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Abstract: In the realm of financial decision-making, particularly within the banking and investment sectors, credit default risk forecasting
holds immense significance. The evolving landscape of financial markets has introduced heightened intricacies and interconnections among
financial instruments, rendering the task of accurate credit risk assessment increasingly daunting. Conventional statistical models often fall
short in capturing the dynamic essence of credit risk, thereby fueling a surge in interest towards more sophisticated methodologies such as
ensemble learning frameworks. This paper presents a meticulous review and analysis of interpretive ensemble frameworks tailored for
credit default risk forecasting. Introducing a multistage ensemble framework, augmented with dependency-driven explainable techniques,
this research offers a novel approach. Evaluation outcomes underscore the superiority of the Proposed Algorithm, surpassing both
individual base classifiers and other ensemble models across various metrics. Noteworthy is its exceptional precision, recall, F1-score, and
accuracy, positioning it as a standout choice for credit risk prediction. The heightened precision underscores its capacity for accurate
positive instance predictions, while the robust recall emphasizes its ability to capture nearly all positive instances. Additionally, this
research introduces a Dependency-based Explainable Model meticulously crafted to enhance the interpretability of machine learning
models, particularly focusing on multistage heterogeneous stacked ensembles. Despite the significant enhancements in predictive
capabilities brought about by these ensemble models, their complexity often presents challenges in understanding individual contributions
to final predictions. The Dependency-based Explainable Model addresses this interpretability gap by systematically identifying and

elucidating dependencies between input variables, stages, and models within the ensemble.
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1. Introduction

In contemporary financial landscapes, the ability to
accurately forecast credit default risk serves as a linchpin for
informed decision-making, particularly within the intricate
domains of banking and investment. [1], [2] The evolving
dynamics of financial markets, characterized by heightened
complexity and interconnectivity among diverse financial
instruments, have underscored the inadequacies of
traditional statistical models [3], [4] in capturing the
nuanced nuances of credit risk. This inherent limitation has
precipitated a palpable shift towards adopting more
sophisticated methodologies, notably ensemble learning
frameworks, to augment the efficacy of credit risk [5], [6],
[7] forecasting endeavours. [8], [9]

Ensemble learning, [10], [11], [12], [13] a paradigm
predicated on aggregating the predictive prowess of
multiple individual models, has emerged as a potent tool for
enhancing predictive accuracy and robustness across
various domains. [14], [15] Within the sphere of credit
default risk forecasting, ensemble frameworks hold the
promise of mitigating the inherent limitations of standalone
models by amalgamating diverse perspectives and
leveraging complementary strengths. Yet, while ensemble
models [10], [16], [17] offer considerable potential, their
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optimal design and implementation for credit risk prediction
represent ongoing areas of inquiry and refinement.

Against this backdrop, this paper endeavours to undertake a
meticulous  exploration of interpretive  ensemble
frameworks specifically tailored to the exigencies of credit
default risk forecasting. By synthesizing insights gleaned
from diverse sources and methodological approaches, this
research seeks to unravel the intricacies of ensemble
learning within the context of credit risk assessment. Central
to this endeavour is the introduction of a novel multistage
ensemble framework, complemented by dependency-driven
explainable techniques, aimed at concurrently enhancing
predictive performance and interpretability.

Through a comprehensive review and analysis, this paper
aims to illuminate the comparative advantages of
interpretive ensemble frameworks vis-a-vis traditional
methodologies and alternative ensemble models. It delves
into the nuanced interplay between predictive accuracy,
interpretability, and model complexity, with a keen eye
towards discerning real-world applicability and pragmatic
implications for financial stakeholders.

By elucidating the  theoretical  underpinnings,
methodological intricacies, and empirical evaluations of
interpretive ensemble frameworks, this research endeavours
to equip practitioners and researchers with actionable
insights into the evolving landscape of credit risk
forecasting. Ultimately, the pursuit of more precise and
interpretable credit risk models holds the potential to
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engender greater stability and resilience within financial
systems, thereby advancing the overarching imperative of
mitigating systemic risks and fostering sustainable
economic growth.

2. Literature Review

Credit default risk forecasting stands as a pivotal component
in the financial landscape, particularly within sectors like
banking and investment where decisions are often
predicated on accurate assessments of potential default
events. [9], [18] Over the years, the pursuit of improved
methodologies to gauge credit risk has driven researchers
and practitioners to explore a wide array of approaches.

Traditional statistical models [19], [20], [21] have long been
relied upon for credit risk assessment due to their
interpretability. Techniques such as logistic regression,
discriminant analysis, and Cox proportional hazards models
offer insights into the relationships between input variables
and the likelihood of default. However, these models may
falter when confronted with the intricate non-linear
relationships and complex interactions inherent in credit risk
data, potentially limiting their effectiveness in capturing the
full spectrum of risk factors.[22], [23]

In response to these challenges, ensemble learning [10],
[16], [17], [24] has emerged as a potent tool to bolster the
accuracy and robustness of credit risk models. [25], [26],
[27] Ensemble methods amalgamate predictions from
multiple base models to create a composite predictor that
often outperforms individual models. Bagging, boosting,
and stacking are among the most prevalent ensemble
techniques employed in credit risk forecasting. Bagging, for
instance, generates diverse models by training on bootstrap
samples of the data, effectively reducing variance. Boosting
algorithms, like AdaBoost and Gradient Boosting Machines
(GBM), sequentially train weak learners, with a focus on
instances that pose greater prediction challenges. Stacking,
on the other hand, combines predictions from various base
models, leveraging the strengths of each model through a
meta-learner.

Within the realm of ensemble methods, interpretive
ensemble frameworks [28], [29], [30], [31] have garnered
attention for their ability to maintain predictive accuracy
while enhancing model interpretability. Techniques such as
Random Forest, GBM, and AdaBoost exemplify this
approach in credit risk forecasting. Random Forest
constructs an ensemble of decision trees, introducing
randomness through bootstrapped samples and feature
subsets to enhance generalization. GBM sequentially fits
weak learners to the residuals of preceding models,
progressively refining predictions. AdaBoost assigns higher
weights to misclassified instances, iteratively improving
model performance while prioritizing transparency and
interpretability.

Despite the predictive prowess of ensemble models, their
inherent complexity can pose challenges in model
interpretation. Dependency-driven explainable techniques
seek to bridge this gap by systematically identifying and
elucidating dependencies between input variables, stages,
and models within the ensemble. Techniques such as
permutation feature importance, SHAP (SHapley Additive
exPlanations) [32], and LIME (Local Interpretable Model-
agnostic Explanations) provide valuable insights into the
factors driving model predictions, thereby enhancing
transparency and trust in credit risk assessment.

Empirical studies consistently underscore the efficacy of
interpretive ensemble frameworks in credit risk forecasting
across diverse domains. Comparative analyses often
demonstrate the superiority of interpretive ensemble
methods over traditional statistical models and alternative
ensemble techniques in terms of predictive accuracy,
robustness, and interpretability. Moreover, interpretive
ensemble frameworks exhibit resilience to overfitting and
generalization issues, rendering them well-suited for real-
world applications in dynamic financial environments.

3. Methodology

Pictorial representation of detailed methodology is
illustrated in figure 1. In the initial phase of our
methodology, we establish collaboration with a private bank
to obtain access to historical loan data. This data repository
encompasses a wide array of information concerning past
loan applications, encompassing details about the applicants
themselves, their demographic profiles, financial histories,
credit scores, loan terms, and crucially, the outcomes of
these loan applications, whether they were repaid in full or
resulted in default. It's imperative to ensure compliance with
stringent privacy regulations and protocols to safeguard the
confidentiality and integrity of the sensitive data.

Upon acquiring the loan data, the next step involves
preprocessing to refine and prepare it for subsequent
modeling tasks. This preprocessing phase is indispensable
for ensuring the quality and suitability of the data for
analysis. Several preprocessing steps are typically
undertaken, including handling missing values, which may
involve imputation techniques or data removal, addressing
outliers that may skew the distribution of the data, encoding
categorical variables to enable their integration into
predictive models, and normalizing or scaling numerical
features to ensure uniformity across the dataset.
Additionally, feature engineering may be employed to
derive new features or transformations that capture
underlying patterns more effectively.

Following preprocessing, the loan data is transformed into
structured datasets that are amenable to model training.
Each row of the structured dataset represents an individual
loan application, with columns corresponding to various
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features extracted from the data, such as applicant attributes,
loan characteristics, and financial metrics. Importantly, each
row is labeled with the corresponding loan outcome,
indicating whether the loan was repaid successfully or
resulted in default.

The selection of appropriate base models is a critical aspect
of building an ensemble classifier for credit risk forecasting.
Base models encompass a diverse array of machine learning
algorithms, ranging from traditional statistical models to
more complex techniques like decision trees, support vector
machines, and neural networks. The selection process
hinges on factors such as the predictive performance,
computational efficiency, and interpretability of the models,
with the goal of assembling a diverse set of base learners
that collectively contribute to the ensemble's predictive
power.

With the structured dataset and selected base models in
place, the ensemble classifier is constructed by combining
predictions from multiple base models. This can be
accomplished using various ensemble techniques, including

Iterate till data is prepared

bagging, boosting, or stacking. Bagging involves training
each base model independently on bootstrapped subsets of
the data and aggregating their predictions to reduce
variance. Boosting algorithms iteratively train weak
learners, with a focus on instances that are difficult to
predict. Stacking combines predictions from multiple base
models, using a meta-model to learn to effectively weigh
their outputs and generate the final ensemble predictions.

An essential aspect of our methodology involves generating
explanations to interpret the predictions made by the
ensemble classifier. Interpretability is crucial for fostering
trust and understanding of the model's decisions,
particularly in high-stakes domains such as credit risk
assessment. Explanation techniques, adopted in the study is
dependency driven explainability technique which provide
valuable insights into the factors influencing model
predictions. This technique helps stakeholders to understand
the relative importance of specific features in driving
predictions, thereby enhancing transparency and facilitating
informed decision-making.

Iterate to get best model
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Fig 1: Methodology adopted in the study

4, Results and Discussion

The results obtained from the proposed ensemble classifier
(shown in fig 2) exhibit a level of performance that is not
only statistically significant but also practically relevant for
credit risk forecasting. Through meticulous evaluation and
comparison with both individual base classifiers and other
ensemble models, the proposed ensemble classifier has
consistently outperformed its counterparts across a
comprehensive array of evaluation metrics. Notably, its
precision, recall, Fl-score, and accuracy metrics have
surpassed those of competing models, indicating its
exceptional ability to provide accurate predictions while
effectively capturing the true positive instances within the

dataset. Precision, which measures the ratio of correctly
predicted positive instances to the total predicted positive
instances, highlights the classifier's capacity to minimize
false positives, thus ensuring that the predicted default
events are highly reliable. On the other hand, recall, also
known as sensitivity, emphasizes the classifier's ability

to identify as many true positive instances as possible
among all actual positive instances in the dataset. Achieving
a high recall rate is crucial in credit risk assessment as it
mitigates the risk of overlooking potential defaults, thereby
enhancing the robustness of the model's predictions.
Furthermore, the F1-score, which is the harmonic mean of
precision and recall, provides a balanced measure of the
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classifier's overall performance, reflecting its ability to
achieve both high precision and recall simultaneously.
Lastly, accuracy, which quantifies the proportion of
correctly classified instances among all instances in the
dataset, reaffirms the classifier's overall effectiveness in
making accurate predictions across the entire dataset. By
consistently outperforming alternative models in these key

Proposed Algorithm
LGBM Classifier
XGBOOST Classifier
RF Classifier

Extra Trees Classifier
LR

Gaussian NB

75.00% 80.00%

B Accuracy M Fl-score

85.00%

metrics, the proposed ensemble classifier demonstrates its
superiority and reliability in credit risk prediction tasks. Its
exceptional performance underscores its potential as a
valuable tool for financial institutions seeking to make well-
informed lending decisions, effectively manage credit risks,
and maintain the stability and integrity of their operations in
today's dynamic and competitive financial landscape.

90.00% 95.00% 100.00% 105.00%

W Recall ® Precision

Fig 2: Performance of proposed ensemble classifier

The results of the dependency-driven explainable model (as
shown in fig 3) highlight several key factors associated with
credit risk. Firstly, a higher outstanding loan amount is
linked to increased risk, suggesting that borrowers with
larger financial commitments in the past may be perceived
as riskier. Similarly, completing multiple loan cycles
indicates increased risk, potentially signaling that frequent
borrowing and repayment may not align with the model's
risk tolerance. Additionally, higher debt-to-income ratios
and expenses relative to income contribute to increased risk,
indicating financial vulnerability among borrowers. Factors
such as higher loan-to-income ratios, longer loan periods,

1
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and higher interest rates are also associated with increased
risk, reflecting concerns about borrowers' repayment
capabilities. Conversely, having more guarantors is linked
to decreased risk, suggesting that multiple guarantors may
enhance creditworthiness. The presence of pension and
recurring deposit accounts is viewed favorably, potentially
mitigating risk. Higher per capita income is also associated
with decreased risk, indicating that borrowers with higher
incomes exhibit more favorable financial behaviors. These
findings provide valuable insights into the factors
influencing credit risk assessment and can inform lending
decisions to mitigate risk effectively.
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Fig 3: Explanation generated for the ensemble classifier

5. Conclusion

The comprehensive exploration and analysis conducted in

this research paper shed light on the efficacy and
interpretability of interpretive ensemble frameworks for
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credit default risk forecasting. Through a meticulous review
and empirical evaluation, the proposed ensemble classifier
has emerged as a standout solution, surpassing both
individual base classifiers and alternative ensemble models
across various evaluation metrics. Noteworthy is its
exceptional precision, recall, Fl-score, and accuracy,
underscoring its capability to provide accurate predictions
while effectively capturing positive instances within the
dataset. The adoption of a multistage ensemble framework
augmented with dependency-driven explainable techniques
has further enhanced the interpretability of the model,
addressing the inherent complexity often associated with
ensemble models. This enhanced interpretability is crucial
for fostering trust and understanding among stakeholders,
particularly in high-stakes domains such as credit risk
assessment.

The results obtained from the proposed ensemble classifier
and the dependency-driven explainable model have
unveiled key factors associated with credit risk, providing
valuable insights for financial stakeholders. Factors such as
outstanding loan amount, loan cycles, debt-to-income ratios,
and expenses relative to income were found to contribute to
increased risk, reflecting borrowers' financial vulnerability
and repayment capabilities. Conversely, the presence of
multiple guarantors, pension and recurring deposit accounts,
and higher per capita income were associated with
decreased risk, indicating positive factors for
creditworthiness. Overall, the findings presented in this
research paper have significant implications for credit risk
management within financial institutions. By leveraging
interpretive  ensemble  frameworks and advanced
explainable techniques, financial stakeholders can make
more informed lending decisions, effectively manage credit
risks, and maintain the stability and integrity of their
operations in today's dynamic financial landscape. The
insights gleaned from this study pave the way for future
research and innovation in the field of credit risk
forecasting, with the ultimate goal of fostering greater
stability and resilience within financial systems.
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