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Abstract— Microfinance Institutions (MFIs) have proved to be the best support for low-income people in
achieving their financial goals. However, there has been always a risk for loan defaults which can threaten
the stability of MFIs. Previous techniques have less emphasized on this problem. They were much more
into data analytics. Therefore, in this study we used machine learning and deep learning techniques to
improve loan default prediction using a large FinTech dataset. Four machine learning and one deep learning
technique was developed and compared. The results show that Logistic Regression performed best overall
with a ROC-AUC of 0.7186 and recall of 0.65. XGBoost achieved high accuracy of 84% but performed
poorly in identifying defaulters. The Neural Network showed competitive performance with a ROC-AUC
of 0.7055 and recall of 0.58. The study concludes that Logistic Regression remains a strong and explainable
baseline model for MFIs, while advanced models like Neural Networks have good potential for loan default
classification.

Index Terms— Microfinance, Loan Default Prediction, Machine Learning, FinTech, SMOTE, Neural
Networks, Logistic Regression.

|. INTRODUCTION

Microfinance Institutions (MFIs) are the important financial organizations. They have developed over
the past few years to provide financial support to the people of low source income. The operation of MFIs
is not only limited to cities but they also work in under privileges areas. It helps support economic growth,
reduce poverty, and create jobs. They offer small loans, savings, insurance, and other basic financial services
with simple procedures and little or no paper work [1].

Poverty remains a serious problem in many underdeveloped countries. In these countries, people face
so many challenges such as many of them die from hunger even though there is enough food worldwide.
Therefore, MFIs proved to be a lifeline for them, helping poor people by giving them access to small loans
and financial services. Still, issues are there which hinders the working of MFIs properly like weak policies,
poor financial system support and lack of education. Also, how to overcome the challenges of defaulters
who took loans from the MFIs and unable to repay [2, 3].

The emergence of Financial Technology (FinTech) has revolutionized the microfinance sector by
introducing automated processes and data-driven decision-making. However, the risk of loan defaulters is
always been there, which hurdles the growth of MFIs. Machine learning (ML) and deep learning (DL)
techniques can be used to identify the loan defaulters making MFIs stronger with automation. Unlike
traditional statistical methods, advanced algorithms can identify complex, non-linear patterns within vast
datasets. But, one of the most significant obstacles is "class imbalance,” where the number of non-defaulters
significantly outweighs the number of defaulters. If not addressed, this leads to models that are biased
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toward the majority class, failing to identify the very "risky" customers. Furthermore, in the financial world,
"Iinterpretability” is as important as "accuracy"; lenders must be able to explain why a loan was rejected.

This research aims to explore the intersection of finance with technology. By implementing and
comparing a variety of models, this study evaluates how ML can enhance the sustainability of MFIs. The
paper is divided into following sections; review of the literature, research methodology, results analysis,
conclusion and future work.

Il. REViIEW OF THE LITERATURE

The use of technology in microfinance (MF) has benefitted in the working of institutions. With its help,
accountability, governance, and transparency, has been improved to build trust among stakeholders. The
smart cards innovation, has made microfinance borrowers to access financial services easily. This has
reduced poverty by improving access to education, healthcare, government services, and finance [4].

With the advancement in internet technology, mobile phones, and ATMs, enabled MFIs to serve their
clients more conveniently and efficiently [5]. The use of smartphones has further improved profitability by
enabling mobile banking and digital services. These apps allow MFIsto reach people in rural and underserved
areas. Therefore, financial and economic development has boost up in emerging economies [6][7][8]. But to
make it more successful, good infrastructure and digital skills are required among users.

Lower operational costs in MFIs with automation reduces manual work and errors, helping them to save
money. With effective pricing strategies, and well management further provides scope of good services to
clients at lower costs [9]. Further, collecting and analyzing personalized customer data, can help MFIs better
understand clients behavior, risks, and needs. It is suitable to design better financial products for long-term
financial well-being of the clients [10][11].

The growth of technology in MFIs serves multiple benefits, but still in digitalization there are challenges.
It is not only about access to technology but also about trust, culture, and skills. Even where technology is
available, some users hesitate to adopt it [12][13]. In addition, some economic barriers can affect the scaling
of MFIs. For the low-income users, cost of smartphones, internet, and service fees can prevent accessing
digital services [14]. Also, digitalization can weaken traditional microfinance practices such as group lending
by reducing face-to-face interaction. Therefore, social bonding is reduced which could negatively affect
repayment behavior.

However, empirical studies have shown mixed results. According to some research.findings, there is a
positive impact of digital adoption on social performance [15][16], while others highlighted the importance
of institutional and social context in determining outcomes [17].

FinTech also affects the financial performance of MFIs through several mechanisms. These are as follows:

1. Efficiency Improvement: Automation improves the efficiency of administrative work and
transaction processing, thereby reducing errors and saving time [18]. However, high initial cost of
technology and ongoing maintenance still remains an issue.

2. Market Expansion: Digital platforms serve as a market expansion allowing MFIs to reach new
customers across the globe without opening physical branches. However, strong infrastructure,
marketing investment, and client education, are required to make it successful.

3. Better Risk Management: Advanced data analytics and digital credit scoring are required to make
MFIs evaluate borrowers more accurately with managing loan accounts more effectively [19][20].
However, high-quality data, skilled staff, and technological investment should be acquired for this
process.

4. Cybersecurity Threats: It can lead to privacy and security challenges. It can lead to data breaches,
fraud, and reputational damage, requiring continuous investment in enhancing security systems [21].

5. Regulatory Compliance: It increases operational cost due to data protection and privacy needs [22].
Furthermore, MFIs needs to be continuously, to overcome challenges from fintech companies and
technology firms as they can reduce market share and profit margins [23].

Based on above studies, it is clear that some reports show improved efficiency and performance due to
technology adoption [24][25], while others find negative effects on operational efficiency [14]. These
differences suggest that institutional capacity plays a key role.

Digital infrastructure influences how strongly FinTech affects both social and financial performance.

- For social performance, strong infrastructure enables reliable services such as fast transactions, secure
access, and fewer system failures. It also supports financial education through mobile apps, alerts, and
interactive tools, improving inclusion and literacy [26]. However, infrastructure is expensive. High costs for

IJCRT2602179 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | b628


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 2 February 2026 | ISSN: 2320-2882
maintenance, security, and upgrades can increase service fees, which may reduce affordability and increase
exclusion in weaker regions [27].

- For financial performance, good infrastructure improves efficiency through real-time monitoring,
automated systems, and advanced analytics. It also supports better risk management. Yet, costs related to
bandwidth, licenses, cybersecurity, training, and downtime risks must be considered.

The real impact depends on factors such as implementation quality, organizational readiness, staff skills,
and local conditions.

11l. RESEARCH METHODOLOGY

This section describes machine learning techniques used on as FinTech dataset to predict whether a loan
applicant will be a defaulter or not. The steps include in this process are data acquisition, cleaning,
exploration, feature selection, handling data imbalance, building models, and evaluating their performance.

1. The dataset is sourced from Kaggle. It contains 307,511 loan records and 122 features. The target
column comprises of 1 and 0 values, where 1 represents defaulter while 0 means non-defaulter.

2. In data preprocessing or cleaning, columns with too many missing values were removed. It has
been found that 41 columns had more than 50% missing data, therefore they were dropped. The
final dataset comprises of 81 useful columns. The missing values were filled with median for
numerical columns while categorical columns, with missing values were filled by mode. The
columns were grouped into numerical features (68) and non-numerical features (13).

3. EDA was used to understand patterns in the data. For this univariate and bivariate analysis of the
dataset was performed. In, univariate analysis, different graphs such as Countplot and pie plot
were used to understand individual features distribution for discrete and categorical features.
While histogram, kde and box plots were made for continuous features. Some of them are as
follows:

[ A—
Fig. 1: Countplot and Pie plot for Target

Fig. 2: Histplot and Kde plot for Amount Credit

4. In bivariate Analysis, to understand the relationship between features and the target variable,
feature values between defaulters and non-defaulters were compared. Correlation analysis was
performed and heatmap, pivot tables were created.
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5. Based on this analysis, we found that, features like EXT SOURCE 2 and EXT SOURCE 3
were strongly related to loan repayment. Older clients were less likely to default and Clients with

lower education levels showed higher default risk.
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Fig. 4: Amount Credit vs TARGET

6. As, not all features present in the dataset were useful, therefore feature selection technique was
applied to find the most important ones from it. Features were ranked based on correlation with
the target and the top 40 among them were chosen. Highly correlated features were removed to
avoid redundancy. Finally, 15 most useful features were selected.
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Fig. 5: Correlation with TARGET

7. Inorder for the models to work better, feature scaling is performed so that data should come on
the same scale. So, continuous features were standardized using Standard Scaler, which converts
values with mean as 0 and standard deviation as 1.
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10.

11.

12.

13.

Class imbalance is always an issue. In current dataset also, same problem was identified. It shows
only about 8% of clients were defaulters. Therefore, to fix this, SMOTE (Synthetic Minority
Oversampling Technique) was applied to the training data. It creates synthetic examples of the
minority class, making the data more balanced (50:50 ratio).

The dataset was divided into two parts with 80% kept for training the models and left 20% for
testing the models. Stratified sampling was applied used to make sure both sets had the same
proportion of defaulters and non-defaulters.

Model Development: Three machine learning models were built to perform the classification
based on defaulters and non-defaulters. These models are logistic regression, decision tree and
random forest. The features of these models are: Logistic Regression is a simple and interpretable
model. It works well as a baseline for binary classification. Decision Tree is used with limited
depth to avoid overfitting on the model. It is easy to understand the behavior. Random Forest is
an ensemble model that combines many decision trees. It is more powerful and handles complex
data patterns better. All models were trained using the balanced dataset created with SMOTE.

Model Evaluation: The models were tested using: Classification report with precision, recall, F1 -
score as the parameters, Confusion matrix to show the visualization for the models ability to
detect defaulter and non-defaulters, ROC-AUC score shows the main performance metric of the
models. SMOTE improved the model’s ability to identify defaulters, although precision
decreased slightly.

Tools and Environment: The tools and environment used for this implementation comprises of
language as Python 3.12, Libraries are pandas, numpy, matplotlib, seaborn, scikit-learn,

imbalanced-learn and the Platform for implementation is Kaggle.

This methodology provides a clear and systematic process for predicting loan default risk.

1V. RESULTS ANALYSIS

In this section, detailed analysis of the results is performed. Five machine learning models were tested
using unseen test data of 61,503 records. The results achieved after training on balanced data created using
SMOTE are as follows:

Table 1: Results Analysis of ML and DL Models

Model ROC- Accuracy | Precision Recall F1-Score
AUC (Default) (Default) (Default)
Logistic 0.7186 0.67 0.15 0.65 0.24
Regression
Decision Tree 0.6849 0.62 0.13 0.67 0.22
Random Forest | 0.6979 0.72 0.15 0.53 0.24
XGBoost 0.6846 0.84 0.19 0.29 0.23
Neural Network | 0.7055 0.70 0.15 0.58 0.24
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The analysis of results is performed on the based on the ROC-AUC and classification report metric
having recall, precision and accuracy. Our findings based on them are as follows:

ROC-AUC

e Logistic Regression performed best with a score of 0.7186. This means it was the best at separating
defaulters from non-defaulter customers.

e Decision Tree performed the worst.

e Random Forest performed better than Decision Tree but poor than Logistic Regression.
e XGBoost showed lower discrimination power.

o Neural Network performed competitively with a ROC-AUC of 0.7055.

Recall (Finding Defaulters)

e Logistic Regression and Decision Tree identified about 65-67% of defaulters correctly.

e Thisisimportant because banks prefer to identify faulty customers even if a few good customers are
mistakenly rejected.

e Random Forest missed more defaulters with a recall value of 0.53.
e XGBoost had the lowest recall (0.29), meaning many defaulters were missed.
e Neural Network identified 58% of defaulters, showing good ability to detect risky customers.

Precision (Correct Risk Predictions)

e Precision was low for all models, that was around 13-15%.
e This means many customers predicted as risky were actually safe.

e As the dataset was highly imbalanced, therefore, SMOTE was used to balance it. Therefore, due to
this process, such results are obtained:

e We catch more defaulters
e But we also wrongly mark more safe customersas risky

Accuracy

o XGBoost achieved the highest accuracy of 84%.
o Random Forest achieved an accuracy of 72%, while Neural Network achieved 70%.

e Butaccuracy is not very reliable here because most customers are non-defaulters. And this is due to
the dataset and SMOTE balancing technique used.

e Thatis why ROC-AUC is more meaningful.
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Confusion Matrix

Logistic Regression
o Correctly identified 3,231 defaulters avoiding too many false claims showing overall best balance.

Confusion Matrix - Logistic Regression

Predicted
No Default (0) Detault (1)
True Negative False Positive
Na Default (0) 33,081 18,457

B1rnithy Pwnctrd s Detmdt  Ematbetih It o Bttt

False Nugative True Pusitive

Default (1) 1,734 3.23

B True Negative iComect No Detault)
B True Positive (Carrect Detaui)

Fig. 6: Confusion Matrix of Logistic Regression
Decision Tree

o Caught the most defaulters as 3,333, showing aggression by wrongly marking too many good
customers as defaulters

Confusion Matrix - Decision Tree
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Fig. 7: Confusion Matrix of Decision.Tree
Random Forest ;

o Made the fewest false claims showing to be more conservative by missing many defaulters.

Confusion Matrix - Random Forest
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Fig. 8: Confusion Matrix of Random Forest

IJCRT2602179 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | b633


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 2 February 2026 | ISSN: 2320-2882
XGBoost

e Correctly identified 1,444 defaulters, but missed many risky customers, showing weak performance
in identifying defaulters.

Confusion Matrix - XGBoost

Predicted
Na Defat () Delait )

True Negatiye
No Default (0) 50,292
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I Trve Positowe (Comees Detudt)

Fig. 9: Confusion Matrix of XGBoost
Neural Network

e Correctly identified 2,887 defaulters, showing better balance between identifying risky and safe
customers compared to Random Forest and XGBoost.

Confusion Matrix - Neural Network

Predicted

No Default (0} Oefaun (1)

Trwe Nagative
No Default (0) £0,203
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Fig. 10: Confusion Matrix of Neural Network
The key findings of our research are as follows:

o Data was highly imbalanced.
e SMOTE was used to balance it. It helped in finding the defaulters but reduced precision.

o In feature selection, it was found that, features such as EXT_SOURCE_2, EXT_SOURCE_3, age,
and region feature proved to be very useful.

o Logistic Regression is the best baseline model because of its overall performance with explainability
as preferred by the financial institutions.

e Neural Network showed strong potential with competitive ROC-AUC and recall.
o XGBoost achieved high accuracy but failed to detect defaulters effectively.
e Asa business perspective, a ROC-AUC of 0.72 is a good starting performance.
e MFIs can adjust their policies based on the decision threshold to:
e Catch more risky customers represented by higher recall

¢ Oravoid rejecting good customers represented by higher precision
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V. CoNCLUSION AND FUTURE WORK

This study presented a systematic approach for predicting loan default risk in FinTech dataset of MFIs
using ML and DL Models. Logistic Regression, Decision Tree, Random Forest, XGBoost and Neural
Network models were evaluated on dataset after handling class imbalance using SMOTE. Among these
models, Logistic Regression achieved the best baseline performance with a ROC-AUC score of 0.7186,
showing strong ability to distinguish between defaulters and non-defaulters. The XGBoost model achieved
an accuracy of 84%, with a ROC-AUC score of 0.6846. However, it showed weaker performance in
identifying defaulters, with a recall of 0.29 for the minority class. The Neural Network model achieved a
ROC-AUC score of 0.7055, which is comparable to Logistic Regression. It showed better recall for
defaulters (0.58) compared to XGBoost, meaning it was more effective in detecting risky customers.

Although advanced models showed promising results, Logistic Regression still remains the most suitable
baseline model due to its strong performance, simplicity, and interpretability, which is highly preferred in
financial applications where explainability is critical.

In future, the performance of the classification can be further improved by:

e Applying more advanced ensemble models such as LightGBM.
e Performing hyperparameter tuning using Grid Search.
e Using alternative imbalance handling techniques such as class weights.

Overall, this research demonstrates that machine learning techniques, when applied properly, can
significantly improve loan default prediction and help MFIs make better and more responsible lending
decisions.
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