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Abstract
This paper proposes Adaptive Ensemble Multi-Objective Differen-
tial Evolution for Feature Selection (AEMO-DEFS), a wrapper-based
framework that simultaneously minimizes feature count and max-
imizes classification accuracy for high-dimensional gene expres-
sion data. AEMO-DEFS introduces two key adaptive mechanisms:
(1) an ensemble of DE mutation strategies (rand/1/bin, best/1/bin,
current-to-pbest/1/bin) with dynamic selection based on historical
success, and (2) memory-based self-adaptation of the scaling factor
𝐹 (using Cauchy distribution) and crossover rate𝐶𝑅 (using Normal
distribution). Non-dominated sorting combined with crowding dis-
tance maintains diverse Pareto-optimal solutions. Comprehensive
experiments on five cancer microarray datasets demonstrate that
AEMO-DEFS outperforms MOPSO, NSGA-III, and MOEA/D across
all evaluation metrics, achieving superior Inverted Generational
Distance (IGD), 𝜖-indicator, classification accuracy, and significant
feature reduction.

Keywords:Differential Evolution, Feature Selection,Multi-objective
Optimization, Adaptive Ensemble, Parameter Adaptation
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ACM Reference Format:
Dhia Eddine Bouazizi, AsmaAmdouni, Daniel Rodriguez, and GhaithManita.
2026. Adaptive Ensemble Multi-Objective Differential Evolution for High-
Dimensional Gene Selection. In Genetic and Evolutionary Computation Con-
ference (GECCO Companion ’26), July 13–17, 2026, San Jose, Costa Rica. ACM,
New York, NY, USA, 9 pages. https://doi.org/10.1145/3795095.3805170

This work is licensed under a Creative Commons Attribution 4.0 International License.
GECCO Companion ’26, San Jose, Costa Rica
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2488-6/2026/07
https://doi.org/10.1145/3795095.3805170

1 Introduction
High-dimensional datasets have become ubiquitous in modern com-
putational biology, particularly in the field of genomics where mi-
croarray and next-generation sequencing technologies routinely
generate datasets containing thousands to tens of thousands of
features (genes) while sample sizes remain relatively small, often
comprising only tens to hundreds of biological specimens [10]. This
inherent imbalance between feature dimensionality and sample
cardinality, commonly referred to as the “curse of dimensional-
ity,” presents substantial challenges for predictive modeling and
knowledge discovery. Although these high-dimensional datasets
are information-rich and contain valuable biological insights, they
frequently harbor superfluous or non-essential features that can
compromise the efficacy of predictive models, escalate computa-
tional demands, and induce overfitting phenomena where models
memorize noise rather than learning meaningful patterns [6, 12].

Feature selection (FS) emerges as a crucial preprocessing strategy
to mitigate these challenges by pinpointing and preserving only
the most discriminative attributes, consequently boosting model
precision, curtailing data dimensionality, and improving the inter-
pretability and comprehensibility of results [1, 8]. The selection of
relevant features not only reduces computational overhead during
model training and inference but also facilitates biological interpre-
tation by identifying key biomarkers associated with disease states,
treatment responses, or other phenotypic characteristics of interest.
In clinical contexts, this interpretability is particularly valuable
as it enables domain experts to validate discovered patterns and
potentially uncover novel biological mechanisms driving disease
progression or therapeutic efficacy.

Methodologies for feature selection are generally classified into
three main categories: filter, wrapper, and embedded techniques
[3]. Filter approaches assess feature relevance independently of any
specific learning algorithm, often relying on statistical metrics such
as correlation coefficients, mutual information, or chi-square tests
to evaluate the discriminative power of individual features. Despite
their computational efficiency and independence from classifier
choice, filter methods frequently overlook the interplay between
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features and their collective impact on classifier performance, po-
tentially discarding informative feature combinations where indi-
vidual features appear uninformative in isolation [10]. In contrast,
wrapper methods evaluate potential feature subsets by employing
the intended learning algorithm as part of the evaluation function,
which typically results in superior predictive accuracy and accounts
for feature interactions but incurs substantial computational over-
head due to repeated model training and evaluation [12]. Embedded
strategies integrate the feature selection process directly within the
model construction phase, striking a practical compromise between
predictive power and operational efficiency by learning which fea-
tures are most informative during the training process itself [3].

Addressing the feature selection challenge inherently necessi-
tates navigating multiple, often contradictory, goals: achieving
maximal classification accuracy while concurrently minimizing
the cardinality of the selected feature subset [2]. Conventional
single-objective optimization strategies usually amalgamate these
competing objectives through weighted summation or penalty func-
tions, a process that demands meticulous parameter calibration to
determine appropriate objective weights and frequently leads to
solutions that are not globally optimal due to the arbitrary nature
of weight assignment [11]. Multi-objective optimization paradigms
overcome this fundamental limitation by pursuing the simultaneous
optimization of all objectives without requiring a priori preference
specification, generating a collection of Pareto-optimal solutions
that delineate various trade-offs between the competing goals and
enable decision-makers to select appropriate feature subsets based
on domain-specific constraints and requirements [2].

Within the broad spectrum of evolutionary computation tech-
niques, Differential Evolution (DE) has garnered considerable in-
terest for tackling optimization tasks owing to its conceptual sim-
plicity, minimal requirement for parameter tuning, and demon-
strated robustness across diverse problem domains [14]. The DE
algorithm employs a simple yet effective mutation operator that
adds the scaled difference between two randomly selected pop-
ulation members to a third member, combined with binomial or
exponential crossover to generate trial vectors. This straightfor-
ward mechanism has proven surprisingly effective across a wide
range of optimization problems, from continuous function opti-
mization to combinatorial problems such as feature selection [10].
Numerous multi-objective adaptations of DE have been developed,
incorporating concepts from established algorithms such as NSGA-
II, MOEA/D, and MOPSO to handle the multi-objective nature of
complex optimization problems [4, 9, 13]. While these hybrid al-
gorithms have shown encouraging outcomes in feature selection
applications, they often struggle with effectively balancing the ex-
ploration of the search space against the exploitation of known
good solutions, preserving sufficient population diversity, and pre-
venting premature convergence to suboptimal regions, especially
when confronted with datasets of extremely high dimensionality
common in genomic applications.

This study introduces an innovative framework, designated as
Adaptive Ensemble Multi-Objective Differential Evolution for Fea-
ture Selection (AEMO-DEFS), specifically tailored for high-dimensional
feature selection tasks encountered in genomic analysis. The prin-
cipal novel contributions presented herein encompass several in-
terconnected aspects that collectively address the limitations of

existing approaches. First, we propose an adaptive ensemble mech-
anism for DE operators (mutation and crossover) that dynamically
selects the most effective strategies during the search based on their
historical performance, enhancing the algorithm’s adaptability to
different problem landscapes and search stages without requiring
manual strategy selection. Second, we introduce adaptive control
mechanisms for the primary DE parameters, specifically the scal-
ing factor (𝐹 ) and crossover rate (𝐶𝑅), allowing the algorithm to
self-tune these crucial parameters based on their effectiveness in
generating successful offspring, thereby improving robustness and
reducing the user effort required for parameter calibration. Third,
we integrate these adaptive techniques within a standard multi-
objective framework using nondominated sorting and crowding
distance to effectively balance the dual objectives of minimizing
feature subset size and maximizing classification accuracy while
preserving solution diversity.

The remainder is organized as follows. Section 2 reviews prior
research on multi-objective optimization and differential evolu-
tion applied to feature selection. Section 3 details the AEMO-DEFS
framework, including its mathematical formulation, representation
scheme, adaptive operators, and selection mechanisms. Section 4
describes the experimental configuration. Section 5 presents and
analyzes the empirical results. Section 6 concludes the study.

2 Related Work
The challenge of feature selection in high-dimensional data, partic-
ularly in the context of genomic analysis, has attracted substantial
research attention over the past two decades. This section provides
a comprehensive review of relevant literature, examining feature
selection methodologies from different perspectives and situating
our proposed approach within the current research landscape.

The feature selection problem in bioinformatics contexts presents
unique challenges arising from the characteristics of genomic data.
Gene expression datasets typically contain thousands to tens of
thousands of features (genes) while the number of available sam-
ples remains relatively small, often numbering only in the tens or
hundreds. This extreme dimensionality-to-sample-size ratio creates
a particularly challenging optimization landscape where traditional
feature selection methods may fail to identify truly informative
genes while eliminating redundant or noisy features [10]. The goal
of feature selection in this context extends beyond mere dimension-
ality reduction to include the identification of biologically meaning-
ful biomarker panels that can provide insights into disease mecha-
nisms, support clinical decision-making, and potentially guide the
development of targeted therapies.

Filter methods represent the most computationally efficient cat-
egory of feature selection techniques, evaluating feature relevance
using intrinsic data characteristics without reference to any specific
learning algorithm. Common filter approaches include correlation-
based methods that identify features highly correlated with class la-
bels, mutual information-based approaches that measure statistical
dependencies between features and target variables, and chi-square
tests that assess statistical significance of feature-class associations
[3]. While filter methods offer advantages in terms of computa-
tional efficiency and generalizability across different classifiers,
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they possess inherent limitations in that they evaluate features in-
dependently and cannot capture complex feature interactions that
may be crucial for accurate classification. In genomic applications
where genes function within interconnected biological pathways
and regulatory networks, the independent evaluation of individ-
ual genes may fail to identify gene combinations that collectively
provide strong discriminative power despite individual genes ap-
pearing uninformative in isolation [6].

Wrapper methods address the limitations of filter approaches
by incorporating the learning algorithm directly into the feature
selection process, evaluating candidate feature subsets based on
their actual predictive performance rather than surrogate measures.
This wrapper-based evaluation enables the discovery of synergis-
tic feature combinations where features interact in complex ways
to influence classification outcomes. However, wrapper methods
incur substantial computational costs due to the repeated training
and evaluation of the classifier for each candidate feature subset,
making them computationally intensive for high-dimensional prob-
lems [12]. Various strategies have been proposed to mitigate this
computational burden, including the use of efficient search algo-
rithms such as genetic algorithms, particle swarm optimization,
and differential evolution to explore the combinatorial space of
feature subsets more effectively than exhaustive or greedy search
procedures.

Evolutionary algorithms have proven particularly effective for
multi-objective feature selection due to their ability to handle com-
plex, non-convex search spaces and maintain diverse solution pop-
ulations throughout the optimization process. Multi-objective evo-
lutionary algorithms (MOEAs) have been successfully applied to
feature selection across various domains, with researchers report-
ing competitive or superior performance compared to traditional
single-objective and greedy approaches [2, 3]. The Non-dominated
Sorting Genetic Algorithm II (NSGA-II) proposed by Deb and col-
leagues has been widely applied to multi-objective feature selec-
tion problems [5]. NSGA-II employs a fast nondominated sorting
procedure to rank solutions based on Pareto dominance and uses
crowding distance to preserve diversity among solutions with the
same nondomination rank. Particle Swarm Optimization (PSO) has
also been extensively adapted for multi-objective feature selection,
with researchers developing various strategies to handle multiple
objectives and maintain swarm diversity [4, 7]. The Multi-Objective
Evolutionary Algorithm based on Decomposition (MOEA/D) repre-
sents an alternative paradigm that transforms the multi-objective
problem into a set of scalar optimization subproblems, each asso-
ciated with a weight vector representing a particular point on the
Pareto front [13].

Differential Evolution has attracted substantial research atten-
tion due to its simplicity, effectiveness, and broad applicability
across diverse optimization problems. One significant direction of
research focuses on adaptive DE variants that automatically ad-
just algorithmic parameters or mutation strategies based on search
performance. The Success-History based Adaptive DE (SHADE)
algorithm maintains a memory of successful parameter settings
and uses this history to generate parameter values for new in-
dividuals, achieving competitive performance without requiring
manual parameter tuning. Similarly, the Adaptive DE with Ex-
ternal Archive (JADE) algorithm employs an optional archive of

historical solutions and adapts the mutation strategy and control
parameters based on the characteristics of successful operations.
Ensemble strategies in DE involve maintaining multiple mutation
and crossover strategies and dynamically selecting among them
based on their observed performance during the search process.
The AEMO-DEFS framework proposed in this work builds upon
these foundations by introducing an adaptive ensemble of DE oper-
ators combined with memory-based parameter tuning, all within a
Pareto-based multi-objective selection environment.

3 Proposed Methodology: AEMO-DEFS
Framework

This section presents the detailed formulation and implementation
of the Adaptive Ensemble Multi-Objective Differential Evolution
for Feature Selection (AEMO-DEFS) framework. The methodology
is designed to address the bi-objective nature of high-dimensional
feature selection: minimizing the number of selected features while
maximizing classification accuracy. AEMO-DEFS introduces several
novel mechanisms that collectively enhance the search capability
and robustness of standard differential evolution for this challeng-
ing optimization problem.

The overall philosophy underlying AEMO-DEFS is to create an
adaptive search framework that can automatically adjust its opera-
tional characteristics based on the problem landscape and search
progress, eliminating the need for extensive manual parameter
tuning while maintaining competitive performance across diverse
problem instances. This adaptivity is achieved through two com-
plementary mechanisms: an adaptive ensemble of mutation and
crossover strategies that dynamically allocates search effort based
on observed operator performance, and a memory-based parameter
adaptation scheme that adjusts the scaling factor and crossover
rate based on their historical effectiveness in generating successful
offspring.

3.1 Problem Formulation
The feature selection problem addressed in this work is formulated
as a multi-objective optimization problem (MOP) with two conflict-
ing objectives. Given a dataset comprising 𝑁 samples (instances)
and 𝐷 features (genes or attributes), the goal is to find a feature
subset 𝑆 ⊆ {1, 2, . . . , 𝐷} that optimizes the following objectives
simultaneously:

min 𝑓1 (𝑆) = |𝑆 | (1)
max 𝑓2 (𝑆) = Accuracy(𝑆) (2)

where |𝑆 | denotes the cardinality (number of elements) of the
selected feature subset, and Accuracy(𝑆) represents the classifica-
tion accuracy obtained when training and evaluating a classifier
using only the features contained in subset 𝑆 . The objective 𝑓1 (𝑆)
encourages parsimonious feature subsets that are easier to interpret
and less prone to overfitting, while 𝑓2 (𝑆) promotes high predictive
performance for downstream classification tasks.

The classification accuracy Accuracy(𝑆) is estimated using a
𝑘-Nearest Neighbor (k-NN) classifier with 𝑘 = 5 and 5-fold cross-
validation, following established practice in wrapper-based feature
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selection methods. In 5-fold cross-validation, the dataset is parti-
tioned into five approximately equal folds; the classifier is trained
on four folds and evaluated on the remaining fold, with this process
repeated five times such that each fold serves as the test set exactly
once. The reported accuracy represents the average classification
accuracy across the five folds, providing a robust estimate of gener-
alization performance that is less susceptible to the particularities
of any single train-test split.

The solution to this multi-objective optimization problem is not
a single optimal feature subset but rather a set of Pareto-optimal
solutions representing different trade-offs between feature count
and classification accuracy. A solution 𝑆1 is said to Pareto-dominate
another solution 𝑆2 (denoted 𝑆1 ≺ 𝑆2) if and only if:

𝑆1 ≺ 𝑆2 ⇐⇒
(
𝑓1 (𝑆1) ≤ 𝑓1 (𝑆2) ∧ 𝑓2 (𝑆1) ≥ 𝑓2 (𝑆2)

)
∧

(
𝑓1 (𝑆1) < 𝑓1 (𝑆2) ∨ 𝑓2 (𝑆1) > 𝑓2 (𝑆2)

)
.

(3)

The set of nondominated solutions, known as the Pareto set, con-
tains all solutions that are not dominated by any other feasible
solution. The corresponding objective vectors constitute the Pareto
front, which characterizes the achievable trade-offs between the
competing objectives.

3.2 Solution Representation and Evaluation
Each potential solution (individual) in the differential evolution pop-
ulation is represented as a continuous vector x = (𝑥1, 𝑥2, . . . , 𝑥𝐷 ),
where 𝐷 is the total number of features in the dataset and each
component 𝑥𝑖 is constrained to the interval [0, 1]. This continuous
representation enables the application of standard differential evo-
lution operators without modification, avoiding the combinatorial
complexities associated with direct binary or integer representa-
tions.

The continuous representation is mapped to a binary feature
selection vector b = (𝑏1, 𝑏2, . . . , 𝑏𝐷 ) through a thresholding opera-
tion. For each dimension 𝑖 , the binary feature selection indicator 𝑏𝑖
is computed as:

𝑏𝑖 =

{
1 if 𝑥𝑖 > 𝜃
0 otherwise

(4)

where 𝜃 is a threshold parameter set to 0.5 in the current im-
plementation. This thresholding approach is commonly used in
evolutionary feature selection and allows the continuous search
operators of DE to be applied to the combinatorial feature selection
problem. The binary vector b directly indicates which features are
selected (𝑏𝑖 = 1) and which are excluded (𝑏𝑖 = 0), and the resulting
feature subset 𝑆 = {𝑖 | 𝑏𝑖 = 1} is evaluated using the cross-validated
k-NN classifier as described in the problem formulation.

The population initialization process generates random con-
tinuous vectors uniformly distributed in the hypercube [0, 1]𝐷 .
This random initialization provides diverse starting points for the
evolutionary search, ensuring coverage of the feature space and
preventing bias toward particular regions of the search landscape.

3.3 Adaptive Ensemble of DE Operators
At generation 𝑡 , the population is 𝑃𝑡 = {x𝑡𝑖 }𝑁𝑖=1. For each target
vector x𝑡𝑖 , AEMO-DEFS samples one differential-evolution operator

from an ensemble of 𝐾 = 3 candidate strategies. The strategy index
is drawn from a categorical distribution,

𝑘𝑡𝑖 ∼ Cat(p𝑡 ), p𝑡 = (𝑝𝑡1, . . . , 𝑝𝑡𝐾 ), 𝑝𝑡
𝑘
≥ 0,

𝐾∑︁
𝑘=1

𝑝𝑡
𝑘
= 1, (5)

thereby turning operator choice into an explicit adaptive control
variable rather than a fixed design commitment.

Mutation operators. Let 𝑟1, 𝑟2, 𝑟3 be mutually distinct indices
sampled from {1, . . . , 𝑁 } \ {𝑖}. Conditional on the sampled strat-
egy 𝑘𝑡𝑖 and parameter draws (𝐹 𝑡𝑖 ,𝐶𝑅𝑡𝑖 ) (specified in the subsequent
subsection), the mutant vector v𝑡𝑖 is generated according to one of
the following prescriptions:

Strategy 1 (rand/1):

v𝑡𝑖 = x𝑡𝑟1 + 𝐹
𝑡
𝑖

(
x𝑡𝑟2 − x

𝑡
𝑟3

)
, (6)

Strategy 2 (best/1):

v𝑡𝑖 = x𝑡best + 𝐹
𝑡
𝑖

(
x𝑡𝑟1 − x

𝑡
𝑟2

)
, (7)

Strategy 3 (current-to-pbest/1):

v𝑡𝑖 = x𝑡𝑖 + 𝐹 𝑡𝑖
(
x𝑡
𝑝best − x

𝑡
𝑖

)
+ 𝐹 𝑡𝑖

(
x𝑡𝑟1 − x

𝑡
𝑟2

)
. (8)

The vector x𝑡best is defined as the highest-ranked population
member under the multi-objective ordering introduced below (low-
est non-dominated rank; ties broken by highest crowding distance).
The vector x𝑡

𝑝best is sampled uniformly from the top 𝑛𝑝 = ⌈𝑝𝑁 ⌉ in-
dividuals under the same ordering, where 𝑝 = 0.1 in this work. This
design couples exploitation of a restricted elite set with a residual
exploratory component.

Binomial crossover. Given the target x𝑡𝑖 and mutant v𝑡𝑖 , the trial
vector u𝑡𝑖 is formed componentwise by binomial crossover:

𝑢𝑡
𝑖,𝑑

=

{
𝑣𝑡
𝑖,𝑑
, if rand(0, 1) ≤ 𝐶𝑅𝑡𝑖 or 𝑑 = 𝑑rand,

𝑥𝑡
𝑖,𝑑
, otherwise,

(9)

where 𝑑rand ∼ U{1, . . . , 𝐷} enforces inheritance of at least one
component from the mutant. To ensure all components remain
within the feasible domain [0, 1], a boundary repair is applied:

𝑢𝑡
𝑖,𝑑
← min{1,max{0, 𝑢𝑡

𝑖,𝑑
}}, ∀𝑑 ∈ {1, . . . , 𝐷}. (10)

Ranking for selection and elitism. Let rank(x) ∈ {1, 2, . . . }
denote the non-dominated sorting level (front number) and let
cd(x) denote the crowding distance computed within each front. A
total order convenient for defining x𝑡best and the top-𝑝 set is

a ≺𝑅 b⇐⇒
{
rank(a) < rank(b), or
rank(a) = rank(b) ∧ cd(a) > cd(b).

(11)

Environmental selection. Let 𝑈 𝑡 = {u𝑡𝑖 }𝑁𝑖=1 be the set of trial
vectors and define the union

𝑄𝑡 = 𝑃𝑡 ∪𝑈 𝑡 . (12)

The next generation is obtained by an NSGA-II-type environmental
selection operator,

𝑃𝑡+1 = Select𝑁 (𝑄𝑡 ), (13)

which fills successive non-dominated fronts F1, F2, . . . until the
population size 𝑁 is reached. If a front cannot be fully included,
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individuals within that front are ranked by descending crowding
distance, and those with the largest distances are selected.

Success indicator for strategy adaptation. A crisp and im-
plementation faithful success indicator is survival into the next
generation:

𝑠𝑡𝑖 =

{
1, if u𝑡𝑖 ∈ 𝑃𝑡+1,
0, otherwise.

(14)

Aggregating by strategy yields usage counts and successes,

𝑁 𝑡
𝑘
=

𝑁∑︁
𝑖=1

I[𝑘𝑡𝑖 = 𝑘],

𝑆𝑡
𝑘
=

𝑁∑︁
𝑖=1

I[𝑘𝑡𝑖 = 𝑘] 𝑠𝑡𝑖 ,
𝜌𝑡
𝑘
=

𝑆𝑡
𝑘

max{1, 𝑁 𝑡
𝑘
} . (15)

When finer-grained credit assignment is desired, survival can be
replaced by a nonnegative contribution score Δ𝑡𝑖 . One conservative
choice, compatible with rank-based selection, is a rank improve-
ment measured on the union set:

Δ𝑡𝑖 =max
{
0, rank𝑄𝑡 (x𝑡𝑖 )−rank𝑄𝑡 (u𝑡𝑖 )

}
, 𝑆𝑡

𝑘
=

𝑁∑︁
𝑖=1

I[𝑘𝑡𝑖 = 𝑘] Δ𝑡𝑖 .

(16)

Probability update. Let 𝜌𝑡
𝑘
denote a smoothed estimate of strat-

egy quality. A stable update is obtained by exponential smoothing
followed by normalization with a positivity floor 𝜀 = 0.01:

𝜌𝑡+1
𝑘

= (1 − 𝛼)𝜌𝑡
𝑘
+ 𝛼𝜌𝑡

𝑘
, 𝛼 = 0.1, (17)

𝑝𝑡+1
𝑘

=
𝜌𝑡+1
𝑘
+ 𝜀∑𝐾

𝑗=1 (𝜌𝑡+1𝑗
+ 𝜀)

. (18)

This update both amplifies recently effective strategies and pre-
vents premature exclusion, which is particularly important in multi-
objective landscapes where the locally useful operator can shift
across generations and across regions of the Pareto set.

3.4 Adaptive Control of DE Parameters
Operator adaptation alone does not determine the effective search
dynamics: the scaling factor 𝐹 regulates step magnitudes, while
the crossover rate 𝐶𝑅 controls how strongly the mutant perturbs
the target. Because the utility of (𝐹,𝐶𝑅) depends not only on the
problem structure but also on the chosen mutation scheme, AEMO-
DEFS attaches a strategy-conditional memory state to each operator.
Specifically, each strategy 𝑘 maintains

Θ𝑡
𝑘
=
(
𝜇𝑡
𝐹 ,𝑘
, 𝛾𝑡
𝐹 ,𝑘
, 𝜇𝑡
𝐶𝑅,𝑘

, 𝜎𝑡
𝐶𝑅,𝑘

)
, (19)

from which parameter values are sampled, and which is updated
using only the parameter values associatedwith successful offspring
generated by that strategy. The memories are initialized to 𝜇0

𝐹,𝑘
=

0.5, 𝛾0
𝐹,𝑘

= 0.1, 𝜇0
𝐶𝑅,𝑘

= 0.5, and 𝜎0
𝐶𝑅,𝑘

= 0.1 for all 𝑘 .

Sampling with truncation. For an offspring produced under
strategy 𝑘 :

𝐹 𝑡𝑖 ∼ Cauchy
(
𝜇𝑡
𝐹,𝑘
, 𝛾𝑡
𝐹,𝑘

)
, 𝐹 𝑡𝑖 ← min{1,max{𝛿, 𝐹 𝑡𝑖 }}, (20)

𝐶𝑅𝑡𝑖 ∼ N
(
𝜇𝑡
𝐶𝑅,𝑘

, 𝜎𝑡
𝐶𝑅,𝑘

)
, 𝐶𝑅𝑡𝑖 ← min{1,max{0,𝐶𝑅𝑡𝑖 }}, (21)

where 𝛿 = 0.1 prevents degenerate mutation steps. The heavy-tailed
Cauchy draw for 𝐹 preserves a small but persistent probability
of large exploratory jumps, whereas the Gaussian draw for 𝐶𝑅
concentrates around a learned mean while allowing controlled
variability.

Successful samples and weights. Define, for each strategy 𝑘 ,
the successful parameter multisets

F 𝑡
𝑘
= {𝐹 𝑡𝑖 : 𝑘𝑡𝑖 = 𝑘, 𝑠

𝑡
𝑖 = 1}, C𝑡

𝑘
= {𝐶𝑅𝑡𝑖 : 𝑘𝑡𝑖 = 𝑘, 𝑠𝑡𝑖 = 1}.

(22)
To bias updates toward offspring with greater measured contri-
bution, we associate nonnegative weights. Using the contribution
signal Δ𝑡𝑖 (or Δ

𝑡
𝑖 ≡ 1 under pure survival credit),

𝑤̃𝑡𝑖 =

{
Δ𝑡𝑖 , if 𝑠𝑡𝑖 = 1,
0, otherwise,

𝑤𝑡𝑖 =
𝑤̃𝑡𝑖∑

𝑗 : 𝑘𝑡
𝑗
=𝑘 𝑤̃

𝑡
𝑗
+ 𝜂 , (23)

with 𝜂 = 10−6 ensuring well-defined normalization. If a strategy
produces no successful offspring in a generation, its memory state
is left unchanged, which prevents spurious drift.

Memoryupdates. A robust update for 𝐹 uses aweighted Lehmer
mean, which accentuates larger successful 𝐹 values when they are
systematically beneficial:

𝜇̂𝑡
𝐹 ,𝑘

=

∑
𝑖 : 𝑘𝑡

𝑖
=𝑘, 𝑠𝑡

𝑖
=1𝑤

𝑡
𝑖 (𝐹 𝑡𝑖 )2∑

𝑖: 𝑘𝑡
𝑖
=𝑘, 𝑠𝑡

𝑖
=1𝑤

𝑡
𝑖
𝐹 𝑡
𝑖

. (24)

For 𝐶𝑅, the weighted arithmetic mean is typically adequate:

𝜇̂𝑡
𝐶𝑅,𝑘

=
∑︁

𝑖: 𝑘𝑡
𝑖
=𝑘, 𝑠𝑡

𝑖
=1

𝑤𝑡𝑖𝐶𝑅
𝑡
𝑖 . (25)

The location parameters are then updated by exponential smooth-
ing with learning rate 𝑐 = 0.1:

𝜇𝑡+1
𝐹,𝑘

= (1 − 𝑐)𝜇𝑡
𝐹 ,𝑘
+ 𝑐 𝜇̂𝑡

𝐹,𝑘
, (26)

𝜇𝑡+1
𝐶𝑅,𝑘

= (1 − 𝑐)𝜇𝑡
𝐶𝑅,𝑘
+ 𝑐 𝜇̂𝑡

𝐶𝑅,𝑘
. (27)

To adapt dispersion, the normal standard deviation is updated via a
weighted variance estimate,

𝜎𝑡
𝐶𝑅,𝑘

=

√︄ ∑︁
𝑖: 𝑘𝑡

𝑖
=𝑘, 𝑠𝑡

𝑖
=1

𝑤𝑡
𝑖

(
𝐶𝑅𝑡

𝑖
− 𝜇̂𝑡

𝐶𝑅,𝑘

)2
, (28)

followed by smoothing:

𝜎𝑡+1
𝐶𝑅,𝑘

= (1 − 𝑐)𝜎𝑡
𝐶𝑅,𝑘
+ 𝑐 𝜎𝑡

𝐶𝑅,𝑘
. (29)

For the Cauchy scale 𝛾𝑡
𝐹,𝑘

, a robust alternative is a weighted median
absolute deviation (wMAD) around 𝜇̂𝑡

𝐹 ,𝑘
,

𝛾𝑡
𝐹,𝑘

= 𝜅 wMAD
(
{𝐹 𝑡𝑖 }, 𝜇̂𝑡𝐹 ,𝑘 , {𝑤

𝑡
𝑖 }
)
, (30)

where 𝜅 = 1.4826 calibrates the scale to match the standard devi-
ation of a Gaussian, and wMAD denotes the weighted median of
{|𝐹 𝑡𝑖 − 𝜇̂𝑡𝐹 ,𝑘 |} under weights {𝑤

𝑡
𝑖 }, followed by smoothing:

𝛾𝑡+1
𝐹,𝑘

= (1 − 𝑐)𝛾𝑡
𝐹 ,𝑘
+ 𝑐 𝛾𝑡

𝐹 ,𝑘
. (31)
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Coupled adaptation dynamics. Because (𝐹,𝐶𝑅) are sampled
conditional on the strategy index, operator adaptation and parame-
ter adaptation form a coupled learning process. The probabilities p𝑡
regulate the frequency with which each memory stateΘ𝑡

𝑘
is queried,

while the memory states evolve only when their associated operator
produces offspring that survive environmental selection or yield
measurable rank-based contribution. The resulting mechanism is
closely aligned with the intuition of reward-weighted reinforce-
ment: operator families and parameter regimes that demonstrably
support progress toward a well-distributed approximation of the
Pareto set are amplified, but the positivity floor in 𝑝𝑡

𝑘
and the non-

negligible sampling variance preserve the algorithm’s capacity to
reallocate search effort when the optimization dynamics shift.

3.5 External Archive Management
To guarantee elitism and preserve the best solutions discovered
during evolution, AEMO-DEFS maintains an external archive 𝐴
that stores all nondominated solutions identified throughout the
optimization process. At each generation, the archive is updated
by adding any newly found nondominated solutions from 𝑃𝑡+1:

𝐴𝑡+1 ← Nondominated
(
𝐴𝑡 ∪ 𝑃𝑡+1

)
. (32)

If the archive size exceeds a predefined capacity |𝐴|max, solutions
with the smallest crowding distance are iteratively removed until
|𝐴𝑡+1 | ≤ |𝐴|max, maintaining a diverse representative set covering
the Pareto front.

The complete algorithmic procedure is summarized in Algorithm
1.

4 Experimental Setup
This section describes the experimental configuration used to evalu-
ate the AEMO-DEFS framework, including the benchmark datasets,
baseline algorithms for comparison, parameter settings, and per-
formance evaluation metrics.

To assess the performance of AEMO-DEFS, five gene expres-
sion datasets representing different cancer types and classification
challenges were selected from the literature. These datasets vary in
terms of dimensionality (number of features), sample size, and num-
ber of classes, providing a comprehensive testbed for evaluating
feature selection algorithms. Table 1 presents the characteristics of
each dataset.

Table 1: Characteristics of the benchmark gene expression
datasets (MC: multi-class, BC: binary-class)

Dataset Instances Features Classes Class Distribution

11-Tumors 174 12,533 11 (MC) [27, 26, 25, 23, 14, 14, 12, 11, 8, 7, 7]
Brain-Tumor 50 10,367 4 (MC) [14, 6, 14, 16]
Lung Cancer 203 12,600 5 (MC) [139, 6, 21, 20, 17]
MLL 72 12,582 3 (MC) [24, 24, 24]
Prostate Tumor 102 10,509 2 (BC) [50, 52]

The 11-Tumors dataset contains gene expression profiles from
174 samples covering 11 different tumor types, representing a chal-
lenging multi-class classification problem with a large feature space
relative to sample size. The Brain-Tumor dataset comprises expres-
sion data from 50 samples across 4 tumor classes, with a particularly
severe sample-to-feature ratio. The Lung Cancer dataset includes

Algorithm 1 AEMO-DEFS Algorithm
1: Input: Feature dimension 𝐷 , population size 𝑁 , max genera-

tions 𝑇max, archive size |𝐴|max
2: Output: Archive 𝐴 of Pareto-optimal feature subsets
3: Initialize: 𝑃 = {x1, . . . , x𝑁 } with x𝑖 ∼ U[0, 1]𝐷
4: Initialize p0 = (1/𝐾, . . . , 1/𝐾) and Θ0

𝑘
for all 𝑘

5: Initialize 𝐴← ∅
6: for each x𝑖 ∈ 𝑃 do
7: b𝑖 ← I[x𝑖 > 0.5]
8: Evaluate 𝑓1 (b𝑖 ), 𝑓2 (b𝑖 ) via 5-fold CV with k-NN
9: end for
10: Perform nondominated sorting and crowding distance on 𝑃
11: 𝐴← Nondominated(𝑃)
12: for 𝑡 = 1 to 𝑇max do
13: for 𝑖 = 1 to 𝑁 do
14: Sample strategy 𝑘𝑖 ∼ Cat(p𝑡−1)
15: Sample 𝐹𝑖 ,𝐶𝑅𝑖 from Θ𝑡−1

𝑘𝑖
using Eqs. (20)–(21)

16: Generate v𝑖 via Eq. (6), (7), or (8)
17: Generate u𝑖 via binomial crossover and repair
18: b′𝑖 ← I[u𝑖 > 0.5]
19: Evaluate 𝑓1 (b′𝑖 ), 𝑓2 (b′𝑖 )
20: end for
21: 𝑈 𝑡 ← {u1, . . . , u𝑁 }
22: 𝑄𝑡 ← 𝑃 ∪𝑈 𝑡
23: Perform nondominated sorting and crowding distance on

𝑄𝑡

24: 𝑃 ← Select𝑁 (𝑄𝑡 ) {NSGA-II selection}
25: 𝐴← Nondominated(𝐴 ∪ 𝑃)
26: if |𝐴| > |𝐴|max then
27: Prune 𝐴 by removing solutions with smallest crowding

distance
28: end if
29: Compute success indicators {𝑠𝑖 } and contribution scores

{Δ𝑖 }
30: Update p𝑡 via Eqs. (17)–(18)
31: Update {Θ𝑡

𝑘
} using successful parameter samples

32: end for
33: Return: Archive 𝐴

203 samples from 5 types of lung cancer and normal tissues, char-
acterized by a high-dimensional feature space and moderate class
imbalance. The MLL (Mixed-Lineage Leukemia) dataset contains
72 samples from 3 leukemia subtypes with balanced class distribu-
tion. The Prostate Tumor dataset represents a binary classification
problem with 102 samples distinguishing between prostate tumor
and normal tissue.

For all datasets, the features (genes) were preprocessed following
standard practices for gene expression data analysis. Missing values
were imputed using the 𝑘-nearest neighbor algorithm with 𝑘 = 5,
and all features were standardized to zero mean and unit variance to
ensure comparable scales across features. No feature preprocessing
specific to AEMO-DEFS was performed, maintaining consistency
with the wrapper-based paradigm where the classifier handles the
raw features.
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To provide a comprehensive evaluation, AEMO-DEFS was com-
pared against three established multi-objective optimization algo-
rithms that have been widely used for feature selection tasks:

MOPSO (Multi-Objective Particle Swarm Optimization) [4]: A
particle swarm optimization algorithm adapted for multi-objective
optimization, using an external archive to store nondominated
solutions and selecting leaders from the archive based on crowding
distance.

NSGA-III (Non-dominated Sorting Genetic Algorithm III) [5]: A
reference-point-based NSGA-II variant designed for many-objective
optimization, using a predefined set of reference points to maintain
diversity in high-dimensional objective spaces.

MOEA/D (Multi-Objective Evolutionary Algorithm based on
Decomposition) [13]: A decomposition-based algorithm that trans-
forms the multi-objective problem into a set of scalar optimization
subproblems.

These baseline algorithms were selected to represent differ-
ent paradigms within multi-objective evolutionary computation:
swarm intelligence (MOPSO), domination-based selection with ref-
erence points (NSGA-III), and decomposition-based optimization
(MOEA/D). All algorithmswere implementedwith standard settings
and were configured to use the same fitness evaluation procedure
(5-NN with 5-fold cross-validation) to ensure a fair comparison.

To ensure a fair and meaningful comparison, consistent parame-
ter settings were used across all algorithms where applicable. The
population size of 30 was selected as a balance between exploration
capability and computational cost, considering the expensive fitness
evaluation required for wrapper-based feature selection. The maxi-
mum of 200 generations was chosen to allow sufficient optimization
time while maintaining manageable computational requirements
for the 30 independent runs performed for each algorithm-dataset
combination.

The performance of AEMO-DEFS and the baseline algorithms
was assessed using multiple evaluation metrics that capture differ-
ent aspects of solution quality in multi-objective optimization:

Inverted Generational Distance (IGD): The IGD metric mea-
sures both the convergence and diversity of an approximated Pareto
front by computing the average distance from each point on the
reference front to its nearest point in the approximated front [15].
A lower IGD value indicates better performance.

Epsilon Indicator (𝜖-indicator): The additive 𝜖-indicator mea-
sures the minimum value by which the approximated front must be
translated in objective space to dominate the reference front [15].
This metric captures the worst-case quality of solutions in the ap-
proximated front, with lower values indicating better performance.

Classification Accuracy: The average classification accuracy
achieved by solutions in the approximated Pareto front, evaluated
using 5-fold cross-validation with a 5-NN classifier. Higher accuracy
indicates better predictive performance.

Number of Selected Features: The average cardinality of fea-
ture subsets in the approximated Pareto front, representing the
degree of dimensionality reduction achieved. Lower values indicate
more parsimonious feature subsets.

The true Pareto front is unknown for these real-world feature
selection problems. To address this challenge, a reference front
was constructed by aggregating all nondominated solutions found

across all runs and all algorithms, then filtering to retain only
globally nondominated points.

5 Results and Analysis
This section presents the experimental results comparing AEMO-
DEFS against the baseline algorithms across the five benchmark
datasets. The analysis examines multiple dimensions of perfor-
mance, including Pareto front quality metrics, classification accu-
racy, and feature subset cardinality.

Table 2 presents the Inverted Generational Distance (IGD) results
for all algorithms across the five datasets. Lower IGD values indicate
better performance, signifying both closer approximation to the
reference front and better distribution of solutions.

Table 2: Inverted Generational Distance (IGD) comparison
(mean ± std); lower is better

Dataset AEMO-DEFS MOPSO NSGA-III MOEA/D

11-Tumors 0.0214 ± 0.0098 0.0592 ± 0.0200 0.0522 ± 0.0139 0.0297 ± 0.0132
Brain-Tumor 0.0157 ± 0.0215 0.0381 ± 0.0314 0.0165 ± 0.0247 0.0221 ± 0.0259
Lung Cancer 0.0092 ± 0.0047 0.0199 ± 0.0070 0.0175 ± 0.0065 0.0106 ± 0.0033
MLL 0.0087 ± 0.0193 0.0140 ± 0.0262 0.0164 ± 0.0280 0.0128 ± 0.0267
Prostate Tumor 0.0083 ± 0.0176 0.0140 ± 0.0262 0.0164 ± 0.0280 0.0128 ± 0.0267

The results demonstrate that AEMO-DEFS achieves the low-
est mean IGD on all five datasets, with particularly pronounced
improvements on the 11-Tumors dataset where the mean IGD of
0.0214 represents a reduction of approximately 28% compared to
MOEA/D (0.0297) and over 64% compared to MOPSO (0.0592). This
strong performance indicates that AEMO-DEFS produces Pareto
front approximations that are both closer to the reference front and
better distributed across the range of achievable trade-offs.

Table 3 presents the 𝜖-indicator results, which provide additional
evidence of AEMO-DEFS’s superior Pareto front quality, particu-
larly in terms of dominance-based metrics.

Table 3: Epsilon Indicator (𝜖-indicator) comparison (mean ±
std); lower is better

Dataset AEMO-DEFS MOPSO NSGA-III MOEA/D

11-Tumors 0.1876 ± 0.0298 0.2549 ± 0.0322 0.2480 ± 0.0275 0.2275 ± 0.0401
Brain-Tumor 0.0643 ± 0.0218 0.0907 ± 0.0342 0.0667 ± 0.0269 0.0759 ± 0.0272
Lung Cancer 0.0412 ± 0.0118 0.0475 ± 0.0120 0.0483 ± 0.0130 0.0483 ± 0.0160
MLL 0.0098 ± 0.0215 0.0141 ± 0.0261 0.0165 ± 0.0279 0.0130 ± 0.0266
Prostate Tumor 0.0042 ± 0.0153 0.0154 ± 0.0234 0.0163 ± 0.0207 0.0089 ± 0.0164

The 𝜖-indicator results reinforce the findings from the IGD anal-
ysis, with AEMO-DEFS achieving the best (lowest) values on all
datasets. The improvements are particularly notable on the 11-
Tumors dataset (0.1876 vs. 0.2275 for MOEA/D) and the Prostate
Tumor dataset (0.0042 vs. 0.0089 for MOEA/D).

Table 4 and 5 present the classification accuracy and number
of selected features, respectively. AEMO-DEFS achieves the best
classification accuracy on all five datasets while simultaneously
selecting the smallest number of features.

The results demonstrate that AEMO-DEFS achieves the best
classification accuracy on all five datasets while simultaneously
selecting the smallest number of features. On the 11-Tumors dataset,
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Table 4: Classification accuracy (higher is better)

Dataset AEMO-DEFS MOPSO NSGA-III MOEA/D

11-Tumors 0.9358 0.9103 0.9011 0.9154
Brain-Tumor 0.8892 0.8769 0.8538 0.8615
Lung Cancer 0.9683 0.9606 0.9508 0.9557
MLL 0.9724 0.9630 0.9506 0.9630
Prostate Tumor 0.9529 0.9314 0.9216 0.9363

Table 5: Number of selected features (lower is better)

Dataset AEMO-DEFS MOPSO NSGA-III MOEA/D

11-Tumors 7.83 12.37 15.22 10.18
Brain-Tumor 5.21 8.21 10.45 7.32
Lung Cancer 5.94 9.84 12.19 8.53
MLL 4.35 7.35 9.62 6.41
Prostate Tumor 4.78 7.68 9.94 6.83

AEMO-DEFS selects an average of 7.83 features compared to 10.18
for MOEA/D (the next-best baseline), representing a reduction of
approximately 23%. This reduction is even more pronounced on
the MLL dataset, where AEMO-DEFS selects only 4.35 features on
average compared to 6.41 for MOEA/D, a 32% reduction.

The superior performance of AEMO-DEFS can be attributed
to its core adaptive mechanisms working in concert to address
the fundamental challenges of high-dimensional feature selection.
First, the algorithm’s adaptive ensemble of DE operators dynam-
ically selects among multiple mutation and crossover strategies
based on their recent success rates, thereby intrinsically balancing
exploration and exploitation without requiring manual strategy
selection. Second, AEMO-DEFS employs adaptive control of the
scaling factor 𝐹 and crossover rate 𝐶𝑅 via memory-based distribu-
tions, updating these distributions according to the parameters that
produced successful offspring in previous generations. This self-
tuning mechanism enhances robustness by obviating the need for
user-specified parameter settings while enabling the algorithm to
discover parameter values that are effective for the specific problem
landscape.

Despite the strong performance demonstrated across the bench-
mark datasets, several limitations of the current study should be
acknowledged. First, the empirical evaluation is restricted to five
cancer microarray datasets, and the performance of AEMO-DEFS
on other omics modalities remains to be evaluated. Second, the
computational overhead incurred by repeated nondominated sort-
ing and distance calculations may become prohibitive when scaling
to ultra-high-dimensional datasets. Third, the evaluation focused
on a specific classifier (k-NN) and cross-validation procedure.

These limitations suggest several promising directions for future
research, including investigating the performance of AEMO-DEFS
on other types of high-dimensional data, addressing scalability
concerns through parallelization or surrogate modeling, and con-
ducting ablation studies to quantify the individual contributions of
each adaptive mechanism.

6 Conclusion
This paper introduced the Adaptive Ensemble Multi-Objective Dif-
ferential Evolution for Feature Selection (AEMO-DEFS), a multi-
objective metaheuristic framework tailored to high-dimensional
feature selection under the concurrent goals of maximizing classi-
fication performance and minimizing subset cardinality. The dis-
tinctive contribution of AEMO-DEFS lies in two coupled adap-
tive mechanisms: first, an ensemble of differential evolution mu-
tation–crossover strategies whose sampling probabilities are up-
dated online according to their observed contribution to generating
competitive offspring during the evolutionary process; second, a
memory-driven parameter control scheme that adaptively samples
and updates the scaling factor 𝐹 and crossover rate𝐶𝑅 based on his-
torically successful parameter realizations. By operationalizing op-
erator choice and parameterization as data-driven control variables,
the method aims to sustain an effective exploration–exploitation
balance across heterogeneous landscapes and across different stages
of the search.

Empirical studies on five cancer microarray datasets provided
consistent evidence of improved search quality and solution utility.
Across all datasets, AEMO-DEFS attained the lowest Inverted Gen-
erational Distance and favorable 𝜖-indicator values, supporting the
claim that the algorithm yields Pareto sets that are both close to
the reference front and well distributed. Importantly, these gains
translated into application-level outcomes: AEMO-DEFS simultane-
ously achieved the highest classification accuracy while selecting
the fewest features, suggesting that performance improvements
arise from more effective multi-objective optimization rather than
from privileging one objective at the expense of the other. Future
work will investigate richer credit-assignment signals for operator
adaptation (e.g., hypervolume contribution), scalability strategies
for larger feature spaces (including surrogate-assisted evaluation
and parallelization), and stronger domain validation through sta-
bility analysis and biological interpretation of selected biomarkers,
complemented by cross-study generalization tests and additional
classifiers to assess robustness.
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