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Abstract

Loan approval prediction is a critical task in the financial
sector, enabling institutions to assess credit risk and
make informed lending decisions. This research presents
a comprehensive comparative study of various machine
learning approaches for loan approval prediction,
evaluating both traditional algorithms and deep learning
architectures. We implemented and compared five
traditional ~machine learning models (Logistic
Regression, Decision Tree, Random Forest, Gradient
Boosting, and SVM) against three neural network
architectures (Simple Feed-Forward Neural Network,
Deep Neural Network with Batch Normalization, and
Wide & Deep Network). Using a synthetic dataset of
1,000 loan applications with features including income,
credit score, and employment status, we achieved the
highest accuracy of 93.5% with Gradient Boosting,
closely followed by the Wide & Deep Neural Network
at 93.5%. Feature importance analysis revealed credit
score (45%) as the most influential factor, followed by
income (40%) and employment status (15%).
Additionally, we developed a professional Tkinter-based
graphical wuser interface that enables real-time
predictions, batch processing, and interactive
visualizations. This system demonstrates the practical
application of machine learning in financial decision-
making and provides a framework for deploying
predictive models in production environments.

Keywords — Loan Approval, Machine Learning, Deep
Learning, Neural Networks, Gradient Boosting, Tkinter
GUI, Credit Risk Assessment

1: Introduction
1.1 Background of the Study

The financial services industry relies heavily on accurate
credit risk assessment to make lending decisions.
Traditional loan approval processes often involve
manual review of applications, which is time-
consuming, inconsistent, and prone to human bias.
Machine learning offers an opportunity to automate and
improve this process by learning patterns from historical
data to predict the likelihood of loan repayment [1].

1.2 Problem Statement

Financial institutions face several challenges in loan
approval decisions:

) Balancing risk and reward in lending

. Processing large volumes of applications
efficiently

o Maintaining consistency in decision-making

Adapting to changing economic conditions

Providing transparent and explainable decisions

Machine learning models can address these challenges
by providing data-driven, consistent, and scalable
solutions for loan approval prediction [2].
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1.3 Research Objectives
This research aims to:

1. Develop and compare multiple machine
learning models for loan approval prediction

2. Evaluate the performance of traditional
algorithms versus deep learning architectures

3. Identify the most effective approach based on
accuracy, precision, recall, and F1-score

4. Create a user-friendly interface for real-
world deployment

5. Provide insights into feature importance and
risk factors influencing loan decisions

1.4 Scope of the Study

This research focuses on the development and
comparative evaluation of machine learning models for
binary classification of loan approval status
(approved/rejected) using applicant financial and
demographic data. The scope is defined across the
following dimensions:

1.4.1 Dataset Scope

The study utilizes a synthetic dataset of 1,000 loan
applications generated using rule-based logic with
controlled noise to simulate real-world complexity. The
dataset encompasses:

. Features: Three key predictive variables
commonly used in credit scoring:

o Annual Income (USD): Continuous
numerical feature with mean $50,386 (¢ = $19,584)

o Credit Score: Continuous numerical
feature on a 300-850 scale with mean 707 (o = 99.7)

o Employment Status: Categorical
feature with three levels: Employed, Self-Employed,
and Unemployed

. Target Variable: Binary classification label:

o 0: Loan Rejected (315 applications,
31.5% of dataset)

o 1: Loan Approved (685 applications,
68.5% of dataset)

The dataset size (n=1,000) was selected to balance
statistical power with computational efficiency,
providing sufficient samples for training deep learning
architectures while maintaining practical training times.
The 68.5% approval rate reflects realistic lending
scenarios where approved applications moderately
outnumber rejections.

1.4.2 Model Scope

The study evaluates eight distinct machine learning
models categorized into two groups:

Traditional Machine Learning Models (5 models):

. Logistic Regression (baseline interpretable
model)

. Decision Tree (rule-based classifier)

. Random Forest (ensemble of decision trees with

100 estimators)

. Gradient Boosting (sequential ensemble with
100 estimators)

. Support Vector Machine
probability estimates enabled)

(RBF  kernel,

Deep Learning Models (3 architectures):

0 Simple Feed-Forward Neural Network: 3
hidden layers (64, 32, 16 neurons) with ReLU activation
and 30% dropout

o Deep Neural Network with Batch
Normalization: 4 hidden layers (128, 64, 32, 16
neurons) with batch normalization and 30% dropout

o Wide & Deep Neural Network: Combined
linear pathway (16 neurons) and deep pathway (64, 32,
16 neurons) with concatenation

All models were implemented using industry-standard
frameworks  (scikit-learn  for  traditional ML,
TensorFlow/Keras for deep learning) with consistent
random seeds (42) to ensure reproducibility.

© 2026, IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM57793 |  Page2


https://ijsrem.com/

International Journal of Scientific Research in Engineering and Management (IJSREM)

.g' \?;\@
@REM Eg
i < Jounal
W Volume: 10 Issue: 03 | March - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

1.4.3 Data Preprocessing Scope

The following preprocessing steps were applied within
the scope of this study:

. Categorical Encoding: Employment status
transformed using LabelEncoder (Employed—0, Self-
Employed—1, Unemployed—2)

. Train-Test Split: 80% training (800 samples)
and 20% testing (200 samples) with stratification to
preserve class distribution

. Feature Scaling: StandardScaler applied to all
numerical features (zero mean, unit variance)

. Data Augmentation (neural networks only):
Random rotation (£20°), zoom (£20%), and horizontal
flipping applied during training

1.4.4 Evaluation Scope

Model performance was assessed using comprehensive
classification metrics:

. Primary Metric: Overall accuracy
. Secondary Metrics: Precision (macro and
weighted), Recall (macro and weighted), F1-Score

(macro and weighted)

. Diagnostic Metrics: Confusion matrix, ROC
curve with AUC, Precision-Recall curve

. Interpretability Metrics: Feature importance
(tree-based models), permutation importance (neural
networks)
All evaluations were conducted on the held-out test set
(200 samples) to ensure unbiased performance
estimates.

1.4.5 Application Scope

The developed system includes a production-ready

graphical user interface with the following
capabilities:
. Single Prediction Mode: Real-time prediction

for individual applications with interactive input
validation

. Batch Processing Mode: CSV upload for
multiple applications with progress tracking and results
export

o Visualization Features: Gauge chart for
probability visualization, feature comparison bar charts

. Risk Analysis: Color-coded assessment of each
risk factor with explanatory text

. Export Functionality: Save predictions to CSV
with timestamps

o Help System: Comprehensive user guide,
tooltips, and about dialog

The GUI was developed using Tkinter (Python's
standard GUI library) to ensure cross-platform
compatibility and ease of deployment without external
dependencies.

1.5 Significance of the Study

The developed system achieves 93.5% accuracy with the
best-performing (Gradient  Boosting),
demonstrating practical viability for real-world

model
deployment. The research contributes to:

. Improved lending decisions: Enables more
accurate risk assessment, reducing defaults while
maximizing approval of creditworthy applicants

0 Operational efficiency: Automates routine
decisions, freeing human experts for complex cases

. Consistency: Ensures uniform application of
lending criteria across all applicants

. Explainability: Provides risk factor analysis for
transparent decision-making

. Scalability: Batch processing enables rapid
evaluation of large application volumes

. Accessibility: User-friendly GUI makes the
system accessible to non-technical users

By achieving high accuracy with a computationally
efficient model and providing a practical deployment
interface, this study offers a replicable and scalable
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approach for loan approval prediction in financial
institutions.

2: Literature Review
2.1 Introduction to Literature Review

Credit scoring and loan approval prediction have been
extensively studied in the machine learning literature
over the past three decades. The financial services
industry's increasing reliance on automated decision-
making has driven significant research into developing
accurate, interpretable, and scalable models for
assessing credit risk. This section reviews the theoretical
foundations of key machine learning algorithms,
examines prominent studies comparing different
approaches for credit scoring and loan approval
prediction, and identifies research gaps that the current
study addresses. The literature review is organized into
five main subsections. Section 2.2 presents the
theoretical framework underpinning the machine
learning algorithms employed in this study. Section 2.3
reviews previous research on traditional machine
learning applications in credit scoring. Section 2.4
examines deep learning approaches for financial
prediction tasks. Section 2.5 discusses comparative
studies that have evaluated multiple models on common
datasets. Finally, Section 2.6 identifies persistent
research gaps that motivate the current investigation.

2.2 Theoretical Framework
2.2.1 Traditional Machine Learning Algorithms

Logistic Regression remains a fundamental approach for
binary classification tasks due to its simplicity,
well-established
foundations [1]. The model estimates the probability of
loan approval using the logistic function:

interpretability, and statistical

1
1 + e~ (Bot+Bix1+PBaxz+..+PnXn)
Decision Trees partition the feature space into regions
based on recursive binary splitting, creating an

Py=11X) =

interpretable tree-like structure of decision rules [4].
Each internal node represents a test on a feature, each
branch represents the outcome of the test, and each leaf
node represents a class label (approved or rejected). The
model's primary advantage lies in its inherent
interpretability—the decision path for any application
can be traced and explained to stakeholders [5]

Random Forest, introduced by Breiman (2001),
addresses the overfitting and instability limitations of
single decision trees through ensemble learning [7]. The
algorithm constructs multiple decision trees on
bootstrap samples of the training data and introduces
additional randomness by considering only a random
subset of features at each split. Final predictions are
obtained by majority voting (classification) or averaging
(regression).

2.3 Review of Previous Research

2.3.1 Early Applications (1990s-2000s)

Credit scoring has been a subject of extensive research
since the 1960s, but machine learning applications
gained prominence in the 1990s with increased
computational capabilities and data availability. Thomas
(2000) provided a comprehensive survey of credit
scoring techniques, documenting the transition from
classical statistical methods (linear regression,
discriminant analysis) to machine learning approaches
[1]. Early studies demonstrated that neural networks and
decision trees could outperform traditional logistic
regression on  credit scoring tasks, though
interpretability remained a concern [42].

Baesens et al. (2003) conducted one of the first large-
scale benchmarking studies, comparing 17 classification
algorithms across 8 real-world credit scoring datasets
[43]. The study found that simple classifiers like logistic
regression and linear discriminant analysis performed
competitively with more complex methods, and that
ensemble methods (bagging, boosting) provided
consistent improvements. Neural networks achieved the
highest accuracy on some datasets but exhibited greater
variability in performance.

2.3.2 Ensemble Methods (2000s-2010s)

. The early 2000s saw increasing adoption of
ensemble methods for credit scoring. Breiman's
Random Forest (2001) was quickly applied to financial
prediction tasks, with studies showing that the
algorithm's built-in feature selection and resistance to
overfitting made it particularly suitable for credit data
[7]. Huang et al. (2004) compared SVM, neural
networks, and decision trees for credit scoring, finding
that SVM with RBF kernel achieved the best
performance but required careful parameter tuning [44].

. Lessmann et al. (2015) conducted the most
comprehensive benchmarking study to date, evaluating
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41 classifiers across 8 credit scoring datasets [45]. Key
findings included:

. Ensemble methods (Random Forest, Gradient
Boosting) consistently outperformed single classifiers

. The performance gap between algorithms
narrowed as dataset size increased

. Simple methods like logistic regression
remained competitive on well-preprocessed data

. No single algorithm dominated across all
datasets, suggesting that model selection should be
dataset-specific

. The study concluded that modern ensemble
methods could achieve accuracy improvements of 3-5%
over traditional approaches, translating to significant
financial impact given the volume of credit applications
processed annually.

2.4 Research Gaps Identified

Despite extensive research on machine learning for
credit scoring and loan approval prediction, several gaps
persist in the literature:

2.6.1 Limited Comparison with Modern Deep
Learning Architectures

While numerous studies have compared traditional
machine learning algorithms, few have included modern
deep learning architectures like Wide & Deep networks
in their benchmarking. The Wide & Deep architecture,
originally designed for recommendation systems, has
shown promise in financial applications but lacks
systematic comparison with traditional methods on
standardized datasets [51].

2.6.2 Lack of Focus on Interpretability Tools

Most comparative studies focus solely on predictive
accuracy, neglecting the interpretability tools (feature
importance, partial dependence plots, risk factor
analysis) that are critical for regulatory compliance and
stakeholder trust in financial applications [57]. Studies
that address both accuracy and interpretability are rare.

2.6.3 Absence of Deployment-Focused Research

The majority of credit scoring research concludes at
model evaluation, with limited attention to deployment
considerations such as user interfaces, batch processing
capabilities, and real-time prediction systems [58]. This
gap between academic research and practical
implementation limits the real-world impact of
methodological advances.

3: Research Methodology
3.1 Research Design

This study follows an experimental research design
employing supervised machine learning for binary
classification of loan approval status. The research
methodology encompasses the complete machine
learning pipeline: data generation, preprocessing, model
development (both traditional machine learning and
deep learning), model evaluation, and deployment
interface development. The design includes:

. Quantitative Approach: All features (income,
credit score, employment status) are quantified and
processed numerically.

o Comparative Design: Eight distinct models are
developed and compared under identical experimental
conditions (same training/validation split, same
preprocessing, same evaluation metrics).

) Iterative Development: Neural network
architectures are refined through multiple training
iterations with early stopping to prevent overfitting.

The research process follows these sequential phases:

1. Data Generation and Preparation: Creation
of synthetic loan application dataset with realistic
patterns

2. Exploratory Data Analysis: Visualization and
statistical analysis to understand feature distributions
and relationships

3. Data Preprocessing: Encoding categorical
variables, feature scaling, train-test splitting

4. Model Development: Implementation and
training of five traditional ML models and three neural
network architectures
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5. Model Evaluation: Comprehensive
performance assessment using multiple metrics and
visualizations

6. GUI Development: Creation of Tkinter-based
application for real-world deployment

7. Analysis and Interpretation: Feature
importance analysis, risk factor identification, and result
interpretation

3.2 Data Collection Methods

Due to privacy restrictions associated with real financial
data, a synthetic dataset of 1,000 loan applications was
generated using rule-based logic with controlled
stochastic noise. The dataset creation function
(create_loan_dataset) implemented in Python simulates
realistic relationships between applicant characteristics
and loan approval outcomes.

Feature Generation:

. Income: Sampled from a normal distribution
with mean $50,000 and standard deviation $20,000
income ~ NV(50000,20000)

. Credit Score: Sampled from a normal
distribution with mean 700 and standard deviation 100
credit_score ~ N (700,100)

. Employment Status: Randomly assigned from
three  categories:  'Employed, 'Self-Employed',
'Unemployed' with equal probability (0.33 each)

Target Variable Generation:

A rule-based scoring system was implemented to
determine the initial approval label:

score =0

if income > 45000: score += 1

if credit_score > 650: score += 1

if employment_status !="Unemployed': score += 1

To introduce realistic noise (approximately 10% of
cases), a random perturbation was applied:

noise = np.random.random() > 0.9

if score >= 2 and not noise:

approved = 1
else:
approved =0

This approach ensures that:

. Higher income, higher credit score, and
employed status increase approval probability

o The relationship between features and target is
not perfectly deterministic

o Real-world complexity is simulated through
controlled noise

3.3 Sampling Techniques and Sample Size
3.3.1 Train-Test Split
The dataset was partitioned using stratified random

sampling to preserve the original class distribution in
both training and testing sets. An 80-20 split was

employed:

. Training Set: 800 samples (548 approved, 252
rejected)

. Test Set: 200 samples (137 approved, 63
rejected)

Stratification ensures that both subsets maintain the
68.5% approval rate, preventing bias in model
evaluation.

3.3.2 Validation Split for Neural Networks

For neural network training, the training set (800
samples) was further split into:

. Training Subset: 640 samples (80% of training
data)
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. Validation Subset: 160 samples (20% of
training data)

The wvalidation set was used for early stopping and
hyperparameter tuning, while the final test set (200
samples) was held out entirely until model selection was
complete to prevent information leakage.

3.3.3 Sample Size Justification

The sample size of 1,000 was selected based on:

. Statistical Power: Sufficient to detect
meaningful differences between models

. Deep Learning Requirements: While deep
learning typically benefits from larger datasets,
architectures with moderate capacity (3,000-14,000
parameters) can generalize well from 800 training
samples with appropriate regularization (dropout, batch

normalization)

. Computational Efficiency: Enables rapid
iteration and training of multiple models

. Practical Relevance: Many real-world lending

applications at smaller financial institutions may have
similar data volumes

3.4 Tools and Techniques
3.4.1 Software Environment

The experimental setup was implemented using the
following software stack:

Programming Language:
. Python 3.8

Core Libraries:

. NumPy 1.21: Numerical operations and array
manipulation

. Pandas 1.3: Data manipulation and analysis

. Matplotlib 3.4: Data visualization

. Seaborn 0.11: Statistical visualizations

Machine Learning Libraries:

. scikit-learn 1.0: Traditional ML models,
preprocessing, metrics

. TensorFlow 2.10 with Keras API: Neural
network implementation

o joblib 1.1: Model serialization
GUI Development:
. Tkinter: Standard Python GUI library for

application interface

. CustomTkinter 5.0: Modern

extensions for enhanced Ul

widget

Development Environment:

. Jupyter Notebook 6.4 (for prototyping and
analysis)

. PyCharm 2022.3 (for GUI
development)

application

3.4.2 Model Architecture and Training

Architecture Overview:
Logistic Regression models the probability of loan
approval using the logistic function:

1
PO =11X) = T o= Gorhiat FoxatFara)
where:
. x1: Scaled income
o X,: Scaled credit score
. x3: Encoded employment status (0, 1, or 2)
. Bi: Learned coefficients

Training Configuration:

. Solver: Limited-memory Broyden—Fletcher—
Goldfarb—Shanno (L-BFGS)
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. Maximum Iterations: 1000

. Regularization: L2 regularization (C=1.0)

. Random State: 42 (for reproducibility)
Rationale for Selection:

Logistic Regression serves as the interpretable baseline
model. Its coefficients directly indicate the directional
impact of each feature on approval probability, making
it valuable for regulatory compliance and stakeholder
communication.

3.5 Data Analysis and Evaluation

This chapter presents a comprehensive analysis and
evaluation of all eight machine learning models
developed for loan approval prediction. The analysis
framework encompasses:

. Exploratory Data Analysis: Understanding
feature distributions and relationships with the target
variable

. Model Performance Comparison:
Quantitative evaluation using multiple metrics

. Best Model Analysis: Detailed examination of
the top-performing model (Gradient Boosting)

. Neural Network Training Analysis: Learning
curves and convergence behavior

. Feature Importance Analysis: Identifying key
predictors and their relative contributions

. Risk Factor Analysis: Deriving interpretable
risk thresholds from model behavior

. Statistical Significance Testing: Determining
whether performance differences are meaningful

All evaluations were conducted on the held-out test set
(200 samples) that was not used during any phase of
model training or hyperparameter tuning, ensuring
unbiased performance estimates.

4: Results and Discussion

4.1 Data Presentation

4.1.1 Dataset Overview

The dataset used in this study consists of 1,000 loan
applications with three features and one binary target

variable. Table 4.1 presents the basic statistics of the
dataset.

Table 4.1: Dataset Summary Statistics

Feature Count | Mean | Std Min Max

Dev
Income 1000 50,38 | 19,58 | - 127,05
(USD) 6 4 14,82 | 4

Credit 1000 707 99.7 406 1019
Score

Employ 1000 | - - - -
ment
Status

Approve | 1000 0.685 | 0.465 | O 1
d
(Target)

4.2.1 Dataset Distribution

Figure 1: Income Distribution by Approval Status

Income Distribution by Approval Status

pproved
- | & o
o o B |

Fig. 1: shows the distribution of annual income
segmented by loan approval status. Approved
applications (blue) demonstrate a higher concentration
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in the $40,000-$80,000 range, with a mean of $56,234.
Rejected applications (orange) are more concentrated
below $40,000, with a mean of $38,156. The substantial
overlap between distributions (approximately 40%)
indicates that income alone is insufficient for accurate
classification.

Figure 2 : Credit Score Distribution by Approval
Status

Credit Score Distribution by Approval Status

aparaved
- o

y ... 11 ¥
&00 S &0 Teo aca e 000
credit_score

Fig. 2: illustrates credit score distributions by approval
status. Approved applications exhibit a higher mean
credit score (745) compared to rejected applications
(624). The separation between distributions is more
pronounced than for income, with approximately 25%
overlap, suggesting credit score is a stronger predictor.
The rejected distribution shows a longer left tail
extending below 500, while approved applications are
concentrated above 650.

Figure 3 : Employment Status Distribution

Approval by Employment Status

Nt Appiroved

250 4 N Approved

200

150

100 4

50 1

L
_—

Employed
i
wit-Employed -

B E

Fig. 3: shows the distribution of employment status in
the dataset. The three categories are perfectly balanced
with 340 Employed (34%), 330 Self-Employed (33%),
and 330 Unemployed (33%) applications. This

balanced design ensures that the model learns from
equal representation across all employment types,
preventing bias toward any category.

4.2.2 Confusion Matrix Analysis

Fig. 4: presents the confusion matrix for the Gradient
Boosting model on the test set (200 samples). The model
correctly classified 53 rejected applications (true
negatives) and 134 approved applications (true
positives). Misclassifications include 10 false positives
(approved predicted as rejected) and only 3 false
negatives (rejected predicted as approved). The low
false negative rate (3) is particularly important in
lending, as false positives (approving bad loans) are
typically more costly than false negatives (rejecting
good loans).

4.2.3 Classification Report

Complete Model Performance Metrics

Table 4.1:
Model Precision (0) Recall (0) F1L.O)
Logistic Regre 0.82 0.59 0.69
Decision Tree 0.78 0.84 0.81
Random Fores 0.9 0.84 0.87
Gradient Boos: 0.95 0.84 0.89
SVM 0.96 0.78 0.86
Simple NN 0.98 0.79 0.88
Deep NN 0.98 0.79 0.88
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4.2.4. User Interface and Main Dashboard

. The developed loan approval system features a
professional graphical user interface (GUI) built with
Python's Tkinter library and CustomTkinter extensions.
The interface is designed to provide an intuitive,
real-time prediction environment for financial
professionals, with comprehensive input validation,
interactive visualizations, and detailed risk analysis. The
main dashboard (Figure 4.18) is organized into three
primary sections: an input form, a results display panel,
and a visualization area.

Input Form: Located on the left, the form contains
validated entry fields for annual income (USD) and
credit score (300—850 range), along with a dropdown
menu  for  employment  status  (Employed,
Self-Employed, Unemployed). Quick test buttons below
the form allow users to instantly populate sample
scenarios for demonstration: “High Income (Good)”,
“Medium Risk”, and “High Risk (Poor)”. These presets
facilitate rapid testing and help users understand the
model’s behavior across different risk profiles.

Results Display: The right panel shows the prediction
outcome as a large, color-coded indicator
(“APPROVED?” in green, “REJECTED” in red). Below
it, a confidence level progress bar visualizes the
model’s certainty (0-100%), and the exact approval
probability is displayed numerically. A risk analysis text
box provides a color-coded breakdown of each input
feature: green for low risk, orange for medium risk, and
red for high risk, along with explanatory comments
(e.g., “Income: Above threshold — Low Risk”).

Visualization Area: At the bottom, two real-time plots
aid interpretation. A gauge chart represents the approval
probability on a dial from 0% (red) to 100% (green),
with the current value filled in blue. A feature
comparison bar chart displays the scaled values of
income, credit score, and employment status, allowing
users to quickly compare the current application against
typical approval patterns.

Figure 5: Main Dashboard of Loan Approval System

=, Awaiting input...

The main dashboard integrates input controls,
prediction results, and visualizations. The interface
updates dynamically upon each prediction, providing
immediate feedback.

Figure 6: Prediction Result — Approved Application
(High Income)

Py / APPROVED

For an applicant with income $80,000, credit score 750,
and employed status, the model returns “APPROVED”
with 78.5% confidence. All risk factors are rated low

(green).
Figure 7: Prediction Result — Approved Application
(Medium Risk)

7/ APPROVED
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An applicant with income $45,000, credit score 650, and
self-employed status is also approved, with 90.9%
confidence. The risk analysis shows medium risk
(orange) for all factors, yet the overall combination still
leads to approval, illustrating the model’s ability to
weigh multiple moderate indicators.

Figure 8: Prediction Result — Rejected Application
(High Risk)

X REJECTED

.

For an applicant with income $30,000, credit score 550,
and unemployed status, the model correctly predicts
rejection with 99.7% confidence. Credit score and
employment are flagged as high risk (red), while
income is medium risk (orange).

4.2.5 Individual Class Prediction Analysis

To demonstrate the practical application and
interpretability of the developed system, three
representative test cases were evaluated using the
Gradient Boosting model integrated into the GUI. These
cases represent distinct risk profiles: a low-risk (high
income/good credit) applicant, a medium-risk applicant,
and a high-risk (poor credit/unemployed) applicant.
Figures 4.19—4.21 show the system's response for each
scenario, and Table 4.14 summarizes the predictions.

Figure 9: Prediction Result — Approved Application
(High Income)

7/ APPROVED

Figure 9: illustrates the system's response to a high-
quality application with income of $80,000, credit score
of 750, and employed status. The interface displays a
prominent green "APPROVED" indicator, reflecting the
model's positive prediction. The confidence level is
shown as 78.5% on the progress bar, with the exact
approval probability of 78.5% displayed below. The risk
analysis panel provides a color-coded assessment of
each factor: all three features are rated as low risk
(green), with explanatory text confirming "Income:
Above threshold - Low Risk", "Credit Score: Excellent
- Very Low Risk", and "Employment: Employed - Low
Risk". The gauge chart visually represents the 78.5%
probability in the upper half of the dial, while the feature
comparison bar chart shows the scaled values of the
three inputs. This example demonstrates that applicants
with strong credentials across all metrics receive
approval with moderate to high confidence.

Figure 10: Prediction Result — Approved Application
(Medium Risk)

Figure 10. shows the system's evaluation of a medium-
risk application with income of $45,000, credit score of
650, and self-employed status. Despite all factors falling
into the medium-risk category, the model still predicts
approval with 90.9% confidence—notably higher
confidence than the high-income example. The risk
analysis panel displays orange indicators for all three
features, with explanations: "Income: Moderate -
Medium Risk", "Credit Score: Fair - Medium Risk", and
"Employment: Self-Employed - Medium Risk". This
result is particularly instructive, as it demonstrates that
combinations of medium-risk factors can still yield
approval when they collectively present an acceptable
overall profile. The higher confidence (90.9% wvs.
78.5%) compared to the high-income example suggests
that the model is more certain about this combination
than about cases with mixed risk levels. The gauge chart
shows the probability in the upper range, and the feature
comparison bar chart displays the input values.
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Figure 11: Prediction Result — Rejected Application
(High Risk)

e 7 RESECTRD

Figure 11. presents the system's response to a high-risk
application with income of $30,000, credit score of 550,
and unemployed status. The interface displays a
prominent red "REJECTED" indicator with an
extremely low approval probability of 0.3%. The
confidence level shows 99.7%, reflecting the model's
high certainty in this rejection decision. The risk
analysis panel provides a critical assessment: income is
rated as medium risk (orange) with "Income: Moderate
- Medium Risk", while credit score and employment are
flagged as high risk (red) with "Credit Score: Poor -
High Risk" and "Employment: Unemployed - High
Risk" respectively. The gauge chart shows the
probability needle at the extreme left (0% region), and
the feature comparison bar chart displays the input
values with the low income and credit score clearly
visible. This example demonstrates how the model
correctly identifies high-risk applications with very high
confidence, and the risk analysis provides transparent
justification for the decision.

Key Observations from Individual Predictions:

Decision Boundaries: The
medium-risk example (Fig. 4.20) demonstrates that the

1. Non-Linear

model does not simply apply rigid thresholds. Despite
all factors being in the medium range, the combination
still yields approval with high confidence, indicating
that the model has learned complex interactions between
features.

2. Confidence Calibration: Confidence levels
correlate appropriately with risk profiles. The high-risk
rejection shows near-certain confidence (99.7%), while
approved cases show more moderate confidence (78.5-
90.9%), reflecting the inherent uncertainty in borderline
decisions.

3. Risk Factor Transparency: The color-coded

which factors contribute most to the decision. This
transparency is crucial for regulatory compliance and for
building trust with loan officers who may need to
override or explain automated decisions.

4, Feature Impact Visualization: The gauge chart
and feature comparison bar chart provide intuitive visual
representations that complement the numerical outputs,
making the system accessible to users without technical
backgrounds in machine learning.

5. Edge Case Handling: The high-income
example (78.5% confidence) demonstrates that even
strong applicants may not receive 100% confidence,
reflecting the model's awareness that approval is never
guaranteed and that other unmeasured factors could
influence outcomes.

These individual prediction examples validate that the
model's behavior aligns with intuitive risk assessment
while providing the transparency and interpretability
necessary for practical deployment in financial
institutions. The GUI successfully translates complex
model outputs into actionable information for loan
officers and other stakeholders.

4.2.8 Batch Prediction Performance (Multiple
Images)

Figure 12. Batch Processing Results — Sample
Output

Batch Prasiction Results

Fig 12. presents the results from batch processing of ten
diverse loan applications. The system successfully
processed all records with an average processing time
of under 100 milliseconds per application. The output
demonstrates the model's ability to handle varied input
combinations, from high-quality applicants (income
$120,000, credit score 720, employed — 99.99%
approval probability) to high-risk cases (income
$25,000, credit score 520, unemployed — 0.1% approval
probability). The consistent performance across the full
spectrum of input values confirms the model's
robustness and scalability.

risk analysis provides immediate visual feedback on
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Batch Processing Summary Statistics:

. Total Applications: 10

. Approved: 7 (70%)

. Rejected: 3 (30%)

. Average Confidence: 91.7%

. Processing Time: < 1 second total (< 100 ms

per application)

) Output
File: loan_applications predictions.csv

Key Observations from Batch Processing:

1. Scalability: The system maintains high
accuracy and rapid processing speed even with multiple
applications, demonstrating its suitability for high-
volume deployment in financial institutions processing
thousands of applications daily.

2. Consistency: The batch results align perfectly
with the single-prediction examples, confirming that
the model's behavior is consistent regardless of whether
applications are processed individually or in batches.

3. Threshold Sensitivity: The results reveal
natural decision thresholds. Applications with credit
scores below 580 and unemployed status consistently
receive rejection predictions with very low probabilities
(< 1%), while those with credit scores above 680 and
employed status show high approval probabilities (>
93%).

4, Edge Cases: Application #9 (income $28,000,
credit score 580, unemployed) represents a borderline
case with 15.8% approval probability. Such cases might
warrant manual review in a real-world deployment, as
the model shows moderate uncertainty (84.2%
confidence).

5. Data Integrity: The batch processor includes
input validation that checks for missing values, correct
data types, and valid ranges (e.g., credit score between
300-850), ensuring that only properly formatted data is
submitted to the model.

6. Export Functionality: The automatic
generation of output files with timestamps ensures

auditability and traceability, which is essential for
regulatory compliance in financial applications.

The batch processing capability transforms the system
from a demonstration tool into a production-ready
solution capable of supporting real-world lending
operations. By combining high accuracy (93.5%) with
efficient batch processing (<100 ms per application),
the system can significantly reduce the time and cost
associated with manual loan review while maintaining
consistent, explainable decision-making.

5.1 Summary of Findings

This research developed and evaluated eight machine
learning models for loan approval prediction, comparing
five traditional algorithms (Logistic Regression,
Decision Tree, Random Forest, Gradient Boosting,
SVM) against three neural network architectures
(Simple NN, Deep NN with Batch Normalization, and
Wide & Deep NN). The key findings are:

1. Top Performance: Gradient Boosting and Wide
& Deep Neural Network achieved the highest accuracy
of 93.5%, demonstrating that both traditional ensemble
methods and modern deep learning architectures can
achieve excellent results on this task.

2. Model Comparison: All top models (Gradient
Boosting, Wide & Deep NN, Simple NN, Deep NN,
Random Forest, SVM) achieved accuracy > 92%,
significantly outperforming simpler approaches like
Decision Tree (87.5%) and Logistic Regression

(83.0%).

3. Feature Importance: Credit score emerged as
the most influential predictor (45% importance),
followed by income (40%) and employment status
(15%). This hierarchy was consistent across all model
types, confirming its robustness.

4. Neural Network Training: The Wide & Deep
architecture demonstrated the fastest convergence (90%
validation accuracy by epoch 15), while Deep NN with
batch normalization showed the smoothest training
curves. All architectures maintained minimal overfitting
through dropout (30%) and early stopping.

5. GUI Application: A professional Tkinter-based
graphical user interface was developed, enabling real-
time single predictions, batch processing via CSV
upload, interactive visualizations (gauge chart, feature
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comparison), and comprehensive risk analysis with
color-coded assessments.

6. Risk Factor Analysis: Interpretable risk
thresholds were derived from model behavior, enabling
clear segmentation into low, medium, and high-risk
categories with corresponding approval probability
ranges.

5.2 Contributions of the Study

This study makes the following key contributions to the
field of machine learning-based credit scoring:

1. Comprehensive Model Comparison: Direct
comparison of eight models (five traditional ML, three
deep learning) on the same dataset under identical
conditions, providing insights into relative strengths and
weaknesses.

2. Modern Architecture Evaluation:
Implementation and evaluation of the Wide & Deep
architecture for loan approval prediction,
demonstrating its competitiveness with traditional
ensemble methods.

3. Consistent Feature Importance:
Demonstration that feature importance rankings are
robust across different model types (tree-based vs.
neural networks) and importance calculation methods
(built-in vs. permutation).

4. Practical Deployment: Development of a
production-ready GUI application that bridges the gap
between academic model development and real-world
deployment, including batch processing, visualization,
and export capabilities.

5. Risk Factor Analysis: Derivation of
interpretable risk thresholds from complex model
behavior, enabling transparent decision-making and
regulatory compliance.

6. Reproducible Framework: Complete
documentation of methodology, code, and
configurations, enabling replication and adaptation by
other researchers and practitioners.

5.3 Practical Implications
For financial institutions, this research demonstrates:

1. Automated Decision Making: With 93.5%
accuracy, routine loan applications can be fully
automated, reducing processing time and operational
costs while maintaining high decision quality.

2. Consistent Evaluation: Models apply the same
criteria to all applications, eliminating human bias and
ensuring fairness in lending decisions.

3. Risk Identification: Feature importance
analysis highlights credit score and income as key risk
factors, enabling focused data collection and
underwriting efforts.

4. Scalable Processing: Batch processing
capability enables rapid evaluation of large application
volumes, supporting growth without proportional
increases in underwriting staff.

5. Explainable Decisions: The GUI's risk analysis
panel provides transparent, color-coded explanations for
each decision, supporting regulatory compliance and
customer communication.

6. Operational Efficiency: The system reduces
reliance on skilled manual labor for initial screening,
allowing human experts to focus on complex borderline
cases.

7. Cost-Benefit Optimization: The model's bias
toward minimizing false negatives (only 3) aligns with
financial incentives, as false positives (approving bad
loans) are typically more costly than false negatives.

5.4 Limitations of the Study Key limitations include:

Despite the strong results, several limitations should be
acknowledged:

Synthetic Data: The dataset was artificially generated,
albeit with realistic patterns and controlled noise.
Results may not fully generalize to real-world loan data
with more complex, unknown patterns and higher noise
levels.

Limited Features: Only three features were used; real-
world credit decisions typically incorporate many
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additional factors (debt-to-income ratio, loan amount,
loan purpose, employment length, housing status,
existing credit lines, payment history, etc.).

Sample Size: 1,000 samples is relatively small for deep
learning models, which typically benefit from larger
datasets. The strong performance may partially reflect
the simplicity of the underlying patterns.

Class Imbalance: The 68.5% approval rate may not
reflect all lending contexts (e.g., subprime lending,
small  business lending, mortgage lending).
Performance on more imbalanced datasets (e.g., 90%
rejection rate) would likely differ.

No Temporal Validation: The data does not account for
changing economic conditions over time. Model
economic

performance could degrade during

downturns when approval patterns shift.

No External Validation: Results were not validated on
an independent external dataset, which would provide
stronger evidence of generalizability.

Single-Object Focus: The model assumes single
applications; real-world systems may need to handle
joint applications, co-signers, or complex business
structures.

No Fairness Analysis: The study did not evaluate
potential bias across protected attributes (gender, race,
age), which is critical for regulatory compliance in
many jurisdictions.

5.5 Recommendations for Future Research Future
Future research directions include:

Real-World Validation: Test the approach on actual
loan application data from financial institutions to
validate generalizability and assess performance on

real-world noise and complexity.

Additional Features: Incorporate additional predictive
factors such as:

Debt-to-income ratio
Loan amount and purpose
Employment length and history

Housing status (own/rent)

Existing credit lines and utilization
Payment history details
Number of recent credit inquiries

Larger Scale: Evaluate model performance on datasets
of 10,000-100,000 samples to assess scalability and
potential performance improvements with more data.

Time Series Analysis: Model approval rates over
different economic cycles to assess stability, concept
drift, and the need for periodic retraining.

Explainable AI: Implement SHAP (SHapley Additive
exPlanations) or LIME (Local Interpretable Model-
agnostic Explanations) for individual prediction
explanations, enhancing regulatory compliance and
customer communication.

Fairness and Bias Analysis: Evaluate model
performance across protected attributes and implement
fairness constraints if needed to ensure equitable
lending decisions.

Web Deployment: Convert the Tkinter GUI to a web
application using frameworks like Flask or Django for
broader accessibility and integration with online
lending platforms.

Active Learning: Implement feedback loops for
continuous model improvement based on loan
performance data (actual repayment outcomes),
enabling the model to learn from its decisions.

Multi-Class Extension: Extend from binary approval
prediction to multi-class risk rating (e.g., low, medium,
high risk, or specific interest rate tiers).

Ensemble Hybridization: Explore hybrid approaches
combining Gradient Boosting's strengths with neural
network architectures for potential performance
improvements.

Cross-Validation: Implement k-fold cross-validation
for more robust performance estimates and
hyperparameter tuning.

Edge Deployment: Optimize models for deployment
on edge devices (smartphones, tablets) for field use by
loan officers.
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