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Abstract
Machine learning is widely used in credit scoring, but many high-
performing models lack interpretability, limiting their use in regu-
lated domains. Rule-based approaches such as Learning Classifier
Systems (LCS) offer a balance between accuracy and explainability.
This paper introduces Ranked Attribute Selection with Midpoint
Filtering (RASF), an extension to LCS that enhances feature selec-
tion and rule validation. RASF combines mutual information-based
feature ranking, guided attribute selection, and distance-based rule
filtering. Experiments on loan approval datasets show that RASF
improves accuracy by 3–5% over standard LCS while maintain-
ing interpretable, rule-based outputs. These results highlight the
potential of RASF-LCS for explainable credit decision-making.

CCS Concepts
•Computingmethodologies→Rule learning; Supervised learn-
ing by classification.
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1 Introduction
Credit scoring in banking aims to predict borrower risk and typi-
cally relies on statistical models such as logistic regression [1]. In
recent years, complex machine learning (ML) models (e.g., neural
networks, ensembles) have been applied to credit data, yielding
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higher accuracy [3, 9]. However, these models often operate as
“black boxes” [13], creating challenges for transparency and fair-
ness [5]. Regulatory frameworks (e.g., Equal Credit Opportunity
Act, GDPR) require that automated lending decisions be explain-
able [5, 6]. Thus, there is a strong demand for models that balance
accuracy with explainability.

Rule-based ML methods provide one explainable AI solution
for credit scoring: they represent knowledge as human-readable
IF–THEN rules. A prominent example is the Learning Classifier Sys-
tem (LCS) [16, 17, 20], which evolves a population of IF–THEN rules
using genetic operators. LCS models naturally yield interpretable
rule lists and have been applied in classification and reinforcement
learning contexts [4, 14, 18, 21]. However, standard LCS implemen-
tations treat all features equally and may generate overly general
or irrelevant rules [21]. In credit risk, where some features (e.g.,
income, credit history) are known to be crucial, guiding the model
with feature importance can improve rule relevance and decision
accuracy.

In this work, we address these limitations by proposing a Ranked
Attribute Selection with Midpoint Filtering (RASF) framework that
enhances the Learning Classifier System (LCS) covering mechanism
for credit approval tasks. The proposed RASF-LCS introduces three
main contributions. First, mutual information (MI) feature ranking
is used to identify informative attributes. Second, a rank-guided
randomised attribute selection strategy biases rule construction
toward high-MI features while preserving exploration of lower-
ranked ones. Third, a midpoint-based distance filtering mechanism
evaluates newly generated rules using Euclidean distance to ensure
contextual relevance before acceptance.

These components are integrated into the LCS covering phase,
enabling rules to be both informative and instance-relevant. We
evaluate RASF-LCS on two public credit datasets, comparing against
a baseline LCS and logistic regression. Results show that RASF
improves predictive performance while maintaining interpretable,
rule-based outputs, supporting a balance between accuracy and
transparency in credit decision-making.

2 Literature Review
Conventional credit scoring approaches rely on statistical tech-
niques such as logistic regression and discriminant analysis [1].
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These models are valued for their transparency but are often out-
performed by modern machine learning (ML) methods. Neural
networks and related approaches have demonstrated improved
accuracy [3, 8, 9], but at the cost of reduced interpretability. In
regulated financial domains, where decisions must be justified, this
trade-off between predictive performance and interpretability re-
mains a central challenge.

Over the past two decades, ML techniques have been widely
adopted for credit risk prediction, including deep learning and en-
semble methods [8]. Ensemble approaches such as random forests
and gradient boosting improve generalisation and can yield accu-
racy gains of 2% to 15%. However, these gains come with increased
complexity, as models with many parameters are difficult to inter-
pret, limiting their use in high-stakes applications.

Explainable AI (XAI) seeks to address this limitation through
post-hoc explanations and inherently interpretable models [13].
Post-hoc methods (e.g., LIME, SHAP) approximate black-box be-
haviour but may not faithfully capture decision logic in complex
settings. In contrast, interpretable models such as decision trees,
rule lists, and generalised additive models provide transparency by
design, though they may sacrifice performance or become difficult
to interpret when overly complex.

Learning Classifier Systems (LCS) are evolutionary, rule-based
machine learning algorithms that construct populations of IF–
THEN rules through reinforcement learning and genetic algorithms
[20]. They provide a balance between interpretability and adaptabil-
ity by decomposing complex decision spaces into human-readable
rules. Recent work has extended LCS with richer representations
and improved scalability. In particular, code-fragment-based LCS
approaches introduce reusable building blocks, improving generali-
sation and learning efficiency [2, 11, 12]. In parallel, LCS has been
explored as an interpretable AI framework for decision-making in
complex domains [15].

Despite these advantages, its application to credit scoring re-
mains limited [10]. A study on XCSF introduces a guided mutation
operator using accuracy-weighted covariance of stored samples,
to improve learning efficiency and scalability in high-dimensional
problems [19]. However, while guided XCSF focuses on optimis-
ing classifier shape for regression using mutation only, RASF-LCS
instead emphasises feature ranking and rule filtering to enhance
interpretability and performance in the covering process.

Feature selection addresses this issue by identifying informative
variables. Mutual information (MI) is widely used as a filter-based
criterion due to its ability to capture both linear and non-linear
relationships [7]. In credit scoring, MI has been applied to identify
key predictors [8], yet it has not been systematically integrated into
LCS, where feature selection is often implicit or manually specified.

3 Methods
We enhance the ExSTraCS framework [20] by integrating a Ranked
Attribute Selection and Midpoint Filtering (RASF) process into the
rule creation phase (Figure 1). The improvement focuses on the
covering process, where new rules are generated. In RASF-LCS,
covering involves: (1) computing feature importance and rankings;
(2) selecting attributes via Algorithm 1; (3) generating rule condi-
tions from instance values; and (4) applying Algorithm 2 to retain

or discard rules. Accepted rules are added to the population and
match set, while subsequent LCS processes (parameter updates,
subsumption, and GA) remain unchanged.

Figure 1: Overview of RASF-LCS.

3.1 Feature Importance via Mutual Information
We rank input attributes based on their mutual information (MI)
with the output attribute. Given the training data (𝑋,𝑦), where each
instance has attributes 𝑋 𝑗 and class label 𝑦, the mutual information
𝐼 (𝑋 𝑗 ;𝑦) quantifies the reduction in uncertainty about 𝑦 provided
by 𝑋 𝑗 . It is defined as 𝐼 (𝑋 𝑗 ;𝑌 ) =

∑
𝑥,𝑦 𝑝 (𝑥,𝑦) log

𝑝 (𝑥,𝑦)
𝑝 (𝑥 ) 𝑝 (𝑦) , where

𝑝 (𝑥,𝑦) represents the joint probability of the feature value 𝑥 and
class 𝑦, while 𝑝 (𝑥) and 𝑝 (𝑦) are the respective marginal probabili-
ties. Features that exhibit higher mutual information (MI) scores are
more predictive of the class. We calculate 𝐼 (𝑋 𝑗 ;𝑌 ) for each feature
using scikit-learn and rank the features in descending order of 𝐼 . A
certain percentage (e.g., 𝑝%) of the top features is then selected for
rule generation. This ranked list helps the LCS prioritise the most
pertinent attributes initially.

3.2 Rank-Guided Randomised Attribute
Selection

For each new instance, the LCS selects up to 𝑅 attributes to form a
rule condition using a rank-guided randomised selection strategy
(Algorithm 1). Top-ranked features (based on importance) are first
shuffled, and an initial candidate set of size𝑅 is formed. From this set,
𝑚 = ⌈𝑝𝑅⌉ features are randomly selected, while the remaining 𝑅−𝑚
features are drawn from lower-ranked attributes. The combined
set of 𝑅 features defines the rule condition. This approach balances
exploitation of high-importance features with exploration of lower-
ranked ones, improving diversity while preserving relevance.

3.3 Midpoint-Based Rule Filtering
Once a candidate rule is formed, a contextual relevance check is
applied before adding it to the LCS population (Algorithm 2). The
process is as follows:
• Midpoint calculation: For each selected attribute 𝑖 , com-
pute the midpoint𝑚𝑖 . For continuous attributes with bounds
[𝑙𝑖 , 𝑢𝑖 ],𝑚𝑖 = (𝑙𝑖 +𝑢𝑖 )/2. For categorical attributes,𝑚𝑖 = 𝑥𝑖/2.
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Algorithm 1 Rank-guided randomised attribute (feature) selection.
1: Input: Ranked feature list 𝐹 , rule size 𝑅, fraction 𝑝

2: Output: Selected feature subset 𝑆 for rule generation
3: Copy and shuffle top of 𝐹 into list 𝐹 ′
4: Take first 𝑅 features from 𝐹 ′ as candidate set 𝐶
5: Compute𝑚 = ⌈𝑝 𝑅⌉, 𝑛 = 𝑅 −𝑚
6: Randomly select𝑚 features from 𝐶 as 𝑆1
7: Randomly select 𝑛 features from remaining lower-ranked fea-

tures as 𝑆2
8: 𝑆 ← 𝑆1 ∪ 𝑆2
9: return 𝑆

• Distance computation: Calculate the Euclidean distance
between the midpoint vector m and the instance x:

𝑑 =

√︄∑︁
𝑖∈𝑆
(𝑚𝑖 − 𝑥𝑖 )2 .

• Filtering: If 𝑑 ≤ 𝜃 , accept the rule; otherwise, reject it and
update the threshold 𝜃 ← 𝑑 + 0.1𝑑 .

This adaptive filtering ensures that only rules sufficiently close
to the instance are retained, improving contextual relevance. The
covering process repeats until enough rules are generated under
the updated threshold.

Algorithm 2Midpoint-based distance filtering
1: Input: Current instance x, new rule with condition bounds,

initial threshold 𝜃
2: Output: Accept or reject the rule
3: for each attribute 𝑖 in the rule do
4: if attribute 𝑖 is continuous then
5: 𝑚𝑖 ← (𝑙𝑖 + 𝑢𝑖 )/2 {midpoint of bounds}
6: else
7: 𝑚𝑖 ← 𝑥𝑖/2 {for discrete attribute}
8: end if
9: end for
10: Compute 𝑑 =

√︁∑
𝑖 (𝑚𝑖 − 𝑥𝑖 )2

11: if 𝑑 < 𝜃 then
12: Accept rule (add to population and match set)
13: else
14: 𝜃 ← 𝑑 + 0.1𝑑 {raise threshold}
15: Reject rule
16: end if

4 Experimental Setup and Data
4.1 Data
This study uses two credit datasets: a Loan Approval Classification
dataset (45,000 records, 14 attributes) and a Loan Approval Prediction
dataset (58,645 records). Both include numerical and categorical
features such as age, income, employment, loan characteristics, and
credit history, with a binary target indicating approval status.

The primary dataset is imbalanced (10,000 approvals vs. 35,000
rejections), reflecting realistic financial decision scenarios. Features

Table 1: Loan Approval Classification Dataset.

ID Feature Type Description
A01 Age Continuous Applicant’s age
A02 Income Continuous Applicant’s monthly or annual income
A03 Work Experience Continuous Years of employment
A04 Loan Amount Continuous Requested loan value
A05 Loan Purpose Categorical Type of loan (e.g., personal, education)
A06 Home Ownership Binary 1 = Own home, 0 = Rent/Other
A07 Loan-to-Income Ratio Continuous Ratio of loan amount to income
A08 Interest Rate Continuous Applied loan interest rate
A09 Credit Score Continuous Normalised credit-worthiness indicator
A10 Loan Grade Categorical Assigned grade from credit bureau
A11 Education Categorical Highest qualification level
A12 Employment Type Categorical Full-time, self-employed, etc.
A13 Previous Default Binary 1 = Default history, 0 = No default
A14 Approval Status Binary Target class: 1 = Approved, 0 = Rejected

Table 2: Test Accuracy.

Dataset LCS RASF-LCS
Logistic

Regression

Loan Approval 81.87% 86.51% 88.94%
Loan Approval Prediction 79.80% 83.40% 90.02%

were standardised using attribute IDs (A01–A14), with details sum-
marised in Table 1.

A consistent preprocessing pipeline was applied:
• Missing values:Mean (numerical) and mode (categorical)
imputation.
• Categorical encoding:One-hot and label encoding to avoid
ordinal bias.
• Feature scaling: Normalisation to [0,1] for numerical at-
tributes.
• Class distribution: No resampling applied to preserve real-
world imbalance.

4.2 RASF-enhanced ExSTraCS
The proposed RASF mechanism introduces adaptive midpoint-
based distance filtering, where the threshold increases incremen-
tally (10%) until a suitable rule is generated. Attribute selection
follows a hybrid strategy: half of the features are chosen from top-
ranked (mutual information) attributes, while the remainder are
sampled from lower-ranked features to balance relevance and diver-
sity. The RASF-ExSTraCS used the parameter values that have been
commonly used in the literature [20? ] and the developed model
was trained using 100,000 iterations.

Model performance was evaluated across predictive accuracy,
efficiency, and interpretability. Interpretability was assessed using:
• Rule compactness: Fewer and shorter rules indicate better
interpretability.
• Feature usage frequency: Identifies key attributes influ-
encing decisions.
• Rule transparency: Human-readable IF–THEN rules sup-
port traceability, critical for credit decision contexts.

5 Experimental Results
Weevaluated the RASF-LCS on two publicly available credit datasets
(“Loan Approval” and “Loan Approval Prediction”). Both contain
applicant financial attributes and a binary outcome (approve/deny).
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Each LCS model (baseline and RASF) was run for 100,000 iterations
over 10 random train/test splits. We compare test accuracies aver-
aged over runs. A standard logistic regression (LR) model is also
used as a benchmark.

Table 2 summarises the accuracy of the baseline LCS, logistic
regression, and RASF-LCS. In both datasets, RASF-LCS achieves
higher accuracy. For example, on the Loan Approval data, test
accuracy improved from 81.9% (base LCS) to 86.5% (RASF-LCS).
The LR model obtains slightly higher accuracy (around 89%), but
without producing explicit rules.

In addition to accuracy, we evaluated interpretability through the
learned rule population. The RASF-LCS produced approximately
6.5k IF–THEN rules, with key features such as loan-to-income ratio,
default history, interest rate, and home ownership appearing most
frequently—consistent with known credit risk factors. Less relevant
attributes (e.g., education, gender) were rarely used.

The rules are compact (typically 1–3 conditions) and easy to
interpret. Examples include:
• Approve: If loan-to-income < 0.35 and no prior default.
• Reject: If previous default = Yes and loan-to-income ≥ 0.5.
• Approve: If home ownership ∈ {OWN,MORTGAGE}, loan-
to-income < 0.4, and interest rate < 0.12.

These rules reflect intuitive credit logic, where high debt burden
or default history increases rejection risk, while stable financial
conditions favour approval.

Interpretability is supported by the compact rule set and concen-
trated feature usage, allowing decisions to be explained through a
small number of relevant rules. Unlike logistic regression, which
combines features linearly, RASF-LCS provides explicit, human-
readable reasoning, making it suitable for regulated financial appli-
cations.

6 Conclusion
This paper presented Ranked Attribute Selection with Midpoint
Filtering, an enhancement to Learning Classifier Systems (LCS) for
credit approval tasks. By integrating feature ranking, rank-guided
attribute selection, and distance-based filtering, RASF improves the
focus and quality of learned rules. Experimental results show that
RASF-LCS achieves a 3–5% accuracy improvement over standard
LCS, which is meaningful in credit risk contexts.

Although Logistic Regression attains slightly higher accuracy,
RASF-LCS provides a key advantage in interpretability through
explicit, human-readable rules. This transparency enables auditing
and supports decision accountability, which is essential in regu-
lated financial environments. The learned rules also reveal intuitive
patterns, e.g. the importance of default history and income-related
features.

Limitations include sensitivity to hyperparameters and higher
training cost compared to simpler models. Future work will focus
on rule compaction, scalability to larger real-world datasets, and
incorporating fairness-aware mechanisms.
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