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Abstract—Interpretability is an essential aspect of machine
learning for high-stakes decision-making. Rule ensembles, which
combine simple decision rules in a linear model, offer a bal-
ance between the interpretability of an additive model and the
flexibility to capture non-linear relationships and interactions of
tree-based ensembles. However, current rule ensemble methods
rely on a two-step approach that first generates a large set of
rules from decision trees and then selects a subset of these rules
using a regularized linear model. This decoupling can lead to
suboptimal rule ensembles, as the rules are not optimized for
their combined performance in the linear model, which can result
in redundant rules in the final model. To address this limitation,
we propose CEGARE, a CoEvolutionary Genetic Algorithm for
Rule Ensembles, which simultaneously optimizes the rules and
their coefficients in a bilevel optimization framework. By coevolv-
ing both components, CEGARE aims to discover more compact
and relevant rule ensembles that achieve competitive predictive
performance while providing a sparser model. We benchmark
CEGARE against RuleFit and other models on multiple real-
world datasets, demonstrating its ability to produce sparser rule
ensembles without sacrificing predictive performance.

Index Terms—coevolutionary algorithms, interpretable ma-
chine learning, rule ensembles, classification

I. INTRODUCTION

Model interpretability has become an increasingly impor-
tant aspect of machine learning, particularly in high-stakes
domains such as healthcare, finance, and criminal justice,
where understanding the decision-making process is crucial
for trust, accountability, and regulatory compliance [1]. In
these domains, inherently interpretable white-box models,
such as linear regression and decision trees, are often the
preferred choices. However, black-box models, such as random
forest (RF) and gradient boosted trees (GBT), have been
shown to achieve higher performance due to their ability
to capture complex non-linear relationships and interactions
between features. These models can be explained using post-
hoc explanation methods such as LIME [2] and SHAP [3], but
these explanations may not always be faithful to the model’s
true decision-making process [1].

To bridge the gap between the predictive performance of
black-box models and the interpretability of white-box models,
various methods have been proposed. One of those methods is
rule ensembles [4], which combine simple decision rules ex-
tracted from decision trees with the original features in a linear

fashion to obtain an interpretable model. The key challenge in
constructing rule ensembles lies in identifying a compact and
relevant set of rules from a potentially vast search space that,
when linearly combined, yields strong predictive performance.
The predominant approach to building rule ensembles is to
sequentially grow decision trees to determine a large set of
rule candidates. In the original RuleFit [4] algorithm, rules
are extracted from an ensemble of decision trees trained using
gradient boosting; however, other tree ensemble methods, such
as RF, can also be used. Each rule then corresponds to a
conjunction of feature conditions derived from a decision tree
split. Subsequently, an L1 regularized linear model is fitted to
the extracted rules and original features to make predictions.
This results in a sparse, additive, and interpretable model that
can achieve competitive predictive performance by allowing
for simple non-linearities and interactions between features.

However, this two-step approach is greedy in nature and
does not guarantee an optimal rule ensemble. First, tree
ensembles are typically designed to maximize predictive per-
formance by combining multiple weak learners rather than to
extract a compact and relevant set of rules for a linear model.
Consequently, the decision trees yield a large collection of
rules, many of which may remain redundant or irrelevant in
the context of the final linear model, even after regularization
during the second phase. Second, the decision trees are trained
without considering the final linear model. On the one hand,
this leads to the tree ensemble attempting to approximate
linear relationships using multiple rules, which could be more
efficiently captured by a single linear term. On the other hand,
decision trees that are meaningful in their ensemble context
may not be optimal when their rules are combined linearly.

To address these limitations of traditional rule ensemble
methods, we propose CEGARE, a CoEvolutionary Genetic
Algorithm Rule Ensemble, which simultaneously optimizes
the rules and the coefficient vector of the rule ensemble. By
coevolving both components, CEGARE aims to discover a
more compact and relevant set of rules that work synergis-
tically with the linear terms, leading to a sparser model and
improved predictive performance. With a benchmark against
RuleFit and other models on 7 real-world datasets from
different domains, we demonstrate that CEGARE can achieve
competitive predictive performance while producing sparser



and more interpretable rule ensembles. The rest of this paper
is organized as follows. Section II introduces RuleFit and its
limitations. Section III covers related work on coevolutionary
algorithms for machine learning. Section IV describes the CE-
GARE algorithm in detail. Section V presents the experimental
setup, including datasets, baselines, evaluation metrics, and
hyperparameter tuning. Section VI discusses the experimental
results, comparing CEGARE to RuleFit and other baselines in
terms of predictive performance and model sparsity. Finally,
Section VII concludes the paper and outlines future research
directions.

II. RULE ENSEMBLES

Rule-based models have long been valued for their inter-
pretability, as they provide clear and human-readable reason-
ing behind their predictions [5]. Different approaches for rule
induction exist, ranging from single decision trees to sequential
covering algorithms (IF-THEN-ELSE rules) and disjunctive
normal form learning (IF-THEN rules). Rule ensembles, on
the other hand, for which RuleFit [4] is the most prominent
algorithm, operate in two main phases. In the first phase, an
ensemble of decision trees is trained using methods like GBT
or RF. From these trees, rules are extracted as conjunctions of
feature conditions corresponding to root-to-leaf paths. In the
second phase, a Lasso-penalized linear model is fitted to these
extracted rules and the original features. This results in a sparse
model that balances interpretability and predictive accuracy
through its native ability to capture both linear and non-linear
relationships, as well as feature interactions. Mathematically,
the rule ensemble is expressed as:

ŷ = β̂0 +

M∑
j=1

β̂jRj(x) +

P∑
k=1

γ̂kxk (1)

where ŷ is the predicted outcome, β̂0 is the intercept, M is
the number of extracted rules, Rj(x) are the extracted rules,
β̂j are their corresponding coefficients, P is the number of
original features, xk are the original features, and γ̂k are their
coefficients.

Although efficient, RuleFit’s two-stage approach decouples
rule generation from coefficient optimization, which can lead
to suboptimal ensembles. Decision trees are trained to maxi-
mize ensemble predictive performance rather than to generate
rules suitable for linear combination. Consequently, many
extracted rules may be redundant or irrelevant in the final
linear model context, and the tree ensemble may attempt to
approximate linear relationships through multiple rules that
could be more efficiently captured by single linear terms.
Although L1 regularization effectively reduces model com-
plexity, it can also shrink the coefficients of potentially mean-
ingful covariates. This issue is particularly pronounced in high-
dimensional settings with correlated features, where Lasso
may arbitrarily select one feature while discarding others that
are equally relevant [6]. Other works [7]–[11] have attempted
to address this issue by generating a larger and more diverse
set of rules and by applying more sophisticated regularization

techniques, leading to more compact rule ensembles. However,
this approach still relies on the initial rule generation step and
does not address the limitations of decoupling rule generation
from coefficient optimization. This motivates the need for
methods that jointly optimize both rules and coefficients.

III. COEVOLUTIONARY MACHINE LEARNING

Coevolutionary algorithms decompose complex optimiza-
tion problems into multiple interacting subcomponents, each
evolved in separate species [12]. Unlike traditional genetic
algorithms that evolve complete solutions, coevolution evolves
partial solutions that must collaborate to form complete so-
lutions. Each individual’s fitness is evaluated by combining
it with collaborators selected from other species, enabling
the algorithm to explore modular problem structures more
efficiently [13].

A particularly successful application of coevolution in ma-
chine learning is neuroevolution, where network architectures
and weights can be coevolved. For instance, SANE [14]
coevolves neurons and network blueprints, which are then
combined to form complete neural networks. The fitness of
neurons depends on the performance of the networks they help
create, promoting the evolution of useful building blocks. This
approach maintains diversity and encourages the discovery
of specialized components that contribute to overall perfor-
mance. CoDeepNEAT [15] extends this idea by using a bilevel
optimization approach: network modules and blueprints are
coevolved while the weights of the networks are optimized
using gradient descent. The fitness of modules and blueprints
is determined by the performance of the networks after weight
optimization, allowing the algorithm to discover architectures
that work well with learned weights. This bilevel framework is
closely related to Baldwinian learning [16], where the fitness
of individuals is influenced by their ability to learn during their
lifetime.

For rule induction, coevolution offers a middle ground be-
tween Michigan-style algorithms, where each individual repre-
sents a single rule, and Pittsburgh-style algorithms, where each
individual encodes an entire rule set [17]. While Michigan-
style algorithms have a low computational cost per fitness
evaluation, they struggle to capture rule interactions without
explicit diversity maintenance mechanisms, such as niching
[5]. Pittsburgh-style algorithms naturally model rule interac-
tions but face scalability challenges due to the exponentially
larger search space [18]. Coevolution addresses both limita-
tions by evolving individual rules in separate species while
evaluating them in the context of complete rule sets through
collaboration. Similar to SANE [14], CORE [18] coevolves
a population of rules and a population of rule sets. Each
rule’s fitness is determined by the performance of the rule
sets it helps form, promoting the evolution of complementary
rules that work well together. The success of coevolutionary
algorithms in rule induction and neuroevolution suggests that
similar principles can be applied to rule ensemble learning
to decompose the problem into manageable subcomponents
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Fig. 1. CEGARE algorithm overview. Multiple species evolve rules at fixed
ensemble positions. Each generation, collaborations form complete ensembles,
coefficients are optimized via coordinate descent, and rules are evaluated based
on ensemble performance.

while maintaining global coordination through collaborative
evaluation.

IV. CEGARE IMPLEMENTATION

To evolve compact rule ensembles, we propose CEGARE, a
CoEvolutionary Genetic Algorithm for Rule Ensembles. This
is a bilevel optimization framework where multiple subpop-
ulations explore the discrete space of rule structures, while
efficiently optimizing the continuous coefficient space through
local search.

A. Rule Encoding

As shown in Fig. 1, the rule population in CEGARE con-
sists of multiple species, each representing a fixed coefficient
position in the rule ensemble. Each rule is encoded as a chro-
mosome with an integer feature pointer, a minimum quantile,
and a maximum quantile for each condition. For example, a
rule condition such as ”Feature 3 ≤ 3” can be represented by
the chromosome (3, 0, 0.5), where 3 is the feature pointer, 0
is the minimum quantile, and 0.5 is the maximum quantile,
assuming that the value 3 corresponds to the 50th percentile
of Feature 3. For numerical features, one of the quantiles is set
to 0 or 1 to create one-sided rules. Categorical features can be
handled by setting both quantiles to either 0 or 1, effectively
creating equality conditions. Rules with multiple conditions
can be formed by concatenating multiple such triples.

B. Evaluation

To obtain a compact and performant rule ensemble, rules
need to cooperate to pursue predictive performance. Therefore,
specialization among the species should be effectively cap-
tured in the fitness evaluation of the rules. At each generation,
for each individual in the rule population, two collaborations
are formed by selecting (1) the representatives, which are
the fittest members from each of the other species, and (2)

a random member from each of the other species, resulting
in two complete rule ensembles that are separately evaluated.
Each set of selected rules is combined with the original
features, creating matrix Xaug = [Xscaled,R], where Xscaled

represents the standardized original features scaled by 0.4
to equalize a priori importance with the rules [4], and R
denotes the binary matrix of rule activations. In contrast
to RuleFit, the number of candidate rules is limited to the
number of species, a parameter that can be set manually to
control the complexity of the rule ensemble. Although feature
selection is less important than in RuleFit, L1 regularization
remains important to penalize redundant rules. Without the
lasso penalty, the logistic regression (LR) optimization may
assign non-zero coefficients to multiple similar rules, leading
to overfitting and reduced interpretability. The coefficients of
the linear model are then optimized by minimizing the logistic
loss with L1 regularization:

min
β0,β,γ

N∑
i=1

[log(1 + ezi)− yizi] + λ (∥β∥1 + ∥γ∥1)

where zi = β0 +

M∑
j=1

βjRj(xi) + x⊤
i γ

(2)

and N is the number of samples, yi ∈ {0, 1} are the true
labels, and λ is the regularization parameter. The fitness of
each rule is then evaluated based on the predictive performance
of the complete rule ensembles in which it participates.
Mathematically, the fitness of a rule Rj can be expressed as:

Fitness(Rj) = − 1

C

C∑
c=1

LogLoss(ŷ(c), y) (3)

where C is the number of collaborations involving rule Rj , 2
in this case, ŷ(c) are the predicted probabilities from collabo-
ration c, and y are the true labels.

To assess the predictive performance of the rule ensembles,
log loss is used as it provides a differentiable measure for
the optimization of the LR coefficients and encourages good
calibration of predicted probabilities. As the optimization of
the coefficients for a fixed set of rules is a convex problem, the
optimal coefficients for a collaboration of rules can be found
efficiently using local search methods, more specifically, coor-
dinate descent for LR with L1 regularization. The optimization
of the coefficients serves as a Baldwinian learning mechanism,
as the fitness of individual rules is determined by their value
in the context of the complete rule ensemble after coefficient
optimization. The performance of the rule ensemble after
coefficient optimization then provides a meaningful fitness
signal for the rules, guiding the search towards more relevant
and complementary rules as rules that work well together will
lead to better rule ensemble performance.

C. Evolutionary Dynamics

To maintain diversity in the population and avoid premature
convergence, we implement several mechanisms. Tournament



selection identifies parents for breeding, with the top 25% of
each species preserved through elitism, while the remaining
75% undergo uniform crossover, with a 50% probability
for each gene to be exchanged, and mutation. This balance
between high selection pressure and high genetic operator
rates promotes both the exploitation of successful rules and
the exploration of the search space. High mutation rates on the
quantile bounds encourage exploration of different rule bound-
aries, while lower mutation rates on feature pointers maintain
some stability in feature selection. The bounds are mutated
with Gaussian noise, with a decreasing standard deviation and
probability of occurrence over generations to allow for finer
adjustments as the population converges. Feature mutations
involve selecting a random other feature and occur with a
decreasing probability over generations due to their disruptive
nature. Additionally, a prune operation is applied with a
small probability to simplify rules by randomly removing a
condition, promoting the evolution of shorter rules.

D. Adaptive Population Management

To speed up the search process, complexification [19] is
employed, where the algorithm starts with a single rule species
and gradually increases the number of species over time. A
new species is added every 5 generations if the previous
addition led to an improvement in the rule ensemble’s per-
formance on a separate validation set. At each generation,
a solution is formed using the representative rule from each
species. After coefficient optimization, this rule ensemble is
evaluated on the separate validation set, which is also used
for early stopping if no improvement is observed for a set
number of generations. If a newly added species did not lead
to improvement, it is simply replaced by the next candidate
species. The newly generated species is initialized randomly,
but with a reduced probability for features that are already
present in the existing species representatives. This approach
allows the algorithm to start with simpler rule ensembles and
gradually increase complexity as needed. To further improve
efficiency, computational resources are dynamically allocated
when a species has converged, as measured by low seman-
tic dispersion. Specifically, when the mean pairwise Jaccard
distance calculated on the binary rule activation vectors of all
individuals in a species falls below a threshold, the population
size of that species is halved until a minimum is reached. This
allows for larger initial population sizes that promote early
exploration, while later focusing computational resources on
more diverse species.

V. EXPERIMENTAL SETUP

To evaluate the performance of CEGARE, we conduct
experiments on 7 real-world binary classification datasets
from domains where interpretability is crucial. These datasets
include the Australian Credit dataset (Credit) [20], Breast
Cancer (Cancer) [21], Heart Disease (Heart) [22], Taiwanese
Bankruptcy Prediction (Bankrupt) [23], Telco Customer Churn
(Telco) from Kaggle, a B2B sales dataset from a Belgian com-
pany (B2B), and a customer churn dataset from a karting soft-

TABLE I
SUMMARY OF DATASETS USED IN THE EXPERIMENTS.

Dataset Samples Features after selection (P) Positive class
Credit 690 14 44.5%
Heart 303 18 45.9%
B2B 22 439 12 6.1%
Bankrupt 6819 45 3.2%
Cancer 286 15 23.8%
Telco 7043 20 26.5%
Karting 4553 4 20.2%

TABLE II
CANDIDATE HYPERPARAMETERS FOR EACH MODEL. GBT: GRADIENT
BOOSTED TREES, RF: RANDOM FOREST, P: NUMBER OF FEATURES.

Model Hyperparameters
CEGARE Max. rule conditions: 3

Species size: 80
L1 regularization (λ): [0.01, 0.05, 0.1]
Early stopping generations: 30

RuleFit Rule generator: [GBT, RF]
Number of trees: [100, 150]
Max. tree depth: 3
L1 regularization (λ): [0.01, 0.05, 0.1, 0.5, 1]

Logistic Regression L1 regularization (λ): [0.01, 0.1, 1, 10]
Random Forest Number of trees: [100, 200]

Max. tree depth: [2, 5, 10]
Max. features: (

√
P )

ware company (Karting). The characteristics of these datasets
are summarized in Table I. Preprocessing includes: removal
of columns with > 30% missing data, removal of rows with
any missing values, one-hot encoding of categorical features,
and random forest feature selection (importance based on
mean decrease in impurity > 0.05) for high-dimensional data
(P > 20).

CEGARE is benchmarked against RuleFit using GBT and
RF for rule generation. LR with L1 regularization and RF
are included as baselines to assess the trade-off between
interpretability and predictive performance. For predictive per-
formance evaluation, area under the ROC curve (AUC) is used,
as it is a threshold-independent measure of the discriminative
ability of the models. Brier score is also reported to assess the
calibration of the predicted probabilities. Lastly, the F1-score
is reported particularly to evaluate performance on imbalanced
datasets. To quantitatively evaluate model interpretability, we
report the average number of rules and conditions per rule in
the final rule ensembles.

All experiments are conducted using 5 x 2-fold cross-
validation to ensure the robustness and generalizability of the
results. Here, the full dataset is split into 2 halves, of which
one is used for training and hyperparameter tuning using a
fixed 25% validation subset, while the other is used for testing.
This process is repeated 5 times with different random splits to
obtain reliable estimates of model performance. Within these
splits, grid search is conducted to find the optimal hyperpa-
rameters for each model based on validation performance. The
candidate hyperparameters are listed in Table II.



VI. RESULTS

A. Model Complexity

To quantitatively assess the interpretability of the rule
ensembles produced by CEGARE and RuleFit, we analyze
the complexity of the final models in terms of the number
of rules and the average number of conditions per rule.
Table III summarizes these metrics for both methods across
the evaluated datasets. CEGARE consistently produces sparser
rule ensembles with fewer rules compared to RuleFit. Addi-
tionally, the average number of conditions per rule is lower for
CEGARE than for RuleFit, indicating that CEGARE favors
simpler rules. On average, the number of rules decreased by
68% and the number of conditions per rule decreased by 38%
when using CEGARE. This reduction in model complexity
enhances interpretability, making it easier for practitioners to
analyze the model’s predictions.

B. Predictive Performance

Table IV summarizes the predictive performance of CE-
GARE compared to RuleFit, LR, and RF across the evaluated
datasets. For each dataset, we report the average AUC, Brier
score, and F1 score over the nested cross-validation folds. In
general, RF attains the best performance across most datasets
and metrics, which is expected given its ability to capture com-
plex non-linear relationships and interactions. This, however, is
at the cost of interpretability. Compared to RuleFit and other
baselines, CEGARE achieves high performance, particularly
on the B2B, Telco, Karting, and Cancer datasets.

To assess the statistical significance of the differences
between these models, we conduct Bayesian hypothesis testing
using the hierarchical correlated t-test [24]. This method
accounts for the dependencies introduced by cross-validation
and provides posterior probabilities for the performance dif-
ferences between models, which are more straightforward to
interpret than traditional p-values [25]. Table V presents the
posterior probabilities that the difference in the performance
metric between CEGARE and each baseline method (∆) is
negative (P (∆ < −δ)), practically equivalent (P (−δ ≤ ∆ ≤
δ)), or positive (P (∆ > δ)), with δ being the region of
practical equivalence (ROPE) threshold. Note that for the
Brier score, lower values indicate better performance, so
the interpretations of the probabilities are inverted. A ROPE

TABLE III
MODEL COMPLEXITY COMPARISON: NUMBER OF TERMS IN THE FINAL
RULE ENSEMBLE AND AVERAGE NUMBER OF CONDITIONS PER RULE.

LOWEST VALUES ARE HIGHLIGHTED IN BOLD.

Dataset # terms # conditions per rule

CEGARE RuleFit CEGARE RuleFit
Credit 18 48 1.42 2.33
Heart 23 31 1.42 2.43
B2B 15 85 1.68 2.57
Bankrupt 42 94 1.59 2.29
Cancer 19 31 1.68 2.53
Telco 9 71 1.06 2.09
Karting 9 66 1.23 2.42

threshold of 0.01 is used for AUC and F1 score, while a
threshold of 0.0025 is used for the Brier score, reflecting their
different scales. The results indicate that CEGARE achieves
practically equivalent performance to RuleFit and LR on AUC
(ROPE probabilities > 0.87), while performing slightly worse
than RF on AUC. For the Brier score and F1 score, CEGARE
significantly outperforms RuleFit and shows mixed results
against the other baselines.

VII. CONCLUSION AND FUTURE WORK

In this paper, we introduce CEGARE, a novel coevolu-
tionary genetic algorithm for constructing interpretable rule
ensembles. By simultaneously optimizing the rules and coeffi-
cients of the ensemble, CEGARE addresses the limitations of
traditional rule ensemble methods that decouple rule genera-
tion from coefficient optimization. This greedy approach often
leads to suboptimal ensembles with redundant or irrelevant
rules. CEGARE employs a bilevel optimization framework,
where multiple species evolve individual rules while the coef-
ficients are optimized using local search methods. The fitness
of each rule is evaluated based on the performance of the com-
plete rule ensembles in which it participates, promoting the
evolution of complementary and relevant rules. The number of
rules in the ensemble, as encoded by the number of species, is
automatically adapted during the evolutionary process based
on the observed improvements in performance. Experimental
results on 7 datasets, validated through Bayesian hypothesis
testing, demonstrate that CEGARE achieves competitive pre-
dictive performance compared to LR and RF while likely out-
performing RuleFit. Importantly, CEGARE produces sparser
rule ensembles, enhancing interpretability without sacrificing
predictive performance, as demonstrated by a reduction in the
number of rules and conditions per rule.

Concerning future work, several avenues can be explored
to further enhance the capabilities of CEGARE. Firstly, we
intend to explore evolving the coefficients of the rule ensemble
alongside the rules themselves using a genetic algorithm.
This approach could enable direct optimization of different
evaluation metrics, potentially leading to improved predictive
performance in specific contexts. Another promising direction
is the development of intelligent mechanisms for initializing
the rule populations based on data characteristics to speed
up convergence. Lastly, multiobjective optimization techniques
could be integrated into CEGARE to simultaneously optimize
for predictive performance and interpretability proxy metrics,
such as the L1 norm of the coefficient vector or the total
number of conditions in the rule ensemble.
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