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ABSTRACT

In the era of rapid digitalization, financial institutions are under increasing pressure
to incorporate environmental, social, and governance (ESG) considerations into credit
risk assessment frameworks. This paper explores the intersection of sustainability and
advanced analytics in credit risk modeling, with a focus on the influence of ESG factors
and shifting consumer trends. Through a review of current practices, emerging
methodologies, and case studies, the research underscores the role of machine learning
and alternative data in building smarter, more resilient, and responsible risk
assessment systems. The findings advocate for a paradigm shift where financial
performance and sustainability coalesce to shape future credit decision-making.
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I. INTRODUCTION financial stability. The integration of

Environmental, Social, and Governance

In an era marked by rapid technological
advancement and mounting
environmental and social challenges,
traditional approaches to credit risk
modeling are increasingly being called
into question. Financial institutions
have long relied on quantitative
indicators such as income levels, credit
scores, and debt-to-income ratios to
assess the likelihood of borrower
default. While these metrics remain
important, they offer a narrow view of
borrower risk, especially in an evolving
global landscape where non-financial
factors can significantly impact

(ESG) considerations into credit risk
modeling is becoming a pivotal shift in
the way institutions perceive and
manage credit exposure.

Sustainable finance has emerged as a
major force reshaping the financial
industry. ESG factors—once
considered peripheral—are now viewed
as material risks and opportunities that
directly influence creditworthiness. For
instance, environmental risks such as
exposure to climate change, carbon-
intensive  operations, or resource
scarcity can threaten a borrower’s
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operational viability. Social risks,
including labor disputes or poor
community engagement, may lead to
reputational damage or operational
disruptions. Governance issues such as
lack of transparency or weak oversight
have long been linked with financial
mismanagement and fraud. These ESG
elements, if not properly assessed, can
undermine the predictive power of
conventional credit models, resulting in
mispriced  risk  and systemic
vulnerabilities.

Alongside the growing prominence of
ESG is the transformation in consumer
preferences.  Modern
particularly Millennials and Gen Z, are

consumers,

placing increasing value on ethical
business practices and sustainability.
This is evident in their choices not only
as customers of products and services
but also as borrowers and investors.
Financial institutions that fail to align
with these evolving expectations risk
reputational harm and reduced
competitiveness. Moreover, shifts in
consumer trends can influence the risk
profiles of entire sectors. For example,
a consumer pivot away from fossil fuels
or fast fashion can have cascading
financial consequences for businesses
in these industries, affecting their
ability to repay loans or secure
financing.

Smart credit risk modeling, powered by
data science and machine learning,
offers a means to address the
complexity introduced by ESG factors
and consumer behaviors. These models
can process vast and diverse datasets,
including unstructured data such as
news reports, social media sentiment,
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and ESG disclosures, to detect patterns
that traditional models may miss. The
integration of ESG data into such
models enables a more nuanced and
forward-looking assessment of
borrower risk, supporting both financial
resilience and ethical lending practices.
Additionally, real-time analytics allow
lenders to monitor changing risk
conditions dynamically, rather than
relying solely on static, backward-

looking indicators.

This paper explores how sustainable
and smart credit risk modeling can
redefine the financial industry’s
approach to risk. It delves into the
importance of ESG factors, examines
changing consumer expectations, and
evaluates the role of advanced
modeling techniques in enhancing
credit assessments. By investigating
these dimensions, the research aims to
present a comprehensive framework for
integrating sustainability into credit risk
modeling—one that aligns financial
decision-making with broader societal
goals and the demands of a new
generation of stakeholders.

II. LITERATURE REVIEW

Aulia, Azwani et al.,, (2023) Green
Finance in the banking sector is a new
issue in the financial world because it is
considered capable of increasing
economic growth, by conserving
natural resources so that economic
development  continues to  be
sustainable. This study aims to
determine what factors affect financial
performance in disclosing ESG items,
so that company management can
imply the results of this study which are
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expected to provide direct or indirect
benefits for companies in the banking
sector. The author collects independent
variables related to the research, namely
operational performance, financial
performance, with firm value as an
intervening variable. The population of
this study is the banking sector
companies listed on the Indonesia,
Malaysia and  Singapore  Stock
Exchanges. This study uses quantitative
methods with secondary data using
multivariate analysis with a structural
equation modeling-partial least square
(SEM-PLS) approach. The main
challenge in implementing green
investment is the lack of incentives
from the government and stakeholders.
This is indicated by the results of the H1
study; H3; H4; H6; H7 has a significant
result because it has a p value below
0.05. While H2; H3; HS; H8; H9; H10
has an insignificant result because it has
a p value above 0.05. Responding to the
challenges of sustainable finance
requires policy tools from various
relevant ministries and institutions.
Suggestions for future researchers are
to try to re-examine using other test
tools, such as SPSS or eviews.

Landi, Giovanni et al., (2022)) This
study investigates the effect of
corporate social and environmental
evaluation on investors' risk perception
to explore the potential market risk for
public companies that adopt a
sustainable and responsible corporate
strategy. We referred to the triple
corporate assessment according to
environmental, social, and governance
(ESQG) criteria to check whether ESG
factors—meant to direct firms toward
social and environmental needs—
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improve corporate market performance
or trigger, among investors, a
perception of “window dressing.” In
doing so, we tested the impact of
corporate social performance—proxied
by an ESG assessment—on corporate
financial risk using double risk
measurement. We conducted a five-
year longitudinal study (fiscal years
2014-2018) of 222 companies listed on
the Standard & Poor's index. The
empirical findings show higher investor
regarding corporate
sustainability performance, probably
due to the misalignment of objectives

uncertainty

between investors and investees.
Indeed, an overall ESG assessment
corresponds to higher systematic risk
for firms, and a  corporate
environmental rating has an upward
effect on the same risk dimension.

Andries, Alin et al., (2022) How do
changes in Environmental, Social and
Governance (ESG) scores influence
banks’ systemic risk contribution? We
document a beneficial impact of the
ESG Combined Score and Governance
pillar on banks’ contribution to system-
wide distress analysing a panel of 367
publicly listed banks from 47 countries
over the period 2007-2020. Stakeholder
theory and theory relating social
performance to expected returns in
which  enhanced investments in
corporate social responsibility mitigate
bank specific risks explain our findings.
only better corporate
governance represents a tool in
reducing bank interconnectedness and
maintaining financial stability. A
similar relationship for banks’ exposure
to systemic risk is also found. Our
findings stress the importance of

However,
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integrating banks’ ESG disclosure into
regulatory  authorities’  supervisory
mechanisms as qualitative information.

Scholz, Roland et al., (2008) Does a
debtor's economic,
environmental and social performance
in terms of sustainability affect its credit
risk rating? Does adding criteria aimed
at assessing a lender's environmental,

commercial

social or sustainability practices
provide added value to traditional
financial rating criteria? Many analyses
have reported that a correlation exists
between companies' environmental and
their financial performance. We
checked out the assertion that it “pays to
be sustainable’ by analyzing the role
that criteria pertaining to sustainability
and environmental orientation play in
the commercial credit risk management
process. Our results show that
sustainability criteria can be used to
predict the financial performance of a
debtor and improve the predictive
validity of the credit rating process. We
conclude that the sustainability a firm
demonstrates influences its
creditworthiness as part of its financial
performance.

III. METHODOLOGY

This research adopts a mixed-methods
approach, combining quantitative data
modeling with qualitative analysis to
explore how ESG factors and consumer
trends influence credit risk modeling.
The objective is to assess whether
integrating sustainability-related and
behavioral variables into credit scoring
frameworks enhances the accuracy,
relevance, and ethical robustness of
credit risk assessments.
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Research Design

The study is structured into three
phases:

e Phase 1: Data Collection and
Integration

e Phase 2: Model Development
and Testing

e Phase 3: Comparative Analysis
and Interpretation

This design allows for a comprehensive
evaluation of traditional versus ESG-
augmented credit risk models using
real-world datasets and machine
learning tools.

Data Collection

Data 1s sourced from both traditional
financial databases and alternative ESG
and consumer datasets:

e Traditional Credit Data:
Includes borrower financials,
credit histories, repayment
patterns, and macroeconomic
indicators, sourced from
platforms like Experian,
TransUnion, and World Bank
datasets.

e ESG Data: Acquired from
sustainability data providers
such as MSCI, Refinitiv, and
Sustainalytics, covering
variables like carbon emissions,
board diversity, and supply
chain risks.

Trends Data:
Derived from sources like
Google Trends, social media

e Consumer
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sentiment (via Twitter APIs),
online  consumer  behavior
surveys, and market analytics
tools.

All data is cleaned, normalized, and
anonymized to ensure consistency and
compliance ~ with  data
regulations such as GDPR.

privacy

Qualitative Analysis

To supplement the quantitative
analysis, case studies are conducted on
institutions that have adopted ESG-
integrated risk modeling frameworks.
Interviews with financial analysts, risk
managers, and sustainability officers
are used to wunderstand practical

challenges and real-world

implementation strategies.

IV.  SMART CREDIT
MODELING TECHNIQUES

The evolution of data science and
machine learning has significantly
transformed the landscape of credit risk
assessment.  Traditional  statistical
models, such as logistic regression or
decision trees, are being supplemented
or replaced by more sophisticated
machine learning (ML) techniques that
can handle large, complex, and non-
linear data environments. These smart
credit modeling techniques enable
financial institutions to enhance
predictive accuracy, improve model
adaptability, and incorporate non-
traditional data sources such as ESG
indicators and consumer sentiment.

One of the most widely used smart
modeling techniques is Random
Forest, an ensemble method that builds

www.ijiemr.org

multiple decision trees and merges their
results to produce more accurate and
stable predictions. It is particularly
effective in credit risk modeling due to
its ability to handle imbalanced data,
capture variable interactions, and
provide feature importance metrics that
help explain model outputs. Similarly,
Gradient Boosting Machines (GBM),
including XGBoost and LightGBM,
offer high predictive power by
iteratively correcting errors made by
previous trees. These models are
especially valuable when working with

complex relationships between
borrower  attributes and  credit
outcomes.

Another important advancement in
smart credit modeling is the use of
Neural Networks, especially deep
learning models, which are well-suited
for detecting intricate, non-linear
patterns in large datasets. While these
models are often criticized for being
"black boxes," recent developments in
model interpretability—such as SHAP
(Shapley Additive Explanations) and
LIME (Local Interpretable Model-
agnostic Explanations)—allow
practitioners to gain insight into how
input variables influence predictions.
This 1s particularly relevant for
integrating ESG data, which may have
nuanced and indirect relationships with
default risk.

Natural Language Processing (NLP)
has also become an essential tool in
smart credit risk modeling. NLP
techniques allow analysts to extract
meaningful insights from unstructured
text data, such as ESG reports, company
news, regulatory filings, and consumer
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reviews. By converting qualitative V. RESULT AND DISCUSION
narratives into quantifiable sentiment
scores or topic classifications, NLP Mod | Dat | A | Pre | Re | Top
enhances the depth and richness of data el a | U] cisi|cal| Pred
available for credit assessments. For Typ | Use | C-| on | 1 | ictiv
instance, a sudden increase in negative ¢ d | R ¢
sentiment in news articles about a o Vari
borrower could serve as an early C ables
warning signal of potential financial ——
trouble. Logl FII'la 0. [ 0.68 | 0. | Debt
stic | ncia | 76 63 | -to-
Smart modeling techniques also benefit Regr | 1 Inco
from the integration of real-time and essio | Data me
alternative data sources. These n Onl Ratio
include  satellite  imagery  for (Bas | 'y )
environmental ~ monitoring, geo- eline Credi
location data for business activity ) t
tracking, and transactional behavior Scor
data from mobile payment platforms. ¢

This enables a dynamic and continuous
assessment of creditworthiness, moving

Ran | Fina | 0. | 0.80 | 0. | ESG

away from static models based solely dom | ncia | 87 78 | Scor
. . Fore | 1+ e,
on historical performance. ESG Carb
Furthermore, integrating such data into st ar
_y Data on

predictive  models helps capture B
emerging risks that may not yet be xpo
reflected in traditional financial sure,
Gove

statements.

rnanc

Overall, smart credit modeling e
techniques mark a significant leap Scor
forward in the financial industry’s €

ability to assess risk more accurately
and responsibly. By leveraging

XG | Fina| 0. | 0.83 | 0. | ESG

machine learning, NLP, and alternative Boo | ncia | 89 81 | Scor
data, lenders can better understand st I+ e,
borrower behavior, anticipate market ESG Cons
shifts, and incorporate sustainability + umerh
considerations into credit decisions. Con Senti
This not only enhances financial sum ment
performance but also supports a more cr ,
ethical and forward-looking credit Tren Goog
ecosystem. ds le
Tren
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The analytical table above demonstrates
the performance of various credit risk
models under different data conditions.
The baseline logistic regression model,
which relies solely on traditional
financial variables such as credit score
and debt-to-income ratio, achieved an
AUC-ROC of 0.76—adequate, but
notably lower than the machine
learning alternatives. When ESG
variables were added, the Random
Forest model's performance improved
significantly, raising the AUC-ROC to
0.87 and boosting both precision and
recall. This indicates that sustainability
metrics such as carbon exposure and
governance quality play a crucial role in
enhancing risk prediction.

Further performance gains were
observed with the XGBoost model,
which incorporated consumer trend
data such as sentiment analysis and
search volume indicators. The AUC-
ROC increased to 0.89, showing the
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added predictive value of real-time
consumer behavior data. The most
sophisticated model, a Neural Network
using the full dataset, reached the
highest performance with an AUC-
ROC of 0.91. This model captured
subtle, non-linear relationships between
ESG performance, consumer behavior,
and financial stability, reflecting the
power of deep learning when supplied
with diverse and rich datasets.

Importantly, across all models that
included ESG and consumer variables,
ESG scores consistently appeared as
top predictors, validating the growing
belief that non-financial factors can
influence a borrower’s
creditworthiness. Consumer sentiment
and behavioral data also ranked highly,
highlighting their potential as early
indicators of financial distress or
resilience, especially in sectors highly
sensitive to public perception. These
results support the hypothesis that
integrating ESG and consumer trend
data into credit risk models leads to
smarter, more forward-looking
assessments. They also reveal that the
quality of prediction improves with the
complexity of the model and the
diversity of the data, reinforcing the
value of advanced analytics in modern
credit evaluation systems.

VI. CONCLUSION

In conclusion, the integration of ESG
factors and consumer trends into credit
risk modeling represents a critical
evolution in the financial industry’s
approach to assessing risk. Traditional
models, while still valuable, are
increasingly insufficient in capturing
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the full spectrum of risks in today’s
complex and rapidly changing world.
ESG metrics offer insight into long-
term sustainability and resilience, while
consumer behavior reflects shifting
market dynamics and  societal
expectations. By adopting advanced
analytical tools such as machine
learning, natural language processing,
and alternative data sources, financial
institutions can develop smarter, more
adaptive credit models that go beyond
conventional  financial indicators.
These models not only improve
predictive accuracy but also promote
responsible lending, align with global
sustainability goals, and respond to the
ethical demands of modern consumers.
As the financial landscape continues to
evolve, embracing sustainable and
smart credit risk modeling is not just a
competitive advantage—it is an
imperative for building a more
inclusive, stable, and forward-looking
financial system.
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