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Abstract

This research paper critically evaluates the credit scoring models currently implemented by Public
Sector Banks (PSBs) in India for the Micro, Small, and Medium Enterprises (MSME) sector. The
MSME sector forms the backbone of the Indian economy, contributing significantly to GDP,
manufacturing output, and employment generation. However, access to formal credit remains a
significant challenge for these enterprises. This study examines various credit scoring
methodologies adopted by PSBs, analyzes their effectiveness in accurately assessing
creditworthiness, and identifies shortcomings in current frameworks. Through both secondary and
primary research, this paper evaluates traditional and alternative data-driven models, their
implementation challenges, and their impact on credit disbursement to MSMEs. The findings
reveal significant scope for improvement in existing credit assessment frameworks, highlighting
the need for more adaptive, technology-driven approaches that can better capture the unique
financial characteristics of MSMEs while managing risk effectively. Recommendations include
integrating behavioral and psychometric parameters, adopting machine learning algorithms, and
creating sector-specific scoring models that can enhance financial inclusion while maintaining
portfolio quality.
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Introduction

The Micro, Small, and Medium Enterprises (MSME) sector is widely recognized as the growth
engine of the Indian economy, contributing approximately 30% to the national GDP and 45% to
manufacturing output while generating employment for over 110 million people [1]. Despite their
economic significance, MSMEs face persistent challenges in accessing adequate and timely credit
from formal banking channels, with an estimated credit gap of ¥20-25 trillion [2].

Public Sector Banks (PSBs), which account for approximately 60% of the banking sector's assets
in India, play a pivotal role in extending financial services to this underserved segment. However,
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traditional credit assessment methodologies employed by these institutions often fail to accurately
evaluate the creditworthiness of MSME borrowers due to information asymmetry, lack of formal
financial documentation, and heterogeneity within the sector.

The credit scoring models implemented by PSBs have evolved significantly over the years,
transitioning from subjective, judgment-based approaches to more quantitative, data-driven
frameworks. Nevertheless, these models continue to face criticism for their rigidity, over-reliance
on collateral, and inability to capture the unique operational dynamics of small businesses [3]. The
inadequacies in credit assessment systems not only restrict legitimate businesses from accessing
formal finance but also contribute to higher default rates and non-performing assets (NPAs) within
bank portfolios.

This research paper undertakes a critical examination of the credit scoring methodologies currently
employed by PSBs in India for MSME lending. It evaluates their effectiveness, identifies structural
limitations, and explores the potential of alternative approaches that leverage technology, non-
traditional data sources, and advanced analytical techniques to enhance both financial inclusion
and portfolio quality.

Objectives

1. To comprehensively analyze the existing credit scoring models implemented by Public
Sector Banks for MSME lending in India

2. To evaluate the effectiveness of current credit assessment frameworks in accurately
determining the creditworthiness of MSME borrowers

3. To identify key structural limitations and implementation challenges in the prevailing
scoring methodologies

4. To examine the integration of alternative data sources and technology-driven approaches
in enhancing credit assessment accuracy

5. To assess the correlation between credit scoring methodologies and loan approval rates,
turnaround time, and portfolio performance

6. To propose recommendations for developing more effective, inclusive, and MSME-centric
credit scoring models

Scope of Study
1. Geographical focus on Public Sector Banks operating across major MSME clusters in India

2. Analysis limited to credit scoring models applied specifically to MSME borrowers as
defined under the MSMED Act, 2006 (as amended)

3. Evaluation of both traditional financial parameter-based models and emerging alternative
data-driven approaches
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4. Assessment of credit scoring implementations across manufacturing, service, and trading
segments within the MSME sector

5. Comparison of pre-implementation and post-implementation performance metrics of
various scoring models

6. Examination of regulatory frameworks and compliance considerations influencing credit
scoring methodologies

7. Investigation of technological infrastructure supporting scoring model implementation and
integration

Literature Review

The scholarly discourse on credit scoring models for MSMESs has evolved significantly, reflecting
the growing recognition of this sector's unique financial characteristics and assessment challenges.
Berger and Udell [4] pioneered research on small business lending technologies, emphasizing that
relationship lending remains dominant in MSME financing despite technological advancements in
credit scoring. Their findings suggest that soft information gleaned through relationship banking
often yields more predictive power than hard financial data for small enterprises.

In the Indian context, Banerjee et al. [5] conducted a comprehensive analysis of PSB lending
patterns to MSMEs, highlighting that conventional credit assessment frameworks
disproportionately favor larger enterprises with established financial documentation. Their study
revealed that approximately 68% of micro-enterprises were excluded from formal credit channels
primarily due to assessment methodologies that relied heavily on collateral valuation and historical
financial performance.

The Reserve Bank of India's report on MSME financing [6] acknowledged the limitations of
traditional credit scoring systems, noting that most PSBs employ variations of the 5C framework
(Character, Capacity, Capital, Collateral, and Conditions) with excessive emphasis on collateral
and formal financial statements. The report recommended developing specialized scoring models
that incorporate sector-specific variables and operational metrics beyond standard financial ratios.

More recently, Rao and Tripathi [7] evaluated the predictive accuracy of various credit scoring
methodologies employed by Indian banks, finding that traditional models achieved only 62-68%
accuracy in forecasting MSME defaults, significantly lower than the 76-82% accuracy observed
for larger corporate borrowers. Their research attributed this disparity to the inadequate
consideration of business cycle effects, seasonal variations, and informal financial practices
prevalent among smaller enterprises.

International perspectives offer valuable insights, with the World Bank [8] documenting successful
alternative credit assessment frameworks implemented globally. These models incorporate non-
traditional data points such as utility payment history, digital footprints, supply chain relationships,
and psychometric evaluations to supplement conventional financial analysis. Such hybrid
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approaches have demonstrated 15-20% improvements in default prediction accuracy while
expanding the eligible borrower base.

Emerging literature by Agarwal and Sharma [9] explores the application of machine learning
algorithms in MSME credit assessment, demonstrating how neural networks, decision trees, and
ensemble models can process complex, multidimensional data to generate more accurate risk
profiles. Their experiments with Indian MSME data showed that machine learning models
outperformed traditional statistical approaches by identifying subtle patterns in borrower behavior
that conventional models overlooked.

The literature collectively points to a significant disconnect between conventional credit scoring
methodologies and the financial realities of MSMEs in India, suggesting that PSBs must evolve
their assessment frameworks to enhance both accuracy and inclusivity. This research builds upon
these foundational studies to evaluate current implementations and propose contextually relevant
improvements.

Research Methodology

This study employs a mixed-methods research design, combining quantitative and qualitative
approaches to provide a comprehensive evaluation of credit scoring models implemented in PSBs.
The methodology was structured in three sequential phases:

Phase 1: Secondary Data Collection and Analysis

Extensive secondary research was conducted to establish the theoretical foundation and contextual
understanding of credit scoring practices. Data was collected from:

e Annual reports of 12 major Public Sector Banks (2018-2023)

o RBI publications on priority sector lending and MSME financing
e MSME Ministry reports and statistical data

e Credit bureau analyses of MSME lending patterns

e Academic literature and industry white papers

The secondary data was systematically analyzed to identify prevailing credit scoring
methodologies, their structural characteristics, and reported performance metrics. Comparative
analysis was performed to establish baseline patterns and evolution trajectories of credit
assessment frameworks across different PSBs.

Phase 2: Primary Research
Primary data collection was conducted through:

1. Semi-structured interviews: In-depth interviews were conducted with 45 key
stakeholders including:
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o Credit officers and risk managers from 8 PSBs
o Senior management personnel involved in MSME lending
o Technology partners implementing scoring solutions
o Regulatory officials overseeing MSME financing
2. Survey administration: A structured questionnaire was administered to:
o 120 MSME borrowers across manufacturing, service, and trading sectors
o 60 branch managers handling MSME portfolios
o 40 credit analysts involved in application processing

The survey instrument was designed to capture perceptions regarding credit assessment parameters,
evaluation transparency, process efficiency, and perceived fairness of outcomes. Stratified random
sampling ensured representation across enterprise sizes, sectors, and geographical locations.

3. Case study analysis: Detailed case studies of 15 MSME loan applications were developed,
tracking their journey through various credit scoring frameworks. Each case documented
the assessment process, parameter weightages, decision outcomes, and post-disbursement
performance.

Phase 3: Data Analysis and Interpretation
The collected data was analyzed using both statistical techniques and thematic content analysis:
o Descriptive statistics characterized the central tendencies and dispersion patterns

o Inferential statistics examined relationships between scoring methodologies and outcome
variables

o Factor analysis identified underlying constructs influencing credit assessment efficacy
o Thematic analysis of qualitative data revealed patterns, challenges, and best practices

Triangulation of data from multiple sources enhanced the validity and reliability of findings.
Statistical analysis was performed using SPSS (version 26), while qualitative data was coded and
analyzed using NVivo software.

Analysis of Secondary Data

The secondary data analysis revealed significant variations in credit scoring approaches across
PSBs, with considerable evolution in methodological sophistication over the past five years.
Analysis of annual reports from 12 major PSBs indicated that 83% have transitioned from purely
judgmental scoring systems to hybrid models incorporating both statistical techniques and expert
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judgment. However, only 38% have implemented fully automated scoring systems for their MSME
segments.

Credit Scoring Model Characteristics

The analysis identified three predominant credit scoring frameworks currently implemented across
the PSB landscape:

1.

Traditional Financial Ratio Analysis (TFRA): Employed by 62% of PSBs, this approach
relies predominantly on historical financial statements, calculating approximately 12-15
financial ratios across profitability, liquidity, solvency, and operational efficiency
dimensions. The TFRA model assigns weights ranging from 5-25% to each ratio category,
with the highest weights typically allocated to profitability and debt service metrics.

Behavioral Scoring Models (BSM): Implemented by 47% of PSBs, these models
supplement financial ratios with behavioral indicators including account operations,
previous credit history, relationship tenure, and transactional patterns. BSMs typically
incorporate data from credit bureaus, assigning approximately 30-40% weightage to
behavioral parameters.

Enhanced Predictive Models (EPM): Adopted by only 25% of PSBs, these advanced
models integrate traditional financial data with alternative data sources and analytical
techniques. EPMs incorporate sector-specific benchmarks, macroeconomic indicators, and
proprietary risk algorithms, utilizing statistical methods like logistic regression and
discriminant analysis.

Model Performance Metrics

Analysis of reported performance metrics extracted from PSB documents and industry reports
revealed significant variations in effectiveness:

Table 1: Performance Comparison of Credit Scoring Models (2020-2023)

Performance Indicator|TFRA [BSM EPM

Gini Coefficient 0.58-0.62(|0.67-0.72(|0.75-0.81

Accuracy Ratio 64% 72% 79%

False Positive Rate 18.6% 14.3% 10.8%

False Negative Rate 242% |19.7%  ||15.5%

Processing Time (days) [[22-30 12-18 7-12
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Performance Indicator|TFRA [BSM EPM

Override Rate 32% 24% 17%

Source: Compiled from PSB annual reports and RBI data, 2020-2023

The data demonstrates that Enhanced Predictive Models outperform traditional approaches across
all measured dimensions, with particularly substantial improvements in discriminatory power
(Gini coefficient) and processing efficiency. However, despite their superior performance, EPM
adoption remains limited among PSBs.

MSME Credit Appraisal Parameters

Analysis of credit policy documents revealed significant disparities in parameter importance across
different scoring frameworks. Traditional models place disproportionate emphasis on collateral
valuation (25-30%) and historical financial performance (35-40%), while more advanced models
allocate greater weightage to business potential and operational efficiency.

Farameter Weightage Distribution Across Credit Scoring Models
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Figure 1 illustrates the parameter weightage distribution across different credit scoring
approaches:

The continued dominance of collateral and historical financials represents a structural limitation
in credit assessment, particularly disadvantaging younger firms and those operating in service
sectors with limited tangible assets.
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NPA Correlation Analysis

Secondary data analysis established a clear correlation between credit scoring methodologies and
portfolio quality. PSBs employing Enhanced Predictive Models reported MSME segment NPAs
averaging 8.3%, compared to 12.7% for those relying on Traditional Financial Ratio Analysis.

Time series analysis of NPA trends (2018-2023) further revealed that banks transitioning to more
sophisticated scoring frameworks experienced average NPA reductions of 310-420 basis points
within two years of implementation, suggesting significant improvements in risk discrimination
capability.

Analysis of Primary Data

The primary research yielded rich insights into the operational realities, implementation challenges,
and effectiveness perceptions of credit scoring models from multiple stakeholder perspectives.

Banking Personnel Perspectives

Interviews with credit officers and risk managers revealed several critical themes regarding scoring
model implementation:

1. Information Asymmetry: 76% of respondents identified inadequate financial
documentation as the primary challenge in MSME credit assessment, necessitating
subjective overrides of scoring model outputs. One senior risk manager noted, "Many
viable businesses are scored poorly simply because they cannot provide the structured data
our models require."

2. Technological Integration: While 82% acknowledged the superiority of advanced scoring
methodologies, only 37% reported having adequate technological infrastructure to
implement them effectively. System integration challenges, legacy infrastructure, and data
standardization issues were cited as major impediments.

3. Decision Authority: Analysis of decision-making processes revealed that branch-level
personnel could override system-generated scores in 68% of cases, introducing significant
subjectivity into what was designed as an objective assessment process. This override
authority varied inversely with loan size, being highest for smaller ticket exposures.

4. Sectoral Adaptation: 84% of respondents indicated that standard scoring models
performed inadequately when applied to certain MSME subsectors, particularly those with
seasonal cash flows, project-based revenue models, or service-oriented operations with
limited tangible assets.

MSME Borrower Experiences

Survey data from 120 MSME borrowers revealed significant disparities in credit assessment
experiences across different enterprise segments:

1832
Prof Dr R K Vaithiyanathan et al 1825-1840



Journal of Computational Analysis and Applications VOL. 33, NO. 5, 2024

Table 2: MSME Borrower Experiences with Credit Assessment (n=120)

Assessment Aspect Micro (n=45)|Small (n=42)|Medium (n=33)
Average Processing Time (days) 38 26 18
Transparency Rating (1-5) 2.3 3.1 3.7
Documentation Requirements Rating (1-5)*|4.2 3.6 3.1

Rejection Rate 48% 31% 22%

Cited "Scoring Model" as Rejection Reason||64% 57% 39%

*Higher rating indicates more onerous requirements Source: Primary Survey Data, 2023

The data reveals a clear gradient of experience across enterprise sizes, with micro-enterprises
facing significantly longer processing times, lower transparency, more demanding documentation
requirements, and higher rejection rates. Strikingly, 64% of rejected micro-enterprises were
informed that their application failed to meet minimum scoring thresholds, despite many reporting
adequate cash flows and business viability.

Qualitative responses further highlighted that 72% of borrowers found the credit assessment
process opaque, with limited understanding of evaluation parameters or their relative importance.
As one respondent stated, "The bank kept asking for additional documents without explaining why

our original submission was insufficient. The entire process felt like navigating a maze
blindfolded."

Factor Analysis of Assessment Effectiveness

Factor analysis of survey responses identified four key dimensions determining the perceived
effectiveness of credit scoring models:

1. Comprehensiveness: The degree to which scoring models captured relevant business
characteristics beyond standard financial metrics

2. Transparency: The clarity and communicability of assessment parameters and their
weightages

3. Contextual Sensitivity: The model's ability to adapt to sector-specific realities and
operational patterns
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4. Processing Efficiency: The time and resources required to complete the assessment
process

Credit Scoring Model Performance Across Key Dimensions

Comprehensiveness
Excellent (5)

Cost Effectiveness Transparency

Data Integration Contextual Sensitivity

1| Traditional Financial Ratio Analysis (TFRA)
Processing Efficency
Behavioral Scoring Models (BSM)

~ Enhanced Predictive Models (EPM)

Source: Primary Survey Data, 2023

Figure 2 maps the performance of identified scoring approaches across these dimensions:

The analysis reveals that while Enhanced Predictive Models outperform other approaches across
all dimensions, significant room for improvement remains, particularly in transparency and
contextual sensitivity.

Case Study Analysis

Detailed examination of 15 MSME loan applications revealed substantial variations in assessment
outcomes depending on the scoring methodology applied. When the same application data was
processed through different scoring frameworks, approval decisions varied in 47% of cases,
highlighting the critical impact of model selection on credit access.

The case studies further revealed that:

1. Applications from traditional manufacturing enterprises with substantial tangible assets
received 30% higher average scores than equally profitable service-sector businesses
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2. First-time borrowers without credit history faced systematic disadvantages under all
scoring frameworks, with 70% higher rejection rates despite similar financial indicators

3. Seasonal businesses experienced 45% higher variability in scoring outcomes depending on
the assessment timing relative to their business cycle

4. Rural enterprises faced scoring penalties due to limited banking history and formalization,
despite demonstrating robust operational metrics

MSME Credit Gap Analysia by Sector and Enterprise Size

(Estimated Demand vi. Formal Credit Supply in T Trillion)

10

g °
=

= i

L

Z

o

Manufaciuring Senices Trading
Micro Small  Medium Micra  Small  Medium Micro  Small  Medum
[ Estimatea Demana [ Formai crean supes
Sowrce: Compiled from IFC and RBI data, 2023
Fig 3
Discussion

The comprehensive analysis of both secondary and primary data reveals several critical insights
regarding the effectiveness and limitations of credit scoring models implemented by PSBs for
MSME lending in India.

Structural Limitations of Current Models
The research identifies five fundamental limitations in prevailing credit assessment frameworks:

1. Documentation Centricity: Current models exhibit excessive reliance on formal financial
documentation, creating inherent bias against enterprises operating with limited
formalization. This approach fails to recognize the reality that approximately 95% of
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MSMEs in India operate in the informal or semi-formal space [ 10], maintaining incomplete
or parallel financial records. The resulting information asymmetry significantly impairs
scoring accuracy.

Collateral Overemphasis: Traditional models continue to assign disproportionate
weightage to collateral availability and valuation, despite evidence that collateral adequacy
often correlates poorly with repayment behavior in the MSME segment. This emphasis
particularly disadvantages service enterprises, innovative startups, and women-owned
businesses, which typically operate with lower tangible asset bases.

Limited Sectoral Differentiation: Most implemented models apply standardized
parameters across heterogeneous MSME subsectors, failing to account for significant
variations in business models, cash flow patterns, and financial ratios across industries. The
absence of sector-specific benchmarking reduces discriminatory power and increases both
Type I and Type 11 errors.

Static Assessment Paradigm: Current scoring frameworks predominantly employ point-
in-time assessments rather than dynamic monitoring approaches. This methodology fails
to capture the highly variable nature of MSME operations, seasonal fluctuations, and
evolving market conditions that significantly impact creditworthiness over the loan tenure.

Insufficient Technological Integration: While advanced analytical techniques show
superior performance, their implementation remains limited due to fragmented data
infrastructure, legacy systems, and inadequate digitization of customer information. Only
38% of PSBs reported comprehensive data integration capabilities necessary for
implementing sophisticated scoring algorithms.

Emerging Alternative Approaches

The research identified several promising alternative approaches being piloted by more
progressive PSBs that address some of the identified limitations:

1.

Psychometric Credit Scoring: Early implementations of psychometric assessments that
evaluate entrepreneurial characteristics, business acumen, and integrity have demonstrated
promising results. PSBs piloting these approaches report 16-22% improvements in default
prediction accuracy and 28% expansion of the addressable borrower base, particularly
benefiting first-time borrowers without credit history.

Supply Chain Integration: Advanced scoring models that incorporate data from anchor
companies in supply chains enable more accurate risk assessment for smaller enterprises.
By analyzing transaction patterns, order fulfillment reliability, and relationship longevity
with established partners, these models provide contextual information that traditional
financial analysis cannot capture.
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Digital Footprint Analysis: Emerging models incorporating digital transaction data,
online business presence, customer reviews, and marketplace performance metrics have
shown particular promise for service-sector MSMEs. These approaches leverage the
increasing digitization of business operations to generate risk insights even in the absence
of comprehensive financial documentation.

Machine Learning Implementations: Initial deployments of machine learning algorithms
in credit scoring have demonstrated superior predictive power by identifying non-linear
relationships and complex interaction effects between variables. These models
progressively improve through feedback loops, dynamically adjusting parameter
weightages based on observed outcomes.

Implementation Challenges

Despite their potential, the adoption of more sophisticated scoring methodologies faces significant
implementation barriers:

1.

Data Availability and Quality: The fundamental challenge remains the availability of
consistent, reliable data in standardized formats. Survey respondents identified data quality
issues in 78% of MSME applications, necessitating extensive manual verification that
undermines automation benefits.

Legacy Infrastructure: Technological constraints pose significant hurdles, with 64% of
surveyed banking personnel reporting inadequate system capabilities for implementing
advanced scoring algorithms. Integration challenges between core banking systems, loan
origination platforms, and external data sources further complicate implementation.

Human Capital Limitations: The effective implementation of sophisticated scoring
methodologies requires specialized analytical skills that remain scarce within PSB
ecosystems. Only 23% of surveyed banks reported having dedicated data science
capabilities within their credit risk departments.

Regulatory Alignment: While regulatory frameworks increasingly recognize alternative
credit assessment approaches, compliance requirements still reflect traditional paradigms.
Regulatory emphasis on standardized documentation creates incentive structures that favor
conventional methodologies despite their demonstrated limitations.

Conclusion

This research provides comprehensive evidence that credit scoring models currently implemented
by PSBs in India for MSME lending demonstrate significant structural limitations that impair both
financial inclusion and portfolio quality objectives. While more sophisticated approaches show

promising improvements in predictive accuracy and process efficiency, their adoption remains
limited due to implementation challenges spanning technological, organizational, and regulatory
dimensions.
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Several key conclusions emerge from this analysis:

1.

Traditional credit scoring models employed by the majority of PSBs exhibit systematic
bias against specific MSME segments, particularly micro-enterprises, service-sector
businesses, and enterprises with limited financial documentation or collateral bases. This
bias contributes significantly to the estimated X20-25 trillion credit gap in the MSME sector.

The transition from purely judgmental to hybrid and statistical scoring models represents
positive evolution, but remains incomplete. The continued reliance on manual overrides
and subjective assessments undermines the objectivity and consistency that formalized
scoring approaches aim to achieve.

Advanced scoring methodologies incorporating alternative data sources, behavioral
indicators, and machine learning algorithms demonstrate substantially superior
performance across all measured dimensions. However, their implementation faces
significant challenges related to data quality, technological infrastructure, and human
capital limitations.

Sectoral differentiation in credit assessment approaches remains inadequate, with
insufficient recognition of the fundamental differences in financial characteristics,
operational patterns, and risk drivers across MSME subsegments. This standardization
reduces model accuracy and contributes to both excessive caution and inappropriate risk-
taking.

The integration of emerging technologies and alternative data sources represents the most
promising pathway for enhancing both the inclusivity and accuracy of MSME credit
assessment. Early implementations demonstrate that these approaches can significantly
expand access while maintaining or improving portfolio quality.

Based on these findings, this research recommends a comprehensive transformation of MSME
credit scoring practices within the PSB ecosystem, incorporating:

1.

Development of sector-specific scoring models with differentiated parameters and
benchmarks that reflect the unique characteristics of various MSME subsegments

Progressive integration of alternative data sources including digital footprints, supply chain
information, and behavioral indicators to supplement traditional financial analysis

Implementation of dynamic monitoring approaches that continuously update risk
assessments based on evolving business performance rather than relying solely on point-
in-time evaluations

Investment in technological infrastructure that enables seamless data integration, advanced
analytics implementation, and automated decision processes
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5. Regulatory refinements that explicitly recognize and encourage alternative assessment
methodologies while maintaining appropriate risk management standards

The evolution of credit scoring models represents a critical lever for addressing the persistent
MSME financing gap in India. By developing more nuanced, inclusive, and accurate assessment
frameworks, PSBs can significantly enhance their contribution to financial inclusion while
managing portfolio risks effectively. The findings of this research suggest that such evolution is
not merely desirable but essential for the banking sector to fulfill its pivotal role in supporting the
engine of India's economic growth.
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