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Abstract - By giving underprivileged groups access to credit and other financial products, microfinance institutions (MFIs) are
essential in the provision of financial services. Microfinance has changed as a result of the incorporation of machine learning (ML),
deep learning (DL) which has improved financial decision-making, loan default prediction, and credit risk assessment. With an
emphasis on enhancing credit scoring models, streamlining loan approval procedures, and reducing financial risks, this study
investigates the use of diverse machine learning approaches in microfinance. MFls can improve portfolio management, lower
default rates, and advance financial inclusion by utilising predictive algorithms like decision trees, random forests, and neural
networks. The study highlights upcoming innovation opportunities and gives a summary of recent developments in machine
learning within the microfinance industry.
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1.INTRODUCTION

Microfinance institutions (MFIs) have been essential in helping small businesses and individuals without access to traditional
banking systems by offering financial services. MFIs support financial inclusion, especially in underserved areas, by providing
credit, savings, and insurance products. But historically, MFIs' growth and sustainability have been hampered by their
particular set of problems, which include high default rates, operational inefficiencies, and a lack of information about
borrowers.

Machine learning (ML) has become a potent tool in recent years to tackle these issues. MFIs can better assess credit risk,
anticipate loan defaults, process vast volumes of data efficiently, and make better decisions regarding loan approvals thanks to
machine learning techniques. Machine learning can greatly improve the speed and accuracy of financial assessments in
microfinance by utilising predictive models like decision trees, random forests, and neural networks. This will lower default
rates and improve financial performance.

This review of the literature looks at how machine learning methods are used in the microfinance industry. It highlights
important studies that have used machine learning (ML) to predict loan performance, manage risk, and score credit. Along with
highlighting trends, obstacles, and areas for further study, the review provides insights into how machine learning can keep
revolutionising the microfinance sector. This paper attempts to give a thorough grasp of the relationship between microfinance
and machine learning by synthesising recent research, demonstrating the potential of these technologies to enhance
sustainability and financial inclusion.

This review is organized as follows: Section 2, gives the overview of microfinance and machine learning. Section 3, provides the
list of prominent research work that was done and different techniques that are employed. Section 4, describes some of the
most prominent future research lines. Lastly, conclusions are provided in the Section 5.

2. OVERVIEW OF MICROFINANCE AND MACHINE LEARNING

A subset of financial services known as microfinance provides small loans to low-income individuals who might not otherwise be
able to obtain or qualify for traditional financing [1][2]. Economic development, financial inclusion, and poverty reduction have
all been shown to be possible with microfinance [3][4] [5]. Many microfinance institutions (MFIs) have faced sustainability
challenges despite their demonstrated potential, mainly as a result of rising loan default rates [6] [7]
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2.1 Challenges in Microfinance

MFIs deal with the following problems. To begin, existing techniques such as binary classification or credit score-based methods
mostly focus on offline learning, assuming that trustworthy homogeneous data is generally available. Therefore, such learning or
credit-scoring approaches cannot be immediately applied to microfinance without prior loan histories or suitable financial
systems to put them up accurately [8] [9]. Additionally, due to a lack of suitable techniques, some applicants find it difficult to
provide adequate information to accurately evaluate their credit ratings and default likelihood [10]

Second, the existence of numerous people and areas makes it more challenging to distribute microfinance resources in a way
that balances different fairness/inclusion aims. MFIs have mainly relied on the judgement of loan officers due to the lack of
methodologies that can systematically balance the risks, fairness, and multifaceted objectives of microfinance. As a result,
decisions have occasionally allowed Portfolio at Risk (PAR) to exceed a level necessary to sustain microfinance operations. Due
to the lack of procedures that can systematically balance the risks, fairness, and multifarious aims of microfinance, MFIs have
primarily relied on the judgement of loan officers. Decisions have therefore occasionally permitted Portfolio at Risk (PAR) to
surpass the threshold required to maintain microfinance operations.

2.2 Role of Machine Learning:

Potential answers to these problems can be found in machine learning (ML). In situations where there is a lack of financial
data, machine learning (ML) can enhance credit risk assessment by utilising large datasets and creating predictive models. Loan
default probabilities can be predicted using supervised learning algorithms like decision trees and neural networks, and MFIs
can better segment their customer bases using clustering techniques—even in environments with heterogeneous data.
Furthermore, by balancing risk and inclusion goals, fairness-aware machine learning models can help make decisions loan
distribution that are more equitable.

MFIs can improve their decision-making procedures, lessen their dependency on human judgement, and eventually increase
the sustainability of their operations by implementing machine learning approaches.

3.COMPARISION OF RESEARCH WORKS
This section compares several studies that examine how machine learning and deep learning approaches are applied in the
microfinance industry. The comparison highlights important elements like the datasets used, the algorithms used, the

performance outcomes, and the difficulties faced.

Table -1: Comparison of research work

Refno | Title Year | Dataset Used Algorithm Performance Challenges
Implemented Result Encountered
(Accuracy)

[11] A Machine Learning | 2021 | Micro-lending data | Decision Trees, 85% accuracy| Lack of formal
Approach for from developing | SVM, Random| with  Random| credit history for
Micro-Credit Scoring regions, includes | Forest Forest borrowers;

demographics (age, imbalanced dataset

occupation, location)

[12] Predicting Loan | 2019 | Nigerian credit | Logistic XGBoost: ~85% | Model complexity,
Defaults using bureau, SMS, and| Regression, accuracy interpretability
Machine Learning app data Random Forest, challenges with
XGBoost, FCNN neural networks
[13] An Exploration of 2020 | Combined  dataset] Logistic XGBoost: 87% | Data privacy and
Alternative Features with alternative and| Regression, accuracy ethical challenges
in traditional creditt Random Forest,
Microfinance Loan data XGBoost, FCNN
Default Prediction
Models

© 2025,IRJET | ImpactFactorvalue:8.315 | 1S09001:2008 Certified Journal | Page476


http://www.irjet.net/

\// International Research Journal of Engineering and Technology (IRJET)  e-ISSN: 2395-0056

JET Volume: 12 Issue: 03 | Mar 2025 www.irjet.net p-ISSN: 2395-0072
[14] Predicting the | 2020 | Rural bank | FCNN, Logistic | 90% accuracy| Limited data
Performance of performance data,| Regression with Neural| availability;
Rural Banks in includes economic Networks challenges in
Ghana Using and customer collecting
Machine Learning financial data standardized data
[15] Rural Micro Credit| 2018 | Peruvian Bayesian 75% accuracy Data sparsity and
Assessment  Using microfinance data, | Networks quality issues due
Machine Learning in includes loan to inconsistent|
Peru amounts, repayment records
history
[16] Improving the | 2019 | MFI customer data, Logistic 80%  accuracy| Model
Management of including loan and| Regression, with  Decision| interpretability and
MFIs Using Credit] repayment behavior | Decision Trees | Trees transparency in
Scoring Models credit scoring
[17] A Learning and| 2021 | Notspecified dueto | Control theory- Notspecified Adapting  control
Control Perspective theoretical approach | based machine theory to financial
for Microfinance learning models remains
challenging
[18] A Deep Learning | 2021 | Islamic finance data,| LSTM 85% accuracy | Data labeling and
Approach to Risk including  income, with LSTM quality in Islamic
Management for expenses, and debt finance contexts
Islamic Microfinance ratios
[19] Exploring the | 2020 | Microfinance and | SVM, Decision | 70% accuracy | Data consistency
Influence of entrepreneurship Trees, FCNN with SVM and integrating
Microfinance on| data diverse data
Entrepreneurship Sources; 11m1.ted
entrepreneurship
data
[20] Credit Scoring in | 2020 | Non-traditional Random Forest, | 75%  accuracy| Integrating
Microfinance Using (unstructured) data | Logistic with ~ Random| unstructured data
Non-Traditional from digital | Regression Forest sources and
Data interactions addressing quality
control
[21] Neural Networkl 2018 | Credit card and loan| FCNN 85% accuracy | Model training time
Credit Scoring datasets, including and computational
Models credit limit, resource intensity
balances, and
repayment history
[22] A Deep Learning 2020 | P2P lending data| FCNN, LSTM 90% accuracy | Model overfitting
Based Online Credit including borrower with LSTM and challenges in
Scoring Model for history, credit real-time
P2P Lending scores, and predictions
transaction data
[23] Fuzzy Logic | 2018 | Moroccan Fuzzy Logic Not specified Addressing
Approach Applied microfinance information
to Credit Scoring dataset with 78 asymmetry and
for Microfinance in fuzzy rules applied lack of precise
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Morocco on borrower data borrower data
[24] Loan Risk | 2023 | Ethiopian Random Forest| XGBoost: 98% | Data quality issues,
Prediction  Using microfinance data | Decision Tree,| accuracy imbalanced data,
Machine Learning (18,308 records on | XGBoost, MLP and complexity in
Algorithms:  The loan status) handling diverse
Case of Ethiopia’s borrower _
Micro-Finance demographics
Institutions
[25] Rural Micro Credit| 2021 | Dataset with 15,015| Artificial Neural | ANN: 93.72% | High variability in
Assessment  Using clients” data, focused Network (ANN), | accuracy customer data;
Machine Learning in on rural Peru Logistic ensuring data
Peruvian micro Regression, quality in remote
finance institution Random Fo-rgst, rural regions;
SVM,  Decision addressing model
Tree,KNN biases in credit
scoring due to
limited information
4.FUTURE SCOPE

While machine learning has significantly improved credit risk assessment and loan default prediction in microfinance, there
are several areas for further development:

. Improving Data Access and Quality: It's critical to improve data accessibility and quality, particularly in underserved
areas. Model performance and training can be enhanced by methods such as data augmentation and open financial datasets.

. Fairness and Bias: To make sure that financial inclusion initiatives do not inadvertently introduce bias, especially in
diverse, low-income populations, future models should concentrate on fairness-aware algorithms.

¢ Model Interpretability: By making ML predictions more understandable and trustworthy through explainable Al (XAlI),
MFIs will be able to implement them more smoothly.

. Real-Time Credit Scoring: By creating mobile-based, real-time credit scoring systems, loan approval procedures can be
enhanced in areas with inadequate infrastructure, allowing for prompt decision-making.

¢ Low-Resource Model Adaptation: By developing lightweight, inexpensive models, machine learning will become more
accessible to MFIs that work in resource-constrained settings, improving scalability.

e Blockchain Integration: By combining blockchain technology with machine learning, microfinance transactions can
become more transparent and secure, reducing the risk of fraud and guaranteeing data integrity.

. Personalised Financial Products: To increase customer satisfaction and repayment rates, future research can
concentrate on creating financial products and loans that are specifically suited to borrower behaviour.

Future studies and innovations can further advance the use of machine learning in microfinance by tackling these issues, which
will increase operational effectiveness and financial inclusion. The future of microfinance will be significantly shaped by machine
learning technologies as they develop, contributing to the development of a more sustainable and inclusive financial system.

5.CONCLUSION

The expanding role of deep learning and machine learning in revolutionising the microfinance industry has been examined in
this review. Microfinance institutions (MFIs) can improve their operational efficiency and decision-making processes by
utilising these technologies to improve financial inclusion, loan default prediction, and credit risk assessment. MFIs can
optimise loan approvals, lower default rates, and assess borrower risk more accurately by utilising algorithms such as decision
trees, random forests, and neural networks.
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However, issues like fairness, interpretability of the model, and data quality still exist and call for more study and advancement.
To fully utilise machine learning in microfinance, these problems must be resolved, real-time credit scoring must be
incorporated, and models must be modified for low-resource settings.

The use of machine learning in microfinance, particularly in underprivileged areas, will be essential to promoting greater
financial inclusion and sustainability as the technology develops. By adopting these technologies, MFIs can enhance their
customer service and help reduce poverty by providing better access to financial services.
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