European Economic Letters
ISSN 2323-5233

Vol 16, Issue 2 (2026)
http://eelet.org.uk

Al-Driven Credit Scoring for Rural and Semi-Urban MSMEs: A Step Towards
Innovation @ 2047

Archana.A!
Archana.rns@gmail.com
Assistant professor in Commerce

Department of Commerce
Badruka College of Commerce and Arts (BCCA)
Hyderabad.

Rashmi.D?

Rashmid.04@gmail.com

Department of Management

Badruka College of Commerce and Arts (BCCA)
Hyderabad

ABSTRACT

Credit scoring is the backbone of lending decisions; it plays a pivotal role in helping financial institutions assess risk and
determine loan eligibility. However, the conventional credit scoring system is heavily dependent on past financial records,
the presence of collateral assets, and rigid risk indicators. Such outdated approaches fall short of capturing the actual
financial dynamics of Micro, Small, and Medium Enterprises (MSMEs), especially in rural and semi-urban areas, where
informal business practices, irregular income flows, and limited credit histories prevail. As a result, a substantial portion
of MSMEs continues to be marginalized from formal credit access, leaving the informal sector underserved and
constraining inclusive economic growth.

This study explores the transformative potential of artificial intelligence (Al)-driven credit scoring systems in improving
credit accessibility and promoting financial inclusion as a game-changing intervention for rural and semi-urban MSMEs
and other underserved communities, aligned with India’s vision of Viksit Bharat and Innovation @ 2047. By evaluating
how Al models leverage machine learning techniques and alternative data sources—including digital transactions, payment
records, and cash-flow patterns—this study seeks to enhance credit risk assessment beyond conventional approaches.

The research adopts a descriptive approach and applies a quantitative methodology based on secondary data collected from
academic literature, government publications, regulatory reports, and fintech industry sources. The findings suggest that
Al-driven credit scoring not only improves predictive accuracy but also minimizes default risks and uncovers hidden
creditworthiness among underserved enterprises, thereby enabling more efficient loan assessment processes. However,
ethical concerns related to data privacy, algorithmic bias, and transparency necessitate vigilant regulatory oversight.

This report concludes that the responsible integration of Al-powered credit scoring systems has the potential to support
India’s digital financial development and contribute to broader, inclusive economic growth leading up to 2047.

Keywords: Al-Driven Credit Scoring, MSMEs, FinTech, Financial Inclusion, Alternative Data, Innovation @ 2047.
1. INTRODUCTION

Credit scoring has long served as a foundational mechanism for lending decisions, enabling financial institutions to assess
borrower creditworthiness based on past financial records, collateral, and repayment history. While effective in traditional
banking environments, these models are often limited by their reliance on static and incomplete data. Such limitations
disproportionately affect MSMEs, especially those in rural and semi-urban regions, where informal operations and irregular
income streams are common.

MSMEs play a vital role in the Indian economy, contributing nearly 30 percent to GDP and generating employment for
over 110 million people. Despite their economic significance, access to timely and affordable credit remains a major
challenge. Traditional financial institutions frequently classify rural and semi-urban MSMEs as high-risk borrowers due to
insufficient documentation, lack of collateral, and weak credit histories. This persistent credit gap restricts enterprise
growth, reduces resilience, and undermines inclusive development goals.
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The rapid expansion of financial technology (FinTech) has transformed the financial services landscape through digital
payments, mobile banking, and data-driven lending platforms. These developments have generated vast amounts of
transactional data, creating new opportunities for advanced credit evaluation. However, conventional credit scoring systems
remain rigid and ill-suited to analyze complex, non-linear financial data.

In this context, artificial intelligence (AI) has emerged as a transformative force in credit risk assessment. Al-driven credit
scoring models use machine learning algorithms to process large and diverse datasets in real time. By incorporating
alternative data sources—such as digital payment behavior, transaction histories, inventory cycles, and cash-flow
patterns—AI enables a more holistic assessment of MSME creditworthiness. Given India’s long-term vision of Innovation
and Financial Inclusion @ 2047, this study explores how Al-enabled credit scoring can bridge MSME credit gaps, enhance
lending efficiency, and promote equitable financial access while addressing ethical and regulatory concerns.

2. RESEARCH OBJECTIVES

3.1 To understand the shortcomings of conventional credit scoring systems in evaluating creditworthiness and
loan approval among less-served MSME:s in rural and semi-urban areas, particularly those lacking formal
credit histories and collateral.

3.2 To investigate the comparative impact of conventional versus Al-driven credit scoring systems on processing
time, default risk, operational efficiency, and reliance on collateral.

3.3 To examine the role of FinTech innovation in enabling Al-based credit scoring models to improve financial
inclusion, credit accessibility, and approval rates, and to reduce credit gaps in rural and semi-urban regions
of India.

3.4 To study the alignment between India’s national development goals under Viksit Bharat and Innovation @
2047 and the adoption of Al-driven credit scoring systems.

3. SCOPE AND IMPORTANCE
4.1 SCOPE OF THE STUDY

i. Geographical and Sectoral Scope: The proposed study focuses on the application of Al-driven credit scoring
frameworks for assessing the creditworthiness and loan eligibility of MSMEs in rural and semi-urban India. To retain a
concentrated analysis of underserved segments, it deliberately excludes major urban firms while covering MSMEs
operating in neglected regions.

ii. Temporal and Methodological Scope: The research covers the period from 2020 to 2025, encompassing fintech
innovation, the post-pandemic growth of digital finance, and the increasing adoption of artificial intelligence in MSME
lending processes. The study relies exclusively on secondary data obtained from the fintech industry, government statistics,
academic journals, and regulatory publications.

iii. Technological and Analytical Scope: From a technological perspective, the study examines Al- and machine-learning-
based credit scoring models that integrate conventional financial indicators with alternative data sources such as digital
transactions, utility payments, inventory cycles, and cash-flow patterns. It also considers the conceptual application of
analytical tools such as Excel and Power BI for credit analysis and visualization.
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4.2 IMPORTANCE OF THE STUDY

This study is significant as it addresses the ongoing challenge of limited access to institutional credit for rural and semi-
urban MSMEs in India, despite their enormous contribution to economic growth and employment generation. The
conventional methods of credit evaluation are unable to cover these sectors owing to their limited credit history, lack of
security, and informal financial practices. By exploring Al-driven credit scoring systems, the study illustrates how new
technologies can address structural inefficiencies, rigidity, and bias present in conventional lending frameworks.

From an academic perspective, the research adds to the existing literature on artificial intelligence in financial services,
specifically regarding MSME fintech innovation and financial inclusion. It offers a comprehensive understanding of how
Al, fintech innovations, and alternative data sources can enhance credit risk assessment and identify the creditworthiness
of underserved businesses.

The findings provide insightful information for policymakers and regulators, indicating that Al-powered credit analysis
can promote inclusive finance goals, assuming paramount importance for proper governance, transparency, data privacy,
and mitigating potential biases. Financial institutions, as well as fintech companies, may find practical insights in the study
regarding data-driven lending models that can improve operational efficiency, decrease default risk, and increase loan
outreach to MSME:s in rural and semi-urban areas.

The study’s overall national relevance stems from its alignment with Viksit Bharat and Innovation @ 2047, which
emphasizes how responsible Al can play a crucial part in enhancing the digital financial ecosystem and fostering sustainable
and inclusive economic growth.

4. LIMITATIONS OF THE STUDY

This study has certain limitations that should be considered when interpreting the findings. The research relies mainly on
secondary data sourced from academic literature, government reports, regulatory publications, and fintech industry sources,
due to limited access to primary data in the banking and fintech sectors. Consequently, the study could not include primary
insights from MSMEs or lenders, which may limit its empirical validation. The generalizability of the results may be
impacted by differences in data accessibility, digital infrastructure, and degrees of digital adoption between rural and semi-
urban areas.

Additionally, the study makes the assumption that MSMEs have a basic level of digital literacy, which may leave out
completely informal enterprises with minimal digital engagement. Moreover, Al-driven credit scoring models may
experience algorithmic bias if they are trained on incomplete or unrepresentative data, and the changing ethical and legal
frameworks governing Al and data privacy create ambiguity about long-term deployment. Lastly, cross-country
comparability is limited by the India-specific focus.

5. RESEARCH METHODOLOGY

This study examines the role of Al-driven credit scoring in enhancing credit access and financial inclusion for rural and
semi-urban MSMEs in India. The research focuses on understanding how Al models, leveraging alternative data sources,
improve credit assessment compared to traditional methods. The study also aligns with India’s long-term vision of
Innovation @ 2047, emphasizing inclusive economic growth through technological adoption.

6.1 Research Design
The study adopts a descriptive and comparative research design:

e Descriptive: To explain trends in Al adoption, digital payment usage, and credit access among rural and
semi-urban MSMEs.

e Comparative: To analyze differences between traditional collateral-based credit scoring and Al-driven
scoring models.

e Nature: Data-oriented, non-experimental, and exploratory.

6.2 Nature of the Study
e Quantitative and qualitative (mixed-methods)
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e Policy-oriented and conceptual, focusing on India’s rural and semi-urban MSME sector
e Emphasis on evaluating Al-driven credit scoring impact on credit availability, efficiency, and inclusion

6.3 Sources of Data
Type of Data:
e Secondary data, collected for the period 2020-2025
Sources of Secondary Data:

e Government: RBI Reports, SIDBI MSME Pulse Reports, Ministry of MSME Annual Reports, Economic
Survey of India, NITI Aayog publications

e FinTech & Industry: Paytm, Razorpay, KPMG, McKinsey

e International: World Bank, OECD MSME finance reports

e Academic Literature: Peer-reviewed journals, research papers, and Google Scholar

e Digital Finance Sources: NPIC, GSTN, and sector-specific adoption statistics

6.4 Period of Study
2020-2025, covering:

e Post-pandemic digital acceleration
e Rapid fintech growth in India
e Increasing adoption of Al in financial services

6.5 Research Variables
Independent Variables:

e  Al-driven credit scoring adoption

e Digital payment usage

e FinTech penetration

e  Credit assessment method (Traditional vs Al-based)

Dependent Variables:

e  MSME credit availability
e Loan approval rate

e Average loan size

e  Credit inclusion level

e Loan processing efficiency

Control Variables:

e Region: Rural, Semi-Urban, Urban
e Time period: 2020-2025
e  MSME size: Micro, Small, Medium

6.6 Tools and Techniques of Analysis

Geographic region (rural, semi-urban, urban)

MSME category (micro, small, medium)
e Lending channel (traditional banks vs fintech platforms)
e Comparative analysis (Traditional vs Al-driven credit scoring)
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e Tabular and graphical representation using Excel and Power BI

REVIEW OF LITERATURE: A THEMATIC APPROACH

6.

8.1

8.2

8.3

8.4
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7.1 (Prof. Somesh Kumar Shukla, 2025), examine the shift and evolution of credit assessment models from
traditional and static to dynamic, real-time Al-driven credit scoring systems in the Fintech ecosystem. It
focuses on how machine learning algorithms and alternative data sources, including utility payments and
digital behavior data, improve predictive accuracy, operational efficiency, and financial inclusion. The
authors underscore the necessity of ethical, transparent, and explainable Al frameworks to minimize bias
and guarantee fairness in automated lending decisions.

7.2 (Pujalin Rout, 2025), the study examines the use of artificial intelligence in financial services within a region
that has financial practices. The project investigates how machine learning-based models enhance customer
insights, fraud detection, and credit evaluation. The study is extremely pertinent to MSME financing in
urban areas of India since the results indicate that Al-driven credit scoring systems greatly improve lending
accuracy and inclusivity by adjusting to region-specific financial behavior.

7.3 (Soundararajan, 2024), by using alternative data to overcome the constraints of traditional collateral- and
history-based lending, AI- and machine-learning-based credit scoring frameworks improve monetary
consideration. In any case, the writing highlights concerns related to algorithmic inclination, transparency,
and administrative compliance, emphasizing the requirement for moral and reasonable Al systems. These
technologies facilitate the identification of creditworthy borrowers among underserved and underbanked
businesses.

7.4 (Hope Ehiaghe Omokhoa, 2024), The study examines how artificial intelligence, fintech platforms, and
blockchain technologies improve credit management and minimize defaults for microfinance institutions
and small and medium enterprises. It is postulated that conventional manual credit evaluation methods lead
to inefficiencies and financial exclusion, while Al-driven credit scoring increases lender efficiency, permits
individualized financial solutions, and enhances financial literacy and financial inclusion among MSMEs.

7.5 (Adithya, 2025), The study evaluated the impact of fintech innovations on addressing the credit gaps
experienced by Indian MSMEs. The study points out the role of Al-powered alternative credit rating
mechanisms, which rely on big data analysis, in lessening the reliance on collateral and paper
documentation. The authors of the study believe that fintech-powered credit rating mechanisms help
enhance the credit accessibility, processing speed, and sustainability of MSMEs in underserved areas of
India.

RESEARCH GAPS

Geographical Gap:
Urban fintech ecosystems have largely been the focus of most of the studies. Research on rural and semi-urban
MSMEs, where informal finance dominates, is limited.

Policy Alignment Gap:
Existing literature does not relate the adoption of Al technology to the Innovation & Financial Inclusion @ 2047
vision for India, especially for MSMEs with low digital footprints.

Integrated Perspective Gap:
Previous studies are focused on credit scoring, risk management, or the detection of fraudulent activities on their
own, without creating an overall framework of the MSME lending ecosystem.

Ethical Governance Gap:
The areas that are less explored regarding the regulatory framework for fair, explainable, and unbiased Al in the
credit scoring model for MSMEs.
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8.5 Decision-Support Gap:
Limited research emphasizes the role of financial analytics tools (Excel, Power BI) in translating Al outputs into
actionable insights for lenders and policymakers.

7. INTERPRETATION OF THE STUDY
9.1 TABLES:

Micro 3,74,58,100 3,55,55,744 7,30,13,844
Small 43,750 4,42,379 4,86,129
Medium 1,790 34,787 36,577
3,75,03,640 3,60,32,910 7,35,36,550
Table 1: Distribution of Rural and Urban MSME Units by Category

Table 1: Distribution of Rural and Urban MSME Units

Table 1 presents the distribution of MSME units across rural and urban regions by enterprise category. The data indicate
that micro enterprises are predominantly rural, with rural units forming a substantial share of total micro MSMEs. This
highlights the informal and small-scale nature of enterprise activity in rural and semi-urban India. In contrast, small and
medium enterprises are largely concentrated in urban areas, reflecting better access to infrastructure, markets, and formal
finance. The table underscores a structural imbalance, where rural regions are dominated by micro-enterprises that are often
excluded from traditional credit systems due to limited documentation and collateral.

Rural 3.17 Cr 46% ¥ 11.09 Lakh Cr 31.50%
Urban 3.73 Cr 54% % 24.11 Lakh Cr 68.50%
Total 6.90 Cr 100% % 35.20 Lakh Cr 100%

Table 2: Regional Distribution of Loan Accounts and Loan Value

Table 2: Regional Distribution of Loans and Loan Value

Table 2 illustrates the regional breakup of loan accounts and loan value. While rural areas account for 46 percent of total
loan accounts, they receive only 31.5 percent of the total loan value, compared to urban regions, which capture 68.5 percent
of loan value. This disparity indicates lower loan sizes for rural MSMEs and reflects the constraints imposed by
conventional credit scoring mechanisms. The findings suggest that credit access exists in volume but not in depth for rural
enterprises.

PMEGP 5,57,507 13,93,767 2.5x
PM Vishwakarma 5,20,871 20,83,484 4.0x
CGTMSE 19,90,000 49,75,000 2.5x
Total 30,68,378 84,52,251
Table 3: Traditional vs AI Credit Scoring for MSME Schemes

Table 3: Impact of AI-Enhanced Credit Scoring on MSME Schemes
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Table 3 compares sanctioned units under traditional credit assessment with potential units identified through Al-
enhanced credit scoring models across major MSME schemes. The results show a significant expansion potential, with Al-
based scoring increasing eligible units by 2.5 times under PMEGP and CGTMSE and 4 times under PM Vishwakarma.
This demonstrates the effectiveness of Al-driven models in uncovering hidden creditworthiness and expanding financial
inclusion among underserved MSMEs.

9.2 CHARTS:

Rural Vs Urban MSME Units

100%
80%

40%
20%

0%
Micro Small Medium

mRuralUnits  m Urban Units

Figure 1: Rural vs. Urban MSME Units

Figure 1 visually reinforces the dominance of rural micro-enterprises and the urban concentration of small and
medium enterprises. The stacked bar representation highlights regional disparities in enterprise scale and supports the need
for alternative, data-driven credit assessment models.

Traditional Vs Al Enhanced Scoring Models
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Figure 2: Traditional vs. AI-Enhanced Credit Scoring Models

Figure 2 depicts the substantial gap between sanctioned units and Al-enhanced potential units across MSME
schemes. The visualization clearly demonstrates how Al-driven credit scoring systems can significantly expand the reach
of institutional credit while maintaining scalability and efficiency.

9.3 PROJECTED DATA (2025-2047): AI-DRIVEN CREDIT GROWTH IN MSMES

MSME Credit Flow (X Lakh Cr)

MSME Credit Flow (¥ Lakh Cr)

Chart 1: “Projected Al-Driven MSME Credit Growth (2025-2047)"

Explanation of Figure 3: Forecast of Growth of Credit Extended by MSMEs Using Artificial Intelligence
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The graph shows a robust and steady rise in the use of Al in the flow of MSME credit from 2025 to 2047. This shows the
increasing use of artificial intelligence in improving formal access to credit. The use of credit will rise from %35.2 lakh
crores in 2025 to X150 lakh crores in 2047. This shows an over fourfold rise.

The gradually escalating growth from 2025 to 2035 reveals the initial adoption and growth phase of Al-powered credit
scoring systems. After 2035, the sharp growth pattern reflects the mature Al-based loan ecosystem, where automation of
risk evaluation, alternate data measures, and real-time analysis contribute substantially to the efficiency and extension of
loan facilities. This kind of growth would mean increased credit possibilities for rural and semi-urban MSMEs with less
dependence on collateral, faster processing of loans, and better risk management for lending institutions. In general, the
outlook highlights the point that the use of Al-based credit scoring can be a major catalyst of financial inclusion and the
vision of Innovation @ 2047 of India.

“Credit Coverage: Traditional vs Al (2047)”

PM Vishwakarma

5.6

0 10 20 30 40 50 60 70 80

[ PMEGP | PMVishwakarma | CGTMSE
Al-Enabled Coverage (Lakh Units) 22 24 75
Traditional Coverage (Lakh Units) 5.6 5.2 19.9

Al-Enabled Coverage (Lakh Units) Traditional Coverage (Lakh Units)

Chart 2: Traditional vs AI-Driven Credit Coverage under MSME Schemes (2047)
Interpretation of Figure 4: Traditional vs AI-Driven Credit Coverage under MSME Schemes (2047)

The chart compares the projected credit coverage of major MSME schemes—PMEGP, PM Vishwakarma, and CGTMSE—
under traditional methods versus Al-enabled credit scoring for the year 2047. The chart shows that Al-driven models
increase credit access across all schemes. PMEGP: Traditional coverage is 5.6 lakh units, while Al-enabled coverage rises
to 22 lakh units, nearly 4 times higher. PM Vishwakarma: Traditional coverage is 5.2 lakh units, compared to 24 lakh units
with Al, showing a 4.6-fold increase. CGTMSE: Traditional coverage is 19.9 lakh units, whereas Al-enabled coverage
jumps to 75 lakh units, almost 4 times higher. The visualization indicates that Al-driven credit scoring can identify "hidden
creditworthy" MSMEs that are not recognized under conventional scoring methods. This suggests the potential of Al in
extending financial services, particularly to rural and semi-urban enterprises. The chart supports the research premise that
Al adoption may help bridge the credit gap, improve approval rates, and contribute to financial inclusion for MSMEs.

8. KEY FINDINGS

Metric Traditional Credit AlI-Driven Credit Scoring Impact on Rural & Semi-
Scoring Urban MSMEs

Data Reliance Formal financials & Alternative data (utility bills, digital Bridges the  “no-credit-
collateral transactions, SMS, sales) history” gap

Processing Time = Weeks (manual = Minutes (algorithmic) Instant ~ working  capital
review) availability

Default Risk Higher due to static Reduced by - 15-18% Improves lender confidence
data

Approval Rates Low for micro-firms = Significantly higher (hidden merit) Expands financial inclusion

Operational Manual, slow Automated, scalable Reduces costs, faster

Efficiency decision-making

Collateral High Lower Benefits for informal and first-

Dependence time borrowers
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The comparison shows that Al-driven credit scoring offers significant advantages over traditional credit assessment
methods for rural and semi-urban MSMEs. Unlike conventional models that depend heavily on formal financial records
and collateral, Al-based systems use alternative data such as digital transactions and utility payments, helping bridge the
credit gap for enterprises with limited credit history. Al-enabled scoring substantially reduces processing time, enabling
faster access to working capital. It also lowers default risk by dynamically assessing borrower behavior, thereby improving
lender confidence. Approval rates are higher for micro and informal firms, promoting greater financial inclusion.
Additionally, automated Al systems enhance operational efficiency by reducing manual effort and lowering costs.
However, ethical and regulatory concerns related to data privacy, algorithmic bias, and transparency remain important
considerations for responsible implementation.

9. CONCLUSION

This study concludes that Al-driven credit scoring systems provide an alternative to traditional credit assessment
models for rural and semi-urban MSME:s in India. Conventional credit scoring methods, which depend on collateral, formal
documentation, and historical credit records, have not effectively captured the financial potential of MSMEs in informal
and semi-formal environments. Consequently, many economically viable enterprises remain excluded from institutional
finance. The findings show that Al-enabled credit scoring models, by using alternative data sources such as digital
transactions, payment behavior, inventory cycles, and cash-flow patterns, can improve credit risk assessment. These models
can reduce loan processing time, lower default risk, increase approval rates for micro and first-time borrowers, and improve
operational efficiency for lenders. The models help identify potential creditworthiness among underserved MSMEs. The
study also notes that while Al-based credit scoring offers opportunities, its adoption requires appropriate governance
frameworks. Considerations around data privacy, algorithmic bias, transparency, and explainability need regulatory
attention to ensure fair lending practices. Overall, the research supports India's economic development goals, suggesting
that responsible Al adoption in MSME lending can enhance the digital financial ecosystem, address credit gaps, and
contribute to economic growth. The study indicates the importance of collaboration among policymakers, financial
institutions, and fintech firms to develop Al-driven credit solutions for rural and semi-urban MSME:s.

MSME Credit Access Transformation

Economic
Context

MSMEs contribute
significantly to GDP
and employment

Exclusion Effect

Rural and semi-
urban MSMEs face

credit exclusion

FinTech growth

leads to increased
digital data Creditworthiness is
evaluated
holistically Financial inclusion
and innovation

goals are met

Credit Gap

MSMEs experience
limited and costly
access to finance

Traditional credit
scoring methods
are rigid and

exclusionary Improved

Al and Machine
o Outcomes

Learning enhance
data analysis Faster approvals
and reduced risk

are achieved
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