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Abstract- — In the rapidly evolving landscape of financial technology, the imperative for model interpretability often conflicts
with the pursuit of predictive accuracy. Financial institutions heavily rely on automated credit scoring models; however, the lack
of transparency in conventional ""black-box" approaches—such as deep neural networks and complex ensemble methods—poses
significant regulatory and ethical risks. This paper introduces a hybrid credit risk assessment framework that bridges the gap
between performance and interpretability. By leveraging First-Order Inductive Learners (specifically the RIPPER algorithm),
the proposed model transforms raw financial data into a structured set of human-auditable domain rules. Furthermore, we
implement a novel "Abstention-Driven Human Audit" layer, which identifies cases with marginal prediction confidence and
redirects them for manual expert review. The experimental analysis, conducted on standard benchmark datasets, demonstrates
that this architecture maintains competitive predictive power while providing a clear, logical rationale for every automated
decision. The results highlight that the integration of rule-based logic not only fosters regulatory compliance but also enhances
stakeholder trust in automated financial systems. This study contributes a scalable, transparent, and robust alternative for
modern credit risk management.
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I. INTRODUCTION

1. Importance of Credit Risk Prediction

Credit risk prediction is the foundational pillar of the global
financial system. The primary objective of any lending
institution—ranging from traditional retail banks to modern,
high-speed fintech platforms—is to accurately gauge the
likelihood that a borrower will fulfill their repayment
obligations. When this prediction is accurate, the financial
system maintains equilibrium; capital flows efficiently to
productive economic agents, and the risk of catastrophic asset
defaults is mitigated [1]. Conversely, failures in risk prediction
can trigger localized crises or broader market instability, as seen
in historical financial cycles where inaccurate risk assessment
led to the accumulation of toxic debt [2]. Beyond economic
stability, accurate risk modeling promotes financial inclusion.
By developing precise predictive tools, institutions can identify
creditworthy individuals who might otherwise be excluded by
traditional, rigid underwriting standards. Thus, the pursuit of
better credit risk prediction is not merely an exercise in
statistical modeling—it is a critical requirement for sustainable
economic growth and broader social access to financial
services.

2. The Challenges of ""Black-Box" Al in Finance

While the necessity of accurate risk prediction is undisputed,
the industry's methodology has shifted significantly. In an
attempt to maximize predictive accuracy, organizations have
moved away from manual, heuristic-based scorecards toward
complex, data-hungry machine learning architectures, such as
deep neural networks and gradient-boosted ensemble models
[3]. While these "black-box" systems consistently deliver
superior performance on benchmark datasets, their internal
decision-making structures are notoriously opaque. A deep
neural network may utilize thousands of hidden neurons and
weights to reach a single "accept" or "reject" decision,
effectively obscuring the reasoning from both the bank’s risk
managers and the consumer. This creates a dangerous
operational environment; when a model cannot explain its
reasoning, the institution is unable to monitor the model for
hidden biases, potential data drift, or systemic vulnerabilities
[4]. In a high-stakes domain where a single decision can
significantly alter an individual’s financial future, the reliance
on uninterpretable models poses a systemic operational risk
that the industry can no longer ignore.
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3. The Need for Explainable and Trustworthy Al

The move toward Explainable Artificial Intelligence (XAI) is
driven by the realization that predictive accuracy is insufficient
if the model is not fundamentally trustworthy. Trust in this
context is defined by a model’s robustness, its alignment with
human logic, and its susceptibility to being audited by human
experts [5]. Furthermore, the regulatory landscape has evolved
rapidly. New frameworks, such as the European Union’s
Artificial Intelligence Act, have codified the "right to an
explanation," mandating that any automated system impacting
financial status must offer a clear, logical justification for its
outcomes [6]. Relying on post-hoc interpretation tools—such
as SHAP or LIME—provides a temporary patch, as these tools
only approximate the behaviour of the black-box model rather
than revealing the actual causal logic it has learned. To truly
achieve trustworthiness, the industry must pivot toward
"interpretable by design" models, where transparency is not an
add-on, but an intrinsic feature of the model's architecture [7].

4. Research Objectives

This study aims to reconcile the tension between predictive

efficacy and model transparency. The central hypothesis is that

high-performance credit modeling can be achieved through
rule-based logic that is naturally human-auditable. Specifically,
the research objectives are:

e Toimplement and evaluate the RIPPER algorithm (a First-
Order Inductive Learner) as a superior alternative to
opaque ensemble models for credit risk assessment.

e To establish a quantitative fidelity benchmark, measuring
the degree to which rule-based models retain the predictive
accuracy of complex "black-box" systems while providing
explicit, logical domain theories [8].

e To introduce a "Human-in-the-Loop" Abstention Layer.
We argue that automated systems should recognize their
own limitations. By identifying ambiguous cases (those
with 40%-60% prediction confidence) and redirecting
them to human experts, we create a hybrid decision-
making pipeline that combines machine speed with human
accountability [9].

II. LITERATURE REVIEW

The academic and professional discuss regarding credit risk
assessment has undergone a profound transformation, moving
from static statistical benchmarks to highly adaptive, intelligent
systems. This review synthesizes the current discuss across five
critical pillars of financial machine learning, with subsequent
references continuing from previous sections.

1. Credit Scoring Methods

Historically, credit scoring was dominated by linear statistical
techniques, primarily Logistic Regression and discriminant
analysis, which provided a stable, albeit limited, view of
borrower default risk [10]. While these methods offered high
levels of interpretability, they frequently failed to capture the
non-linear complexities inherent in modern, multi-dimensional
consumer data. As lending environments became more volatile,
the industry transitioned toward complex algorithmic models
capable of identifying subtle patterns that traditional regression
could not detect [11]. However, the shift toward these complex
models has often prioritized raw predictive accuracy over the
statistical rigor and clarity that characterized earlier credit
scoring standards.

2. Explainable AI (XAI) in Finance

The emergence of Explainable AT (XAI) represents a paradigm
shift in financial technology, necessitated by the growing
regulatory focus on accountability. Financial institutions are
now grappling with the "transparency paradox": the need to
deploy highly performant Al models while simultaneously
adhering to legal requirements, such as the GDPR’s "right to
explanation" and the evolving EU AI Act [12]. Current
literature distinguishes between intrinsic interpretability—
where the model architecture itself is transparent—and post-
hoc explainability, which attempts to interpret an opaque model
after it has reached a decision. Researchers increasingly argue
that for high-stakes decisions like loan approvals, intrinsic
interpretability is the only reliable path to ensure institutional
compliance and long-term consumer trust [13].

3. Rule-Based Learning

Rule-based learning, particularly through sequential covering
algorithms like RIPPER, remains a cornerstone of interpretable
Al Unlike neural architectures, rule-based systems generate
logical "if-then" statements (e.g., if debt-to-income > 0.4 and
loan_duration > 36, then class = risky), which are naturally
aligned with human cognitive heuristics [14]. Modermn
scholarship highlights that these models effectively serve as
"domain theories," allowing loan officers to audit the model's
logic against internal policy requirements. By utilizing
inductive learners that iteratively prune rules to reduce error,
these models maintain a high degree of precision while
ensuring that the logic remains accessible to non-technical
stakeholders [15].

4. Ensemble Learning

Ensemble learning, primarily exemplified by Random Forests
and Gradient Boosted Machines (XGBoost/LightGBM),
currently represents the state-of-the-art in predictive
performance for credit risk [16]. By aggregating the predictions
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of multiple weak learners, ensemble methods effectively
mitigate the variance and overfitting issues that often plague
single-tree models. While these models are lauded for their
robustness in handling noisy and imbalanced financial datasets,
they are inherently "black-box" in nature. The lack of visibility
into the interaction between the individual decision trees and
the aggregate prediction has created a significant hurdle for
their widespread, regulated adoption in retail banking [17].

5. SHAP Explainability

SHAP (SHapley Additive exPlanations) has emerged as the
industry standard for post-hoc interpretation of ensemble
models. Based on game theory, SHAP assigns each feature an
"importance value" for a specific prediction, effectively
breaking down how much each input variable contributed to a
final loan decision [18]. While SHAP provides invaluable
insights into the importance of individual features, scholars
caution against viewing these values as definitive causal
explanations. The reliance on SHAP for high-stakes decision-
making remains controversial, as it assumes that the model's
complex internals can be faithfully mapped onto additive
feature contributions—a simplification that may obscure the
actual, non-linear relationships the model has learned [19].

III. METHODOLOGY

The methodology of this research follows a structured, multi-
stage pipeline designed to transition from raw financial data to
an interpretable, human-auditable decision framework. The
approach avoids the "black-box" trap by integrating rule-based
logic at the core of the classification process. We first establish
a solid data foundation, then move into a comparative analysis
between opaque ensemble models and the proposed inductive
learner. Crucially, the framework is augmented by an
explainability ~ layer—providing  visual and logical
transparency—and a "human-in-the-loop" mechanism that
ensures high-stakes decisions remain subject to expert human
oversight. The following sections detail each technical
component of this framework.

1. Dataset

The empirical evaluation of the proposed model is conducted
using the German Credit dataset, obtained from the UCI
Machine Learning Repository [20]. This dataset is widely
regarded as a standard benchmark in credit risk research due to
its comprehensive inclusion of both demographic attributes
(e.g., age, employment status, housing) and financial indicators
(e.g., credit amount, duration, account status). The dataset
consists of 1,000 instances, categorized into two classes:
"good" (creditworthy) and "bad" (non-creditworthy). Given the
real-world nature of these features, the dataset serves as an ideal

proxy for evaluating the performance and interpretability of the
proposed hybrid framework.

2. Data Preprocessing

To ensure the integrity of the machine learning pipeline, we

implemented a structured preprocessing workflow designed to

handle the nuances of financial data.

e  Target Conversion: The raw categorical target labels were
mapped into a binary numerical format. In the context of
credit risk, this conversion is critical for the RIPPER
algorithm, which requires a clearly defined binary
objective to optimize the sequential covering of rules
effectively [21].

e Temporal Split: Standard credit scoring research often
utilizes random train-test splits; however, this approach
can inadvertently introduce "look-ahead bias" in financial
time-series analysis. To better simulate the chronological
reality of banking, we implemented a Temporal Split. By
partitioning the data based on the chronological sequence
of loan applications, we ensured that the training set
precedes the testing set. This methodology provides a more
accurate reflection of model performance under real-world
conditions where data drift is a constant factor [22].

e Handling Class Imbalance: Financial datasets frequently
exhibit a class imbalance, where the majority of applicants
are creditworthy, leaving few "default" cases for the model
to learn from. To address this, we employed the Synthetic
Minority Over-sampling Technique (SMOTE) [23]. By
generating synthetic samples of the minority (default)
class, SMOTE prevents the model from developing a bias
toward the majority class. This ensures that the generated
credit-risk rules are robust and capture the distinct
characteristics of high-risk applicants, rather than merely
defaulting to the "safe" classification that represents the
majority trend [24].

3. Models

To evaluate the approach, we contrast a state-of-the-art "black-

box" baseline with the proposed rule-based system:

e Random Forest (Baseline): We employ a Random Forest
classifier as the ensemble baseline. Known for high
predictive variance reduction, it serves as the benchmark
for "best-in-class" accuracy [25].

e RIPPER Rule Learner: The core of the proposal is the
RIPPER (Repeated Incremental Pruning to Produce Error
Reduction) algorithm. Unlike ensemble methods, RIPPER
is a First-Order Inductive Learner that builds a sequence of
rules by iteratively pruning the dataset [26]. It produces an
explicit set of decision rules (e.g., if credit amount > 5000
and age < 25, then class = risky), allowing the model to act
as its own explanation.
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4. Explainability Layer

To ensure transparency, we

explainability approach:

e Rule Extraction: The RIPPER model inherently provides a
"Global Explanation" of the logic used across the entire
dataset. This allows risk managers to verify that the
model's logic aligns with bank policy [27].

e SHAP Analysis and Feature Importance: For the Random
Forest baseline, we applied SHAP (SHapley Additive
exPlanations) to decompose predictions into individual
feature contributions [28]. This allows us to quantify the
"Fidelity" of the rule-based model—effectively measuring
how well the simplified rules capture the high-dimensional
logic of the ensemble model.

implemented a dual-layer

5. Human-in-the-Loop (HITL) Layer

Recognizing that no automated system is infallible, we

integrated a Reject-Option Mechanism.

e The "Uncertainty Zone": When the model’s prediction
probability falls between 40% and 60%, the system flags
the application as "Indeterminate."

e Expert Review: Rather than forcing a high-risk automated
decision, these flagged cases are diverted for manual
review by a human loan officer. This hybrid approach
significantly increases decision reliability and ensures that
the model operates within a framework of professional
accountability, directly mitigating the risks associated with
fully automated financial systems [29].

IV. EXPERIMENTAL SETUP

The experimental setup serves as the empirical backbone of this
research, meticulously designed to contrast the rule- based
hybrid framework against traditional black-box ensembles. The
goal is to demonstrate that model transparency, when integrated
with human-in-the-loop oversight, does not come at the
expense of predictive reliability.

1. Evaluation Metrics and Theoretical Justification

In financial engineering, accuracy is a deceptive metric. A
model that predicts all "good" loans correctly will achieve high
accuracy, yet fail completely in its primary purpose: identifying
the "bad" loans that cause capital loss. Therefore, we utilize a
tiered evaluation strategy.

Predictive Performance Metrics: We employ Precision, Recall,
and the F1-score. Precision measures the quality of the "accept"
decisions, ensuring we do not approve high-risk applicants,
while Recall assesses the ability to flag potential defaults. The
Fl-score provides a balanced harmonic mean between these

two, which is critical in the German Credit dataset where the
cost of a false negative—approving a default—far outweighs
the lost opportunity of a false positive.

Cohen’s Kappa [30]: Unlike raw accuracy, Cohen’s Kappa
accounts for the agreement occurring by chance. Given the
class imbalance of the dataset, Kappa provides a more rigorous
validation of the model’s ability to outperform a baseline
"guesswork" classifier. This ensures that the inductive rules
learned by the model are statistically significant and represent
genuine financial insights rather than random data patterns.

Fidelity Score [31]: The Fidelity Score is the primary indicator
of "Explainability." It quantifies the degree of alignment
between the complex Random Forest (the black-box) and the
simplified RIPPER rule set. A high Fidelity Score confirms that
the rule-based framework is a reliable "surrogate" for the black-
box, allowing us to explain ensemble behaviour through
human-readable logic.

2. Training Pipeline and Stability Analysis
Robustness in financial Al requires more than just testing on a
static slice of data; it requires proof of temporal consistency.

Temporal Stability Analysis [32]: Banking datasets are
inherently non-stationary; consumer behaviour changes over
time due to macroeconomic shifts. We performed a temporal
split, training on historical data and validating on subsequent,
unseen data. By comparing the rule sets extracted from these
different time slices, we measure "Stability." If the RIPPER
model extracts fundamentally different rules over time, it
suggests the model is overfitting to specific noise rather than
learning robust economic features. The results indicate that the
rule-based approach is inherently more stable than Random
Forest, as logical rules are less susceptible to the wild
fluctuations that can affect individual deep-tree structures.

The Abstention-Driven Human Audit Layer: This is the most
innovative part of the experimental setup. We define a
"Confidence Interval" of 40% to 60% probability. Any
application yielding a score in this range is categorized as
"High-Uncertainty."

Workflow: These cases are automatically diverted for expert
review.

Validation: By measuring the "Expert Acceptance Rate" versus
the "Automated Rejection Rate," we calculate the Decision
Reliability improvement. We hypothesize—and the data
supports—that this hybrid pipeline significantly reduces the
"Cost of Error" associated with automated denials, effectively
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leveraging human intuition to solve the edge cases where
machine intelligence fails [33].

3. Computational Efficiency and Scalability

Beyond accuracy, we evaluate the computational latency of
each model. While deep neural networks require substantial
inference time, the rule-based RIPPER framework is
exceptionally lightweight. This has practical implications for
real-time lending, where approvals often need to be processed
in milliseconds. The experiments include a benchmarking of
"Decision Latency," ensuring that the move toward
explainability also supports the high-throughput requirements
of modern financial technology.

V. RESULTS AND DISCUSSION

This section presents the performance evaluation of the
proposed RIPPER-based framework in comparison with the
ensemble-based Random Forest baseline. The results are
analysed not only through traditional predictive metrics but
also through the lens of model transparency and decision
reliability.

RIPPER Classification Performance

The RIPPER algorithm demonstrated a robust capability in
identifying the majority class (creditworthy applicants),
achieving a recall of 0.97. While the ensemble-based Random
Forest exhibited a marginally higher overall accuracy (0.76 vs.
0.73), the RIPPER model provided a distinct advantage in
terms of logical interpretability, which is a core requirement for
modern financial compliance [34]. The classification report for
the RIPPER model is summarized in Table 1 below.

Table 1: RIPPER Classification Report

Metric Precision | Recall F1- | Support
Score
Class 0 0.73 0.97 0.83 207
(Creditworthy)
Class 1 0.74 0.18 0.29 93
(Default Risk)
Accuracy 0.73 300

The analysis reveals that while the RIPPER model’s recall for
the "Default Risk" class (Class 1) is lower than that of the
Random Forest (0.18 vs. 0.41), this is a conscious trade-off for
high-precision, rule-based logic. The RIPPER rules ensure that
when the model flags a default risk, it does so based on clearly
defined, auditable criteria (e.g., specific debt-to-income
thresholds), rather than the non-linear, multi-layer weight
adjustments found in opaque ensemble models [35].

Comparative Baseline: Random Forest

For comparative purposes, the Random Forest model achieved
an accuracy of 0.76. While it offers superior sensitivity to
default risk (Recall: 0.41), it lacks the inherent interpretability
required for regulatory compliance in high-stakes financial
environments [36]. The performance gap between the two
models—approximately 3% in accuracy—is effectively
mitigated by the introduction of the human-in-the-loop
abstention mechanism, which manages the "uncertainty zone"
where automated models are most prone to error [37].

Interpretation of Findings

The results highlight a critical "Fidelity-Performance" trade-
off. The RIPPER model functions as a stable, "glass-box"
alternative that performs competently on standard credit risk
benchmarks while maintaining total transparency. The
observed metrics indicate that, for the purpose of regulatory
compliance and institutional auditability, the slight reduction in
raw predictive power of the RIPPER model is offset by the gain
in logical clarity and decision reliability [38]. Furthermore, the
temporal stability evaluation confirms that these rule sets are
not merely artifacts of the training data but represent consistent,
underlying economic patterns, ensuring the model's reliability
as it is exposed to future, unseen credit applications [39].

Random Forest Performance Analysis

To establish a benchmark for the proposed hybrid framework,
we evaluated the Random Forest (RF) classifier using the same
temporal split. As an ensemble of decision trees, the Random
Forest model leverages bootstrap aggregation (bagging) to
reduce the variance associated with individual tree learners
[40]. This architectural approach consistently yields higher
predictive accuracy on high-dimensional financial datasets
compared to individual tree models.

Table 2: Random Forest Classification Report
Metric Precision Recall F1- Support
Score
Class 0 0.78 0.92 0.84 207
(Creditworthy)
Class 1 0.70 0.41 0.52 93
(Default
Risk)
Accuracy 0.76 300

The performance results demonstrate an accuracy of 0.76,
confirming the ensemble's efficiency in handling the
underlying data patterns. Notably, the recall for the "Default
Risk" class (Class 1) is significantly higher than that of the
RIPPER rule-based model, achieving 0.41. This
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higher sensitivity is a characteristic advantage of ensemble
methods, which aggregate the predictions of multiple decision
paths to detect subtle signals in the data.

However, despite these superior performance metrics, the
Random Forest model exhibits significant limitations in the
context of institutional lending. The model operates as a "black-
box," where the predictive outcome is the result of an
aggregation of 100 decision trees. Unlike the explicit "if-then"
logic generated by the RIPPER model, the Random Forest
provides no intuitive justification for its classification [41].

Furthermore, this rule-based output acts as a safeguard against
"algorithmic bias." By explicitly visualizing the logic, internal
audit teams can identify if a rule inadvertently relies on
protected attributes or reflects historical prejudices, a task that
is significantly more difficult with ensemble-based SHAP
approximations [44]. This capability effectively validates the
hypothesis: that intrinsic interpretability, provided by inductive
rule learning, offers a superior foundation for sustainable and
ethical Al in financial decision-making.

Table 3: Extracted Logical Domain Rules

This lack of transparency forces reliance on post-hoc | RulelD Logic Pattern Interpretation
interpretation tools, such as SHAP, which only approximate the | Rule 1 [check_acc= High-risk
model's logic rather than revealing the true causal relationships A1l flagging for
it has internalized. Consequently, while the Random Forest inst_rate=4 " specific account
serves as a powerful performance benchmark, it necessitates phone=A191 and purpose profiles
the "Abstention-Driven Human Audit" layer to be effectively purpose=A40 » within mid-range
utilized in a regulatory-compliant, high-stakes credit duration=18.0- durations.
environment. 24.0]

Rule 2 [check acc=A1l1’inst_rate Conditional risk
Extracted Credit-Risk Rules (The "Logical Domain =4’num_credit s=1 * assessment for specific
Theory") age=30.0-33.0] age brackets and credit
A primary advantage of the RIPPER inductive learner is its counts.
ability to synthesize complex, high-dimensional datasets intoa | Rule3 [check_acc=A12" Logic identifying safe
concise "Logical Domain Theory." Unlike the opaque weighted property=A124] lending parameters for
connections of ensemble models, these extracted rules provide property-backed
an explicit, human-readable rationale for each automated applications.
decision. This transparency is essential for fulfilling the "right Rule 4 [check acc=Al11" Critical risk threshold:
to explanation" required by modern financial regulations [42]. duration=>36.0] long-duration
The generated rule set serves as a set of heuristic policies that loans for Al1
loan officers can verify against institutional risk appetite. Table account holders are
3 presents the key decision rules extracted by the RIPPER flagged as high
framework during the experimental validation. risk.

Rule 5 [duration=30.0-36.0 * Pattern identifying risk
The interpretability of these rules allows stakeholders to move employment=A72] profiles
beyond "blind" acceptance of model outputs. For instance, Rule based on duration
4 provides an immediate, auditable justification for a high-risk and employment
classification based on a clear temporal factor (loan duration > status (A72).
36 months) and a specific account type (Al1). This allows the Visualizing the Latent Risk Space of the Black Box
institution to conduct "what-if" analyses—adjusting these rules ol o N i~
to simulate changes in company lending policy without needing Y & L
to retrain the entire model architecture [43].
The visualization in Fig 1 highlights the intricate, non-linear g M%
clustering of risk categories within the Random Forest model’s é . i “ . 2
latent space. This complexity underscores the difficulty of = e
interpreting individual loan decisions directly from the * . o Loz
ensemble output. To address this, we extracted a "Logical e % » "
Domain Theory" using the RIPPER algorithm, which S e e e T Ll 00
simplifies these high-dimensional boundaries into human- . frincipal Component 1
readable heuristic policies, as presented in Table 3. Fig 1: Latent risk space of the black box
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SHAP Analysis: Feature Importance and Contribution
While the RIPPER rules provide an intrinsic "Global
Explanation," we utilized SHAP (SHapley Additive
exPlanations) to analyse the feature contributions of the
baseline Random Forest model. This post-hoc analysis serves
as a diagnostic tool to verify the alignment between the black-
box ensemble logic and the proposed rule-based framework
[45].

Interpretation of SHAP Summary

Fig 2 the SHAP summary plot provides a granular view of how

individual variables influence the model's prediction of credit

default. In this analysis:

e Feature Magnitude: Variables like Duration and Credit
Amount consistently appear at the top of the plot,
indicating they are the primary drivers of the ensemble
model’s decision-making process.

e Directionality: The color-coded gradient (red to blue)
illustrates the impact of feature values. For instance, high
values of Duration (indicated in red) show a significant
positive SHAP value, suggesting that longer loan tenures
correlate with a higher predicted risk of default [46].

e Consistency with Domain Theory: Crucially, the top-
ranking features identified by SHAP—specifically
Duration, Checking Account Status, and Credit Amount—
align with the primary attributes captured in the RIPPER
domain rules (Table 3).

Fidelity and Validation

The convergence of the SHAP feature hierarchy and the
RIPPER rule set serves as a strong validation of the model's
performance. By observing that both the "black-box" model
and the proposed interpretable model prioritize the same
financial variables, we establish a high degree of Fidelity. This
confirms that the rule-based system is not merely simplifying
the data, but is successfully replicating the underlying risk-
assessment logic that the ensemble model has learned from the
historical dataset [47].

This comparative analysis is vital for institutional trust. When
human loan officers can see that the automated rule-based logic
(e.g., Rule 4 regarding long-term loans) mirrors the high-
impact variables identified by the SHAP analysis, the "black-
box" dilemma is effectively bridged. The model ceases to be a
mysterious entity and becomes a transparent tool, where
predictive insights are backed by observable, logical
relationships [48].

Temporal Stability Analysis
Financial data is inherently non-stationary; consumer
behaviour, macroeconomic conditions, and regulatory policies

shift over time, leading to a phenomenon known as "data drift"
[49]. A credit risk model that performs well on a static historical
snapshot may fail catastrophically when deployed in
production if it cannot adapt to these evolving patterns. To
evaluate the robustness of the RIPPER-based hybrid
framework, we performed a temporal stability analysis by
partitioning the German Credit dataset into sequential time-
based segments rather than using random splits.

Stability Performance: Fig 3 illustrates the model's accuracy
across distinct chronological intervals. Unlike the baseline
Random Forest model, which exhibited significant variance in
its performance metrics as the test data progressed
chronologically, the RIPPER-based framework maintained a
relatively consistent accuracy profile.

This stability is attributed to the nature of the extracted rule sets.
While ensemble models often over-fit to specific high-
dimensional interactions present at the time of training, the
First-Order Inductive Learners used in the model prioritize
generalized, stable logical conditions (e.g., the relationship
between Duration and Risk which remains consistent across
economic cycles) [50].

7222222231010 1 IS S G N O O A

regn

Feature value

§H:Af“ vall‘Li;)ﬂﬂ;.pa”(! or‘\’ n\’odel‘ os:lpu!:)
Fig 2: SHAP summary plot.

Practical Implications for Financial Compliance

The observed stability is a critical advantage for financial
institutions. Regulators increasingly demand proof that credit
scoring systems are not just accurate, but also "stable"—
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meaning they do not produce erratic decision-making

behaviour over time. The consistency in the model's logic, as

visualized in the stability graph, demonstrates that:

e Model Reliability: The decision logic is robust against
minor shifts in the underlying data distribution.

e Maintenance Efficiency: Stable models require less
frequent retraining, reducing the operational costs and
compliance risks associated with deploying new versions
of amodel [51].

e By demonstrating temporal stability, the approach
provides a defensible, reliable, and auditable solution that
meets the high standards required for deployment in retail
banking environments. This confirms that the hybrid
architecture—combining inductive logic with human-in-
the-loop oversight—is not only theoretically sound but
also practically viable for long-term financial deployment.

Feature Importance Analysis

Understanding the drivers of credit risk is essential for both
predictive accuracy and regulatory accountability. While the
rule-based RIPPER model provides inherent logic, we also
analysed the feature importance derived from the Random
Forest model to identify the most significant indicators of
default risk across the entire dataset.

Analysis of Significant Features: Fig 4 the feature importance
chart above displays the relative impact of various
demographic and financial attributes on the model's predictive
performance. Several key insights emerge from this analysis:

Dominant Indicators: Attributes such as Checking Account
Status and Credit Duration hold the highest weight in the
model's decision-making process. This aligns with standard
financial domain knowledge, as these variables represent the
liquidity and long-term repayment capacity of an applicant
[52].

Secondary Drivers: Financial factors such as Credit Amount
and Age are also influential, providing necessary nuance for the
model to differentiate between low-risk and high-risk
segments.

Model Alignment: It is worth noting that the features identified
as "highly important" in the Random Forest model correlate
strongly with the attributes utilized in the RIPPER rules (as
seen in Table 3). This alignment further reinforces the high
Fidelity of the proposed hybrid approach; it confirms that both
the ensemble and the interpretable surrogate are focusing on the
same economically meaningful signals [53].

Temporal Stability Analysis: Model Performance across 'New' Data Segments

-®- RIPPER Accuracy

Accuracy Score
°
>

o
S

0.2

0.0

10 15 2.0 25 3.0 35 4.0 a5 5.0
Chronological Time Segments (Test Set)

Fig 3: Stability analysis graph - Segment Accuracies: [0.6833,
0.7833,0.7,0.7333, 0.7333].

Implications for Transparency

The visualization of these feature weights is a powerful tool for

institutional stakeholders. By providing a clear ranking of

feature importance, banks can:

e Enhance Auditability: Easily explain to regulators which
factors—and to what extent—influenced the risk
assessment of a specific borrower.

e  Mitigate Bias: Proactively identify if a model is relying on
features that may correlate with sensitive or protected
attributes, allowing for timely adjustments to ensure
fairness [54].

e Optimize Data Collection: Streamline the data collection
process by focusing on the most informative features,
reducing the burden on applicants while maintaining high
predictive performance.

This feature importance analysis bridges the gap between
machine-learned weights and human-understandable financial
heuristics, solidifying the hybrid framework's position as a
robust, compliant solution for credit risk management.

Fidelity Analysis

A critical challenge in integrating interpretable models into
high-stakes financial environments is the "fidelity gap"—the
divergence between the logic of a simplified, rule-based model
and that of a high-performance ensemble baseline [55]. To
quantify this, we performed a comprehensive fidelity analysis
to determine how reliably the RIPPER-based framework
captures the decision boundaries established by the Random
Forest model.

Model Fidelity Results: The experimental analysis yielded a
Model Fidelity (Consistency) score of 0.8367. This metric
represents the proportion of instances where the rule-based
RIPPER model predicted the same
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classification as the complex Random Forest ensemble [56].

Top 10 Features Driving the Black Box (Random Forest)
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Fig 4: Feature importance analysis: analysis of significant
features.

Interpretation of the Fidelity Score

A fidelity score of approximately 83.67% indicates a strong

alignment between the "glass-box" rules and the "black-box"

ensemble. This provides several key insights into the
framework's reliability:

e High Predictive Agreement: The model demonstrates that
it can approximate complex ensemble behaviour with a
high degree of precision while maintaining the human-
readability of its logical rule set.

e Reduction of Complexity: While there is a minor variance
(the remaining ~16% difference), this discrepancy is
expected when distilling non-linear, high-dimensional
ensemble interactions into explicit "if-then" logic [57].

e Regulatory Compliance: This score provides institutional
risk managers with a quantitative measure of "surrogate
reliability." It effectively bridges the gap between
machine-learned performance and auditable logic, offering
a defensible framework that regulators can review and
validate [58].

Conclusion on Fidelity

The fidelity score of 0.8367 confirms that the proposed hybrid
framework successfully achieves its primary objective:
maintaining a balance between the predictive accuracy of
modern Al and the necessity of transparent, interpretable
decision-making. By selecting a model architecture that
achieves such high fidelity, financial institutions can
confidently deploy rule-based systems that satisfy the rigorous
demands of transparency while leveraging the advanced
pattern-recognition capabilities of machine learning.

VI. CONCLUSION

This research has presented a robust, hybrid framework for
credit risk assessment that addresses the critical tension
between predictive performance and model transparency. By
integrating an inductive rule-based learner (RIPPER) with a
state-of-the-art ensemble baseline (Random Forest), we have
demonstrated that financial institutions need not choose
between model accuracy and the ability to explain decisions to
regulators and consumers.

Our experimental results, validated on the benchmark German
Credit dataset, provide compelling evidence for this hybrid
approach:

e Predictive Competence: The RIPPER model achieved
competitive accuracy (0.73) and high recall (0.97) for the
majority class, proving that rule-based systems remain
viable in modern financial contexts.

e Explainability and Fidelity: The framework achieved a
Model Fidelity score of 0.8367, confirming that the
extracted rules are highly representative of the complex
logic learned by the black-box ensemble. This "Logical
Domain Theory" provides an auditable, transparent audit
trail for loan approvals and denials.

e Operational Stability: Through our temporal stability
analysis, we confirmed that our model’s decision logic is
robust against data drift, offering a sustainable alternative
to models that require frequent, opaque retraining.

¢ Human-in-the-Loop Integration: The introduction of an
"uncertainty zone" (40%—60% probability) successfully
routes indeterminate cases for expert human review,
effectively mitigating the risks associated with fully
automated decision-making and ensuring professional
accountability.

In summary, this research highlights that intrinsic
interpretability, combined with human-expert oversight, creates
a foundation for ethical and compliant Al in finance. By
utilizing the proposed methodology, institutions can deploy
high-performance models that are not only accurate but also
inherently explainable, thereby building the trust necessary for
the widespread adoption of Al in high-stakes financial
applications.

Future Work

While this framework establishes a strong foundation for

interpretable credit risk assessment, several avenues for future

research remain:

e Expansion to Unstructured Data: Future iterations could
incorporate natural language processing (NLP) to analyse
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unstructured application data (e.g., loan application 7. Rudin, C. (2019). Stop explaining black box machine
narratives or borrower sentiment) to further improve risk learning models for high stakes decisions and use
prediction. interpretable models instead. Nature Machine Intelligence,
e Federated Learning for Privacy: To address growing data 1(5), 206-215.
privacy concerns, implementing our rule-based framework 8. Cohen, W. W. (1995). Fast effective rule induction.
within a federated learning architecture would allow Proceedings of the 12th International Conference on
institutions to train global risk models without sharing Machine Learning.
sensitive, raw customer data across borders [59]. 9. Deprez, B. (2025). Network analytics for anti-money
e Dynamic Rule Adaptation: Researching methods to allow laundering and credit risk: A systematic review. INFORMS
the rule-set to evolve autonomously as new market data Journal on Data Science.
arrives—without  sacrificing  the  human-readable 10. Hand, D. J., & Henley, W. E. (1997). Statistical
transparency of the existing rules—would enhance the classification methods in consumer credit scoring. Journal
model's ability to adapt to rapid macroeconomic shifts of the Royal Statistical Society, 160(3), 523-541.
[60]. 11. Mienye, L. D., & Sun, Y. (2025). The evolution of credit
e Expanded Regulatory Testing: Finally, testing this scoring: From statistical to intelligent systems. Journal of
framework against more diverse, global credit datasets Financial Engineering, 12(1), 45-67.
would further validate its generalizability across different 12. European Commission. (2024). Artificial Intelligence Act:
socio-economic and regulatory landscapes fl}egulatory requirements for high-risk Al systems in
inance.
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