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ABSTRACT

Traditional credit-risk assessment systems—anchored in financial histories,
repayment records, and collateral adequacy—often fail to capture the human behaviour
behind creditworthiness. Millions of individuals in emerging economies remain outside the
formal credit ecosystem because they lack standard financial footprints despite
demonstrating social reliability and economic potential. This study introduces an innovative
model called the Enhanced Social Score Metric Index (E-SSMI) that fuses behavioural,
digital, relational, and ethical indicators into conventional risk analytics. Using simulated
validation across representative borrower cohorts, the paper demonstrates how integrating
social scoring metrics substantially improves predictive accuracy and inclusivity. The
research also situates the E-SSMI within the global dialogue on responsible finance, data
ethics, and sustainable credit inclusion. Findings suggest that financial institutions adopting
socially aware algorithms can reduce default probabilities while expanding their lending
portfolios toward unbanked and under-banked populations. The paper concludes by
proposing governance safeguards, ethical-Al protocols, and a policy roadmap for regulators
and lenders.

Keywords: Social Scoring Metrics, Credit Risk Assessment, Financial Inclusion,
Behavioural Analytics, Digital Trust, E-Ssmi Model, Ethical Governance, Alternative Credit
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INTRODUCTION

The twenty-first-century banking ecosystem is witnessing an epochal transition from
asset-centric risk evaluation to data-centric behavioural intelligence. Traditional credit
assessment tools—such as the Credit Information Bureau India Limited (CIBIL) score—
remain robust in evaluating repayment discipline and credit utilization but are inherently
exclusionary to individuals lacking formal credit records. In a nation where over 350 million
adults still operate outside organized credit channels, this structural gap undermines the
aspiration of financial inclusion, a core pillar of sustainable economic growth.

The Limitations of Conventional Credit Scoring

Conventional credit scoring relies primarily on quantitative variables: payment
history, outstanding obligations, length of credit usage, and credit mix. While statistically
reliable, such parameters discount qualitative dimensions—trustworthiness, social capital, or
digital credibility—that increasingly define modern financial behaviour. Micro-entrepreneurs,
self-employed individuals, and gig-economy participants often demonstrate robust informal
repayment networks yet remain unscored or mis-scored under traditional models.
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Consequently, they face higher interest rates or outright exclusion, thereby perpetuating
inequality within credit access systems.

Emergence of Social and Behavioural Analytics

The advent of FinTech, digital footprints, and Al-driven behavioural analytics has
enabled lenders to look beyond numbers and evaluate patterns of reliability. Social-media
stability, peer endorsements, transaction transparency, community engagements, and ethical
conduct increasingly serve as proxies for credit trust. Scholars such as Bjorkegren & Grissen
(2020) and Frost et al. (2019) demonstrate that non-financial data sources can rival or surpass
traditional scores in predicting default probabilities. However, the ethical utilization of such
data demands well-defined governance architecture—balancing innovation with privacy and
fairness.

Research Gap and Purpose of the Study

While multiple start-ups and neo-banks experiment with alternative data, there
remains no unified framework that systematically integrates social capital metrics within the
mainstream credit appraisal process in India. Most algorithms are proprietary, opaque, and
optimized for profit rather than inclusion Alt et al., (2018). This paper seeks to bridge that
gap by conceptualizing and empirically validating the Enhanced Social Score Metric Index
(E-SSMI)—a transparent, ethically governed model designed to complement traditional
credit-risk parameters.

The central research questions are:

1. Can social and behavioural indicators measurably improve the accuracy of credit-risk

prediction?
2. How can these metrics promote equitable financial inclusion without compromising
regulatory prudence or data privacy?

3. What governance structures and ethical safeguards are required to institutionalize social
scoring within banking ecosystems?

Significance of the Study

By embedding the human dimension into credit evaluation, the study aspires to re-
engineer risk assessment as a catalyst for inclusive growth. The proposed framework aims to
assist banks, micro-finance institutions, and digital lenders in:

e Recognizing credible borrowers previously classified as thin-file or new-to-credit;
e Reducing default risk through diversified data triangulation;

® Advancing national financial-inclusion goals aligned with SDG 8 (Decent Work and
Economic Growth) and SDG 10 (Reduced Inequalities).

Furthermore, the E-SSMI contributes to academic discourse by linking behavioural
economics, data ethics, and machine learning within a single evaluative architecture, thus
offering both theoretical novelty and practical relevance Alvarez et al., (2023).

Following this introduction, Section 2 reviews the literature on social scoring,
behavioural finance, and alternative credit analytics. Section 3 develops the conceptual E-
SSMI framework. Section 4 outlines the research methodology and simulation design.
Section 5 presents the validation results and data interpretation. Section 6 discusses findings

2 1528-2678-30-1-119

Citation Information: Mishra, BK., Nath, S.CH., Dhal, SK & Baliarsingh, RK. (2026) Integrating social scoring metrics in credit
risk assessment: a paradigm shift in financial inclusion. Academy of Marketing Studies Journal, 30(1),
1-13.



Academy of Marketing Studies Journal Volume 30, Issue 1, 2026

and implications for policymakers and lenders. Finally, Section 7 concludes with
recommendations and future research directions.

LITERATURE REVIEW

The evolution of credit-risk assessment reflects an ongoing tension between
quantitative precision and behavioural insight. While traditional models rely heavily on
numerical ratios and historical records, the recent surge in data science, artificial intelligence,
and social analytics has reframed the notion of creditworthiness. This section systematically
reviews global scholarship, highlighting the shift from conventional credit scoring toward
socially embedded financial analyticsDavis, (1989).

Traditional Credit-Scoring Models: Strengths and Shortfalls

The seminal works of Altman (1968) introduced the Z-Score model, a pioneering
quantitative approach combining profitability, leverage, liquidity, and solvency ratios to
predict default probability. Later, Ohlson (1980) refined this framework using logistic
regression, while Beaver (1966) emphasized the predictive value of cash-flow indicators.
Despite these advancements, such models remain limited to structured financial data,
ignoring human behaviour, digital footprints, and trust-based variables.

In India, the CIBIL Score—alongside Experian, Equifax, and CRIF Highmark—
dominates credit appraisal systems. However, as World Bank (2020) notes, over 40% of adult
Indians are either “thin-file” or “credit invisible.” The system thus perpetuates exclusion for
borrowers without formal records despite their demonstrated social credibility and economic
reliability Demirgiig-Kunt & Singer, (2017).

Jagtiani & Lemieux (2019) argue that conventional algorithms often penalize
individuals lacking credit history, leading to what they term algorithmic under-inclusion. This
bias not only restricts credit penetration but also widens inequality, undermining the policy
objectives of financial inclusion envisioned by the Reserve Bank of India (RBI) and Pradhan
Mantri Jan-Dhan Yojana (PMJDY).

Rise of Alternative Data and Behavioural Credit Scoring

The growing digitization of commerce and communication has expanded the
definition of “financial data.” Frost et al. (2022) classify alternative data sources into three
clusters: transactional, social, and behavioural. These encompass mobile-phone usage, e-
commerce transactions, social-media interactions, utility-bill payments, and digital-wallet
patterns.

A study by Bjorkegren and Grissen (2021) in Kenya revealed that mobile call-detail
records (CDRs) and airtime top-ups could predict default risk with 75-80% accuracy—
comparable to formal credit bureaus. Klinger et al. (2018) found similar predictive strength in
Latin America through smartphone metadata and psychometric surveys. These findings
suggest that human reliability can indeed be inferred from behavioural consistency and digital
trust signals.

In the Indian context, Aggarwal et al. (2020) demonstrate that incorporating digital-
payment frequency, UPI transaction regularity, and community endorsements can improve
microcredit risk models by 23%. Similarly, Nair and Prasad (2021) highlight that combining
social-media stability and peer referencing can enhance loan-repayment prediction among
small entrepreneurs and women self-help groups Dhal et al., (2024).

Behavioural Economics and Social Capital in Finance
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The theoretical foundation for social scoring stems from behavioural economics and
social-capital theory. Bourdieu (1986) and Coleman (1990) conceptualized social capital as
the network of trust and reciprocity enabling collective action. Translating this into finance,
Stiglitz & Weiss (1981) argued that asymmetric information leads to credit rationing, which
can be mitigated by incorporating reputation and social linkage as risk indicators.

In modern digital ecosystems, Bachmann et al. (2011) demonstrate that online trust-
building mechanisms—ratings, reviews, and community endorsements—create credible
proxies for repayment intent. Similarly, Gennaioli and Shleifer (2018) highlight that trust
networks significantly influence financial stability, especially in low-documentation
environments Ghosh, (2019).

Recent experiments by World Bank (2023) and OECD (2024) on behavioural scoring
models indicate that integrating community-level data, volunteerism, and ethical compliance
can reduce default risk in microfinance portfolios by 18-22%. These studies substantiate that
trust and ethics are quantifiable economic assets.

Digital Trust, AL, and Ethical Governance in Credit Systems

Artificial intelligence has amplified the potential of behavioural analytics.
Brynjolfsson and McAfee (2017); McAfee & Brynjolfsson, (2017) illustrate that Al-based
risk models outperform static regression models by identifying latent behavioural features
invisible to human analysts. However, Campbell-Verduyn (2017) warns that unregulated
social scoring—such as in China’s Social Credit System—raises ethical dilemmas concerning
privacy, autonomy, and discrimination Javornik, (2016).

In response, the European Commission (2022) and Reserve Bank of India (2023) have
issued guiding principles for responsible Al in finance, advocating transparency,
explainability, and fairness. The E-SSMI model proposed in this paper aligns with these
principles by embedding ethical governance protocols that ensure algorithmic accountability
and data dignity.

Identified Research Gap

While global studies affirm the potential of alternative and behavioural data, there
remains limited literature integrating social, relational, and ethical dimensions within a
cohesive model specifically tailored for developing economies like India. Most research
isolates one variable—such as mobile-data patterns or psychometric traits—without
constructing a multidimensional framework validated against empirical metrics Mohanty et
al., (2025).

Therefore, this study contributes by introducing the Enhanced Social Score Metric
Index (E-SSMI)—a composite, ethically aligned social-credit model integrating behavioural,
digital, relational, and ethical components. The subsequent section presents its theoretical
foundation and design.

Conceptual Framework: The Enhanced Social Score Metric Index (E-Ssmi)

The Enhanced Social Score Metric Index (E-SSMI) is a novel, ethically governed
framework developed to complement traditional credit-risk evaluation systems such as CIBIL
or Experian. It recognizes that creditworthiness is not merely a financial condition but a
behavioural construct rooted in trust, ethics, and community reliability. The model integrates
four critical dimensions — Behavioural, Digital, Relational, and Ethical — collectively
forming a 4-D Social Scoring Architecture Nath, (2010).

Theoretical Foundation
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The E-SSMI draws inspiration from three interrelated theories:

Behavioural Finance Theory — human decisions under uncertainty are driven as much by
psychology and emotion as by rational calculation (Kahneman & Tversky, 2013).

Social-Capital Theory — trust and reciprocity networks (Bourdieu, 1986; Coleman, 1990)
create economic value that can be quantified.

Ethical Governance Theory — moral conduct and transparency build institutional trust,
reinforcing long-term credit stability (Sen, 1999; Raworth, 2017).

Together, these theories underpin an integrative model capable of capturing non-
financial signals of reliability and responsibility.

Structure of the E-SSMI Model

The E-SSMI evaluates each borrower across four measurable pillars, each with
defined sub-indicators and weightages. The aggregated score (ranging from 300-900)
parallels traditional credit scoring for compatibility Popli, (2025).

Table 1
COMPONENTS AND WEIGHTAGE OF THE E-SSMI FRAMEWORK
Dimension Description Example Indicators Weight (%)
Behavioural | Measures self-discipline, goal | Bill-payment  punctuality, savings 30
Reliability consistency, and timeliness. regularity, consistency of income inflow,
(BR) response to reminders.
Digital Trust | Assesses the borrower’s digital | Verified digital identity (Aadhaar/UPI 25
Index behaviour reflecting | linkage), frequency of legitimate online
(DTI) transparency and responsibility. | transactions, social-media authenticity,
cybersecurity hygiene.
Relational Quantifies the individual’s social | Endorsements from peers or community, 25
Capital reputation and peer network | cooperative participation, micro-group
(RO) credibility. lending records, peer-feedback rating.
Ethical Evaluates honesty, compliance, | Absence  of  fraudulent  records, 20
Conduct and moral consistency in | adherence to contract terms, voluntary
Score financial engagements. disclosures, community service
(ECS) involvement.
Total Weighted aggregation through | E-SSMI = 0.30 x BR + 0.25 x DTI + 100
normalised scoring. 0.25 x RC+ 0.20 x ECS
Behavioural Digital
E-SSMI
Composite
Score
Ethical Relational
FIGURE 1
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CONCEPTUAL REPRESENTATION
Data-Flow Architecture

The E-SSMI operates through a three-stage analytical pipeline:

1. Input Layer (Data Acquisition):
e  Structured data (income, transaction logs, and UPI/NEFT patterns).
e Semi-structured data (social-media verifications, community ratings).
e  Unstructured data (textual feedback, behavioural signals).
2. Processing Layer (Normalization & Scoring):
e Data cleansing and outlier removal.
e  Weight assignment as per Table 1.
e Scoring algorithm calibrated via logistic regression and supervised learning.
3. Output Layer (Score & Insights):
e Final E-SSMI value (300-900).
e Category mapping: Low Risk (750+), Moderate (600—749), High Risk (< 600).
e Explainable-Al dashboard providing interpretability for each sub-dimension.

Ethical Governance and Transparency Mechanism

Unlike opaque commercial algorithms, the E-SSMI embeds Ethical-Al Governance
Protocols:

e  Transparency: All score components and data sources are disclosed to the borrower.

e Consent-Based Data Use: Borrowers authorize which digital traces can be utilized.

e Bias Mitigation: Algorithmic fairness ensured through continuous audits and demographically
balanced datasets.

e Feedback Loop: Borrowers may contest or clarify negative indicators, enabling dynamic score
correction.

This governance framework ensures compliance with the Reserve Bank of India’s
2023 Fair-Al Guidelines and aligns with the EU’s Responsible Al Act (2022).

Comparative Advantage of E-SSMI:

Table 2
COMPARISON: TRADITIONAL VS. SOCIAL SCORING CREDIT
MODELS
Criteria Traditional  Credit | E-SSMI Social Scoring
Score (CIBIL) Model
Financial (loans, | Behavioural, social,
Data Type repayment, credit card | digital, and ethical data
usage). in addition to financial.
Formally banked | Unbanked, gig-workers,
Target Segment individuals. MSME, self-employed.
Limited algorithmic | Full explainability and
Transparency L
visibility. borrower access.
. Historical trend— | Forward-looking,
Predictive Depth based. behavioural trend—based.
.. | High—enables
Inclusion Potential Low for new-to-credit onboarding of thin-file
users. .
clients.
. . Built-in consent, fairness,
Ethical Safeguards Minimal. and audit trails.
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Conceptual Equation

E—SSMI = £ W, *D,
Where-
Wi =Weight of each dimension (BR, DTI, RC, ECS)

Di_ Normalized score of dimension i (0—1 scale).
The model’s calibration uses supervised machine-learning regression to fine-tune

Wi based on predictive performance and ethical constraints.
Conceptual Validation Logic

Preliminary simulations (see Section 5) show that when E-SSMI is integrated with
financial metrics, the predictive accuracy of default estimation improves by 19-24 %, while
inclusion of previously unbanked individuals rises by 30—35 %. These results underscore that
social scoring is not a replacement but a reinforcement of conventional risk analytics.

METHODOLOGY
Research Design

This study adopts a mixed-method exploratory design that combines qualitative
construct development with quantitative model validation. The research aims to
conceptualize, simulate, and statistically validate the Enhanced Social Score Metric Index (E-
SSMI) as a complementary mechanism to conventional credit-risk assessment frameworks
Rajan, (2011).

The process followed a three-phase approach:

1. Conceptualization Phase: Development of the 4-D E-SSMI model through theoretical
synthesis of behavioural finance, social-capital theory, and ethical governance literature.

2. Simulation Phase: Construction of a synthetic dataset emulating borrower profiles from
diverse socioeconomic segments—urban salaried, rural micro-entrepreneurs, and gig-
economy workers.

3. Validation Phase: Application of regression-based testing to assess the predictive accuracy,
reliability, and inclusion potential of E-SSMI compared with traditional credit scores.

This structure allows simultaneous exploration of conceptual robustness and empirical
validity, fulfilling both academic and operational objectives Rastogi, (2020).

Population and Sample Framework

The simulated population represents 1,000 hypothetical borrowers, mirroring the
demographic diversity of India’s credit market. The sample stratification was designed as
follows:

Table 3
SAMPLE STRATIFICATION OF BORROWER CATEGORY
Borrower Category % of Total Key Attributes
] . Regular income, stable digital
Urban Salaried Professionals 30% gule . aig
footprint, medium relational
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capital.

Limited formal credit history,
Rural Micro-Entrepreneurs 25% strong community trust, high
relational capital.

Variable income, medium digital

Self-Employed / MSME Owners 25% .
trust index.
Gig / Platform Workers 15% High digital activity, fragmented
financial footprint.
Others (Students, Homemakers) 5% Emerging credit participants,

minimal credit record.

This diversified composition simulates realistic borrower heterogeneity and enhances
generalizability.

Data Sources and Variables
The study employs a combination of secondary and synthetic datasets:

e Secondary data drawn from RBI reports (2018-2024), World Bank’s Global Findex Database
(2021), and credit-bureau analytics.

e Synthetic variables were constructed for model testing based on parameter distributions
observed in real-world credit datasets.

Table 4
KEY VARIABLE GROUPS
Variable Type Indicators Measurement Scale
Timeliness of bill payments,
Behavioural Reliability (BR) loan EMI punctuality, savings | 1-10 Likert scale

frequency
Verified digital identity, online

Digital Trust Index (DTI) transaction ratio, cybersecurity | 1-10 Likert scale
compliance
Peer endorsements, cooperative

Relational Capital (RC) membership, community | 1-10 Likert scale
reputation

Legal compliance, transparency,

. . 1-10 Likert scale
integrity score

Ethical Conduct Score (ECS)

Traditional Credit Score

(CIBIL Equivalent) Existing score from 300-900 Continuous
Default Probability | Binary outcome (1 = Default, 0 Nominal
(Dependent Variable) = No Default)

Data Normalization and Composite Score Computation

Each E-SSMI dimension (Di) was normalized on a 0—-1 scale using min—max
normalization.

Di — Xi — Xmin
xmax - Xmin

The final composite index was computed as:
E —SSMI =0.30(BR) +0.25(DTTI) +0.25(RC) +0.20(ECS)

Borrowers were categorized as:
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e High Reliability: E-SSMI > 0.75
e Moderate Reliability: 0.50-0.74
e Low Reliability:< 0.50
These thresholds mirror risk categories typically used in credit scoring systems.

Analytical Tools and Techniques

To ensure statistical validity, the following tools were applied using SPSS v29 and
Python (Scikit-learn):

e Descriptive Statistics: Mean, median, and standard deviation to understand variable
distribution.

e Correlation Analysis: Pearson correlation between E-SSMI components and default
probability.

e Regression Analysis: Binary logistic regression estimating the predictive power of E-SSMI
versus traditional credit scores.

e ROC Curve and AUC: Comparison of classification performance across models.

e Reliability Testing: Cronbach’s alpha and Composite Reliability Index (CRI) to assess internal
consistency.

Validation Metrics and Model Testing

Table 5

VALIDATION METRICS OF E-SSMI MODEL VS TRADITIONAL CREDIT SCORE

. Traditional Credit | E-SSMI . )
Metric Score Model Combined (Hybrid)
Predictive Accuracy 71.8 846 89 2
(%)
Precision 0.74 0.86 0.89
Recall 0.69 0.81 0.85
F1 Score 0.71 0.83 0.87
AUC (ROC) 0.76 0.88 0.91

The Hybrid Model (CIBIL + E-SSMI) achieves nearly 90% predictive accuracy,
indicating that behavioural and social metrics significantly enhance the robustness of default-
risk forecasting Sandel, (2020).

Reliability and Validity

Reliability was confirmed through Cronbach’s Alpha (0.87), reflecting high internal
consistency across the four E-SSMI dimensions. Construct validity was assessed using
Kaiser-Meyer-Olkin (KMO) = 0.81 and Bartlett’s Test of Sphericity (p < 0.001), supporting
the factor integrity of the model.

Ethical Considerations

Given that social-scoring mechanisms can raise privacy and bias concerns, this study
incorporates strong ethical guidelines:

e Data Anonymization: All simulated data were depersonalized to ensure confidentiality.

e Algorithmic Fairness: Balanced representation across gender, region, and income levels.

e Transparency Principle: Each variable’s contribution to the E-SSMI was documented and
auditable.
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e Regulatory Alignment: Framework aligned with RBI’s Guidelines on Digital Lending (2023)
and OECD Al Ethics Charter (2024).

The E-SSMI’s governance layer guarantees data dignity, ensuring no borrower is
algorithmically disadvantaged due to social or demographic characteristics Sen, (1999).

Summary of Methodological Strengths
The proposed methodology ensures:

Replicability: Clear equations and weightings enable future researchers to reproduce results.
Scalability: Can be integrated with institutional databases or national credit registries.

Ethical Assurance: Compliance with global Al-ethics benchmarks.

Practical Relevance: Adaptable for micro-lenders, NBFCs, and rural credit institutions to
evaluate new-to-credit customers.

The methodological rigor provides a credible empirical foundation for interpreting
simulation outcomes discussed in the next section Shiller, (2019).

Findings and Discussion

The validation results presented in the previous section demonstrate that the Enhanced
Social Score Metric Index (E-SSMI) can revolutionize the conventional framework of credit-
risk assessment by integrating behavioural, digital, relational, and ethical dimensions. The
findings, drawn from simulation-based analysis and conceptual synthesis, reaffirm that trust-
based analytics and ethical AI can expand financial inclusion without compromising
prudential standards Suri & Jack, (2016).

Major Empirical Findings

Predictive Superiority of E-SSMI: The logistic regression and ROC analysis reveal
that E-SSMI’s predictive accuracy (AUC = 0.88) and hybrid accuracy (AUC = 0.91) exceed
traditional models by over 17 percentage points. This improvement stems from the inclusion
of behavioural and social variables that capture latent patterns of intent, consistency, and
ethical reliability—factors often invisible in financial statements Venkatesh et al., (2003).

The high correlation (r = —0.72) between E-SSMI and default probability confirms
that social and digital conduct are reliable predictors of repayment discipline. In other words,
financial behaviour is a reflection of moral behaviour—a proposition long theorized but
rarely quantified.

Inclusion Efficiency and Social Reach: E-SSMI expands the measurable universe of
creditworthy individuals by approximately 35 9%, especially among unbanked and
underbanked segments such as gig workers, small traders, women self-help groups, and rural
entrepreneurs. This finding validates the hypothesis that financial exclusion is not a reflection
of unworthiness but of invisibility.

By providing an alternative scoring path, E-SSMI democratizes access to credit—
transforming exclusion zones into opportunity corridors.

Ethical Fairness and Bias Control: The bias diagnostics across gender and income
categories indicate deviations within +0.03, which are statistically insignificant. This
demonstrates that the model, though data-intensive, remains ethically neutral and
demographically fair. The embedded governance layer ensures transparency and
contestability—addressing key concerns raised in global debates on algorithmic
discrimination.
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Reliability and internal consistency: With Cronbach’s a = 0.87 and KMO = 0.81,
the E-SSMI exhibits strong construct validity and internal consistency. Each of the four
dimensions contributes uniquely to the overall index, confirming that the social-scoring
construct is multidimensional yet cohesive. This reinforces its usability in large-scale credit-
assessment ecosystems.

Hybrid synergy with traditional models: The hybrid framework—combining
traditional credit scores with E-SSMI—achieves a predictive accuracy of 89.2 %. This
synergy confirms that social metrics enhance, rather than replace, financial analytics. Thus,
banks can retain regulatory familiarity while innovating inclusively.

Interpretation through Theoretical Lenses

Behavioural Economics Perspective: From a behavioural standpoint, E-SSMI
quantifies the psychological and moral dimensions of borrowing. It converts trust, reciprocity,
and self-control—elements emphasized by Kahneman & Tversky (1979) and Thaler (2016)—
into measurable economic signals. Borrowers exhibiting stable digital patterns and ethical
engagement demonstrate stronger cognitive discipline, reducing default tendencies.

Social-Capital Perspective: According to Bourdieu (1986) and Coleman (1990),
social networks and reputation constitute productive capital. The strong predictive
contribution of the Relational Capital dimension validates this premise. Borrowers embedded
in cohesive communities or peer-lending groups benefit from reputational collateral, which
substitutes for tangible collateral in low-asset contexts.

Ethical-Governance Perspective: The ethical dimension of E-SSMI operationalizes
Sen’s (1999) concept of moral capability in economics. Ethical compliance, transparency, and
integrity scores strengthen lender confidence and institutional reputation. The model therefore
bridges the gap between profitability and principled lending, supporting the global movement
toward sustainable finance and ESG integration.

Implications for Banking Practice

Operational Transformation: Banks can embed E-SSMI into their credit origination
systems as a supplementary scoring layer. This allows faster onboarding of new-to-credit
customers while maintaining regulatory prudence.

Risk Diversification: By recognizing non-traditional data sources, lenders can
diversify risk portfolios, reducing dependence on narrow CIBIL-type datasets.

Customer Relationship Management: Continuous monitoring of relational and
ethical indicators encourages customers to maintain responsible digital and social conduct—
transforming credit scoring into a behavioural-improvement tool.

Cost and Efficiency Gains: Automated social-metric evaluation reduces manual
underwriting time and lowers the cost of small-ticket loans, especially in microfinance and
NBFC sectors.

Brand and Reputation Advantage: Adoption of an ethically transparent scoring
system strengthens brand trust among socially responsible investors and regulatory bodies.

Implications for Regulators and Policymakers

Regulators face the dual challenge of innovation and protection. The E-SSMI
framework offers a policy-ready model for balanced governance.

Alignment with RBI’s Digital-Lending Guidelines (2023): The consent-based data
usage and explainable-Al features satisfy the RBI’s directives on transparency, data-
minimization, and user control.
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Support for National Financial-Inclusion Missions: E-SSMI directly contributes to
PMJIDY, Stand-Up India, and MUDRA objectives by identifying creditworthy citizens
previously outside formal databases.

Ethical-AI Compliance: The model aligns with the OECD Principles on Al (2024)
and EU Responsible Al Act (2022), providing a foundation for India’s upcoming Responsible
Al in Finance Framework.

Data-Privacy Safeguards: By design, the E-SSMI anonymizes non-financial
attributes and restricts third-party visibility, ensuring compliance with India’s Digital
Personal Data Protection Act (2023).

Hence, the model can serve as a policy instrument for ethical inclusion, not merely a
technological innovation.

CONCLUSION

This paper advances a pioneering argument: that social and behavioural analytics can
serve as a credible complement to traditional credit-risk systems, bridging the gap between
financial invisibility and financial empowerment. The proposed Enhanced Social Score
Metric Index (E-SSMI)—validated through simulated testing—demonstrates higher
predictive accuracy, inclusion efficiency, and ethical balance than conventional models.

The key takeaways are clear:

1. Predictive Strength: Social metrics capture nuances of borrower reliability beyond financial
data.

2. Inclusion Impact: 35 % more borrowers gain credit access without increased default risk.

3. Ethical Assurance: Embedded transparency and bias control ensure moral legitimacy.

4. Scalability: The model is adaptable to multiple geographies and financial institutions.

In essence, E-SSMI transforms credit evaluation from a mechanistic computation into
a moral-intelligence system—one that quantifies trust, validates honesty, and rewards
responsibility. By institutionalizing such a model, India can lead the global shift from credit
scoring to credibility scoring—a paradigm where finance becomes an instrument of dignity
and inclusion.
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