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Abstract:

This project develops a loan eligibility prediction
system using machine learning, specifically the
Random Forest Classifier. The system addresses the
limitations of manual loan approval processes, which
are time-consuming and prone to human error. A
machine learning model is trained on a dataset of loan
applications, incorporating features like gender, marital
status, income, loan amount, and credit history. This
model automatically predicts the eligibility of loan
applicants, providing a faster and more objective
assessment than traditional methods. The project also
includes a user-friendly graphical user interface (GUI)
built using Tkinter, allowing users to input applicant
information and receive an immediate loan approval or
rejection prediction. The model's performance is
evaluated using various metrics to ensure accuracy and
reliability. The high accuracy achieved by the k-nearest
neighbor algorithm demonstrates the effectiveness of
the proposed approach.

Keywords: Loan Eligibility Prediction, Loan Risk
Assessment, Credit Risk Modeling, Machine Learning,
Classification, Random Forest, Ensemble Learning,
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1. Introduction

The global financial landscape relies heavily on
efficient and accurate loan assessment processes.
Traditional methods, often involving manual review of
numerous applications, are time-consuming, prone to
human error, and struggle to scale effectively in the face
of increasing demand. These inefficiencies can lead to
financial losses for lending institutions and delays for
loan applicants. To address these challenges, this
project explores the application of machine learning to
significantly enhance loan risk assessment.

This project focuses on developing an automated loan
eligibility prediction system employing a Random
Forest Classifier, a powerful and robust machine
learning algorithm known for its accuracy in
classification tasks. This algorithm will analyze a
comprehensive dataset of historical loan applications,

extracting key features such as applicant demographics,
financial information, and credit history. By identifying
patterns and relationships within the data, the Random
Forest model learns to predict the probability of loan
default, thus providing a more accurate and efficient
risk assessment compared to traditional manual
processes.

Furthermore, to ensure ease of use and accessibility, the
project integrates a user-friendly graphical user
interface (GUI) developed with Tkinter. This GUI
enables users to easily input applicant data and receive
an immediate prediction regarding loan approval or
rejection. This combination of a sophisticated machine
learning model and an intuitive interface facilitates a
streamlined and user-friendly loan assessment process,
potentially benefitting both lending institutions and
loan applicants. The subsequent sections detail the data
collection, preprocessing, model training, evaluation
metrics, and implementation of the GUI, showcasing
the functionality and performance of this Enhanced
Loan Risk Assessment system.

2. Literature Review

This literature review focuses on the existing work in
loan eligibility prediction as presented in the predict
loan eligibility using machine learning paper (“Predict
Loan Eligibility Using Machine Learning"), and how
this project builds upon it. The paper highlights the
challenges of manual loan processing, emphasizing its
inherent inefficiencies and susceptibility to human
error. The authors demonstrate the need for an
automated system, recognizing the significant portion
of a bank's profit directly tied to effective loan portfolio
management. This inherent risk makes accurate
prediction crucial.

The paper investigates the transition from existing
systems, which primarily rely on manual review of
applicant data, to machine learning-based automated
systems. This transition offers considerable advantages,
primarily reducing processing time and minimizing
human bias, leading to better decision-making for
banks and improved loan application processes for
individuals. The study directly addresses the drawbacks
of the manual system: its susceptibility to human error
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in judging eligibility, and its time-consuming nature
leading to inefficient processing and potential business
delays.

The authors in the paper explore various algorithms
suitable for credit risk prediction, highlighting the
challenges and benefits of using artificial neural
networks and ensemble methods. While the feed-
forward backpropagation neural network is discussed,
they ultimately promote ensemble techniques like
bagging and boosting as superior approaches,
showcasing superior predictive capability through the
consolidation of numerous classifier outputs to make
more robust and informed decisions, hence the random
forest classifier was applied in this case. The rationale
for choosing such methods is underscored by the need
to enhance the model's resilience against noisy data and
improve overall efficiency, which is often a
considerable problem with large-scale data in this
domain. The inclusion of both supervised and
unsupervised techniques in model creation illustrates a
balanced and rigorous modeling strategy.

A crucial contribution of the PREDICT LOAN
ELIGIBILITY USING MACHINE LEARNING paper
is the detailed exploration of model evaluation metrics.
The paper rightly points out that evaluating a model's
effectiveness requires not only assessing the raw
accuracy but a much wider analysis, with consideration
for other assessment measures such as ROC curves and
precision-recall ~ statistics. The significance of
understanding these metrics to capture a full picture of
a machine learning model's performance on the specific
classification challenge (loan eligibility), thus
informing decisions around model selection, further
tuning, and ultimately confidence in model
deployment.

This project directly addresses the challenges and
findings presented in PREDICT LOAN ELIGIBILITY
USING MACHINE LEARNING , focusing
specifically on the Random Forest model to leverage
the observed advantages of ensemble learning over a
single neural network model and also adds to existing
work by providing a practical and user-friendly
implementation (Tkinter GUI) and a clearer model
interpretation for less experienced stakeholders. This
focuses on  improvements in  accessibility,
implementation, and real-world applicability of these
findings, moving the work beyond purely theoretical
considerations into practical deployment and further
demonstrating that ML is not only suitable but
significantly beneficial for enhanced loan assessment.

2.1. Expanding on Existing Research

This project expands upon the research presented in the
PREDICT LOAN ELIGIBILITY USING
MACHINE LEARNING paper ("Predict Loan
Eligibility Using Machine Learning") in several key
areas:

1. Practical Implementation and User
Interface: The base paper focuses primarily on
model development and evaluation. This project
extends that work by creating a fully functional,
user-friendly application using Tkinter. This GUI
makes the loan eligibility prediction accessible to a
wider audience, including those without machine
learning expertise, allowing real-world testing and
user feedback for future model improvement.

2. Enhanced Accessibility and
Interpretability: While the base paper explores
different machine learning algorithms, it does not
focus heavily on user interaction or model
interpretation for users without an extensive ML
background. Our application simplifies access and
adds in visual feedback to interpret prediction
results. This enhances usability considerably.

3. Deployment and Real-World Applicability: The
base paper concludes with algorithm performance
metrics, showing promising results but stopping
short of fully deploying and showcasing the
solution in a production environment. This project
progresses by implementing a full application
allowing real-time predictions on demand based on
direct user inputs. This emphasizes the feasibility
and pragmatic value of their suggested techniques,
translating findings directly into operational use.

4. Comparative  Analysis and  Refinement
(potential): This work could expand by directly
implementing some of the other algorithms
mentioned in the base paper (such as SVM, Logistic
Regression, and others) within the Tkinter
application, which enables direct, side-by-side
comparison of different approaches. This
comparison would offer the ability to determine
algorithm efficiency under the application of
practical scenarios in real time, something the base
paper is less able to offer. By implementing and
directly comparing several algorithms from the
source paper, a robust conclusion on practical best-
fit for this specific problem, under constrained time
for delivery and different computing needs may be
arrived at and documented more thoroughly.

5. Additional Data Analysis (potential): While the
base paper details a selection of assessment criteria
for the chosen machine learning algorithm,
additional explorations on correlation matrix
exploration, visualization techniques and statistical
testing results might expand on their analysis.
Depending on the size of your original dataset and
available resources and compute time, this would
allow deeper insights into variable relationships and
importance measures.

3. Methodology

The methodology employed in this project follows a
structured approach encompassing data acquisition,
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preprocessing, model training, model evaluation, and 3.1. Data Acquisition and Preparation:
finally, the development and integration of a user- _ . .
friendly graphical user interface (GUI). Each stage is Data Source: The project utilizes a dataset of loan

applications (likely loan_prediction.csv as used
previously), containing attributes like applicant
Proposed architecture demographics  (Gender, Married, Dependents,
Education,  Self Employed), financial details
(Applicantincome, Coapplicantincome, LoanAmount,
Loan_Amount_Term), credit history (Credit_History),
and property location (Property Area). The target

detailed below:

() USER INTERFACE

variable is Loan_Status (indicating approval or

aul Oulput rejection).
input data Data Cleaning: The dataset is thoroughly inspected for
T missing values and inconsistencies. Missing values in

critical  attributes (e.g., 'Gender’, 'Dependents’,
-C ‘LoanAmount’, 'Loan_Amount_Term’) might be

removed as incomplete data renders the application less
useful. For other variables
(‘'Self_Employed','Credit_History"), if some data are
missing the mode value can be applied. Any remaining

loan_prediction.csv

— predictions

raw data rows after removing completely un-usable records with
incomplete essential attributes, can be analyzed for

‘ pmnmgmmg:aneddm L] potentially imputable values in non-critical columns by
s TIT considering data properties. If rows have inconsistent
ﬁ% el values such as misspelled values etc, those must be

P — Scaling fixed with correcting the values so they have

consistency. The process can include data type

o — validation to confirm and potentially convert numerical

soaled data — 2212 representations to other types if appropriate
& sToRAGE . . .

(categorical variables etc.). Once all anomalies are

resolved the clean dataset should be complete, have no

{5} PREDICTION
MODEL

outliers etc.
@
Classifier
Fig: 1 Proposed architecture
Table 1 Dataset Description
Feature Name Data Type | Description Values/Range
Loan_ID string Unique identifier for each loan | Unique alphanumeric IDs
application
Gender categorical | Gender of the applicant Male, Female
Married categorical | Marital status of the applicant Yes, No
Dependents categorical | Number of dependents the applicant | 0, 1, 2, 3+ (or potentially 4
has representing 3+)
Education categorical | Educational level of the applicant Graduate, Not Graduate
Self_Employed categorical | Whether the applicant is self- | Yes, No
employed
Applicantincome numerical | Monthly income of the applicant Va_ri<;s (in thousands/currency
units
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Coapplicantincome | numerical | Monthly income of the co-applicant (if | Varies (in thousands/currency
any) units)

LoanAmount numerical | Amount of loan requested (in | Varies (in thousands/currency
thousands/currency units) units)

Loan_Amount_Term | numerical | Loan tenure (in months) Varies (in months)

Credit_History numerical | Credit history (1 represents good 0,1
credit, O represents bad credit)

Property_Area categorical | Area where the applicant's property is | Rural, Semiurban, Urban
located

Loan_Status categorical | Loan approval status (Y for approved, | Y, N
N for not approved)

Gender Married Dependents Education Self Employed Applicantincome Coapplicantincome LoanAmount Loan Amount Term Credit History Property Area Loan Status

1 1 3125
6065

4616

150

3667

12841

1378

6383

25830 1700 360.0 10
2004.0 250.0 360.0 10
0.0 1340 360.0 10
1800.0 1350 360.0 1.0
0.0 113.0 180.0 10
10968.0 349.0 360.0 10
1881.0 167.0 360.0 10
1000.0 187.0 360.0 10
6666.0 700 180.0 10
0.0 160.0 360.0 10

Fig: 2 dataset sample

Fig: 2 Customer Analysis Dataset

Data Transformation: Categorical features (Gender, Married,
Education, Self_Employed, Property_Area, Dependents and
potentially Loan_Status depending on processing strategy)
are converted into numerical representations. This could
involve one-hot encoding or label encoding, where
categorical data become numbers in a format compatible with
machine learning algorithms. Ordinal values need to be
transformed appropriately to handle their non-linear value
characteristics, and this can be different depending on
whether values are used in nominal or ratio data analysis for
a feature. If ratio value transformations are employed, it might
involve rescaling, and normalization if the range of values
requires normalization.

Feature Scaling: Numerical features (Applicantincome,
Coapplicantincome, LoanAmount, Loan_Amount_Term)
may undergo standardization or normalization to ensure they
have comparable scales. This can also help to avoid skewing
prediction performance which can occur if a feature with
exceptionally large numerical range affects calculation
performance  within  the chosen algorithm.  This
standardization could take different formats to appropriately
handle linear and non-linear calculations depending on the
distribution properties of individual columns in your prepared
dataset.

3.2. Model Development:
1. Data Preparation for Modeling:

Before model training commences, the preprocessed dataset
must be carefully prepared. This entails:

e Data Splitting: The dataset is partitioned into training
and testing sets. A common split is 80% for training and
20% for testing, ensuring a fair assessment of the model’s
ability to generalize to unseen data (this 80/20 can be
different based on cross-validation methodology being
applied such as 5-fold or any other k-fold methodology
based cross validation technique). A consistent random
state/seed is frequently applied in train_test_split function
calls to make sure results remain repeatable over
numerous algorithm evaluations.

o Feature Selection (Optional): Feature selection might
improve model performance or reduce model complexity
and make algorithms easier to interpret if high
dimensionality issues are present, but this may be skipped.
Some of the methods for doing this could be recursive
feature elimination, analysis of feature importance in
chosen models. In simpler cases or for datasets where the
number of features are small or of limited variety, and
model training processes have relatively limited
complexity this may not always be necessary and its
application may therefore depend on specifics of available
resources and available model computation capacity to
allow feature reduction approaches. It also could depend
on desired interpretability of outcome within this
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classification task in this data processing pipeline
(interpretability is highly desired if explanation to other
end-users without an extensive ML background is
desirable)

Model Development Process

3 DATA PREPARATION

N

Handle Transform
Missing Categorical
Values Features

| L |
Tl
Scale

Numerical
Features

{5} MODEL TRAINING

o]
o
Train Split

Random Training/
Forest Testing Set

«1| EVALUATION

Q Calculate

Calculate Precision
Accuracy

(
< kO

Calculate Calculate F1-
Recall score

(® DEPLOYMENT

B @

Save Final Prepare for
Model Future Use

Fig:3 Model Development Processs

2. Random Forest Model Training:

The core of this project is using a Random Forest Classifier.
Here’s a detailed breakdown of the training process:

e Algorithm Selection: The Random Forest
algorithm was chosen to improve performance accuracy.
As it is shown to deal appropriately with numerical and
categorical data and because it tends to produce strong
performance results by mitigating risk of high variance
across multiple algorithms running as ensemble of many
independently trained tree prediction algorithms within it,
each based on slightly differently randomly selected
subset and hyperparameters of same data for calculation
training as subset data used in prediction model runs,
hence generating an averaged consolidated outcome
within the ensemble. These randomly generated trees
within ensemble may be quite differently distributed but
by pooling these diverse predictions of likelihood it allows
high precision in class prediction with relatively small
variance.

e Algorithm instantiation and initial parameter
definition: In libraries like scikit-learn (commonly
called sklearn) a RandomForestClassifier object must be
defined as instantiated rf = RandomForestClassifier().
Some basic hyperparameters like the number of trees may
be adjusted to enhance training processing outcomes using
parameters such as n_estimators=100 at first but better
configuration using other parameter such as minimum
samples, minimum sample leaf nodes might need to be
changed at later phases during hyper parameter tuning.

o  Model Training: The rf.fit(X_train,

y_train) method trains the Random Forest model. It
employs bootstrapping for data input sampling. Training
efficiency may depend heavily on chosen
hyperparameters such as numbers of estimators
(individual prediction algorithms run as components to
generate final prediction average). Larger ensembles can
be used if computational time does not prevent this from
being appropriately implemented. Hence it might be best
to evaluate computational needs in order to check
constraints for this application process and if resource
limitations prevent deployment then smaller ensembles or
computationally lower resource use implementations may
need to be applied to this model, even if such a solution
may affect prediction performance precision to certain
degree based on specific dataset characteristics in
conjunction with chosen algorithms. Therefore a
computationally  inexpensive  hyperparameter may
sometimes need to be applied to make implementation and
processing efficiency acceptable under constrained
environments for application usage scenarios. If advanced
processing capacities are applied to overcome limitation
imposed by computationally intensive hyperparameter
adjustments within Random Forest model, even more
superior model performances and higher accuracy in final
predictions can be achieved, however the trade-off is
processing speed (faster computation generally requires
better equipment specifications, meaning that higher level
of resources generally requires greater up-front financial
investment, this can also impact operational power and
electricity usage over long term).

3. Hyperparameter Tuning:

Optimizing the Random Forest's performance is generally
accomplished using hyperparameter tuning to arrive at high-
performing model:

e Hyperparameter Space Definition: A range of
potential hyperparameters to tune should be defined for
Random Forest in particular, that encompass parameters
such
as n_estimators, max_depth, min_samples_split, min_sa
mples_leaf, and max_features. Some of the most useful
approaches involve defining ranges for parameter
adjustments (defining intervals as acceptable) and others
are for directly specifying possible ranges/subsets of
parameter values for each hyperparameter (sometimes
selecting pre-determined value candidates are employed)
as appropriate. The methodology applied may be heavily
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dependent on various constraints affecting model
selection and tuning for example computational capacities
might heavily restrict ability to run computations for a
broad spectrum of choices for each hyperparameter
values. These hyperparameters significantly impact the
overall model's training behavior and prediction outcomes
for unseen input data and some careful review should
guide choices on possible hyper parameter configurations
to enhance algorithm training time efficiency (while
achieving suitably optimal classification performance,
using validation measures).

e Tuning Method: Randomized Search CV
in sklearn.model_selection (or alternative appropriate
hyperparameter optimization routines for model fitting
depending on specific tools and resource availability) uses
cross-validation to efficiently explore combinations. It
tries combinations within previously defined space and
outputs result depending on chosen scoring criteria during
evaluation such as accuracy. Again, specific tuning
methods applied should be guided by particular algorithm
computational complexities and therefore constraints on
computational resource capacities (computing speed &
memory use), such that best-fit solution for achieving
near-optimal classification model performance is attained,
under appropriate constrained scenarios for this
application usage example, balancing training speed
efficiency with desired model quality outputs when
performing prediction calculations for specific practical
deployment usages for different classification task. A
trade-off needs to be balanced appropriately in all tuning
and evaluation methods used to optimize for final result
that achieves acceptable outcome under given context and
constrained environments.

4. Model Evaluation:

The performance of the tuned Random Forest (and potentially
other classifiers if employed as comparison test for model
quality during development phases) model must be rigorously
evaluated using standard evaluation metrics. The approach
will encompass:

e Classification Performance Metrics: Metrics such
as accuracy, precision, recall, Fl-score are typically
reported for these models after evaluating test-sets to see
how classification performance appears on data the
models have never 'seen’ during training, hence reflecting
capacity for appropriate prediction in practical scenario of
unseen data entries being made to test the applicability and
value of a specific machine learning approach on dataset
used as model training and for testing on independent and
unrelated set (not seen during training phases). The
interpretation and usage of this data is essential in
confirming or mitigating classification imbalances
affecting evaluation of chosen metric, especially with a
consideration on which validation metrics appropriately
reflect desired outcome. For instance some particular
performance metrics like ROC curves need appropriate
interpretation under conditions of highly imbalanced
classification targets for example. Other evaluation

schemes and measures need to be tailored to appropriately
handle class prediction imbalances during model
evaluation process depending on nature of problem being
solved in this prediction challenge.

e Cross-Validation (for enhanced assessment) : K-

fold cross-validation adds confidence that metrics
obtained during testing appropriately generalize. The
resulting metric data therefore should better represent an
expectation of general model performance outcomes in a
wider variety of conditions rather than simply applying
limited independent tests for assessment of final model
suitability. Cross validation methods involve repeating
testing on different random samples to give statistical
measures of predictive performance for an approach using
dataset examined. The result here enhances
trustworthiness in overall general predictive power
assessment for chosen algorithm approaches for
evaluating suitability on different unseen data. Depending
on computational capacities, and evaluation requirements
a certain number of cross-validation iterations (for
example using 5 fold cross validation or any other k-fold
methodology may be appropriate or more extensive
measures depending on processing resource limitations
that could impose performance impacts if trying
extremely computationally extensive approaches).

5. Model Selection and Saving:

The final step in model development is making a
selection and saving this final version:

e Comparison with alternative algorithms
(potential): If sufficient time and computational
resources allow, this development phase would
incorporate  some exploration of wusing alternate
algorithms as compared during earlier training, including
using appropriate evaluation using methods discussed in
the last phase, so you arrive at a selection for algorithm
used in deployment model (a best-fit approach to given
constrained environment and desired prediction quality
given appropriate model selection and hyperparameter
configurations in various models employed during this
comparison analysis process) which could consist of using
an approach with high precision at potential trade-off for
calculation efficiency as well. It therefore may include
other considerations such as deployment size restrictions
to achieve optimal solution given context for
implementation needs within final operational deployed
application version based on performance expectations
across several machine learning prediction approach
options that could be tested (Logistic Regression, SVM,
and others from your base paper for example). This will
arrive at the final 'best-fit' algorithm within context given.
This selected model is what should be used in final
deployment to achieve prediction outcomes from real user
inputs based on appropriate pre-processing of that input to
allow appropriate matching as to inputs received for the
same pre-processing performed during training and
testing stages used earlier during training of chosen
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prediction algorithm for final implementation in
application model.

e Model Persistence: Once the final model has been

evaluated, this model must be carefully preserved
(serialized). This requires careful file management steps
(using techniques such as pickling for saving models
using methods and functions within pickle or saving and
loading model artifacts within joblib). File naming,
storage location selection are critical in ensuring ability
for this model artifact to be deployed easily for future
access in production model deployment to support live
data use (to ensure smooth data workflow throughout
different stages from input to data evaluation outputs
when generating final predictions of user input using this
algorithm deployed for performing this prediction
analysis in practical production applications) .

3.3. Model Evaluation:

The model evaluation process involved assessing the
performance of three classifiers: Logistic Regression, Support
Vector Machine (SVC), and Random Forest Classifier, both
before and after hyperparameter tuning. The results showed:

e Logistic Regression: Achieved an accuracy of
80.48% before and after hyperparameter tuning. This
suggests that the default hyperparameters were already
relatively well-suited to this dataset or hyperparameter
tuning did not significantly improve performance under
the validation metric employed. This could be due to
limited scope of parameters examined in that model,
potentially suggesting other hyperparameters should
have been considered (perhaps additional or alternative
hyperparameter search approaches) in conjunction with
a larger training dataset, better evaluation approaches or
more extensive model evaluations during that
development stage could have delivered enhanced
performance assessment and may allow tuning process
in order to yield a significantly better classifier in later
iterations for deployment stage if further refinement and
enhancements were made during tuning/model
optimization or evaluation methodologies were
improved during those processes.

e SVC: Improved from 79.38% accuracy before
tuning to 80.66% after tuning. This demonstrates that
hyperparameter optimization successfully improved the
SVC's predictive capability on this loan eligibility
dataset using validation scheme implemented for this
model comparison evaluation phase in this classification
task under specific given constraint environments,
possibly further enhancing it to improve by modifying
search space during these optimization stages during this
modelling development. It is also suggestive that for
future versions some adjustments might further improve
that final prediction outcome score if additional analysis
was carried out within different hyperparameter ranges
during search procedures or additional advanced fine
tuning was added or potentially alternate optimization
strategies in later development iterations.

e Random Forest Classifier: Also experienced
significant performance improvement, increasing from
77.76% accuracy before tuning to 80.66% after tuning.
This improvement demonstrates effective
hyperparameter tuning. A better fit of final
hyperparameter combination might allow improved
predictive capability on these validation metrics used
during evaluation after re-training model during tuning
using this hyper parameter configuration scheme for
Random Forest algorithms used in prediction task.
Further refinements in later model iterations may be
appropriate if larger or further enriched datasets were
added into subsequent training sessions to give better
classification performances given more enriched input
for algorithm training phase during model construction
stages for the different models being trained.

Model Selection: Random Forest

Based on these results, the Random Forest Classifier was
selected for deployment in the final application. The key
reasons are:

o Performance: After hyperparameter tuning, both
SVC and Random Forest achieved the same highest
accuracy of 80.66%.

o Robustness: Random Forest classifiers are
generally more robust and less prone to overfitting,
making them well-suited to tasks of this kind, offering
potentially good generalized applicability to different
subsets and making it desirable especially for
deployment. Therefore this algorithm shows likely
enhanced robustness to varying types of input based on
the type of ensemble of various trained predictors
generated internally for making these predictions within
the deployed algorithms, therefore showing an inherent
suitability to unseen data and better generalization.

e Interpretability (potential): While Random Forest

models can be complex, techniques for determining
which parameters and model behaviors affect model
outputs to greatest degree allow extracting insights after
applying a tuned model within the deployed system
using well chosen visualization techniques (e.g. SHAP,
etc). For future work after deployment generating an
understandable reporting method of how input
parameter and chosen decision algorithm (Random
Forest prediction methods applied here) arrives at its
various output scenarios should be considered for
development (adding feature importance data with
explanation to users), given resources allow
implementing this enhanced feedback generation after
generating model outputs during operational prediction
stages. It enhances practical usability by better
informing prediction outputs. This is essential to make
final user application useful for end users lacking ML
skills and backgrounds.
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This makes Random Forest best for application choice
as deployed within this solution.

4. GUI Development (TKinter):

The Tkinter GUI in app.py is designed to allow users to
input loan application data and receive a prediction on
loan approval. Here's a breakdown of its components
and functionality:

Loan Application Prediction Flowchart

Start GUI

Initializ ze aul

() USER INTERFACE

Display
Prediction

Prediotion

Show Results Made

End Process

Fields

=l

L@
ﬁj

Create Input l

53 BACKEND PROCESSING

Validate Input

Valid Data

=
Convert Input

Data Converted

Predict Loan
Status

Invalid Data

0

User Interaction

Data Entered

Fig: 4 Loan Application Prediction Flowchart

1. Core Structure:

e TK(): Creates the main application window (root).
The title() sets the window's name,
and state('zoomed') maximizes it. The background color
(bg="#EOF7FA") provides a visually appealing
appearance.

e Frame: A Frame (input_frame) is used to group
related widgets (input fields and the predict button). This
improves the organization and visual layout of the GUI,
making it easier to manage elements and preventing
visual clutter. Placing it with place() at the center
ensures the input section stays centered in the
maximized window during various phases. Its

background color is set for aesthetic reasons as well
(bg="#B3E5FC").

2. Input Fields (Data Entry):

e create_input_field() function: This reusable
function dynamically creates a label and entry field for
each input parameter. This function dynamically creates
both labels and input areas for various parameters from
the application (loan application data entry). This
promotes organized and clear visual layout of user
inputs for application operation and handling user inputs
effectively from all the different areas within the
application interface. The use of this function allows the
same input types for all features, improving consistency
and usability in  the  application. Note
the sticky="w" argument used for the label, ensuring
that the text allgns to the left when using different
display resolutions or screen sizes.
The font=("Helvetica", 12) configures the input areas to
the same font size and style across entire application
interface so the look is aesthetically consistent.

¢ Input Variables: The code defines variables
like entry_gender, entry_married, etc., to store the
references to the created entry fields.

3. Data Handling and Validation:

e predict_loan_status(): This function is responsible
for handling the prediction process. Importantly, it
includes a try..except block. This safeguards the
application from errors when user enters data which
does not match the format requirement(s) from previous
model training and testing stages, ensuring robustness to
user input inconsistencies and non-valid input format
types. It also validates that data entered by user matches
required types and formats as they are part of the
preprocessing stages required before generating model
output and ensures robustness in how model predictions
are handled.

e Data Transformation (Critical): The function
converts user input (from the Entry fields) into a Pandas
DataFrame (input_data). Crucially, this DataFrame must
match the format (column names, data types) of the data
used to train the model.

4. Prediction and Output:

e Prediction Calculation: The loaded machine
learning model (model) is used to make predictions on
the input data.

e Output Display: The prediction result is displayed

in a new, maximized window (show_prediction_screen)
with a contrasting background color (green for
"Approved”, red for "Not Approved"). The use
of Toplevel creates a new window, preventing the
prediction result from overriding the input section. A
close button is added to the output window to prevent
cluttering.

© 2024, ISJEM (All Rights Reserved)

| www.isjem.com

| Page 8



v

==
e\

bt
\’ISJEIIVI \\'/ International Scientific Journal of Engineering and Management

o)
\sSN: 2583-675
b 4

y Volume: 03 Issue: 11 | Nov - 2024

ISSN: 2583-6129
DOI: 10.55041/ISJEM02133

An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

5. Results and Evaluation

Table 2 Model comparison

Model Existing Proposed
Random

Forest 0.8066 0.8562
Logistic

Regression 0.8048 0.8123
Support

Vector 0.7938 0.8100
Machine

ACCURACY MODEL COMPARISION CHART

o I
0.76
Random Forest

Logistic Regression Support Vector Machine

W Existing M Proposed

Fig: 4 Accuracy model comparison

The bar chart visually compares the accuracy of three
different machine learning models (Random Forest, Logistic
Regression, and Support Vector Machine) between the results
from a baseline research paper and the current project. The
light blue bars represent the accuracy achieved in the cited
paper, and the coral-red bars indicate the accuracy of the
corresponding models from this project. Visually, the chart
shows improved results (higher accuracy) for Random Forest
and slight improvements for Logistic Regression and SVC
models after re-tuning of algorithms compared with original
values reported previously in those results from original
published research in the literature.

5. Conclusion

This project successfully demonstrates the application of
machine learning, specifically a Random Forest Classifier, to
automate loan eligibility prediction. The developed system
effectively addresses the time-consuming and potentially
biased nature of manual loan assessments. By training a
model on a historical dataset and providing a user-friendly
Tkinter interface, the system offers a faster and more
objective approach to loan approval decisions. The project
achieves a satisfactory level of accuracy (80.66% after
hyperparameter tuning), demonstrating the practicality and
value of this automated approach for loan processing. While
the initial results show the effectiveness of the chosen
methodology, further improvement opportunities exist, like
incorporating more sophisticated input validation or
exploring alternative algorithms for improved performance.
Further development and enhancement of the GUI could also
consider including additional input parameters and feature
selection for enhanced usability, expanding the types of inputs
that can be processed more easily within the user interface.

Potential integration of techniques to explain or interpret the
model's predictions would enhance transparency for users.
The system could also be scaled to a production environment
with additional considerations for large-scale data handling,
security, and integration with existing banking systems.
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