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Featured Application

The proposed EFSHB framework provides a robust and efficient feature selection so-
lution for high-dimensional learning tasks. By mitigating model-dependent bias and
promoting stable predictive performance through ensemble-based feature aggregation,
EFSHB is particularly well-suited for applications in biomedical gene-expression analysis,
wearable sensor and physiological signal processing, smart manufacturing systems, and
high-dimensional industrial monitoring.

Abstract

Feature selection is essential for improving classification performance and reducing overfit-
ting in high-dimensional learning tasks. However, conventional importance-based methods
often suffer from instability, model bias, and sensitivity to threshold settings. To address
these limitations, we propose EFSHB (Ensemble Feature Selection using Hierarchical Bin-
ning), a hybrid ensemble framework that integrates importance-based sorting, bin-level
greedy evaluation, iterative hierarchical refinement, and union-based integration of model-
wise selected features. At each iteration, five tree-based models independently perform
bin-wise greedy selection, and their selected subsets are merged through a union operation
to form the feature set for the next iteration. This iterative process progressively refines the
feature space while mitigating model-specific bias and promoting robust predictive per-
formance across heterogeneous models. EFSHB was evaluated on nine high-dimensional
benchmark datasets, including biomedical gene-expression, synthetic, proteomics, and
speech-feature data. Across all datasets, EFSHB achieved the highest or near-highest classi-
fication accuracy, outperforming traditional Greedy Feature Selection (GFS), binning-based
GFS (GFSB), and hierarchical binning GFS (GFSHB). On average, EFSHB improved accu-
racy for all classifiers, achieving mean gains of 14.0% over GFS and 13.3% over GFSHB.
EFSHB also provided balanced feature reduction by avoiding excessive feature retention
while preserving complementary informative features identified across models. In terms
of computational efficiency, EFSHB reduced average feature selection time from 266 min
(GFS) to 11 min, corresponding to a 24-fold speed-up. These results demonstrate that
EFSHB achieves robust predictive performance and high computational efficiency, making
it suitable for diverse high-dimensional applications.

Keywords: ensemble feature selection; AI-driven data processing; machine learning for
data management; high-dimensional data analysis; big data analytics; hierarchical binning

Appl. Sci. 2026, 16, 3404 https://doi.org/10.3390/app16073404

https://crossmark.crossref.org/dialog?doi=10.3390/app16073404&domain=pdf&date_stamp=2026-03-31
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0003-4407-7897
https://orcid.org/0000-0003-4124-8099
https://doi.org/10.3390/app16073404


Appl. Sci. 2026, 16, 3404 2 of 26

1. Introduction
Feature selection (FS) is essential for removing irrelevant or redundant features in

high-dimensional data while simultaneously improving classification performance and
model interpretability [1–7]. As an effective preprocessing step, FS enhances machine
learning efficiency, reduces the risk of overfitting, and improves the interpretability of
predictive models [4,7,8].

The primary objective of FS is to identify informative and task-relevant features while
eliminating unnecessary or duplicated ones, thereby improving classification accuracy [1,5].
In real-world applications—such as sensor signal analysis, physiological signal monitoring,
and smart manufacturing—datasets often contain hundreds or thousands of correlated
features, from which only a compact subset of features contributing to generalization must
be extracted [4,7,9]. This process reduces computational complexity, reduces memory usage,
accelerates training and inference, and enhances both model reliability and interpretability.
For these reasons, FS has been widely applied in data mining, pattern recognition, and
machine learning [4,7,9–11].

Minimum Redundancy Maximum Relevance (mRMR) is a widely used filter-based
feature selection method that selects features by maximizing their relevance to the target
variable while minimizing redundancy among selected features. By approximating the
maximal dependency criterion using pairwise mutual information, mRMR provides an
efficient solution for high-dimensional data, particularly in biomedical and gene-expression
analysis [12].

ReliefF is an instance-based feature selection algorithm that evaluates feature relevance
based on how well feature values distinguish between neighboring instances of different
classes. By capturing local data characteristics and exhibiting robustness to noise and multi-
class problems, ReliefF has been widely adopted for large-scale and noisy datasets [13].

Lasso introduces ℓ1-norm regularization into linear models to achieve simultaneous
feature selection and model fitting by enforcing sparsity in feature coefficients. Although
effective in producing compact and interpretable models, Lasso is sensitive to feature
correlation and often selects only one feature from highly correlated groups [14].

Robust Feature Selection (RFS) based on joint ℓ2,1-norm minimization enforces row-
wise sparsity to select features consistently across samples while mitigating noise effects.
Despite its robustness, RFS typically relies on convex optimization frameworks, which may
lead to increased computational cost in large-scale settings [15].

Despite their effectiveness, most classical feature selection methods are optimized
within a single learning framework or objective function, which may result in lim-
ited robustness to model-dependent bias and instability when applied to complex
high-dimensional data.

In addition to importance-based and ensemble-based strategies, a growing body of re-
search has investigated optimization-driven feature selection methods for high-dimensional
data. Optimization-based feature selection methods have also been proposed, including
hybrid frameworks that combine Elastic Net-based selection with optimization techniques
for high-dimensional data classification [16]. Similarly, global optimization-based feature
selection methods, such as GMSMFO, employ population-based global search strategies
and have been applied to machine learning tasks including intrusion detection [17].

Traditional feature importance-based methods leverage the built-in importance metics
of tree-based models such as Random Forest [18], XGBoost [19], and Decision Tree [20]
to select features efficiently [7,21,22]. However, these approaches suffer from several
fundamental limitations. First, the selected feature set is strongly influenced by the inherent
bias of each learning model, causing different models to produce substantially inconsistent
feature subsets [4,7,10]. Second, slight variations in importance ranking can directly affect
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the selection outcome, thereby increasing sensitivity to ranking fluctuations and reducing
robustness [9,23,24]. Third, because these methods depend on predefined thresholds
(e.g., selecting the top-K features or features above a certain percentile), they exhibit high
sensitivity to threshold choices, leading to reproducibility and robustness issues [10,25–27].

Existing importance-based feature selection methods rely solely on the internal metrics
of a single model, which leads to substantial disagreement among models and large
variability in the resulting feature subsets [4]. Because each model exhibits a distinct feature
importance distribution, it is common for different models to select entirely different subsets
of features even when applied to the same dataset. Moreover, single-model approaches are
sensitive to noise and easily influenced by local optima, which can ultimately degrade the
generalization performance of the downstream classifier.

Since these methods depend more on relative ranking differences rather than the
absolute magnitude of feature importance, they may inadvertently exclude truly informa-
tive features or include irrelevant ones. Approaches based on a single criterion—such as
selecting the top-K features or selecting features above a predefined percentile—also suffer
from low reproducibility, as the optimal threshold varies across datasets.

As a result, single-model feature selection methods often struggle to achieve robust
generalization and consistent predictive performance. and performance consistency. Mean-
while, existing ensemble-based feature selection methods that aggregate feature importance
values—through averaging or weighted combinations—attempt to reduce model-specific
bias by integrating information from multiple learners. However, these methods still rely
on threshold settings, and some require predefined feature groups, which limits their prac-
tical flexibility. Therefore, there is a growing need for a hybrid ensemble feature selection
framework that can reduce threshold dependency, alleviate model bias, and achieve robust
and reliable predictive performance.

In this study, we propose a new hybrid ensemble feature selection framework,
named Ensemble Feature Selection using Hierarchical Binning (EFSHB). EFSHB integrates
importance-based sorting, bin-level greedy evaluation, and union-based aggregation across
heterogeneous tree-based models (AdaBoost [28], Extra Trees [29], Random Forest, XG-
Boost, and Decision Tree). A bin-based greedy feature selection procedure (GFSB) has been
accepted for publication at the ICCE conference. The proposed EFSHB framework extends
this work by incorporating hierarchical binning, iterative refinement, and union-based
aggregation across multiple models [30].

For each model, features are first sorted by importance and divided into equal-width
bins. A cumulative greedy search identifies the bin combination that yields the highest
classification accuracy. The features selected by each model are then merged through a
union operation, forming the feature set for the next iteration.

This sorting–binning–evaluation cycle repeats iteratively. As the process continues, the
feature space becomes progressively refined, and when the remaining number of features
is smaller than the number of bins, an adaptive binning mechanism automatically adjusts
the bin count. The iterative process terminates when the size of the union feature set no
longer decreases between iterations, indicating convergence. The model–feature pair that
achieves the highest accuracy across all iterations is selected as the final output.

EFSHB offers several advantages:

• Reduced model bias through union-based integration of multiple learners.
• Lower threshold sensitivity via bin-level cumulative search.
• Deterministic convergence, as the feature space is gradually reduced until it

stops shrinking.
• High simplicity and compatibility, requiring only model-provided importance values.
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• Joint model–feature selection, enabling automatic identification of the most
effective configuration.

2. Ensemble Feature Selection Using Hierarchical Binning (EFSHB)
2.1. Overview of EFSHB

The proposed EFSHB operates by sorting features in descending importance, grouping
them into bins, and iteratively refining the feature subset using complementary information
from multiple learning models. First, the features are sorted based on importance scores
computed from each model, and the sorted feature list is divided into predefined bins. Each
model then performs bin-level greedy selection, evaluating cumulative bins to identify the
optimal bin range. The feature subsets selected by individual models are merged through a
union operation, and the resulting union subset becomes the input for the next iteration.
Through this iterative process, the feature space becomes progressively more compact and
refined, and once the subset size no longer decreases, the best-performing model–feature
pair across all iterations is selected as the final output.

The overall pipeline is illustrated in Figure 1. As shown in Figure 1b, iteration index t
denotes the current step, with U(t) and U(t−1) representing the feature subsets at iterations
t and previous iteration t − 1, respectively, and T indicating the maximum number of
iterations. Figure 1a details the bin-based greedy feature selection (GFSB) procedure,
including computing importance scores, sorting, binning, cumulative bin expansion, and
performance evaluation.

(a) 

(b) 

Figure 1. Overview of the proposed EFSHB framework. (a) Bin-based greedy feature selection
(GFSB): computing importance scores, sorting, binning, and evaluating cumulative bins to identify
the optimal bin range. (b) Iterative hierarchical binning framework of EFSHB: merging model-wise
selected features into U(t) and refining them across iterations until convergence. where t denotes the
iteration index (t = 1, . . . , T), and U(t) and U(t−1) represent the union feature sets at the current and
previous iterations, respectively. The process iteratively refines the feature space until convergence.

Accordingly, EFSHB follows a coherent five-stage pipeline that includes importance-
based sorting, bin-based grouping, model-wise greedy selection, union-driven iterative
refinement, and final model–feature selection, thereby enabling robust and efficient feature
selection while effectively leveraging the complementary strengths of multiple models.

https://doi.org/10.3390/app16073404

https://doi.org/10.3390/app16073404


Appl. Sci. 2026, 16, 3404 5 of 26

2.2. Feature Importance-Based Binning and Bin-Wise Greedy Evaluation

In each iteration, five learning models—Random Forest (RF), Extra Trees (ET), Ad-
aBoost (AB), Decision Tree (DT), and XGBoost (XGB)—are used to compute feature impor-
tance values. After training, the importance scores are sorted in descending order, and the
resulting sorted feature list F = {f1, f2, . . . , fm} is evenly divided into N bins according to a
user-defined bin number. Each bin corresponds to a continuous group of features arranged
by their sorted importance order, and the entire feature space can be expressed as follows:

F = {B1, B2, . . . , BN}, (1)

where Bi denotes the set of features assigned to the i-th bin.
In the second step, a bin-wise greedy evaluation is performed. Starting from the most

important bin B1, bins are accumulated sequentially to construct progressively expanding
feature subsets. The subset used in the k-th evaluation is defined as follows:

Sk =
k⋃

i=1

Bi, 1 ≤ k ≤ N (2)

For each value of k, the subset Sk is constructed by cumulatively including the top k
bins, meaning that k = 1 corresponds to using only the most important bin, while k = N
corresponds to using all bins. For each accumulated subset Sk learning model h is trained,
and the classification accuracy is computed as follows:

Acc(k) = Accuracy(h(Sk)),1 ≤ k ≤ N (3)

For each base classifier h ∈ {RF, ET, AB, DT, XGB}, the classification accuracy
Acc(k) is evaluated to identify the optimal bin index k∗. The optimal bin index that yields
the highest accuracy, k∗, is obtained as follows:

k∗ = argmax
k

Acc(k), (4)

Accordingly, the optimal bin index k∗ may differ across base classifiers
h ∈ {RF, ET, AB, DT, XGB}, and each model selects its own optimal feature subset
S∗

h = Sk∗

2.3. Union-Based Multi-Model Feature Integration

In the third step, the feature subsets selected by the five models—RF, ET, AB, DT, and
XGB—are integrated through a union operation. Let S∗

RF, S∗
ET , S∗

AB, S∗
DT , and S∗

XGB denote
the optimal feature subsets obtained from each model. The integrated feature set U is
defined as follows:

U = S∗
RF ∪ S∗

ET ∪ S∗
AB ∪ S∗

DT ∪ S∗
XGB, (5)

The union operation mitigates disagreement among models, recovers informative
features that may have been under-selected, and enhances robustness by aggregating
evidence from heterogeneous learners. The resulting union set U is then used as the
feature space for the next iteration. Through this iterative update, the algorithm incremen-
tally refines the feature space, converging toward a more stable and robust subset over
successive iterations.

2.4. Iterative Hierarchical Refinement and Final Model–Feature Selection

FSHB progressively refines the feature space through an iterative hierarchical process.
At each iteration t, the union feature set U(t−1) obtained from the previous iteration is
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used as the input. Based on this subset, feature importance values are recomputed, sorted
in descending order, and partitioned into N bins using equal-width binning. When the
number of remaining features is smaller than the predefined bin count—causing potential
irregularity in bin structure—an adaptive binning strategy automatically reduces the
number of bins, maintaining a stable partitioning scheme.

After binning, the algorithm performs bin-wise greedy evaluation to obtain the se-
lected subset S*(t)

h for each model h. The union of these model-specific selections is defined
as follows:

U(t+1) =
⋃
h

S*(t)
h , (6)

which becomes the input for the next iteration. Through this repeated process, the fea-
ture space is incrementally refined, and the distribution of feature importance becomes
increasingly consistent as the iterations proceed.

The iterative process terminates when the union feature sets no longer change between
consecutive iterations, that is, when U(t) = U(t−1). After convergence, the classification
accuracies recorded for all models across all iterations t = 1, 2, . . . , T are compared. The
algorithm then selects the iteration–model pair (t∗, h∗) that achieves the highest accuracy.
EFSHB adopts h* as the final classifier and the feature subset selected by that model at

iteration t*, S*(t*)

h* as the final feature set.
In this manner, EFSHB performs feature selection and model selection simultaneously

within a unified iterative framework, enabling the method to identify the most effective and
accurate combination of model and feature subset by leveraging performance information
accumulated across iterations.

3. Experimental Results
In this study, we evaluate the performance of the proposed EFSHB method using

nine representative high-dimensional datasets. To analyze the individual contributions of
binning, iterative refinement, and union-based aggregation, EFSHB is compared with three
baseline feature selection methods:

• Greedy Feature Selection (GFS), which performs cumulative greedy search without binning;
• binning-based GFS (GFSB), which incorporates equal-width binning to examine the

impact of bin partitioning;
• Greedy Feature Selection with Hierarchical Binning (GFSHB), which applies iterative

refinement but excludes the union operation.

Through comparative experiments among these four methods, we comprehensively as-
sess the roles of bin grouping, hierarchical refinement, and union-driven feature integration
within the proposed EFSHB framework.

3.1. Data Description

The experiments are conducted using nine high-dimensional benchmark datasets:
Madelon [31], CLL-SUB-111 [32], Lung [33], TOX-171 [34], Colon [35], GLI-85 [36], Prostate-
GE [37], Arcene [38], and Isolet [39]. The characteristics of each dataset, including the
number of samples, features, classes, class imbalance and description, are summarized in
Table 1.

All datasets are publicly available and can be downloaded from the scikit-feature
repository (https://jundongl.github.io/scikit-feature/datasets.html and https://jundongl.
github.io/scikit-feature/OLD/datasets_old.html. All datasets were last accessed on 27
November 2025).
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Table 1. Overview of datasets and class imbalance characteristics (# indicates counts).

Dataset # Samples # Features # Classes Class Imbalance Description

Madelon [31] 2600 500 2 No
Artificially generated benchmark

dataset from the NIPS 2003
Feature Selection Challenge

CLL-SUB-111 [32] 111 11,340 3 Yes
High-dimensional microarray

gene expression dataset derived
from leukemia patients

Lung [33] 203 3312 5 Yes Microarray gene expression
benchmark dataset

TOX-171 [34] 171 5748 4 No

Toxicogenomics gene expression
dataset collected by the U.S.

Environmental Protection Agency
and the National

Toxicology Program

Colon [35] 62 2000 2 Yes
Early and influential gene

expression benchmark dataset
originally published in PNAS

GLI-85 [36] 85 22,283 2 Yes Glioma-related gene
expression dataset

Prostate-GE [37] 102 5966 2 No Gene expression dataset derived
from prostate tissue samples

Arcene [38] 200 10,000 2 Yes
Hybrid benchmark dataset from

the NIPS 2003 Feature
Selection Challenge

Isolet [39] 1560 617 26 No
Speech feature dataset composed
of numerical representations of

spoken alphabet recordings

3.2. Effectiveness of the Proposed Method

To evaluate the efficiency and effectiveness of the proposed EFSHB method, we
constructed several comparison feature selection approaches. This section describes the
configuration and roles of these baseline methods and clarifies which components of EFSHB
each baseline is designed to verify.

First, we selected five tree-based learning models—RF, ET, AB, DT, and XGB—all of
which provide feature importance measures required for importance-based sorting and
binning in EFSHB. All experiments were implemented in Python (v3.10) using standard
machine learning libraries. Tree-based models, including RF, ET, AB, DT, and XGBoost,
were implemented using the scikit-learn (v1.6.1) and XGBoost (v3.0.2) libraries with their
default feature importance definitions.

No custom modification was applied to the internal importance calculation of each
model, ensuring reproducibility and fair structural comparison among feature selection
methods. For all experiments, the initial number of bins was set to N = 10, and the
maximum number of iterations T for both EFSHB and GFSHB was fixed to 30. Each
dataset was randomly split into training and testing sets with a ratio of 8:2. Each dataset
was randomly split into training and testing sets with a ratio of 8:2, while preserving the
original class distribution. For each base classifier, the same hyperparameter configuration
was consistently applied across all datasets.

Feature selection was performed exclusively on the training set, while the test set
was used only for performance evaluation. To ensure a fair comparison, identical training
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and testing splits were applied to all evaluated algorithms. In addition, all features were
normalized using the MinMaxScaler prior to training and testing.

• GFS: GFS is a forward selection-based method that sorts all features in descending
order according to their importance values and incrementally adds individual features
while evaluating classification performance at each step. As a purely greedy approach,
it does not employ binning or iterative refinement, and the process continues until
all features have been evaluated. This exhaustive behavior enables GFS to serve as
a baseline for assessing feature selection performance in the absence of bin-based
grouping. The procedure of GFS is illustrated in Figure 2.

Figure 2. Flowchart of greedy feature selection (GFS).

• GFSB: GFSB performs greedy selection after dividing the sorted feature list into a
predefined number of bins. Classification performance is evaluated by cumulatively
adding bins rather than individual features. Since GFSB operates in a single-pass man-
ner without iterative refinement, it is used to evaluate the effectiveness of introducing
bin-based grouping. The algorithmic flow of GFSB is illustrated in Figure 1a.

• GFSHB: GFSHB extends GFSB by incorporating iterative hierarchical refinement,
where bin-wise greedy selection is repeated at each iteration. The algorithm terminates
when the selected feature subset remains unchanged between consecutive iterations.
Unlike EFSHB, GFSHB does not apply any union operation across models, allowing
us to isolate and examine the contribution of the iterative refinement process. The
overall structure of GFSHB is illustrated in Figure 3.

Figure 3. Greedy feature selection using hierarchical binning (GFSHB). S∗
model denotes the optimal

feature subsets obtained from the classification model.

3.2.1. Overall Performance Comparison

In this subsection, we provide an overall assessment of the proposed EFSHB by
summarizing and comparing the results of the four feature selection methods—GFS, GFSB,
GFSHB, and EFSHB. Table 2 presents, for each method, the classification accuracy, number
of selected features, and feature selection time, based on the classifier that achieved the
highest accuracy among the five models. Specifically, the results reported in Table 2 are
summarized from Tables 4–6. For each dataset and feature selection method, the classifier–
feature selection combination achieving the highest classification accuracy was selected. In
cases of identical accuracy, the result with fewer selected features was preferred, and if a tie
still remained, the combination with shorter feature selection time was chosen. In addition,
Table 3 shows the accuracy of classifiers trained on the full set of original features without
applying any feature selection. These results serve as a reference point for evaluating the
performance improvements achieved through the feature selection methods.

https://doi.org/10.3390/app16073404
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Table 2. Classification accuracy, number of selected features, and feature selection time for each feature selection method.

Dataset

GFS GFSB GFSHB EFSHB

Best Model Acc. Best Model Acc. Best Model Acc. Best Model Acc.

Selected Features CPU Time Selected Features CPU Time Selected Features CPU Time Selected Features CPU Time

Madelon

RF 89.04 RF 85.38 RF 89.04 XGB 90.38

20 106 min
13 s 50 2 min

27 s 18 11 min
30 s 16 16 min

42 s

CLL-SUB-111

ET 82.61 RF 82.61 RF 82.61 RF 89.96

21 57 s 9072 24 s 3 1 min
48 s 591 13 min

57 s

Lung
XGB 97.56 RF 97.56 RF 97.56 DT 100

4 347 min
26 s 332 24 s 6 1 min

59 s 4 9 min
29 s

TOX-171

RF 97.14 RF 97.14 RF 97.14 RF 100

194 204 min 1150 31 s 133 3 min
51 s 612 18 min

10 s

Colon

XGB 92.31 XGB 84.62 ET 92.31 RF 92.31

4 4 min
49 s 200 2 s 4 0.2 s 10 3 min

40 s

GLI-85

ET 88.24 RF 82.35 AB 82.35 ET 88.24

132 2 min
45 s 4458 26 s 3 47 s 4000 6 min

28 s

Prostate-GE

AB 100 XGB 95.24 AB 100 XGB 100

17 83 min
20 s 597 14 s 17 12 s 6 6 min

35 s

Arcene

XGB 90.00 XGB 87.50 RF 92.50 XGB 92.50

29 804 min 1000 29 s 24 3 min
5 s 42 15 min

6 s

Isolet

RF 90.71 RF 90.38 RF 91.67 RF 92.31

195 23 min
57 s 617 1 min

33 s 159 23 min
38 s 369 9 min

43 s
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Table 3. Classification accuracy of classifiers trained without feature selection.

Dataset Random
Forest Extra Trees AdaBoost Decision Tree XGBoost

Madelon 73.08 47.12 61.92 77.31 79.04

CLL-SUB-111 69.57 73.91 69.57 65.22 78.26

Lung 92.68 78.05 80.49 90.24 87.8

TOX-171 94.29 51.43 51.43 71.43 80

Colon 84.62 61.54 76.92 61.54 84.62

GLI-85 82.35 76.47 76.47 70.59 70.59

Prostate-GE 90.48 71.43 85.71 85.71 95.24

Arcene 85 60 80 72.5 80

Isolet 91.35 63.46 25.96 77.24 88.78

Overall, all four feature selection methods achieve higher accuracy than the classifiers
trained without feature selection in Table 3 for most datasets. This demonstrates that
removing irrelevant or redundant features and identifying a compact subset of informative
features improves generalization performance in high-dimensional settings.

A consistent trend is observed in which classification performance improves as the
structural complexity of the method increases from GFS to GFSHB and ultimately to EFSHB.
However, GFSB—which applies a single-stage bin-based grouping—often yields lower
performance. In contrast, GFSHB, with its iterative refinement process, and EFSHB, with
its additional union-based integration across models, achieve higher accuracy than both
GFS and GFSB for most datasets.

3.2.2. Classification Accuracy Comparison

In this study, classification accuracy was used as the performance evaluation metric.
Accuracy is defined as the proportion of correctly classified samples among all samples

and is calculated as follows:

Accuracy =
number of correctly classified samples

total number of samples
× 100% (7)

Table 4 presents the classification accuracies of GFS, GFSB, GFSHB, and the proposed
EFSHB across all datasets. Using the same five classifiers—RF, ET, AB, DT, and XGB—we
evaluate the direct impact of each feature selection method on classification performance.

Overall, EFSHB achieves the highest accuracy for most datasets or maintains perfor-
mance comparable to existing methods. Except for a few cases—specifically, the AB-based
EFSHB results for CLL-SUB-111, Lung, and TOX-171, which were slightly lower than
those of GFSHB—the proposed method generally preserves or improves accuracy across
classifier–dataset combinations. Notably, DT and ET on Lung, RF on TOX-171, and RF,
ET, and XGB on Prostate-GE all reached 100% accuracy under EFSHB. Furthermore, for
datasets such as Madelon, Arcene, Isolet, and GLI-85, EFSHB consistently outperformed
GFS, GFSB, and GFSHB.
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Table 4. Classification accuracy of the four feature selection methods across all datasets.

Base FS Method
Dataset

Madelon CLL-SUB-111 Lung TOX-171 Colon GLI-85 Prostate-GE Arcene Isolet

RF

Base 73.08 69.57 92.68 94.29 84.62 82.35 90.48 85 91.35
GFS 89.04 82.61 95.12 97.14 92.31 76.47 95.24 90 90.71

GFSB 85.38 82.61 97.56 97.14 84.62 82.35 90.48 85 90.38
GFSHB 89.04 82.61 97.56 97.14 92.31 82.35 95.24 92.5 91.67
EFSHB 89.23 86.96 97.56 100 92.31 82.35 100 92.5 92.31

ET

Base 47.12 73.91 78.05 51.43 61.54 76.47 71.43 60 63.46
GFS 72.88 82.61 95.12 77.14 92.31 88.24 95.24 90 70.19

GFSB 58.65 60.87 85.37 62.86 84.62 76.47 85.71 85 62.18
GFSHB 75.38 78.26 92.68 71.43 92.31 82.35 95.24 85 67.63
EFSHB 82.12 82.61 100 77.14 92.31 88.24 100 92.5 75.64

AB

Base 61.92 69.57 80.49 51.43 76.92 76.47 85.71 80 25.96
GFS 66.35 82.61 82.93 62.86 84.62 76.47 100 87.5 25.96

GFSB 61.92 73.91 80.49 51.43 76.92 76.47 85.71 80 25.96
GFSHB 65.96 78.26 87.8 65.71 84.62 82.35 100 82.5 25.96
EFSHB 66.73 73.91 80.49 57.14 84.62 76.47 100 87.5 25.96

DT

Base 77.31 65.22 90.24 71.43 61.54 70.59 85.71 72.5 77.24
GFS 81.92 69.57 97.56 74.29 84.62 76.47 95.24 87.5 80.13

GFSB 78.27 65.22 92.68 71.43 69.23 76.47 95.24 82.5 78.53
GFSHB 82.31 69.57 97.56 71.43 76.92 76.47 95.24 85 78.85
EFSHB 83.08 69.57 100 74.29 84.62 76.47 95.24 85 80.13

XGB

Base 79.04 78.26 87.80 80.00 84.62 70.59 95.24 80.00 88.78
GFS 87.88 78.26 97.56 85.71 92.31 76.47 95.24 90.00 90.38

GFSB 84.23 78.26 87.80 82.86 84.62 70.59 95.24 87.50 89.42
GFSHB 88.85 78.26 95.12 82.86 84.62 76.47 95.24 87.50 89.74
EFSHB 90.38 78.26 95.12 88.57 92.31 76.47 100 92.50 90.06
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GFS achieves high accuracy in certain cases—such as AB on CLL-SUB-111 and Prostate-
GE—but generally shows lower performance on other datasets. GFSB, which applies
single-stage binning, improves accuracy for RF on Lung and GLI-85; however, for most
classifier–dataset combinations, its performance tends to remain unchanged or decrease,
indicating limited robustness across different classifier–dataset combinations. GFSHB
generally outperforms both GFS and GFSB, although its effectiveness varies with dataset
characteristics. Taken together, Table 4 shows that EFSHB consistently achieves high
accuracy across a wide range of datasets and delivers the best overall performance among
the four evaluated feature selection methods.

In addition to dataset-wise comparisons, we further examined classifier-wise average
performance to assess how consistently EFSHB improves accuracy across different learning
algorithms. For each classifier, the accuracies obtained using GFS and GFSHB across all
nine datasets were averaged and compared with the average accuracy of EFSHB. The
results show consistent performance gains across all classifiers. When using AB, EFSHB
improved accuracy by 27.3% over GFS and 27.7% over GFSHB. With DT, EFSHB achieved
11.7% and 11.3% higher accuracy relative to GFS and GFSHB, respectively. For RF, the
improvement was 4.6% over both methods, while ET achieved 20.75% and 18.25% higher
accuracy. With XGB, EFSHB outperformed GFS and GFSHB by 5.8% and 4.8%, respectively.
These results confirm that EFSHB provides stable and consistent improvements across all
classifier architectures.

Figure 4 presents the classification accuracy of five classifiers (RF, ET, AB, DT, and
XGB) on the Madelon dataset when applying different feature selection methods (Base,
GFS, GFSB, GFSHB, and EFSHB). Overall, all feature selection methods either maintain
or improve accuracy compared with the Base model. Although GFSB shows a tempo-
rary decrease in accuracy relative to GFS, both GFSHB and the proposed EFSHB consis-
tently recover or surpass performance across most classifiers. Notably, EFSHB achieves
the highest accuracy among all classifier–method combinations, demonstrating the ef-
fectiveness of hierarchical refinement and model-wise union integration in improving
predictive performance.

 
Figure 4. Classification accuracy of five classifiers on the Madelon dataset using different feature
selection methods.
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3.2.3. Feature Reduction Comparison

Table 5 compares the number of final selected features obtained by GFS, GFSB, GFSHB,
and the proposed EFSHB across all datasets. Although all four methods substantially
reduced the dimensionality of the original feature space, their selection behaviors differed
considerably depending on the method.

Because GFSB determines the feature subset solely through a single-stage binning oper-
ation without iterative refinement, low-importance features included within a bin are often
selected as part of the final subset. Across all datasets, GFSB consistently selected the largest
number of features among all feature selection methods, and in high-dimensional cases
such as CLL-SUB-111, GLI-85, Arcene, and TOX-171, it occasionally selected thousands—or
even tens of thousands—of features.

In contrast, GFSHB repeatedly reconstructs the bin structure and updates the feature
subset through iterative refinement, often yielding markedly fewer features than GFSB.
For example, in the Arcene dataset, while GFSB selected up to 10,000 features, GFSHB
reduced this number to a range of 3–196 features. Similar reductions were observed for
CLL-SUB-111, GLI-85, and Prostate-GE.

Table 5. Number of selected features obtained by the four feature selection methods across
all datasets.

Base FS Method
Dataset

Madelon CLL-SUB-111 Lung TOX-171 Colon GLI-85 Prostate-GE Arcene Isolet

RF

GFS 20 10 3 194 11 10 2 160 195
GFSB 50 9072 332 1150 200 4458 597 2000 617

GFSHB 18 3 6 133 9 1338 2 24 159
EFSHB 14 591 5 612 10 1000 8 105 369

ET

GFS 8 21 135 154 4 132 47 168 108
GFSB 50 1134 2650 4600 600 4458 4178 9000 434

GFSHB 5 228 68 167 4 90 3 196 72
EFSHB 20 699 56 79 22 4000 15 5633 174

AB

GFS 3 15 3 8 33 4 17 19 19
GFSB 50 11,340 332 575 200 2229 597 1000 62

GFSHB 4 10 4 6 3 3 17 3 20
EFSHB 4 170 12 27 34 1000 8 19 35

DT

GFS 9 41 14 3 69 18 9 33 174
GFSB 100 2268 1326 2300 1400 17,827 2985 10,000 310

GFSHB 8 110 5 7 1 14,263 2985 48 124
EFSHB 20 248 4 103 86 1000 31 450 220

XGB

GFS 8 19 4 117 17 5 5 29 145
GFSB 50 1134 332 1150 200 2229 597 1000 186

GFSHB 10 4 4 16 5 201 3 1000 150
EFSHB 16 85 7 138 36 2456 6 42 122

The proposed EFSHB incorporates a union operation that aggregates features selected
by multiple models at each iteration, allowing informative features discarded by one model
to be reintroduced by others. As a result, EFSHB typically selects fewer features than
GFSB while producing larger subsets than GFSHB, with the exact subset size depending on
dataset characteristics.

In summary, Table 5 shows that GFSB tends to retain excessively large feature subsets
due to its single-stage binning structure, whereas GFSHB achieves the strongest dimen-
sionality reduction through iterative refinement. Positioned between these two extremes,
EFSHB provides a balanced level of feature reduction by combining hierarchical refinement
with model-wise aggregation.
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3.2.4. FS Execution Time Comparison

Table 6 presents the execution time of GFS, GFSB, GFSHB, and the proposed EFSHB for
each dataset. Overall, GFS incurs the highest computational cost because greedy selection
is applied repeatedly at the individual-feature level. For high-dimensional datasets, its
runtime frequently ranged from several hours to more than a full day. For example,
execution time exceeded 2584 min on CLL-SUB-111, 1521 min on GLI-85, and 804 min
on Arcene.

In contrast, GFSB performs a single-pass greedy search based on binning without
iterative refinement, resulting in very fast execution times—typically from a few seconds
to a few minutes across most datasets. For datasets such as Colon, Lung, Madelon, and
Prostate-GE, feature selection with GFSB was completed within 1 s to 3 min for nearly
all classifiers.

GFSHB employs an iterative binning structure; however, because the feature space
is rapidly reduced at each iteration, its overall execution time is significantly lower than
that of GFS. Even for high-dimensional datasets such as GLI-85 and Arcene, runtime
was limited to a few seconds or minutes, representing one- to two-order-of-magnitude
reductions relative to GFS. For instance, on CLL-SUB-111, the XGBoost-based GFS required
approximately 2584 min, whereas GFSHB completed feature selection in about one minute.
Similarly, on GLI-85, AdaBoost- and XGBoost-based GFS took more than 1436 min, while
GFSHB reduced the runtime to under one minute.

The proposed EFSHB aggregates the model-wise feature subsets through a union
operation and performs iterative refinement, producing a single integrated execution time
per dataset. As shown in Table 6, its total execution time ranged from several minutes
to several tens of minutes depending on dataset dimensionality. For example, EFSHB
required 6 min 28 s for GLI-85 and up to 18 min 10 s for TOX-171, which showed the longest
execution time among the evaluated datasets.

To further quantify computational efficiency, the average execution times of GFS and
EFSHB were compared. The mean runtime of GFS, computed by averaging per-classifier
runtime across the nine datasets and then averaging across classifiers, was 266 min 21 s.
In contrast, because EFSHB produces a single unified runtime per dataset, its average
execution time across the nine datasets was 11 min 6 s. This indicates that EFSHB reduces
computational cost by more than twenty-fold while maintaining strong accuracy and
performance robustness. The most substantial reduction occurred for XGBoost on CLL-
SUB-111, where GFS required 2584 min, whereas EFSHB completed the process in only
13 min 57 s—an approximately 185-fold speedup.

In summary, Table 6 shows that GFS incurs the highest computational cost and GFSB
provides the shortest execution time, whereas EFSHB offers a balanced and scalable execu-
tion profile—drastically reducing computation time compared with GFS while requiring
only a modest increase over GFSHB to incorporate multi-model information effectively.

Figure 5 compares the execution time of the four feature selection methods (GFS, GFSB,
GFSHB, and EFSHB) using XGBoost on five high-dimensional datasets. Consistent with
Table 6, GFS shows the highest computational cost, whereas GFSB achieves the shortest
runtime through single-pass binning. GFSHB further reduces execution time by evaluating
features at the bin level. Although EFSHB runs slightly longer than GFSHB due to union-
based integration, it still provides over a ten-fold speedup compared with GFS while
maintaining comparable classification performance.
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Table 6. Feature selection execution time for each method across all datasets.

Base FS Method
Dataset

Madelon CLL-SUB-111 Lung TOX-171 Colon GLI-85 Prostate-GE Arcene Isolet

RF

GFS 106 min
13 s

349 min
11 s

203 min
58 s 204 min 32 min

14 s
1251 min

18 s
137 min

9 s
411 min

12 s
23 min

57 s
GFSB 2 min

27 s 24 s 24 s 31 s 10 s 26 s 17 s 24 s 1 min
33 s

GFSHB 11 min
31 s

1 min
48 s

1 min
59 s

3 min
51 s

1 min
18 s

1 min
32 s

1 min
1 s

3 min
5 s

23 min
38 s

EFSHB 16 min
42 s

13 min
57 s

9 min
29 s

18 min
10 s

3 min
40 s

6 min
28 s

6 min
35 s

15 min
6 s

9 min
43 s

ET

GFS 6 s 57 s 15 s 21 s 5 s 2 min
45 s 19 s 1 min

8 s 4 s
GFSB 1 s 3 s 1 s 1 s 1 s 10 s 1 s 2 s 1 s

GFSHB 1 s 3 s 1 s 2 s 1 s 12 s 2 s 6 s 1 s
EFSHB 16 min

42 s
13 min

57 s
9 min
29 s

18 min
10 s

3 min
40 s

6 min
28 s

6 min
35 s

15 min
6 s

9 min
43 s

AB

GFS 10 min
58 s

546 min
40 s

86 min
27 s

172 min
27 s

3 min
38 s

1521 min
6 s

83 min
20 s

408 min
39 s

23 min
58 s

GFSB 11 s 25 s 11 s 22 s 1 s 40 s 7 s 21 s 16 s
GFSHB 17 s 1 min

20 s 17 s 29 s 5 s 47 s 12 s 26 s 24 s

EFSHB 16 min
42 s

13 min
57 s

9 min
29 s

18 min
10 s

3 min
40 s

6 min
28 s

6 min
35 s

15 min
6 s

9 min
43 s

DT

GFS 2 min
27 s

25 min
52 s

4 min
59 s

12 min
35 s 9 s 57 min

16 s
3 min

55 min
30 min

19 s
3 min
18 s

GFSB 3 s 4 s 1 s 2 s 1 s 12 s 1 s 4 s 2 s
GFSHB 4 s 5 s 1 s 4 s 1 s 39 s 2 s 15 s 5 s
EFSHB 16 min

42 s
13 min

57 s
9 min
29 s

18 min
10 s

3 min
40 s

6 min
28 s

6 min
35 s

15 min
6 s

9 min
43 s

XGB

GFS 20 min
4 s 2584 min 347 min

26 s
653 min

48 s
4 min
49 s

1436 min
42 s

121 min
56 s 804 min 196 min

28 s
GFSB 41 s 50 s 56 s 1 min

41 s 2 s 41 s 14 s 29 s 2 min
7 s

GFSHB 1 min
33 s

1 min
11 s

1 min
13 s

3 min
8 s 11 s 58 s 21 s 46 s 5 min

35 s
EFSHB 16 min

42 s
13 min

57 s
9 min
29 s

18 min
10 s

3 min
40 s

6 min
28 s

6 min
35 s

15 min
6 s

9 min
43 s
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Figure 5. Runtime comparison of GFS, GFSB, GFSHB, and EFSHB using XGBoost.

3.2.5. Comparison with Existing Feature Selection Methods

To evaluate the effectiveness of the proposed EFSHB method, we conducted com-
parative experiments against several widely used feature selection algorithms, including
mRMR [12], ReliefF [13], Lasso [14], and RFS [15]. These methods were selected to represent
different feature selection paradigms, covering both filter-based and embedded approaches.

The feature subsets selected by each method (mRMR, ReliefF, Lasso and RFS) were
used as input to a common Support Vector Machine (SVM) [40] classifier for performance
evaluation. In contrast, the proposed EFSHB method follows its own ensemble learning
framework, where feature selection and model construction are jointly determined by
multiple base classifiers.

For mRMR and ReliefF, feature importance scores were computed on the training data,
and the top-ranked features were selected accordingly. Lasso-based feature selection was
performed by training a linear model with ℓ1-norm regularization, where features with
non-zero coefficients were retained. The regularization parameter was determined via
internal cross-validation. RFS is an embedded feature selection method based on ℓ2,1-norm
sparsity regularization, which selects features directly during model optimization.

In all methods, feature selection was performed exclusively on the training data, while
the test data were used only for classification performance evaluation.

Table 7 presents the classification accuracy achieved by each feature selection method
across multiple datasets. As shown in the table, the proposed EFSHB method consistently
outperforms the existing feature selection methods on all evaluated datasets. In particular,
EFSHB demonstrates substantially higher accuracy on high-dimensional datasets such as
CLL-SUB-111 and TOX-171, where the performance gap between EFSHB and competing
methods is especially pronounced. These results indicate that the superior performance
of EFSHB stems from the proposed ensemble feature selection strategy rather than from
classifier choice.

https://doi.org/10.3390/app16073404

https://doi.org/10.3390/app16073404


Appl. Sci. 2026, 16, 3404 17 of 26

Table 7. Classification accuracy (%) comparison between EFSHB and existing feature selection
methods.

FS Method CLL-SUB-111 Lung TOX-171 Isolet
mRMR-SVM 77.47 94.09 80.12 90.83
ReliefF-SVM 72.07 93.10 83.04 89.10
Lasso-SVM 79.28 93.60 74.27 94.23
RFS-SVM 81.98 94.58 84.80 95.19

EFSHB 89.96 100 100 92.31

3.3. Cross-Validation Performance Analysis

As a complementary evaluation to the fixed train–test split experiments, 5-fold cross-
validation was conducted to assess the robustness and stability of the proposed method
across different data partitions.

For each fold, feature selection was performed on the training subset, followed by
classifier training and evaluation on the corresponding validation subset. The classification
performance was then averaged across the five folds, and the mean and standard deviation
were reported.

Table 8 presents the cross-validation classification accuracy, while Table 9 reports the
balanced accuracy, which accounts for potential class imbalance. Across most datasets, the
proposed EFSHB method achieves the highest or near-highest mean accuracy and balanced
accuracy compared to competing feature selection methods.

Balanced accuracy is computed independently for each cross-validation fold as the
average of class-wise recall values, thereby compensating for skewed class distributions.

For a binary classification task, the balanced accuracy for each fold is defined as follows:

BA( f ) =
1
2

(
TP( f )

TP( f ) + FN( f )
+

TN( f )

TN( f ) + FP( f )

)
(8)

where TP( f ), TN( f ), FP( f ), and FN( f ) denote the numbers of true positives, true negatives,
false positives, and false negatives in the f -th cross-validation fold. The balanced accuracy
values reported in Table 9 correspond to the mean and standard deviation of BA( f ) over
the five cross-validation folds.

Notably, while many competing feature selection methods and their corresponding
base classifiers exhibit relatively large standard deviations across cross-validation folds,
EFSHB consistently shows the lowest or among the lowest performance variance, indicating
more stable predictive performance under different data partitions.

These performance advantages are particularly pronounced in datasets with severe
class imbalance, such as CLL-SUB-111, Lung, Colon, and GLI-85. In these datasets, EFSHB
not only demonstrates comparable or improved balanced accuracy relative to standard accu-
racy, but also achieves the most substantial reduction in performance variance, consistently
yielding the lowest standard deviation across cross-validation folds.

A comparison between Tables 8 and 9 further reveals that the performance trends
observed in terms of classification accuracy are largely preserved when balanced accuracy
is considered. This indicates that the performance gains of EFSHB are not driven solely by
majority-class dominance, but are robustly maintained across class distributions.
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Table 8. Mean and standard deviation of classification accuracy obtained by 5-fold cross-validation.

FS
Method Base Madelon CLL-SUB-111 Lung TOX-171 Colon GLI-85 Prostate-GE Arcene Isolet

EFSHB Union 89.81
±0.84

91.03
±3.97

98.04
±1.10

88.89
±4.82

98.33
±3.73

98.82
±2.63

97.05
±2.70

92.00
±2.09

95.45
±1.16

Base

AB 62.69
±2.08

72.17
±10.35

80.84
±7.98

66.10
±6.62

78.97
±4.65

87.06
±7.67

92.19
±5.52

74.50
±4.11

20.13
±2.26

DT 74.69
±2.79

62.21
±5.55

82.23
±4.22

64.32
±9.65

67.82
±18.34

74.12
±5.26

80.38
±3.57

67.00
±8.91

79.23
±1.23

ET 52.54
±1.99

59.49
±11.43

78.84
±4.30

53.75
±9.42

71.15
±11.36

76.47
±11.76

66.76
±13.45

69.50
±6.22

61.92
±5.40

RF 71.88
±2.29

79.25
±6.20

93.12
±3.98

78.42
±6.07

77.56
±10.26

87.06
±8.72

92.19
±4.24

82.00
±6.47

94.68
±1.23

XGB 81.08
±1.14

71.23
±6.50

92.15
±4.67

77.19
±3.21

79.10
±8.94

83.53
±4.92

90.14
±5.98

83.00
±6.22

92.24
±1.64

GFS

AB 65.12
±2.87

79.37
±7.81

82.80
±7.10

76.05
±4.61

85.38
±3.91

89.41
±7.67

95.14
±6.82

81.50
±5.76

25.19
±2.96

DT 82.58
±1.97

73.91
±5.63

93.12
±2.66

73.71
±7.33

82.18
±5.95

88.24
±7.20

91.14
±4.22

79.00
±8.40

82.24
±1.37

ET 64.54
±2.95

87.39
±1.98

94.60
±2.01

74.27
±1.27

98.46
±3.44

95.29
±4.92

95.14
±3.37

87.00
±3.26

68.40
±1.10

RF 89.46
±0.69

91.03
±4.40

96.09
±3.27

85.41
±5.74

88.72
±4.36

92.94
±7.67

94.14
±6.28

84.00
±7.62

94.87
±1.22

XGB 88.92
±1.22

81.15
±4.50

94.60
±2.65

86.55
±2.59

85.38
±7.07

91.76
±5.26

94.10
±4.07

87.50
±5.86

92.56
±1.80

GFSB

AB 62.69
±2.08

73.99
±11.23

80.84
±7.98

66.10
±6.62

78.97
±4.65

87.06
±7.67

92.19
±5.52

75.00
±3.06

20.13
±2.26

DT 76.42
±3.50

68.46
±9.11

89.67
±1.96

67.87
±10.25

77.31
±14.68

87.06
±4.92

88.19
±5.79

76.50
±6.02

81.73
±0.88

ET 60.31
±1.99

71.19
±9.88

88.17
±3.72

60.84
±3.59

85.51
±8.75

85.88
±3.22

84.24
±7.39

81.50
±3.79

65.32
±1.70

RF 85.81
±1.47

82.85
±6.02

94.62
±5.28

84.24
±3.15

85.38
±7.07

88.24
±9.30

93.19
±5.48

84.50
±5.70

95.26
±1.10

XGB 85.96
±1.56

78.42
±3.39

93.13
±4.66

83.04
±4.35

79.10
±8.94

85.88
±7.89

90.14
±7.80

86.50
±5.76

92.56
±1.49

GFSHB

AB 64.46
±3.37

80.24
±6.59

85.73
±7.04

74.86
±1.50

83.72
±6.14

89.41
±7.67

96.10
±5.35

83.50
±3.35

23.08
±1.55

DT 82.85
±1.80

73.00
±8.34

91.15
±2.76

71.34
±5.25

82.18
±9.95

84.71
±7.89

90.14
±5.06

79.50
±6.47

81.92
±1.21

ET 74.77
±3.90

77.51
±5.35

91.65
±2.73

67.88
±4.59

93.59
±3.60

89.41
±7.67

93.19
±5.48

83.50
±5.18

66.67
±2.51

RF 89.62
±0.84

89.21
±6.04

95.60
±4.00

87.75
±4.70

85.38
±8.93

96.47
±5.26

95.14
±5.83

88.00
±6.22

95.32
±1.29

XGB 89.38
±1.09

81.98
±3.23

94.60
±2.65

84.79
±5.28

85.38
±7.07

90.59
±7.89

93.10
±4.40

88.00
±4.11

92.63
±1.62
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Table 9. Mean and standard deviation of balanced accuracy obtained by 5-fold cross-validation.

FS
Method Base Madelon CLL-SUB-111 Lung TOX-171 Colon GLI-85 Prostate-GE Arcene Isolet

EFSHB Union 89.81
±0.84

92.05
±2.94

96.76
±4.24

87.27
±2.81

98.75
±2.80

98.00
±4.47

97.09
±2.66

91.91
±2.13

95.45
±1.16

Base

AB 62.69
±2.08

77.99
±10.18

57.71
±20.77

66.49
±6.73

78.75
±6.61

83.00
±11.68

92.27
±5.30

74.10
±3.92

20.13
±2.26

DT 74.69
±2.79

61.24
±9.41

65.03
±11.85

64.30
±9.80

65.00
±22.20

69.76
±9.41

80.36
±3.58

67.09
±8.93

79.23
±1.23

ET 52.54
±1.99

68.18
±10.19

71.29
±14.52

54.06
±8.68

70.25
±15.55

72.44
±14.33

66.45
±13.52

69.17
±6.80

61.92
±5.40

RF 71.88
±2.29

84.64
±4.46

81.79
±13.45

78.64
±5.89

74.75
±12.26

80.17
±12.51

92.27
±3.95

81.69
±6.79

94.68
±1.23

XGB 81.08
±1.14

71.02
±15.26

79.98
±13.65

77.53
±2.77

74.25
±10.52

77.33
±7.01

90.27
±5.87

82.56
±6.22

92.24
±1.64

GFS

AB 65.12
±2.87

84.96
±5.59

70.20
±13.72

76.65
±4.50

85.25
±4.37

88.17
±9.47

95.27
±6.60

81.22
±5.85

25.19
±2.96

DT 82.58
±1.97

79.34
±6.40

87.35
±11.27

74.01
±7.80

80.25
±20.28

85.67
±9.04

91.18
±4.15

78.97
±8.70

82.24
±1.37

ET 64.54
±2.95

90.85
±1.44

93.92
±2.83

74.06
±1.58

98.75
±2.80

95.42
±5.79

95.27
±3.22

87.52
±3.35

68.40
±1.10

RF 89.46
±0.69

93.38
±3.28

92.45
±7.13

85.62
±5.59

87.75
±5.03

89.83
±10.55

94.27
±6.06

84.02
±7.69

94.87
±1.22

XGB 88.92
±1.22

85.56
±3.41

92.88
±4.56

87.01
±2.62

84.00
±9.90

89.83
±5.15

94.18
±3.98

87.39
±5.83

92.56
±1.80

GFSB

AB 62.69
±2.08

79.33
±10.92

57.71
±20.46

66.49
±6.73

78.75
±6.61

83.00
±11.68

92.27
±5.30

74.55
±2.97

20.13
±2.26

DT 76.42
±3.50

74.67
±6.49

84.34
±10.00

68.31
±10.51

76.00
±17.49

84.83
±8.00

88.18
±5.79

76.25
±6.51

81.73
±0.88

ET 60.31
±1.99

78.02
±8.36

84.51
±5.24

60.98
±3.52

84.75
±8.12

85.09
±5.03

84.36
±7.42

80.94
±3.52

65.32
±1.70

RF 85.81
±1.47

87.38
±4.38

87.79
±15.29

84.34
±2.89

85.25
±4.37

83.33
±13.27

93.27
±5.24

84.38
±5.88

95.26
±1.10

XGB 85.96
±1.56

78.23
±8.11

85.31
±13.07

83.15
±3.85

74.25
±10.52

81.00
±10.63

90.27
±7.71

86.16
±5.90

92.56
±1.49

GFSHB

AB 64.46
±3.37

85.43
±4.93

72.79
±15.89

75.33
±1.55

80.25
±10.77

87.00
±9.29

96.18
±5.24

82.46
±3.24

23.08
±1.55

DT 82.85
±1.80

78.67
±7.66

80.92
±13.54

71.28
±5.66

77.75
±22.25

80.50
±9.37

90.18
±5.02

79.43
±6.93

81.92
±1.21

ET 74.77
±3.90

76.63
±4.04

80.70
±7.57

68.15
±4.70

93.75
±4.42

86.67
±10.59

93.27
±5.24

83.24
±5.02

66.67
±2.51

RF 89.62
±0.84

92.05
±4.45

90.59
±11.02

87.69
±4.40

82.75
±8.68

95.17
±6.78

95.27
±5.57

87.74
±6.33

95.32
±1.29

XGB 89.38
±1.09

84.11
±6.47

90.31
±5.43

84.98
±4.96

82.75
±8.68

86.67
±11.37

93.18
±4.34

87.61
±4.17

92.63
±1.62
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3.4. Feature Selection Stability Analysis Using Jaccard Index

In this section, we analyze the stability of feature selection using the Jaccard index
from two complementary perspectives. First, we examine the variability in feature selection
outcomes across different base classifiers within the same feature selection framework,
aiming to quantify model-dependent selection behavior. Second, we evaluate the stability
of feature selection with respect to data partitioning by measuring the consistency of
selected feature subsets across cross-validation folds.

To quantify the similarity between feature subsets, the Jaccard index is computed in a
pairwise manner.

Given two feature subsets Si and Sj, the Jaccard similarity is defined as follows:

J
(
Si, Sj

)
=

∣∣Si ∩ Sj
∣∣∣∣Si ∪ Sj
∣∣ (9)

For a collection of M feature subsets obtained either from different base classifiers or
from different cross-validation folds, the Jaccard index is computed for all possible pairs(
Si, Sj

)
with i < j.

The overall feature selection stability is then quantified by averaging the pairwise
Jaccard values as follows:

J =
2

M(M − 1)

M−1

∑
i=1

M

∑
j=i+1

J
(
Si, Sj

)
(10)

where M denotes the number of feature subsets being compared, obtained either from
different base classifiers or from different cross-validation folds.

The mean and standard deviation of the pairwise Jaccard similarities are reported to
assess feature selection stability.

3.4.1. Model-Dependent Feature Selection Behavior

To investigate the dependency of feature selection on the underlying learning algo-
rithm, we analyze the inter-model Jaccard similarity within the GFS framework. Specifically,
feature subsets selected by different base classifiers (AB, DT, ET, RF, and XGBoost) are
compared pairwise using the Jaccard index.

Table 10 reports the mean and standard deviation of the inter-model Jaccard similarity
across datasets. The results show that the overlap between feature sets selected by differ-
ent models is generally low, indicating substantial disagreement among base classifiers
regarding feature importance.

Table 10. Mean and standard deviation of inter-model Jaccard similarity for GFS across different
base classifiers.

Fold Madelon CLL-SUB-111 Lung TOX-171 Colon GLI-85 Prostate-GE Arcene Isolet

Fold 1 0.059
±0.060

0.042
±0.070

0.155
±0.096

0.091
±0.082

0.090
±0.098

0.030
±0.038

0.024
±0.037

0.045
±0.050

0.259
±0.207

Fold 2 0.041
±0.043

0.015
±0.037

0.139
±0.110

0.200
±0.332

0.032
±0.032

0.051
±0.076

0.133
±0.293

0.034
±0.038

0.134
±0.155

Fold 3 0.021
±0.033

0.014
±0.020

0.162
±0.077

0.090
±0.085

0.110
±0.191

0.058
±0.092

0.101
±0.300

0.064
±0.059

0.313
±0.161

Fold 4 0.072
±0.142

0.125
±0.301

0.177
±0.102

0.051
±0.101

0.065
±0.077

0.052
±0.059

0.077
±0.037

0.128
±0.154

0.249
±0.168

Fold 5 0.073
±0.136

0.080
±0.122

0.117
±0.056

0.045
±0.058

0.111
±0.175

0.041
±0.032

0.026
±0.032

0.075
±0.109

0.313
±0.231
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This observation suggests that the feature selection outcome of GFS is strongly influ-
enced by the choice of the underlying classifier, reflecting pronounced model-dependent
variability in single-model importance-based selection.

3.4.2. Cross-Validation-Based Feature Selection Stability

In addition to model-dependent variability, we assess the stability of feature selection
under different data partitions. For each method, the Jaccard index is computed pairwise
between feature subsets obtained from different folds in a 5-fold cross-validation setting.

The resulting values are averaged, and the mean and standard deviation are reported.
Table 11 summarizes the cross-validation-based Jaccard similarity for all feature selection
methods and datasets. Single-model GFS approaches exhibit noticeable variability in fea-
ture overlap across folds, whereas binning-based methods tend to produce more consistent
feature subsets.

Table 11. Mean and standard deviation of cross-validation-based Jaccard similarity for feature
selection.

FS
Method Base Madelon CLL-SUB-111 Lung TOX-171 Colon GLI-85 Prostate-GE Arcene Isolet

EFSHB Union 0.425
±0.279

0.097
±0.092

0.152
±0.120

0.180
±0.108

0.165
±0.058

0.066
±0.073

0.117
±0.102

0.140
±0.102

0.788
±0.134

GFS AB 0.249
±0.115

0.082
±0.035

0.147
±0.099

0.214
±0.038

0.082
±0.103

0.022
±0.032

0.165
±0.126

0.071
±0.017

0.535
±0.053

DT 0.467
±0.076

0.081
±0.188

0.187
±0.130

0.200
±0.190

0.012
±0.027

0.131
±0.115

0.160
±0.286

0.117
±0.171

0.143
±0.051

ET 0.079
±0.018

0.390
±0.325

0.288
±0.243

0.435
±0.050

0.146
±0.160

0.196
±0.137

0.122
±0.244

0.210
±0.167

0.140
±0.023

RF 0.886
±0.061

0.111
±0.076

0.218
±0.083

0.206
±0.135

0.117
±0.193

0.065
±0.052

0.246
±0.147

0.156
±0.065

0.667
±0.119

XGB 0.368
±0.084

0.042
±0.022

0.231
±0.076

0.071
±0.018

0.067
±0.087

0.102
±0.152

0.280
±0.285

0.055
±0.017

0.319
±0.063

GFSB AB 0.521
±0.037

0.693
±0.300

0.914
±0.017

0.913
±0.005

0.748
±0.016

0.960
±0.005

0.897
±0.018

0.651
±0.333

0.716
±0.045

DT 0.295
±0.147

0.396
±0.305

0.490
±0.264

0.595
±0.215

0.543
±0.321

0.386
±0.308

0.482
±0.237

0.533
±0.311

0.333
±0.290

ET 0.086
±0.017

0.615
±0.252

0.725
±0.137

0.883
±0.069

0.396
±0.291

0.672
±0.137

0.670
±0.225

0.452
±0.239

0.475
±0.176

RF 0.474
±0.036

0.187
±0.022

0.508
±0.070

0.298
±0.155

0.370
±0.032

0.128
±0.018

0.350
±0.008

0.262
±0.030

0.546
±0.243

XGB 0.233
±0.044

0.381
±0.185

0.460
±0.207

0.377
±0.224

0.526
±0.245

0.523
±0.322

0.902
±0.016

0.641
±0.146

0.561
±0.179

GFSHB AB 0.411
±0.201

0.066
±0.040

0.099
±0.083

0.188
±0.072

0.125
±0.172

0.063
±0.077

0.120
±0.094

0.054
±0.052

0.437
±0.172

DT 0.409
±0.098

0.037
±0.099

0.029
±0.058

0.036
±0.037

0.033
±0.100

0.070
±0.155

0.202
±0.293

0.016
±0.030

0.151
±0.080

ET 0.284
±0.131

0.000
±0.001

0.090
±0.172

0.121
±0.185

0.000
±0.000

0.001
±0.003

0.030
±0.034

0.007
±0.017

0.160
±0.169

RF 0.715
±0.157

0.112
±0.071

0.198
±0.182

0.116
±0.116

0.335
±0.258

0.287
±0.285

0.487
±0.274

0.120
±0.099

0.522
±0.206

XGB 0.785
±0.056

0.018
±0.019

0.142
±0.126

0.074
±0.089

0.065
±0.052

0.062
±0.087

0.242
±0.259

0.059
±0.142

0.425
±0.217

The proposed EFSHB method achieves moderate and consistent overlap across cross-
validation folds, indicating stable feature selection behavior without enforcing overly rigid
agreement among folds.

4. Discussion
4.1. Interpretation of Key Findings

The experimental results demonstrate that the proposed EFSHB method consistently
achieves superior classification performance across a wide range of high-dimensional
datasets. In particular, EFSHB attains the highest or near-highest classification accuracy
and balanced accuracy in most cases, while exhibiting smaller performance variations under
cross-validation compared to competing feature selection methods. These observations
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indicate that the performance gains of EFSHB are not dataset-specific artifacts, but rather
reflect the robustness of the proposed framework.

The cross-validation results further highlight the stability of EFSHB with respect to
data partitioning. Across multiple datasets, EFSHB shows lower standard deviations across
folds, suggesting reduced sensitivity to variations in training and validation splits. This be-
havior is especially evident in datasets with pronounced class imbalance, such as CLL-SUB-
111, Lung, Colon, and GLI-85, where both classification accuracy and balanced accuracy
remain consistently high. Together, these findings confirm that EFSHB provides robust
generalization performance across diverse and challenging high-dimensional scenarios.

4.2. Feature Selection Stability and Predictive Performance

An important observation from the experimental analysis is that EFSHB does not
necessarily yield the highest feature overlap as measured by the Jaccard index, particularly
when comparisons are made across different classifiers or cross-validation folds. This result
highlights a fundamental distinction between feature selection stability and predictive
performance. While a high Jaccard similarity reflects consistency in the identities of selected
features, it does not inherently guarantee improved classification accuracy.

In contrast, EFSHB prioritizes the selection of complementary and performance-
relevant features, even when the exact identities of selected features vary across models
or data partitions. By avoiding overly restrictive constraints on feature overlap, the pro-
posed method is able to adapt to variations in data while maintaining stable predictive
performance. These results suggest that enforcing strict feature identity consistency may
be suboptimal in high-dimensional settings, where multiple feature subsets can provide
comparable discriminative power.

4.3. Mitigating Model-Dependent Bias via Union-Based Aggregation

The inter-model Jaccard analysis presented in Table 10 provides further insight into
the limitations of single-model feature selection approaches. In particular, methods such
as GFS exhibit substantial variability in the selected feature subsets depending on the
underlying classifier, resulting in consistently low feature overlap across models. This
observation offers empirical evidence of strong model-dependent bias in importance-based
feature selection, where the selected features are heavily influenced by the inductive biases
of individual learning algorithms.

EFSHB addresses this limitation through union-based aggregation of feature subsets
selected by multiple heterogeneous classifiers. By integrating features identified as impor-
tant by different models, EFSHB preserves diverse yet informative features that may be
overlooked by any single classifier. As a result, the proposed framework effectively miti-
gates model-dependent bias and leverages complementary information across classifiers,
leading to improved robustness and generalization performance.

4.4. Structural Trade-Offs: Feature Size and Computational Efficiency

From the perspective of feature subset characteristics, the compared methods exhibit
distinct selection behaviors. GFSB tends to retain a large number of low-importance features
due to its single-pass binning structure, resulting in overly large feature subsets. In contrast,
GFSHB progressively reduces the feature space through iterative refinement, while EFSHB
produces intermediate yet balanced feature subsets by reintroducing informative features
identified by multiple models through union-based aggregation. This strategy allows
EFSHB to maintain feature diversity while avoiding excessive redundancy.

Execution-time analysis reflects these structural differences among the methods. GFS
requires the longest runtime because it evaluates features individually, leading to sub-
stantial computational overhead in high-dimensional settings. By operating at the bin
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level, GFSB and GFSHB significantly reduce runtime. Although EFSHB incurs a modest
additional computational cost due to union operations across models, it still achieves
considerable efficiency gains compared to GFS, resulting in a favorable trade-off between
computational cost and performance.

4.5. Limitations and Future Work

Despite the strong empirical performance of EFSHB, several limitations and direc-
tions for future work remain. In the current framework, the number of bins used in the
hierarchical binning process is treated as a fixed hyperparameter. Although this setting
was shown to be effective across a wide range of datasets, the optimal number of bins may
vary depending on data characteristics such as feature dimensionality, sample size, and
feature distribution.

Future work will focus on developing adaptive strategies for automatically determin-
ing the optimal bin configuration. Possible directions include data-driven criteria based on
stability–performance trade-offs, validation-based optimization, or information- theoretic
measures. Incorporating such adaptive binning mechanisms could further enhance the
robustness and flexibility of the proposed framework while reducing the need for manual
parameter tuning.

In addition, the proposed framework does not explicitly incorporate correlation-aware
filtering mechanisms to remove highly collinear or redundant features. While the union-
based aggregation strategy is designed to preserve complementary features identified by
heterogeneous models and to enhance performance stability, it may retain features that
convey overlapping information. As discussed in Sections 4.2 and 4.3, the primary focus
of EFSHB is performance robustness rather than strict redundancy minimization, and the
incorporation of explicit correlation or redundancy-aware filtering strategies remains an
important direction for future work.

5. Conclusions
In this study, we proposed EFSHB, a hybrid ensemble feature selection framework

that integrates hierarchical binning with union-based aggregation across multiple heteroge-
neous classifiers. Extensive experiments on high-dimensional datasets demonstrated that
EFSHB consistently achieves superior classification accuracy and balanced accuracy while
maintaining strong performance stability under cross-validation.

The experimental analysis further revealed that robust predictive performance does
not necessarily require strict feature identity consistency. By aggregating complementary
features selected by different models, EFSHB effectively mitigates model-dependent bias
and achieves stable generalization across diverse data partitions. This characteristic high-
lights the importance of balancing feature diversity and redundancy in ensemble-based
feature selection.

While the proposed framework employs a fixed bin configuration in this study, future
work will focus on developing adaptive strategies to automatically determine optimal bin
structures based on data characteristics. Such extensions are expected to further enhance
the flexibility and robustness of EFSHB for real-world high-dimensional applications.
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