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1. Introduction

1.1 Background of the Study

Banking and lending institutions deal with credit risk that is defined as the likelihood that the loan taken by a borrower will go
to default (Nwangene et al., 2021, ODETUNDE et al., 2021a). Over the last few decades, loans have been lent out by lenders
after they analyze the reliability of the borrowers based on scores prepared by scorecards that have been prepared based on
structured financial information (Isibor et al., 2021, Nwangele et al., 2021). The objective measurements based on which the
tools like FICO score or traditional credit risk tools operate include a list of outstanding debts, credit utilization, and payment
history. Although these models are predictable in some situations, they provide a too limited perspective; most people are left
out, especially individuals with no formal credit histories, ironically, the people who require credit services the most (Ajuwon
et al., 2021, Elumilade et al., 2021, Ezeife et al., 2021). The introduction of alternative data through the digitalization of the
finance industry has been a very powerful but largely overlooked source of insight into borrowers (Oladuji et al., 2021, OLAJIDE
et al., 2021). There are greater dimensions of financial behavior through the use of mobile apps, clickstream data, customer
service transcript sentiment, and purchase behavior providing a more contextual understanding of financial behavior (Jagtiani &
Lemieux, 2019). These data, though, are to a great extent unstructured and do not allow playing by classical models. In addition,
legacy statistical practices are ill equipped to deal with temporal and semantic complexity of such inputs (ODETUNDE et al.,
2021b, Ogeawuchi et al., 2021). The promising solution comes in the form of deep learning. LSTM models deal with sequential
data with temporal dependencies perfectly matching the shopping history whereas Transformers handle long range dependencies
and generate semantic meaning in the context of input which is text based (Vaswani et al., 2017). In the right hands and under
suitable regulation, such architectures may provide the ability to properly match fragmented behavioral signals and credit-
worthiness estimates (OLUWAFEMI et al., 2021, SHARMA et al., 2021).
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1.2 Statement of the Problem

The classical models of credit risk have not been able to cope
with the changes in the consumer finance. They are anchored
by rigid data paradigm and pay little attention to the
abundance of behavioral cues that are emitted by the
digitalized consumers. Consequently, millions of individuals
cannot be accessed by formal credit structures not because
they are high-risk, but because they go unseen in data. First,
the current models are inadequate to identify staggered
nuances of behavioral risk indicators, and second, the lack of
frameworks of incorporating and interpreting unstructured
data into compliant and transparent regimes in institutions.

1.3 Objectives of the Study

The primary objective of this study is to investigate how deep

learning models—specifically LSTMs and Transformers—

can be used to predict credit risk from unstructured financial
and behavioral data. Specific objectives include:

e To identify and categorize relevant unstructured data
sources that can inform credit risk models.

e To explore data integration techniques that consolidate
fragmented behavioral and financial signals into
coherent borrower profiles.

e To build and evaluate LSTM and Transformer models
trained on these integrated datasets.

e To assess the performance of deep learning models
against traditional benchmarks.

e To examine the ethical and regulatory considerations in
deploying such models in production settings.

e To propose an explainable, fair, and scalable framework
for Al-driven credit scoring.

1.4 Relevant Research Questions
RQ1: How can unstructured financial and behavioral
data be effectively integrated into predictive models for
credit risk assessment?

e RQ2: Do deep learning models (e.g., LSTM,
Transformers) outperform traditional models in
predicting credit risk from unconventional data sources?

e RQ3: What ethical, interpretability, and regulatory
challenges arise in using deep learning for credit risk
prediction?

e RQ4: Can such models provide more equitable
outcomes for credit-invisible or  underbanked
populations?

1.5 Research Hypotheses

e H1: Deep learning models using unstructured behavioral
and transactional data yield significantly better credit
risk prediction accuracy than traditional structured-data-
based models.

e H2: Integrating multi-source data through advanced
fusion techniques enhances the representational quality
of borrower profiles.

e H3: Attention-based models (e.g., Transformers) are
more effective in extracting meaningful patterns from
text-based customer service data than LSTM models
alone.

e H4: Properly designed deep learning models can reduce
exclusionary bias and improve access to credit for non-
traditional borrowers without increasing systemic risk.
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1.6 Significance of the Study

There are both theoretical and practical reasons on why this
research is important. It can theoretically apply credit risk
modeling to the world of deep learning and unstructured data
incorporations, which is a rather virgin territory of financial
data science (Achumie et al., 2022b, Adanigbo et al., 2022).
In practice, it provides an opportunity to undertake more
diversified lending, particularly in developing economies or
unrepresented communities with limited traditional data
available (UZOKA et al., 2021, Achumie et al., 2022a). It can
also help to shape the responsible Al debate and discuss
fairness and compliance regarding the design of financial
algorithms expressively. This research contributes to both
financial technology innovation and financial accountability
by proving the feasibility of these models and what ethical
boundaries must be applied to utilizing these models.

1.7 Scope of the Study

This research is not on corporate credit rating or sovereign
credit rating but on consumer credit risk prediction. It focuses
on individual financial behavior, transaction histories and
interaction histories, instead of macroeconomic statistics or
institutional statistics. The investigation is limited only to
deep learning architectures: LSTMs and Transformers and
how they compare to classical machine learning baselines.
Although the data might be either synthetic or anonymized
(as required by regulatory policies associated with privacy
protection), they will be replicated to resemble the actual
world of fintech. Regulatory considerations in the study to
note are mainly U.S. and EU based (e.g. ECOA, GDPR), but
depending on the complexity of the regulatory environments,
may extend to other jurisdictions in the same framework.

1.8 Definition of Terms

e Credit Risk: The probability that a borrower will fail to
meet their debt obligations as per agreed terms.

e Unstructured Data: Information that does not follow a
predefined data model or format—includes text, audio,
images, and clickstreams.

e Behavioral Data: Data that reflects users’ actions and
decisions—e.g., login patterns, app usage, transaction
frequency.

e LSTM (Long Short-Term Memory): A type of
recurrent neural network designed to learn from time-
series data and capture long-term dependencies.

e Transformer: A deep learning architecture that uses
attention mechanisms to process sequential data,
particularly useful in natural language processing tasks.

e Credit-Invisible: Individuals who lack sufficient credit
history to generate a traditional credit score.

e Fairness in Al: The principle that machine learning
models should not produce biased outcomes that unfairly
disadvantage specific groups.

e Data Fusion: The integration of data from multiple
heterogeneous sources to form a unified view or input
representation.

2. Literature Review

2.1 Preamble

Consumer behavior and financial ecosystems have increased
in complexity so that the traditional credit risk assessment
models have not kept up with the changes (Adelusi et al.,
2022, Adewusi et al., 2022a). The traditional borrower
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evaluation tools include credit scores, income statements,
repayment histories; they have narrow coverage because they
do not depict a complete picture of the behavior and financial
histories of such users. Asour footprints in the digital realm,
customer service and behavioral biometrics become
common, the argument in favor of using unstructured data in
credit decision making becomes ever stronger (Berg et al.,
2020; Jagtiani & Lemieux, 2019).

Recent developments in deep learning (especially such a
model as Long Short-Term Memory (LSTM) and
Transformers) provide exciting ways to model intricate
relationships in textual, time-series, and behavioural data.
Nevertheless, as the literature has grown to appreciate these
opportunities, it has usually ended at discussing the
integration techniques, interpretability, fairness, and practical
implementation of the type of systems in practice in financial
institutions. In this section, the theoretical and empirical
bases of these issues are investigated, gaps herein are
identified and the study fits within these research frontiers.

2.2 Theoretical Review

2.2.1 Behavioral Finance and Financial Decision Making
Behavioral finance provides an alternative to classical
economics ideas and arguments concerning rationality by
pointing at human psychological biases that alter financial
decision making (Thaler, 2015). Other considerations such as
risk aversion, overconfidence and decision making via
heuristics influence the patterns of borrowing and repayment
in a non-linear manner that cannot be modeled linearly (Akpe
et al., 2022, Babalola et al., 2022). The conventional credit
models ignore these dimensions because they rely on
structured numerical attributes. By combining digital
behavioral data such as app sequence data or customer
service sentiment, such latent behavioral constructs may be
provided with proxy measures (Adewusi et al., 2022b,
Akinsulire and Ohakawa, 2022).

2.2.2 Information Asymmetry and Alternative Data

The theory presented by Stiglitz and Weiss (1981), when one
thinks about the credit rationing in the asymmetric
information environment, can be directly applied to the
problem of financial exclusion arising in present times.
Millions remain unscorable, even though they provide a
digital trail with a lot of information about them. Colleagues
of borrowers can use alternative data sources (like their
smartphone app behaviors, their location histories and their
transaction stories) to curtail this asymmetry and access
indicators of borrower intent, ability, and trustworthiness
(Bazarbash, 2019). But the theory has not yet been developed
to take into consideration the epistemological risks posed by
algorithmic black boxes that interpret such signals.

2.2.3 Deep Representation
Suitability

Representation learning enables automatic extraction of
useful patterns and representation of raw input by means of
models (Bengio et al., 2013). LSTMs are said to be high
performers on sequentially dependent data such as
transaction logs. Conversely, Transformers being presented
by Vaswani et al. (2017) are the models based on self-
attention that can be used both to model the short- and long-
range dependencies, so they are particularly effective in
processing financial texts and multi-modal data (Elumilade et
al., 2022, Fagbore et al., 2022a).

Learning and Model
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Notably, such models have been adapted to the domain and
have, as a result, shown better results in analyzing text in the
financial domain, such as FIinBERT (Araci, 2019).
Nevertheless, there is still scant theoretical basis on the best
method of integrating these architectures across modality
such as text, behavior, numerical characteristics and applying
the combination with a single model (Babalola et al., 2022,
Faghore et al., 2022b, ILORI, 2022).

2.3 Empirical Review

2.3.1 Traditional and Machine Learning-Based Risk
Models

The use of logistic regression, decision trees and scorecard
have been traditionally used in credit scoring (Thomas et al.,
2002). Although such measures are transparent and can be
accepted by the regulations, they have no ability to represent
nonlinear and dynamic relationships in behavior data.
Gradient boosting and random forests models have already
demonstrated modest results on structured and semi-
structured data (Lessmann et al., 2015). Such methods are
however inadequate in handling unstructured data where
free-form loan applications, call transcripts or clickstream
data need models that can learn language or time.

2.3.2 Use of Deep Learning in Financial Modeling

Deep learning-based models have also been used to solve
credit scoring problems several times. The authors of Liu et
al. (2021) created an LSTM-based model on sequential
transaction data and showed better default prediction. In
Heaton et al. (2017), neural networks were applied to high-
dimensional financial data, and this yielded better predictive
power compared with traditional models. Recently there has
been a popularity of transformer models. Wu et al. (2022)
applied BERT to story-telling loan applications and the
model  outperformed baselines LSTM and CNN.
TabTransformer (Huang et al., 2020) puts together
categorical, numerical, and contextual data leveraging the use
of embedding and attention mechanisms. In spite of these
successes, few of such implementations are still operationally
sound when it comes to financial services and are explained
by the fact that they do not have proper safeguards regarding
explainability and fairness in general (llori et al., 2022b, llori
et al., 2022a).

2.3.3 Multimodal Data

Techniques

Recent studies explore multimodal data fusion techniques,

which are essential for integrating fragmented customer

information across text, behavior logs, and structured

profiles. Baltrusaitis et al. (2019) categorize fusion strategies

into:

e Early fusion, where different modalities are merged at
the input level;

o Late fusion, where predictions from different modalities
are aggregated; and

e Hybrid fusion, using attention layers to learn
interdependencies dynamically.

Integration and Fusion

However, fusion in financial credit contexts remains
underexplored. Few empirical studies address how
behavioral logs (e.g., frequency of missed app logins) or
linguistic tone in customer queries contribute to
creditworthiness when combined with numerical credit data.
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2.3.4 Fairness, Bias Mitigation, and Interpretability

The use of Al in credit modeling raises critical concerns

around fairness, transparency, and compliance with

regulations like the Equal Credit Opportunity Act (ECOA)

and GDPR. Hurley and Adebayo (2017) emphasize the

opacity of algorithmic credit scoring and its potential to

perpetuate biases.

Fairness mitigation can occur at three levels (Mehrabi et al.,

2021):

e Pre-processing: modifying the input data (e.g.,
reweighting);

e In-processing: adding fairness constraints during
training (e.g., adversarial debiasing);

e Post-processing: adjusting outcomes (e.g., equalized
odds calibration).

Despite the growing availability of toolkits like IBM’s Al
Fairness 360 or Google's What-If Tool, few financial
applications operationalize these techniques in live credit
environments. Ribeiro et al. (2016) proposed LIME to
explain model predictions, and Lundberg & Lee (2017)
introduced SHAP values, but their integration into deep
financial risk systems is still at a nascent stage.

2.3.5 Regional and Global Perspectives

Majority of research on empirical methods in credit scoring
by Al have tendencies towards the U.S. and European
environment. Berg et al. (2020), who study the use of digital
footprint data in Kenya, and Chen et al. (2021), who perform

www.themanagementjournal.com

an analysis of the Chinese consumer credit with mobile phone
metadata are an exception to this. These experiments
elaborate on the possibilities and shortcomings of behavioral
evidence between various regulatory and culture settings
(Isibor et al., 2022, Odetunde et al., 2022b). To give an
example, the habit of using mobile phones in Kenya can be
highly predictive, whereas in Germany it will be irrelevant
because of the different cultures and infrastructure. The
literature has a poor coverage concerning the generalizability
of models trained on such data (Odetunde et al., 2022a,
Oladuji et al., 2022).

2.3.6 Real-World Applications and Industry Adoption

Alternatives data and deep learning in credit scoring are
innovations represented by fintech companies such as Zest
Al, Upstart and Tala. As an individual example, Zest Al
allegedly employs hundreds of variables--call logs, app
usage, etc.--to make risk assessments and they purport to be
able to keep regulators in the loop by allowing them to have
post-hoc interpretability. Even with their continued success,
peer-reviewed data analyzing the systems is meager. In
addition to that, there exists limited scholarly literature on
implementing fairness and compliance in pipelines and
measuring trade-offs involving model complexity and
explainability in the public pipeline (Olajide et al., 2022).

2.4 Summary of Gaps and Research Contribution

The literature reflects significant progress in understanding
how deep learning can enhance credit risk assessment.
However, several key gaps remain:

Table 1

Identified Gap

How This Study Addresses It

Lack of integrated multi-modal models

Develops LSTM- and Transformer-based frameworks that ingest text, behavioral, and numerical

data

Limited comparative model analysis

Provides empirical comparison between LSTM and Transformer architectures in credit contexts

Sparse fairness-aware implementations

Incorporates bias mitigation and interpretability tools in modeling pipeline

Weak regulatory alignment

Proposes explainable-by-design approaches aligned with GDPR and ECOA

Poor generalizability across regions

Uses a diverse dataset design to test model robustness across demographics

Insufficient exploration of real-world
systems

Benchmarks model design and ethics against fintech platforms like Zest Al and Tala

By addressing these areas, this study advances the state of
knowledge on Al-driven credit scoring systems, offering
actionable guidance for both researchers and practitioners.

3. Research Methodology

3.1 Preamble

This research is a quantitative, experimental, and
comparative research design study that aims at testing the
effectiveness of deep learning models (Long Short-Term
Memory (LSTM) and Transformer architecture) in predicting
credit risk through the combination of structured, semi-
structured, and unstructured information. In contrast to the
conventional credit score system, this study will examine
how models that are trained using heterogeneous data (e.g.
transaction narratives, customer service calls, behavioral
usage, and demographic data) perform. The main thrust is to
explain how whole modeling of disparate customer data may
enhance predictive accuracy and equity in the decision-
making regarding credits. The methodology is focused on
replicability, ethical correctness, and empirical integrity,
which achieves the best practices in the field of financial
machine learning research (Kelleher et al., 2020).

3.2 Model Specification

This study compares two deep learning model
architectures—LSTM and Transformers—for their ability to
ingest and learn from multi-modal financial and behavioral
data. Both models are designed to process numerical, textual,
and behavioral sequences concurrently.

3.2.1 Long Short-Term Memory (LSTM)

The LSTM model is selected for its ability to capture
temporal dependencies in sequential data, particularly useful
for modeling transaction sequences or behavioral event logs
over time. The LSTM will be equipped with:

e An embedding layer for tokenized text and categorical

features.

e A stacked bidirectional LSTM layer for sequential
modeling.

e Dense layers with dropout regularization to prevent
overfitting.

e A final sigmoid activation for binary classification (i.e.,
default or non-default).
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3.2.2 Transformer-Based Model

The Transformer model, adapted from BERT-based

architectures, is used for its capacity to capture

contextualized semantics and long-range dependencies
across different modalities. It will:

e Utilize pretrained FinBERT embeddings for textual
inputs such as customer service logs or transaction
descriptions (Araci, 2019).

e Employ a multi-head self-attention mechanism to relate
behavioral patterns with structured data features.

e Integrate numerical and categorical features using
TabTransformer-style embeddings (Huang et al., 2020).

e Use a classification head with softmax output for multi-
class risk scoring.

3.2.3 Model Comparison Criteria

The performance of both models will be compared on;

e Accuracy, Precision, Recall, and AUC-ROC.

e Fairness metrics, including disparate impact and
equalized odds.

e Interpretability, using SHAP (Lundberg & Lee, 2017)
and LIME (Ribeiro et al., 2016).

3.3 Types and Sources of Data

3.3.1 Data Types

The study utilizes three core data types:

e Structured Data: Credit history, loan amount, repayment
timelines, income, and demographic data.

e Unstructured Data: Customer service transcripts,
transaction descriptions, mobile app feedback logs.

e Behavioral Data: Usage patterns including login
frequency, app feature interaction, device switching, and
response latency.

3.3.2 Data Sources

e Synthetic Open Datasets: Initially, datasets such as the
Lending Club loan dataset and the UCI Credit Card
Default dataset will be used for baseline modeling.

e Simulated Behavioral Logs: Custom-generated
behavioral logs will be appended using realistic usage
templates derived from prior studies (Berg et al., 2020).

e Annotated Text Corpora: Public datasets and financial
dialogue corpora (e.g., Financial PhraseBank) will be
used to simulate realistic customer-agent dialogues.

Where real datasets fall short, data augmentation and
simulation techniques will be applied to enrich the dataset
while preserving realism and variability.

3.4 Methodology

3.4.1 Research Design

This study adopts a multi-phase machine learning research

cycle:

1. Data Preprocessing:

e Missing values will be handled through multiple
imputation.

e Textual data will be cleaned, tokenized, and embedded.

e Behavioral sequences will be chronologically aligned
and encoded.

2. Feature Engineering
e Time-based features (e.g., days between transactions).
e Sentiment features from customer transcripts using
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FinBERT.
e Behavioral indicators like churn probability or login
entropy.

. Model Training
e Stratified K-fold cross-validation (K=5) to ensure robust
generalization.
e Hyperparameter optimization using Bayesian search
(e.g., Optuna framework).
e Regularization and dropout techniques to control
overfitting.

. Fairness & Interpretability Evaluation:
e Evaluate models using Equal Opportunity Difference,
Demographic Parity, and Calibration.
e  Apply SHAP and LIME for post-hoc interpretability and
regulatory reporting.

. Statistical Testing:
e Use McNemar's test to compare model performance.
o Apply T-tests for performance differences across
demographic subgroups to assess bias.

3.5 Ethical Considerations

This research emphasizes ethical Al practices and adheres to

principles of transparency, inclusivity, and responsibility.

Key considerations include:

e Informed Consent & Data Anonymization: All datasets
used are either public or anonymized to prevent
personally identifiable information (PIl) exposure. If
proprietary data is used in future stages, institutional
review board (IRB) approval will be obtained.

e Bias and Fairness Auditing: Fairness metrics were
computed across race, gender, and income-level
categories. Where disparities are observed, mitigation
strategies (e.g., reweighing or adversarial debiasing)
were applied.

e Transparency and Explainability: In line with GDPR’s
right to explanation (Article 22), models were stress-
tested for interpretability using post-hoc explanation

tools.
e Model Governance: All model development follows a
model risk management framework, ensuring

reproducibility and auditability at each stage.

4. Data Analysis and Presentation

4.1 Preamble

This section presents the quantitative analysis of the data
collected and modeled through deep learning techniques. The
focus is on understanding how LSTM and Transformer
models perform in predicting credit risk using structured and
unstructured financial data. It includes the presentation of
findings, statistical analyses, hypothesis testing, and
interpretation within the context of existing literature.
Statistical methods used include descriptive statistics,
Receiver Operating Characteristic (ROC) analysis,
McNemar’s Test, and Disparate Impact Analysis. Tools such
as SHAP were used for interpretability, and all models were
validated using 5-fold cross-validation to ensure
generalizability.

4.2 Presentation and Analysis of Data
4.2.1 Data Treatment and Cleaning
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Prior to analysis, the following preprocessing steps were

undertaken:

e Imputation of missing structured features using
mean/mode for continuous and categorical variables,
respectively.

e Normalization of continuous variables to (0, 1) scale.

e Text cleaning included stop-word  removal,
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All datasets were encoded into a uniform schema and split
into training (70%), validation (15%), and test (15%) sets.

4.2.2 Descriptive Performance Metrics

lemmatization, and tokenization.

e Behavioral data was encoded as time-series event logs,

Table 2
Model |Accuracy|Precision|Recall| AUC| Disparate Impact
LSTM 0.81 0.78 | 0.75 |0.83 0.68
Transformer| 0.87 0.85 0.82 10.89 0.92

padded for sequence modeling.

Model Performance Comparison

Accuracy
B Precision
0.95 B Recall
. AUC

Transformer

1.00 1.0r

Disparate Impact (Fairness Measure)

LSTM Transformer

Fig

As shown above and in the accompanying charts:

e Transformer models outperformed LSTM across all
performance metrics.

e Inparticular, the AUC for the Transformer reached 0.89,
suggesting a strong discriminatory ability between
default and non-default classes.

4.3 Trend Analysis

The trend shows that:

e Transformer models improve generalization due to self-
attention mechanisms that better capture long-term
dependencies in customer behavior logs and transaction
text.

e The LSTM model, although competent, struggles with
longer unstructured sequences, especially customer
service logs exceeding 200 tokens.

e From a fairness perspective, the Disparate Impact score
improved significantly with Transformers (0.92),
compared to LSTM (0.68), indicating lower algorithmic
bias.

4.4 Test of Hypotheses

Hypothesis 1:  Transformer-based models  will

outperform LSTM models in predicting credit risk from

multimodal data.

e Test Applied: Paired t-test on AUC scores across cross-
validation folds.

e Result: t(4) =3.89, p<0.01

e Interpretation: The difference is statistically significant;
the null hypothesis is rejected.

Hypothesis 2: Transformer-based models will produce
fairer credit scoring outcomes across demographic

groups.

e  Test Applied: Disparate impact score test.

e Result: Disparate impact = 0.92 (Transformer) vs. 0.68
(LSTM), with difference significant at p < 0.05 via
bootstrap estimation.

e Interpretation:  Transformer model demonstrates
improved fairness in prediction outcomes.

4.5 Discussion of Findings

4.5.1 Interpretation of Results

e Transformers’ superior performance in both predictive
accuracy and fairness validates the hypothesis that their
architecture is better suited for multi-modal financial
environments.

e  Thissupports previous findings (e.g., Huang et al., 2020;
Araci, 2019) on the flexibility and scalability of
Transformers, especially in dealing with heterogeneous
input sources.

4.5.2 Comparison with Existing Literature

e The results extend earlier research by Berg et al. (2020),
who used digital footprints for credit scoring but did not
compare architectures.

e Unlike Zhang et al. (2021), who emphasized numeric
data with minimal text inputs, this study shows that
unstructured textual features (e.g., customer service
transcripts) can improve credit risk classification when
properly modeled.

e These findings also challenge prior assumptions by
Khandani et al. (2010) that traditional models suffice,
showing that modern architectures not only improve
predictive power but also enhance ethical compliance.
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4.5.3 Practical Implications

e Lenders can reduce financial exclusion by leveraging
diverse data streams, thereby granting access to credit to
thin-file applicants.

e Regulators and institutions can deploy fairer, more
interpretable models for automated decision-making.

e Financial institutions stand to benefit from lower default
rates and improved customer profiling, leading to better
portfolio management.

4.6 Limitations of the Study and Areas for Future

Research

4.6.1 Limitations

e Synthetic data use may limit real-world generalizability;
proprietary data access would increase ecological
validity.

e Demographic diversity in the dataset may not fully
reflect global socioeconomic diversity.

e Interpretability trade-offs remain—while SHAP and
LIME offer post-hoc insights, they do not fully replace
inherently interpretable models.

4.6.2 Future Research Directions

e Incorporating graph neural networks (GNNs) to model
social/financial relationships among borrowers.

e Longitudinal analysis of credit risk evolution over time
using temporal Transformers.

o Field experiments with actual lending institutions to
evaluate downstream impacts on loan default rates and
financial inclusion.

5. Conclusion and Recommendations

5.1 Summary

The aim of this study was to discuss how deep learning
approaches or, more precisely, Long Short-Term Memory
(LSTM) networks and Transformer models can be leveraged
to estimate credit risk on non-traditional, unstructured, and
behavioral data. Unlike more traditional credit scoring
systems which have historically been most heavily dependent
upon relatively inflexible financial data-points, the research
addressed the question of whether in modern times, through
the use of modern neural networks, fragmented digital traces
(e.g., transaction narratives, service interactions, and digital
behaviors) can be combined into a unified, customer
information profile that is not only accurate, but also
reasonably fair.

The research addressed two central questions:

1. Can deep learning models outperform traditional credit
risk models when trained on multimodal and
unstructured customer data?

2. Can these models offer fairer, more inclusive outcomes
without introducing algorithmic bias?

To answer these, we tested two hypotheses:

e H1: Transformer-based models will outperform LSTM
models in predicting credit risk from multimodal data.

e H2: Transformer-based models will produce fairer credit
scoring outcomes across demographic groups.

Both hypotheses were confirmed, with Transformer models
yielding superior predictive performance and exhibiting
lower disparate impact, signaling enhanced fairness in
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decision-making.

The empirical findings revealed that:

e  Transformer models achieved an AUC of 0.89 compared
to 0.83 for LSTM.

e Fairness metrics showed significantly less bias for
Transformers (Disparate Impact: 0.92) than LSTMs
(Disparate Impact: 0.68).

e Unstructured and behavioral data, when modeled
effectively, improve both accuracy and ethical alignment
in risk assessment.

5.2 Conclusion

Evidence presented in this research goes an extra mile, letting
us see that maybe modern developed deep learning
approaches (especially Transformer-based ones)
significantly represent a viable, strong alternative to the
traditional credit scoring methods. The LSTMs have
demonstrated relatively acceptable results in the modeling of
time-sequenced observations, but Transformers become
dramatically better, when dealing with cases of long-range
dependencies involving unstructured textual data and
behavioral logs. Combining different data on the various
customer apps allowed a more situation-specific and
personalized determination of creditworthiness, as opposed
to financial inclusion gaps that existed in perpetuity in
underbanked populations. More crucially, the use of fairness
metrics had shown that developments in algorithms did not
have to take place at the cost of ethics. Under the findings, it
can be concluded that credit-risk modeling needs to change
by discarding its conventional pointers and adopting the rich
repertoire of behavioral or circumstantial cues found in
present-day digital landscapes. This way it can result in more
fair, smart, and transparent lending activities.

5.3 Recommendations
Based on the insights derived from this study, the following
recommendations are proposed:

For Financial Institutions

e Adopt Transformer-based Al systems that incorporate
customer behavior and unstructured feedback for more
robust credit evaluations.

e Implement fairness auditing mechanisms in model
deployment to monitor and mitigate potential bias across
customer segments.

For Policymakers and Regulators

e Encourage innovation in credit modeling while
mandating ethical Al standards, especially for
underrepresented groups.

e Develop guidelines around the use of behavioral and
textual data to ensure consumer privacy and informed
consent.

For Researchers

e  Extend this study by using real-world financial datasets,
including those from microfinance institutions and
fintech platforms in emerging markets.

e Explore hybrid architectures (e.g., GNN + Transformer)
and causal modeling techniques to address more nuanced
relationships in creditworthiness.

255|Page



International Journal of Management and Organizational Research

5.4 Concluding Remarks

This research is, therefore, a part of an emerging evidence of
the inadequacy of conventional credit rating models in the era
of digital banking. With the help of deep learning models and
collecting fragmented behavioral data, the lenders can make
more informed, precise, and equitable credit decisions.
Although the road to ethical and fully-explainable Al in
finance is yet to be completed, this study is a considerable
advancement towards the reimagining of risk evaluation
challenges in a complicated digital environment. The
technological implications go far beyond than that, they are
about the very essence of what responsible lending ought to
be in the 21% century: data-intensive, inclusive, equitable.
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