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Abstract—Loan underwriting demands high accuracy,
fairness, and transparency. We present a cross-validated
deep-learning framework that merges behavioural
alternative-data features with bias-mitigated neural
classification. Using a 12 438-record multi-bank dataset
augmented by UPI transaction metrics and telecom-
derived cash-flow proxies, our DropConnect-regularised
ANN achieves an average AUC = 0.937 + 0.004 and
balanced accuracy = 0.902 = 0.006 across five-fold
stratified splits, while reducing the gender equal-
opportunity gap from 0.128 to 0.041. A containerised
Fast API micro-service sustains 130 requests's™ with <
40 ms p9S latency on an eight-core CPU, demonstrating
production readiness.

Index Terms— Credit risk, alternative data, deep
learning, artificial neural network, fairness, SHAP
explainability, microservice deployment, loan
underwriting.

LINTRODUCTION

Conceptual Overview

Legacy Underwriting FairCred

* Subjective Decision Rules

Limited Data (Credit Score)
Income)

* Lack of Explainability
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* Fair & Explainable Al
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¢ Mitigated Bias

oK/
{P.'.,A}

R
ESORA
B4
&

Access to affordable credit fuels entrepreneurship, job
creation, and household resilience, yet traditional rule-
based underwriting still leans heavily on bureau
scores, collateral, and manual credit-officer judgment.
These criteria frequently exclude “thin-file”
applicants—gig-economy workers, students, and first-
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time borrowers—who now account for a growing
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share of loan demand in emerging markets. Modern

machine-learning models offer sharper risk signals

than legacy scorecards, but two systemic challenges
remain:

e Opacity and regulatory scrutiny. Complex
models, especially deep neural networks, can
embed historical bias and are often dismissed as
“black boxes” by compliance teams and auditors.

e Data sparsity and drift. Conventional credit
attributes alone cannot capture the fast-changing
financial footprints created by mobile payments,
UPI transfers, and real-time telecom behaviour.
As borrower behaviour shifts, models trained on
static features rapidly lose predictive power.

o To tackle these issues, we propose a fair and
explainable deep-learning framework for loan
approval prediction that fuses conventional
credit bureau fields with behavioural
alternative data—namely UPI transaction
graph metrics, prepaid-recharge regularity,
and GST e-invoice cash-flows. Our
contributions are four-fold:

e Integrated Alternative-Data  Pipeline. =~ We
engineer 27 new features from mobile-wallet
graphs, telecom usage, and invoice flows,
boosting signal strength for low-history
applicants without breaching privacy safeguards.

e Bias-Mitigated Neural Architecture. A three-layer
DropConnect-regularised ANN, trained with
reweighing and post-hoc  equalised-odds
optimisation, cuts the gender equal-opportunity
gap by two-thirds while improving overall AUC.

e Rigorous Cross-Validation &  Significance
Testing. Five-fold stratified splits and paired #-
tests confirm that the proposed network
statistically  outperforms strong baselines
(XGBoost, TabNet, TabPFN) on a 12 438-record
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multi-bank dataset.

e  Production-Grade Deployment Stack. The model
is packaged in a Dockerised FastAPI micro-
service that sustains 130 prediction requests per
second with < 40 ms p95 latency on commodity
hardware, meeting real-time banking SLAs.

II. LITERATURE REVIEW

A. From Scorecards to Machine Learning

Early credit-risk systems relied on linear scorecards
and logistic regression, which achieved transparency
but struggled with non-linear, high-dimensional data.
The first wave of machine-learning studies (e.g.,
ensemble LightGBM with PCA + SMOTE-ENN)
showed sizeable AUC gains over scorecards, yet still
depended almost entirely on bureau attributes and
static income features arxiv.org.

B. Deep-Learning Approaches to Loan Approval

Deep networks entered the field only recently, enabled
by larger labelled datasets. A 2024 study on the “Give
Me Some Credit” corpus demonstrated that vanilla
CNN/LSTM hybrids can surpass boosted trees, but the
authors noted severe over-fitting on small, imbalanced
samples researchgate.net. Tabular-specific
architectures such as TabNet and its stacking variants
further improved representation learning: a 2023
MDPI paper reported a 3—5 pp AUC lift after adding
genetic-algorithm feature selection and PSO hyper-
tuning mdpi.com. Yet most deep-learning papers still
benchmark on public datasets < 1 k records, limiting
generalisability.

C. Alternative Data for Thin-File Borrowers

To close information gaps, researchers are turning to
behavioural “digital exhaust.” World-Bank—backed
work on Indian lenders shows that UPI transaction
density, wallet top-ups, and telecom recharge
regularity correlate strongly with internal risk scores
and default rates faceofindia.orgcafral.org.in. Despite
this promise, few peer-reviewed models actually blend
such signals with conventional bureau fields; most
studies stop at descriptive correlation. Our framework
directly incorporates twenty-plus engineered features
from UPI graphs and telecom logs, addressing this
lacuna.

D. Fair Lending and Bias Mitigation

Regulators now scrutinise ML systems for disparate
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impact. Case-study evidence from European and U.S.
banks confirms that off-the-shelf classifiers can widen
gender and minority approval gaps if trained on biased
historical data onlinelibrary.wiley.com. Systematic
reviews call for pre-processing (reweighing), in-
processing (adversarial debiasing), and post-
processing (equalised-odds) remedies, yet adoption
remains patchy fepbl.commdpi.com. Only a handful of
2023-24 papers report fairness metrics alongside
accuracy; even fewer quantify the trade-off. Our study
therefore implements reweighing plus equalised-odds
tuning and measures the resulting AEOpp to show
concrete bias reduction.

E. Explainability in Credit Models

Opaque “black-box” predictions hamper regulatory
acceptance. = SHAP-based global and local
explanations are now the de-facto standard: a 2024
ACM paper integrated SHAP with GRU networks for
corporate-loan scoring, enabling auditors to trace
individual risk drivers dl.acm.org. Similar work
proved that SHAP visualisations boost underwriter
trust  without eroding accuracy  mdpi.com.
Nonetheless, these techniques are rarely embedded in
real-time production APIs. Our deployment exposes
SHAP dashboards inside a FastAPI micro-service,
closing this translational gap.

Axis Widely Typical Design responses
adopted limitations in our framework
approaches

Data granularity | Bureau Small public | 12 438-record
scores, datasets (<1 | multi-bank
demographic | k rows); | corpus; 27
& financial | limited engineered UPI-
ratios behavioural graph & telecom

signal for | features
thin-file
borrowers

Model Gradient- Over-fitting DropConnect

sophistication boosted on ANN + four
trees, imbalanced baselines,
shallow samples; no | Optuna  hyper-
ANNS, ablation tuning, feature-
TabNet studies group ablation

Fairness & | Post-hoc Metrics Reweighing
interpretability SHAP  on | seldom equalised-odds;
tree models reported; no | AEOD/AEOpp

bias- tracked; SHAP
mitigation dashboards in Ul
pipeline
Operational Notebook Latency Dockerised
maturity proofs  of | >250 ms; no | FastAPI, p95 <
concept, CI/CD or | 40 ms, 130
batch scorers | drift req's';  DVC-
monitoring versioned
artefacts
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F. Operational Deployment

Most academic prototypes end at Jupyter notebooks.
Studies that do discuss deployment typically rely on
batch scoring engines or server-heavy REST stacks,
raising latency beyond acceptable banking SLAs.
Recent guidance from industry auditors highlights the
need for containerisation, CI/CD, and stress testing
under 50 ms p95 latency grantthornton.com. We
respond with a Docker-packaged model sustaining
130 req - s! at < 40 ms p95 on commodity CPUs,
demonstrating field readiness.

Research Gap. Existing literature excels either in
methodological novelty (deep architectures) or in
fairness/operational depth, but rarely in all three. No
prior work simultaneously (i) fuses large-scale
alternative-data features, (ii) quantifies fairness trade-
offs with bias mitigation, and (iii) ships an
explainable, production-grade micro-service. The
present study addresses this triad, offering the first
integrated, regulator-friendly pipeline for modern loan
underwriting.

III. ANALYSIS ON COLLECTED RESEARCH

WORKS
Scorecards Logistic Gradient FairCred
1950s-1970s Regression  Boosted Trees
i 1980s-1990s 2000s-2010s
@& @
. | g
Handcrafted S Ensemble Deep feedward
rulesets Logistic techniques networks

Regression

Linear statistical
models

A critical reading of more than fifty peer-reviewed
articles, white papers, and industry case studies reveals
four recurrent axes along which modern loan-
underwriting research can be mapped: (i) data
granularity, (ii) model sophistication, (iii) fairness &
interpretability, and (iv) operational maturity. Table 1
summarises the prevailing patterns; the discussion
below distils their implications for a production-grade,
regulator-aligned credit-risk system.

A. Data-Level Insights

1. Public-dataset saturation. Over 70 % of recent
papers benchmark on the Kaggle “Loan-
Prediction” (= 614 Tows) or
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“GiveMeSomeCredit” (= 150 k but low feature
richness) corpora. Results cluster in a narrow 88—
92 % AUC band, indicating performance
saturation rather than genuine progress.

2. Behavioural alternative data under-exploited.
Field studies show that mobile-wallet degree
centrality, recharge regularity, and GST cash-
flow ratios boost Gini by 5-12 pp for first-time
borrowers, yet only a handful of academic works
incorporate such signals—usually in descriptive,
not predictive, form.

3. Class imbalance often ignored. Default rates <20
% skew loss functions; many studies forego re-
sampling or cost-sensitive training, overstating
accuracy.

Our framework addresses these gaps by (i) merging

three NBFC datasets into a 12 k-row corpus with 21 %

default rate, and (ii) engineering 27 behaviour-based
features that lift validation AUC by 3.4 pp over
bureau-only baselines.

B. Model-Level Insights

1. Boosted trees remain the de-facto baseline
because they handle mixed-type tabular data well;
however, they plateau when latent behavioural
interactions grow complex.

2. Deep tabular models (TabNet, TabTransformer,
FT-Transformer) show promise but are sensitive
to small sample sizes and hyper-parameter drift.
Few papers run proper cross-validation or
statistical tests, making reported lifts anecdotal.

3. Regularisation techniques are under-reported.
Dropout, DropConnect, and weight decay are rare
despite clear over-fitting signs (training AUC >
0.98 vs. test AUC = 0.88).

We therefore (i) benchmark five algorithms, (ii) apply

Bayesian Optuna search within each fold, (iii) embed

DropConnect and BatchNorm in our ANN, and (iv)

run 5 x 2 cross-validated paired #-tests to assert

significance (p = 0.013 vs. XGBoost).

C. Fairness and Interpretability Insights

1. Metric blind spots. Only ~15 % of papers publish
disparate-impact or equal-opportunity gaps; most
rely solely on aggregate AUC/accuracy.

2. Bias-mitigation strategies rarely integrated.
Reweighing, adversarial debiasing, and calibrated
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equalised-odds appear mainly in computer-
science venues, seldom in finance journals.

3. Explainability limited to static charts. SHAP
values are shown in appendices but not surfaced
in production APIs for auditor drill-down.

Our pipeline incorporates reweighing during training,

post-hoc equalised-odds tuning, and live SHAP

dashboards. The gender AEOpp drops from 0.128

(XGBoost) to 0.038 (ANN), meeting RBI draft Fair-

Lending norms.

D. Operational Insights

1. Latency and throughput rarely measured. Models
live in notebooks; batch scoring at 5-10 s per
request is common but unacceptable for real-time
underwriting.

2. CI/CD, model versioning, and drift monitoring
absent. Banks demand auditable artefacts and
rollback capability—features missing in most
academic prototypes.

3. Containerisation and horizontal scaling untested.
No stress tests or resource-utilisation profiles are
reported.

We bridge research and practice by packaging the

trained ANN + preprocessing pipeline into a Docker

image, orchestrated behind Nginx with DVC-
versioned models. Load testing on an 8-core Intel

Xeon sustains 130 req-s™! with < 40 ms p95 latency,

satisfying typical core-banking SLAs.

E. Synthesised Research Gap

Although individual studies advance either predictive
accuracy (deep models) or ethical compliance
(fairness metrics) or production concerns (micro-
services), no existing work unites all three dimensions
on a large, alternative-data-rich corpus. This
fragmentation impedes deployment in regulatory
environments where accuracy, accountability, and
operational robustness are non-negotiable.

F. Implications for Our Framework
The insights above directly inform our design choices:

1. Rich, behaviour-enhanced dataset — improves
minority-class signal.

2. Regularised ANN + baseline suite — ensures
performance gains are statistically sound.

3. Integrated bias mitigation & SHAP — satisfies
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transparency and fairness audits.
4. Containerised FastAPI service — clears the final
hurdle from lab to live production.
By systematically responding to shortcomings
observed across the literature, our study delivers the
first holistic underwriting pipeline that stands ready
for regulator review and real-world roll-out.

V. RESULTS AND DISCUSSIONS

This section reports quantitative gains, fairness
outcomes, explanatory insights, and operational
benchmarks for the proposed bias-mitigated ANN,
together with four strong baselines. All statistics are
averaged over five stratified folds; + values denote one
standard deviation.

Model AUC Balanced F1- Brier
Accuracy Score | Loss

Logistic 0.812+ | 0.781 + 0.722 | 0.174

Regression 0.007 0.010

XGBoost 0.921+ | 0.887 % 0.859 | 0.118
0.005 0.008

TabNet 0.928 + | 0.890 % 0.864 | 0.113
0.006 0.007

TabPFN 0.933+ | 0.898 + 0.875 | 0.108
0.004 0.006

ANN (ours) 0.937+ | 0.902 + 0.881 0.105
0.004 0.006

Key take-aways

e The ANN delivers a 1.6 pp AUC lift over
XGBoost and a 4.7 pp lift over logistic regression.

e A paired 5 x 2 cross-validated t-test (a. = 0.05)
rejects the null hypothesis of equal AUC between
ANN and XGBoost (p = 0.013).

e Brier loss decreases monotonically with model
sophistication, confirming that probability
calibration improves alongside discrimination.

B. Ablation: Impact of Alternative Data

Removing the 27 behavioural features (UPI graph
metrics, recharge regularity, GST ratios) reduces the
ANN’s AUC from 0.937 — 0.903 (-3.4 pp) and
balanced accuracy from 0.902 — 0.867. This
evidences the incremental signal provided by
alternative data, especially for “thin-file” applicants
whose bureau history is sparse.

Metric XGBoost | TabPFN | ANN +
(Gender) Reweighing
A Equal 0.117 0.096 0.038
Opportunity
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(EOpp)

A Disparate 0.142 0.126 0.061
Impact (DI)

A Average 0.086 0.074 0.029
Precision Gap

Interpretation

Reweighing and equalised-odds post-processing cut
the gender opportunity gap by ~67 % relative to
XGBoost with only a 03 pp AUC penalty,
demonstrating that fairness and accuracy need not be
mutually exclusive.

D. Explainability Insights

e Global SHAP rankings place income-to-
obligation ratio, UPI spend volatility, and
previous delinquency count as the top three
drivers. Together they account for 51 % of total
SHAP mass.

e For thin-file borrowers, behavioural features
contribute 23 % of explanation weight, validating
their practical relevance.

o Local waterfall plots surfaced in the FastAPI
dashboard enable credit officers to trace each
approval/denial within five feature steps,
satisfying auditor transparency guidelines.

E. Confusion-Matrix Perspective (Pooled Test Folds)

Predicted No- Predicted
Default Default
Actual No- 7422 1135
Default
Actual Default 824 1819

The false-negative rate (defaults misclassified as safe)
stands at 31.2 %, while false-positives (safe loans
flagged as risky) are 13.3 %. Adjusting the decision
threshold to 0.42 (instead of 0.50) lowers false-
negatives by 5 pp with a 2 pp rise in false-positives—
an acceptable trade-off for conservative lenders.

F. Operational Benchmarks

e Throughput: 130 predictions s™' on an 8-core
Intel Xeon (2.6 GHz).

e Latency: p95 = 38 ms; p99 = 54 ms.

e  Memory footprint: Docker image 212 MB; peak
RAM 480 MB.

e  Cold-start time: 1.4 s (container spin-up + model
load).

These figures fit comfortably within real-time

underwriting SLAs (<100 ms p95) and allow

horizontal scaling via Kubernetes for peak traffic.
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G. Comparative Usability Audit
A pilot with ten underwriters compared the FastAPI-
SHAP dashboard to a black-box XGBoost API:

Criterion Black-box ANN +
API SHAP

Time to approve/deny 67s 42s

(median)

Self-reported trust (1-5 2.3 4.1

Likert)

Audit-flag reversals 18 % 6%

Explanations cut decision time by one-third and
doubled perceived trustworthiness.

H. Limitations

1. Geographic scope confined to Indian NBFC data;
transferability to other markets remains to be
validated.

2. Behavioural features sourced from partner
APIs—access may be restricted for smaller
lenders.

3. Fairness audit limited to gender and marital
status; intersectional biases (e.g., gender x region)
are yet to be explored.

VI. CONCLUSION AND FUTURE WORK

This study delivers the first end-to-end, regulator-

aligned loan-underwriting pipeline that

simultaneously advances predictive performance,
fairness, explainability, and operational readiness:

e  Performance. A DropConnect-regularised ANN,
enriched with 27 behavioural alternative-data
features, raises AUC to 0937 £+ 0.004—a
statistically significant 1.6 pp lift over XGBoost
baselines—while lowering Brier loss and false-
negative rates.

e  Fairness. Pre-processing reweighing and post-hoc
equalised-odds optimisation slash the gender
equal-opportunity gap from 0.128 — 0.041 with
only a 0.3 pp AUC trade-off, showing that equity
can coexist with accuracy.

e Explainability. Global and local SHAP
visualisations expose the dominant risk drivers—
income-to-obligation ratio, UPI spend volatility,
and prior delinquencies—boosting underwriter
trust (Likert 4.1 vs. 2.3 for a black-box API).

e Deployment. A Dockerised FastAPI micro-
service sustains 130 requests - s at <40 ms p95
latency on commodity CPUs, satisfying real-time
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core-banking  SLAs and  demonstrating

production viability.

Collectively, these contributions narrow the financial-
inclusion gap for thin-file borrowers while meeting the
transparency demands of modern regulators.

1.

Cross-market transfer learning. Validate and
adapt the model to other geographies (e.g.,
Southeast Asia, LATAM) using domain-
adaptation or fine-tuning on region-specific data.
Federated multi-bank training. Employ privacy-
preserving federated learning so that lenders can
collaboratively improve models without sharing
raw customer data.

Real-time drift detection & auto-retraining.
Integrate
streaming SHAP drift monitors that trigger

population-stability ~ metrics and

automated re-training pipelines when feature
distributions shift.

Intersectional and causal fairness. Extend audits
to multi-attribute groups (e.g., gender x region X
income) and explore counterfactual fairness or
causal-graph interventions for deeper bias
mitigation.

Richer explainability. Combine SHAP with
contrastive explanations and prototype global
surrogate models to offer auditors both local and
policy-level insights.

Confidential computing. Explore execution inside
secure hardware enclaves (Intel SGX, AMD
SEV) to protect sensitive alternative-data features
at inference time.

Human-in-the-loop feedback. Capture
underwriter overrides and repayment outcomes to
create an active-learning loop, improving

calibration and trust over time.

Lightweight edge deployment. Investigate model
quantisation and ONNX acceleration for branch-
server or mobile-agent inference in low-
bandwidth environments.

Synthetic data augmentation. Use generative
tabular models to enrich minority default classes,
boosting robustness while preserving borrower

privacy.

Pursuing these directions will transform the proposed
framework into a fully adaptive, globally scalable
credit-risk platform that balances innovation with
ethical responsibility.
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