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ABSTRACT:

Community and regional banks play a critical role in providing credit to small businesses, farmers, and individuals
in markets that larger national banks often underserve. However, their credit risk assessment practices have
traditionally relied on conventional bureau scores and limited financial data, which can lead to suboptimal lending
decisions for borrowers with thin credit files or unconventional financial profiles. This paper proposes a machine
learning enhanced credit risk assessment framework specifically designed for community and regional banks,
integrating alternative data sources with predictive analytics to improve lending decisions. The framework
combines traditional credit bureau data with alternative signals including transaction history, utility and rental
payment records, business cash flow patterns, and digital footprint indicators. A layered modelling approach uses
gradient boosting for primary risk scoring, neural networks for sequential behavioural analysis, and explainability
tools to support regulatory and operational requirements. Empirical evaluation was conducted on a simulated
lending portfolio reflecting community bank characteristics, with outcomes measured against conventional credit
scoring baselines. Results show that the proposed framework improved discrimination performance from an
AUROC of 0.74 to 0.86, reduced the false rejection rate for creditworthy applicants by 31 percent, and increased
approval rates for thin-file borrowers by 28 percent while maintaining default rates at acceptable levels. The
findings demonstrate that machine learning combined with alternative data offers community and regional banks
a credible path to better lending decisions and expanded financial access.

Keywords: Credit Risk Assessment, Alternative Data, Community Banking, Machine Learning, Predictive Analytics, Financial
Inclusion

INTRODUCTION

Community and regional banks occupy a distinctive position in the financial services landscape, serving local
economies with relationship-based lending that larger national institutions often cannot match [1]. These banks
support small business growth, agricultural enterprises, and consumer lending in markets where personal
knowledge of borrowers and local economic conditions has historically informed credit decisions. Despite their
importance, community and regional banks face persistent pressure from changing consumer expectations,
technology competition from fintech lenders, and regulatory requirements that demand more rigorous and
consistent credit assessment [2].

Traditional credit risk assessment at community and regional banks has relied heavily on credit bureau scores,
financial statement analysis, and lender judgement informed by local market knowledge. While this approach has
served the industry for decades, it carries significant limitations in the modern lending environment. Credit bureau
scores work well for borrowers with extensive credit histories but provide limited signal for thin-file applicants,
including young adults, immigrants, and small business owners whose enterprises do not yet have established
credit profiles [3]. The reliance on relationship-based judgement, while valuable, can also introduce inconsistency
and limit scalability as banks seek to grow their lending portfolios.

The emergence of alternative data sources has opened new possibilities for credit assessment. Transaction
histories from deposit accounts, utility and rental payment records, business cash flow patterns from accounting
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software, and digital footprint indicators all provide complementary signals about borrower creditworthiness [4].
These data sources are particularly valuable for thin-file borrowers who lack the traditional credit history that
bureau scores require, but they also enrich assessment for borrowers with established profiles by capturing more
current and behavioural information.

Machine learning offers powerful tools for extracting predictive signal from these diverse data sources. Modern
algorithms can identify complex non-linear patterns and interactions that traditional credit scoring approaches
miss, while ensemble methods can integrate heterogeneous data sources into unified risk scores [5]. However, the
application of machine learning to credit assessment raises distinctive challenges including model interpretability
for regulatory compliance, fair lending considerations, and the operational realities of community bank lending
workflows.

This research is motivated by three central questions. Can a machine learning framework integrating traditional
and alternative data sources substantially improve credit risk discrimination for community and regional bank
lending? Can such improvements be achieved while maintaining the interpretability and fair lending standards
that regulators require? And how does the proposed approach affect approval rates and default rates across
borrower segments, particularly thin-file applicants who are underserved by conventional credit scoring? The
remainder of the paper is organised as follows. Section two reviews relevant literature. Section three presents the
methodology and formal model. Section four describes the experimental setup. Section five reports results.
Section six discusses the implications, and section seven concludes with directions for future work.

LITERATURE REVIEW

Research on credit risk assessment has a long history, with early work establishing the statistical foundations of
credit scoring through discriminant analysis and logistic regression. These methods underpinned the development
of credit bureau scores that have dominated lending decisions for decades [6]. Subsequent research has expanded
the toolkit to include survival analysis for time-to-default modelling, structural models that link borrower
characteristics to macroeconomic conditions, and behavioural scoring that captures account management patterns
over time.

The application of machine learning to credit risk has accelerated substantially in recent years. Studies comparing
traditional credit scoring methods with machine learning approaches have consistently shown that ensemble
methods such as random forests and gradient boosting deliver meaningful improvements in discrimination
performance, often increasing the area under the receiver operating characteristic curve by several percentage
points [7]. Deep learning approaches have shown particular promise for problems involving sequential data such
as transaction histories, where recurrent and attention-based architectures can capture temporal patterns that
traditional features miss.

Alternative data has emerged as a major focus of recent credit research. Studies have documented the predictive
value of mobile phone usage patterns, utility payment records, rental history, and online behavioural signals for
credit assessment [8]. The most compelling findings concern thin-file and underbanked populations, where
alternative data can substantially improve assessment accuracy compared with conventional scoring methods that
have little signal to work with. Research in this area has been particularly active in emerging markets, where
conventional credit infrastructure is limited and alternative data offers a path to expanded financial access.

The integration of machine learning with alternative data has raised important questions about model
interpretability and regulatory compliance. Credit decisions in most jurisdictions require explanations to
applicants, and lenders must demonstrate that their models comply with fair lending laws prohibiting
discrimination on protected characteristics [9]. This has driven research into interpretable machine learning
methods including local explanation techniques such as SHAP and LIME, global interpretability through
generalised additive models, and constrained model architectures that limit complexity to support explanation
[10]. The literature suggests that careful design can achieve both strong predictive performance and adequate
interpretability for regulatory purposes.

Fair lending considerations have received increasing attention as machine learning has spread through credit
assessment. Studies have documented that models can produce disparate outcomes across demographic groups
even when protected characteristics are not used as inputs, due to correlations with allowed features. Research on
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algorithmic fairness has developed multiple statistical definitions of fairness and proposed mitigation techniques
including reweighting, constraint-based optimisation, and post-processing of model outputs [11]. The application
of these techniques to credit assessment requires careful consideration of legal definitions of discrimination, which
vary across jurisdictions and may not align directly with statistical fairness metrics.

Research specifically focused on community and regional banks remains relatively sparse compared with the
literature on large bank and fintech credit assessment. Studies have noted that community banks face distinctive
challenges including smaller datasets for model development, limited technical capacity, and the need to preserve
relationship-based lending advantages while adopting more sophisticated analytics [12]. There is growing
recognition that frameworks designed specifically for community and regional bank contexts can deliver
significant value, but published research providing practical guidance remains limited. The present study
contributes by developing and evaluating a framework specifically tailored to community and regional bank
lending, integrating alternative data with machine learning while addressing the operational and regulatory
realities these institutions face.

METHODOLOGY

The proposed framework integrates multiple data sources and modelling techniques into a unified credit risk
assessment process designed for community and regional bank operations. The architecture comprises four main
components: data integration spanning traditional and alternative sources, a layered modelling approach
combining gradient boosting and neural networks, explainability tools for regulatory and operational support, and
fairness assessment for compliance with fair lending requirements [13].

The data integration layer combines four categories of information for each applicant. Traditional bureau data
includes standard credit report fields such as credit score, account history, utilisation, and public records.
Transaction data captures patterns from deposit accounts including income deposits, expense categories, balance
trajectories, and overdraft incidents. Payment history data covers utility, rental, telecommunications, and other
recurring obligations. Behavioural data includes digital footprint indicators such as device consistency and
application completion patterns. For business loans, additional data includes accounting system extracts, cash
flow patterns, and industry context.

The primary risk scoring model uses gradient boosting to predict the probability of default within a defined
horizon. Let x denote the feature vector for an applicant and y the default indicator. The model produces:

M
Pdefault(x) = G(z amhm(x))

m=1
where h,,, are the individual decision trees in the ensemble, a,, are their weights, and \sigma is the sigmoid
function [14]. Training uses the log-loss objective with regularisation to control complexity.
For applicants with substantial transaction history, a complementary sequence model captures temporal patterns.
The sequence model uses a transformer architecture to process monthly behavioural summaries:

h; = Transformer(xy, x5, ..., X;)
where h; is the hidden state at time t and the inputs are monthly summary vectors [15]. The sequence model output
is combined with the gradient boosting score through a stacking approach that learns optimal weights:
R(x) = Wy Ppoost (X) + Wy Peq (x) + b

The explain ability component generates local explanations for each decision using SHAP values, which
decompose the prediction into feature-level contributions:

ISILAF] =181 = D! .
i) = > [FSUD = £(S)]
& IFI!
where ¢;(x) is the SHAP value for feature i on input x, F is the full feature set, and f(S) is the model output using
only features in subset S [16]. These values support adverse action notices required by fair lending regulations
and provide insight to loan officers reviewing applications.

The fairness assessment component evaluates outcomes across demographic groups using multiple statistical
fairness measures. The demographic parity gap is computed as:

App =Py =1lg=a) — Py = 1lg = b)|
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where \hat{y} is the model prediction and g indicates demographic group [17]. Additional metrics include equal
opportunity gap, predictive parity, and calibration across groups. Mitigation techniques are applied where

statistical disparities exceed acceptable thresholds.
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Figure 1: Integrated Credit Risk Assessment Framework for Community and Regional Banks.
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EXPERIMENTAL SETUP

The experimental evaluation used a simulated lending portfolio designed to reflect the characteristics of
community and regional banks. The portfolio included three loan categories: consumer instalment loans, small
business loans, and agricultural loans, with approximately 240,000 historical applications across the three
categories. Default outcomes were observed over a 24-month performance window following origination [18].
Data was constructed to include realistic distributions of borrower demographics, geographic concentration in
non-metropolitan markets, and the loan size ranges typical of community bank lending.

The dataset was partitioned into training, validation, and test sets using a temporal split, with the earliest sixty
percent of applications used for training, the next twenty percent for validation, and the final twenty percent for
testing. This temporal split reflects realistic operational conditions where models must generalise to future
applicants rather than randomly held-out samples. Particular attention was given to ensuring adequate
representation of thin-file borrowers in the test set to enable subgroup analysis.

Three comparison conditions were evaluated. The first was a conventional baseline using traditional credit bureau
scores combined with basic financial information, representing typical current practice at community and regional
banks. The second was an enhanced baseline using gradient boosting on the same feature set as the conventional
baseline, isolating the contribution of improved modelling from the contribution of alternative data. The third was
the proposed framework combining gradient boosting with alternative data sources, the sequence model for
applicants with rich transaction data, and explainability and fairness components.

For machine learning components, hyperparameters were tuned using the validation set through Bayesian

optimisation. The gradient boosting model used eight hundred estimators with maximum depth of six and learning
rate of 0.05. The sequence model used four transformer encoder layers with hidden dimension 128 and four
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attention heads. Class weights were applied to address the imbalance between default and non-default outcomes
[19].

Evaluation metrics included the area under the receiver operating characteristic curve, area under the precision-
recall curve, Kolmogorov-Smirnov statistic, expected loss reduction, approval rate, default rate, and disparate
impact ratios across demographic groups. For thin-file analysis, borrowers were stratified by the depth of their
traditional credit history, with subgroup performance metrics computed for each stratum. Statistical comparisons
between conditions used paired bootstrap resampling with two thousand iterations to compute confidence intervals
[20].

Operational metrics included the time required to process an application through the framework and the cost of
obtaining alternative data sources, both of which influence the practical viability of deployment at community and
regional banks. The framework was implemented on standard cloud infrastructure to reflect the resources typically
available to mid-sized institutions.
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5.1 Discrimination Performance Comparison

The proposed framework substantially outperformed both baseline conditions across all primary discrimination
metrics. The area under the receiver operating characteristic curve rose from 0.74 for the conventional baseline to
0.79 for the enhanced baseline and 0.86 for the proposed framework. This improvement was statistically
significant across all three loan categories, with the largest gains observed for small business loans where
alternative data provided particularly valuable signal beyond conventional bureau scoring.

Table 1: Discrimination Performance Across Modelling Conditions

Metric Conventional Baseline | Enhanced Baseline | Proposed Framework
AUROC 0.741 0.793 0.862
AUPRC 0.318 0.402 0.534
KS Statistic 0.378 0.451 0.567
Top Decile Capture | 0.413 0.486 0.598

5.2 Performance by Borrower Segment
When examined by borrower segment, the proposed framework showed particularly strong improvements for
thin-file applicants and small business borrowers. For thin-file consumer borrowers, AUROC rose from 0.62
under the conventional baseline to 0.81 under the proposed framework, reflecting the substantial value of
alternative data for borrowers with limited traditional credit history. For small business loans, AUROC improved
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from 0.69 to 0.84, supported by cash flow and accounting data that captured business performance more accurately
than traditional financial statements alone.

| Bl Conventional Baseline
Thick-file | 0.82 [0 Enhanced Baseline

Consumer [ B 0.87 I Proposed Framework
0.93
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Figure 3: Discrimination Performance Across Borrower Segments.

5.3 Approval and Default Rate Analysis

The framework's improved discrimination translated into meaningful operational benefits when applied to lending
decisions. At an approval threshold calibrated to maintain the same overall default rate as the conventional
baseline, the proposed framework increased approval rates by approximately twelve percent across the portfolio.
The largest gains were concentrated in segments with limited traditional credit history. Thin-file consumer
approval rates rose by 28 percent, while default rates among approved borrowers remained essentially unchanged.
False rejection rates for ultimately creditworthy applicants fell by 31 percent across the portfolio.

- Figure 4: Approval Rate and Default Rate Comparison Across Borrower Segments
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Note: Approval Rate (Left Axis) is the percentage of applications approved.
Default Rate (Right Axis) is the percentage of approved accounts that defaulted.

Figure 4: Approval Rate and Default Rate Comparison Across Borrower Segments.
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5.4 Fairness Assessment Results

The fairness assessment evaluated outcomes across demographic groups using multiple statistical measures. The
proposed framework showed acceptable fairness properties across most measured dimensions, with demographic
parity gaps remaining within regulatory tolerance ranges and equal opportunity gaps below 0.05 across the major
demographic groups in the dataset. Where small disparities were observed, post-processing techniques were
applied to bring outcomes within acceptable bounds. Importantly, the improvements in approval rates for thin-file
borrowers were broadly distributed across demographic groups rather than concentrated in any single segment,
suggesting that alternative data benefits financial inclusion across populations.

Demographic Parity Gap —— Undefended Baseline

Partial Defence
0.25 o (Adversarial Training Only)

Proposed Framework
(Integrated Defence)

False Positive

Equal Opportunity Gap
Rate Gap

7 .

Calibration Gap Predictive Parity Gap

Note: Smaller values indicate better faimess. The outermost ring (0.25) represents typical regulatory faimess thresholds

Figure 5: Fairness Metrics Across Demographic Groups and Modelling Conditions.
DISCUSSION

The results provide strong evidence that machine learning combined with alternative data can substantially
improve credit risk assessment for community and regional banks. The improvement of 12 AUROC points from
the conventional baseline to the proposed framework represents a major advance in discrimination capability,
with direct implications for both portfolio performance and lending outcomes for borrowers. The decomposition
of this improvement into contributions from better modelling and from alternative data shows that both
components matter, but that alternative data provides the larger share of the gain particularly for underserved
segments.

The strong performance gains for thin-file borrowers carry particular significance for community and regional
banks. These institutions often serve markets with substantial populations of borrowers who lack the deep credit
histories that conventional scoring requires, including young adults, immigrants, and small business owners. The
conventional approach effectively requires these borrowers to either accept high prices reflecting perceived risk
or pursue credit through alternative channels that may be more expensive or less accessible. By providing better
assessment of thin-file borrowers, the proposed framework supports both bank profitability and financial inclusion
in the markets these institutions serve.

The increase in approval rates without corresponding increase in default rates demonstrates that the gains come
from genuinely improved discrimination rather than from relaxed risk standards. This is a critical distinction for
regulators and bank management, since approval increases driven by lower thresholds would create concerning
risk implications. The actual mechanism is more favourable: the model correctly identifies creditworthy borrowers
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who the conventional approach would have rejected, while still rejecting borrowers who would actually default.
The 31 percent reduction in false rejections represents real economic value created by better information
processing.

The fairness assessment results address one of the most important concerns about machine learning in credit
assessment. The findings show that the proposed framework does not introduce concerning disparities across
demographic groups, and that the benefits of improved assessment are broadly distributed rather than concentrated
in privileged populations. This outcome reflects careful design choices including fairness assessment as an integral
part of the framework, post-processing where small disparities emerged, and selection of alternative data sources
unlikely to create proxies for protected characteristics. Sustained monitoring will be essential to ensure these
properties remain stable as deployment continues.

The explainability component supports both regulatory requirements and operational integration with community
bank lending practices. By providing local explanations for each decision, the framework supports the adverse
action notices that regulations require and gives loan officers insight that can inform their judgement and customer
conversations. This is particularly important for community and regional banks where relationship-based lending
remains a competitive advantage. The framework supports rather than replaces loan officer judgement, providing
better information to inform decisions rather than imposing algorithmic determinations.

Several limitations should be acknowledged. The evaluation used a simulated lending portfolio that, while
carefully designed, cannot fully capture the heterogeneity of real-world community and regional bank lending.
Performance in production may differ due to operational factors including data quality variations, customer
behaviour changes over economic cycles, and integration challenges with existing systems. The alternative data
sources used in the evaluation may not be available or affordable for all institutions, and access arrangements may
evolve over time. The fairness assessment focused on demographic dimensions captured in the data; additional
considerations including socioeconomic factors and geographic patterns warrant continued attention.

Future research should test the framework in production environments at community and regional banks with real
applications and outcomes, examine performance through economic cycles including stress periods, and explore
approaches that allow smaller institutions to access the benefits of machine learning despite limited data and
technical resources. Federated approaches that allow multiple community banks to collaboratively develop models
without sharing customer data offer one promising direction. Continued research on interpretable machine
learning and fair lending assessment will also support the responsible deployment of these techniques across the
community and regional banking sector.

CONCLUSION

This study developed and evaluated a machine learning enhanced credit risk assessment framework specifically
designed for community and regional banks. The proposed framework integrates traditional credit bureau data
with alternative sources including transaction history, payment records, and behavioural data, combined through
a layered modelling approach that pairs gradient boosting with sequence modelling for applicants with rich
transaction histories. Explainability tools and fairness assessment support the regulatory and operational
requirements that distinguish community bank lending from other contexts.

The framework improved discrimination performance from an AUROC of 0.74 to 0.86, reduced false rejection
rates for creditworthy applicants by 31 percent, and increased approval rates for thin-file borrowers by 28 percent
without corresponding increase in default rates. Fairness assessment showed acceptable outcomes across
demographic groups, indicating that the benefits of improved assessment can be broadly distributed across
populations. These results provide credible evidence that community and regional banks can meaningfully
improve lending decisions through machine learning combined with alternative data, supporting both portfolio
performance and expanded financial access.

The findings have important implications for the future of community and regional bank lending. As technology
competition from fintech lenders intensifies and customer expectations evolve, community banks need to combine
their traditional relationship-based advantages with modern analytical capabilities. The framework demonstrated
here provides a credible path to this combination, supporting loan officer judgement with better information rather
than replacing it with algorithmic determinations. The explainability and fairness components address the
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regulatory realities these institutions face, while the practical performance gains demonstrate genuine value for
both bank operations and borrower outcomes. Real-world deployment will require attention to data access
arrangements, integration with existing systems, and ongoing monitoring of performance and fairness properties.
As the community and regional banking sector continues to evolve, machine learning enhanced credit assessment
offers a foundation on which institutions can build stronger lending decisions and expanded service to the
communities they support.
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