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Abstract

The rapid development of information technology has driven innovation in the financial sector, particularly in the field of credit lending
services. However, the increasing number of credit lending services also leads to a higher risk of default, which can lead to financial losses
for lenders. This study aims to develop a loan default risk prediction system using machine learning algorithms, namely Naive Bayes and
K-Nearest Neighbor (KNN), implemented through the Streamlit framework. This study applies a quantitative method with a data mining
approach based on the CRISP-DM framework, utilizing the German Credit dataset consisting of variables such as age, occupation, housing,
savings account, loan amount, and purpose. The models were evaluated using a confusion matrix to measure accuracy. The results show
that the Naive Bayes algorithm achieved the highest accuracy (86.4%) in predicting loan decisions, followed by KNN (60%). The
developed Streamlit-based application provides interactive visualizations, training models, and prediction features, enabling users to assess
credit risk efficiently. This system is expected to help financial institutions identify potential defaulters more accurately and improve the
overall performance of credit lending services.
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1. Introduction

With the advancement of information technology, innovations in the financial sector have emerged, such as financial technology services,
which facilitate access to online transactions (Rahmahafida, 2020). In the Financial Services Sector Consumer Protection regulations
stipulated in POJK Number 1/POJK.07/2013, it has not been able to reach the peer-to-peer lending market because there are no regulations
stating that peer-to-peer lending is included in the consumer protection regulations for the financial services sector [2]. The target of this
online money lending service facility is quite broad, Both high-skilled and low-skilled individuals. Online money lending services have
grown significantly in recent years due to the widespread use of e-commerce, which is inextricably linked to the internet. The ease and
speed of access to online loan applications has attracted the younger generation to apply for loans. Despite challenges related to financial
risk analysis and a limited understanding of basic accounting, the ease of the risk assessment process within online loan applications can
expedite loan application results for customers. In addition, the loan platform size and term offered in the application are automatically
presented based on the calculation results of the data inputted by the customer during initial registration.

By connecting with each other in real time, the business world process in the field of lending and borrowing money is carried out by
creditors as lenders to debtors as loan recipients. Technology in adults is now increasingly providing a very significant impact, especially
on human life, which we can all know in information technology which is considered to have very fast and even rapid development, a
number of advantages related to the development of information technology can be promoted and we can see that there is convenience in
carrying out a number of social lives [3]. To address the increasing risk of default in online lending services, a system capable of accurately
and efficiently predicting potential default is needed. The approach used is the Naive Bayes algorithm, K-Nearest Neighbor (KNN). The
Naive Bayes method is one method that can be used in decision making to obtain better results in a classification problem [4] . This
algorithm uses Bayes' Theorem, the main assumption, the features are independent of each other, although not completely fulfilled in real
data Naive Bayes still gives quite good results in many cases[5]. The Naive Bayes algorithm is a simple but effective method for predicting
a possibility from historical data, using Bayes' theorem and the assumption of independence between predictor variables, which is able to
produce fast and accurate decisions. So it is expected to help financial institutions in identifying potential borrowers who have the potential
to experience more precise defaults, reducing the level of credit congestion, and increasing security and trust in the digital financial
ecosystem. K-Nearest Neighbor (KNN) is a simple non-parametric method used for classification and regression based on proximity to
training samples [6]. The KNN method algorithm is very simple, working based on the shortest distance from the test sample to the training
sample to determine the KNN.
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2. Research Methodology

2.1 Types and Approaches to Research

Table 1: Data description

Column | Description
Unnamed Index number data
Age Age/request

Sex Gender
Job Occupation type (0-3)
Housing Residence status
Saving accounts Savings amount
Checking account Checking account balance
Credit amount Amount of loan offered
Duration Loan term (months)

This study uses a quantitative method with a data mining approach to build a prediction model for the risk of default on online loan services.
Data mining is the process of discovering hidden patterns and knowledge from data sets [7]. The type of research used is computational
experimental research. Computational experiments are experiments that use computer simulations or algorithms to analyze models and
compare the results with empirical data [8]. The focus of the research is to produce a classification model that is able to predict whether a
lender has the potential to be current or default based on historical patterns in the dataset.

2.2 Research Data

The data used in this study is secondary data, in the form of customer loan histories obtained from a historical financial
technology dataset containing attributes such as Age, Gender, Occupation, Housing, Savings Account, Checking Account,
Loan Amount, Duration, Purpose, and Status. The data was then processed into two classes: default (bad) and non-default
(good). The data collection process was carried out using a documentation study method, namely by compiling the secondary
dataset German Credit Data.

2.3 Research Stage
The research stage follows the CRISP-DM (Cross Industry Standard Process for Data Mining) framework, an international

standard framework used to systematically execute data mining projects from business understanding to implementation
models [9]. This consists of several main stages.

Data
Preparation

Deployment

Modeling

Fig 1 : CRISP-DM Image

The business understanding stage identifies the objective, which is to minimize the risk of payment failure through machine
learning-based predictions. The data understanding stage analyzes patterns, class distributions, and variable characteristics.
The data preparation stage includes data cleaning, attribute reduction, normalization, and dividing the dataset into training
and test data. The modeling stage is carried out by applying two algorithms:

Naive Bayes and K-Nearest Neighbor (KNN). Next, in the evaluation stage, the model is tested using a confusion matrix. A
confusion matrix is a table that describes the performance of a classification model on a set of test data whose true values are
finally known [10]. In the deployment stage, the model is ready to be implemented as a component of a credit scoring system.
Naive Bayes uses Bayes' theorem to calculate the probability of each class and classify the data into the class with the highest
probability.

The basic formula used is:
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Where P(HIX) is the probability of hypothesis H after seeing data X, P(XI|H) is the probability of data X appearing if
hypothesis H is true, P(H) is the initial probability of the hypothesis, and P(X) is the probability of data appearing. For
numerical data, the Gaussian distribution is used, while for categorical data, the frequency of attribute appearance is used.
The K-Nearest Neighbor (KNN) algorithm works by classifying test data based on its closest distance to a set of training
data. The distance between two data points is calculated using the Euclidean Distance formula as follows:

d(x,y) = \/Z?=1(xi - ¥)? 2

Model results were evaluated using a confusion matrix, assessing True Positive, True Negative, False Positive, and False
Negative values to measure classification performance. From this matrix, an accuracy metric was calculated using the
following formula:

TP+TN
TP+TN+FP+FN

)

Accuracy =

Accuracy is a measure that shows the proportion of correct classification results against all tested data [11]. Accuracy is used
to show the percentage of success of the model in predicting loan status. A model is said to be good if it produces high
accuracy and has low classification errors.

3. Result and Discussion

This system is implemented using the Python programming language with the Streamlit framework as the user interface.
Streamlit is an open-source Python framework used to quickly and easily build interactive web applications, especially for
machine learning and data science purposes. The system is designed with three main pages: View Data, Train Model, and
Prediction Page.
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Fig 3 : View Data Menu Display (continued)
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Fig 2 : View Data Menu Display

In the View Data menu, users can view the entire customer dataset used in the training model. User data is displayed in tabular form and
complemented by interactive graphs and histograms that show general characteristics of the customer data.
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On the "Train Model" page, users can select one or more algorithms from three options: Naive Bayes and K-Nearest Neighbor and specify
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Fig 4 : Train Model Menu View
the features to be used for training with an intuitive tag system after which the system will start the training process with the "START

TRAINING MODEL" button. After the training process is complete, the system displays a comprehensive compilation of the three
algorithms in the form of tables and graphical visualizations.
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Fig 6 : Naive Bayes Algorithm Prediction Results
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Fig 5 : K-Nearest Neighbors Prediction Results

Naive Bayes recommends a loan agreement with a high confidence level of 86.4% because the customer profile is considered safe and the
risk of default is low, while KNN (K-Nearest Neighbors) recommends rejecting the loan on the grounds of high risk with a prediction result
of 60.0%.

4. Conslusion

This research successfully developed a machine learning-based online loan default risk prediction system implemented using Streamlit.
The two algorithms used, Naive Bayes and K-Nearest Neighbor, showed varying results in terms of accuracy and confidence. Test results
showed that the Naive Bayes algorithm provided the best results with the highest confidence level. The developed application is capable
of displaying customer data, training models, and making predictions in an interactive and user-friendly manner. This system can help
financial institutions analyze potential customer defaults more quickly, efficiently, and accurately, thereby minimizing the risk of credit
default and increasing security and trust in online lending services.
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