Amount_Term .
Education I
Coapplicantincome I
Property_Area I
Applicantincome

Gender

0.0 0.5 1.0 15 2.0 25
mean(|SHAP value|) (average impact en model output magnitude)

Suggestions and Recommendations

Figure 6.10: SHAP Explanation for Rejection

Suggestions and Recommendations

Reasons

The loan prediction model determined the loan status as Declined with a low probability of approval. The

main reasons for this decision are:

*  Bad credit history, which is a significant factor in determining loan eligibility

*  Low applicant and co-applicant income, which may not be sufficient to repay the loan
*  Short loan term, which may result in higher monthly payments

*  Property area type, which may affect the loan amount and repayment terms

*  Education and gender, which may also be considered in the loan approval process

Suggestions

To improve the chances of loan approval in the future, the user can consider the following medifications:

*  Improve their credit histary by making timely payments and reducing debt

* Increase their income and that of their co-applicant to demonstrate a higher repayment capacity

*  Consider a longer loan term to reduce monthly payments and make the loan more manageable

*  Explore different property area types that may be more favorable for loan approval

*  Enhance their educational qualifications to demonstrate a higher level of financial stability and
responsibility

*  Review and adjust their loan application to ensure that all information is accurate and up-to-date,

which can help to improve their loan eligibility and approval chances.

New Request

Figure 6.11: Suggestions and Recommendations for Rejection

Also, it’s the same for the loan rejection. If the loan is rejected then provide a SHAP
explanation for rejection. In Figure 6.10, we can see that it. And also provides a reason
why the loan is rejected and provides suggestions for the user, on how he or she can get
a loan. Figure 6.11 shows the suggestions and Recommendations. There is also a logout
button for exit at any time. And also has a New Request button for the user.
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6.8.3 Admin Dashboard

[Z§ Smart Loan Application

Your one-stop solution for all financial burden

Login to Your Account

Admin login successfull

Figure 6.12: Login page for Admin

In Figure 6.12 we can see the login page for Admin. After successfully logging in, the
admin can enter into the admin dashboard.

Admin Dashboard -

View and manage user loan application history.

Download Database (SQLite)

Customer_Mame Credit_History =Education Applicantincome = Coapplicantincome = Loan_Amount_Te
0 Abdur Rahim ‘Yes Graduate 5,000 3,000

1 Karim No Graduate 2,000 3,000

Clear Database

Figure 6.13: Admin Dashboard

In above Figure 6.13 we can see the Admin can view and download the database, where
all user information and predictions are stored. Also, there is a Clear Database button
for removing all user history from the database if the admin wants.

6.9 Future working

For future work, I would like to make some changes in my application. Like, change static
credentials to an authentication method that stores credentials in a database system. The
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predictive performance will improve by adding an advanced machine learning model. New
input fields in addition to new options will enable more precise and customized prediction
results. A better user experience requires improvements in graphical user interface design
alongside performance optimization.
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Chapter 7

Conclusion

Through loan services, banks accumulate substantial revenue by applying interest rates
and creating multiple loan options that support personal finance as well as business devel-
opment together with economic expansion. Customers depend on loans to carry out big
transactions and finance schooling costs and handle unexpected situations and businesses
require loans to execute vital transactions and function as a base for economic develop-
ment. The financial activity creates development via investment promotion and growth
expansion that promotes mutual advantages for bank clients and customers. Numerous
problems arise from manual loan approval processes which slow the process and introduce
inconsistencies and inaccuracies that increase default rates and financial losses. Advanced
systems built with data science elements together with machine learning algorithms pro-
vide a faster and error-free approach. Research models that study interconnected financial
variables predict personal loan repayments while improving banking workflows and lower-
ing operational risk levels for contemporary financial institutions. For this reason, I used
eight machine-learning models in my research. Also used SHAP for features importance.
After prediction, I found that the Logistic Regression is the best prediction model. After
that, I choose this Logistic Regression model for my application. Where i used also SHAP
and text generation model L_Lama-3.3-70b-versatile with Groq API to explain the reason
for the prediction and give suggestions based on the prediction. As a result, customer can
easily understand why their loan is approved or rejected. If their loan is rejected, then
what should they do, they can also know from the application. The users interact with
the system using an interactive interface, and admins have role-based access to stored
predictions. Results show its usefulness to automate the processes of decision-making
in financial institutions. In the future, the research could also apply other models that
might improve its accuracy, including Gradient Boosting or more sophisticated Neural
Networks. Hyperparameter optimizations using Grid Search or Random Search could
be developed to fine-tune the results of the applied models. Expansion of feature set
inclusion of other external factors-demographic or economic indicators-can make the pre-
diction even stronger. For application, a better user experience necessitates improvements
in both graphical user interface design and performance optimization.
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