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Abstract

The process of choosing relevant features is essential in supervised machine learning, espe-
cially when dealing with tabular data of medium to high dimensions where unnecessary, unin-
formative, and interrelated predictors can negatively impact how well a model generalizes, how
easy it is to understand, and how quickly it runs. While well-established techniques — namely
filter, wrapper, and embedded methods — have been extensively explored, every category pos-
sesses inherent drawbacks concerning unpredictability, high computational cost, or an inability
to fully capture dependencies among features. This research introduces the Filtered Sparse Sta-
bility Wrapper (FSSW), a novel hybrid feature selection technique. This framework emphasizes
stability by combining statistical filtering of relevance, embedded regularization that promotes
sparsity, and wrapper-style iterative refinement, all integrated within a bootstrap aggregation
procedure. The FSSW hybrid selection method is framed as an optimization challenge involving
multiple criteria, aiming to achieve an equilibrium between prediction precision, the concise-
ness of the selected feature set, and the consistency of the selection outcome. The theoretical
underpinning relies upon principles of reducing the combinatorial search space and stability-
aware optimization. Performance validation is carried out using established tabular datasets
sourced from the UCI Machine Learning Repository, employing nested cross-validation to
guarantee an unbiased assessment of efficacy. Experimental outcomes exhibit that the FSSW
hybrid method consistently surpasses individual filter, embedded, and wrapper benchmark
methodologies across metrics such as discriminant accuracy, F1-score performance, the extent
of dimensionality reduction achieved, and stability as quantified by the Kuncheva index.

The conclusions assert that the FSSW hybrid feature selection approach delivers an effective,
transparent, and practical methodology for addressing tabular classification tasks.
Keywords: Filtered Sparse Stability Wrapper (FSSW); hybrid feature selection; stability-
aware optimization; L1-regularization; recursive feature elimination; bootstrap aggrega-
tion; dimensionality reduction
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Introduction

The mounting complexity in the dimen-
sion of contemporary data has significantly
elevated the necessity of effective feature se-
lection within supervised learning contexts.
Feature spaces with many dimensions of-
ten harbor predictors that are superfluous,
unhelpful, or intertwined, which can sub-
sequently inflate model variance, diminish
how easily the model can be understood,
and drive up the resources required for
computation. The objective of feature selec-
tion is to pinpoint a reduced set of pertinent
attributes while ensuring the initial mean-
ing embedded in those attributes remains
intact. In contrast to feature extraction
techniques, which generate novel versions
of the features, feature selection preserves
the capacity for interpretation and aids in
comprehension pertaining to the specific
domain. Established feature selection strat-
egies fall into three primary groupings. Fil-
ter techniques assess how relevant features
are using statistical measures that are sep-
arate from any specific predictive models.
Wrapper techniques gauge the worth of
feature subsets based on how well the cho-
sen model performs. Embedded techniques
incorporate the selection process right into
the model fitting phase by employing reg-
ularization or structural limitations. While
every one of these frameworks has shown
utility, no solitary methodology achieves
peak performance across predictive preci-
sion, feature minimization (sparsity), and
consistency (stability) all at once. Wrapper
methods demand substantial computational
effort, filter methods overlook how features
might interact with each other, and embed-
ded methods can become erratic when deal-
ing with features that are highly correlated.
Emerging research patterns suggest that
composite feature selection structures of-
fer enhanced resilience by merging mech-
anisms that compensate for one another’s
weaknesses. Nevertheless, many current
composite designs fail to incorporate de-
liberate control over stability or a rigorous
mathematical framework for optimization.
This research introduces a feature selection
algorithm that is both hybrid and explicitly
formalized to consider stability, and we sup-
port our proposal with empirical evidence.
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Materials and methods
Let the supervised dataset be defined as

D={(x7:)} M

where x; e R? represents a d-dimensional
feature vector and y; €{0,1} denotes the bi-
nary class label.

The goal of feature selection is to deter-
mine an optimal subset

S c{1,2,....d} (2)

that improves predictive performance while
reducing dimensionality and maintaining se-
lection stability under data perturbations.

The proposed FSSW hybrid feature selec-
tion method is formulated as a multi-criteria
optimization problem:

S =argmsax(.A(S)—Z,l|S|+178tab|5|) (3)

where: A(S) denotes predictive accuracy, |9
is the subset cardinality, Stab|S| is a stability
measure, 4,,4, are trade-off parameters.

Hybrid Feature Selection Procedure

The proposed FSSW method combines
statistical filtering, embedded sparsity reg-
ularization, wrapper-based refinement,
and bootstrap aggregation within a unified
framework.

First, feature relevance is estimated using
mutual information:

p(x;7)

1) =Tl o 30

Features are ranked according to their
mutual information scores and the top-k,
features are retained:

S, = Topy, (1(X 57 )) (5)

This step substantially reduces combina-
torial search complexity from 2¢ to 25 where
k, < d . The filtering stage eliminates clearly
irrelevant predictors before model-based op-
timization.

Next, embedded sparse reduction is per-
formed using L1-regularized logistic regres-
sion applied to §;:

~ . 1&
B :argmﬁm[zgg(}/i’x?ﬁ)"'aﬁj (6)

where

(4)

ky
ﬁ1 = Z‘ﬁ]‘ (7)
j=1
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The L1 penalty enforces sparsity by
shrinking less informative coefficients to
zero. The reduced subset becomes

s,={ies B, #0| (8)

This step removes redundant and cor-

related predictors while preserving discrim-
inative information.

To account for feature interactions, wrap-

per refinement is applied to S, using Recur-

sive Feature Elimination (RFE). At each iter-

ation, the least informative feature is removed
according to coefficient magnitude:

S(Hl) — S(t)

\argljgsi(r,}\ﬁj\ 9)

The optimal subset is selected using
cross-validation:

S, =arg rsngeg( Acv ()

Finally, stability aggregation is intro-

duced to enhance reproducibility. Bootstrap
resampling is performed B times:

p® - Bootstmp(D)

(10)

(11)

yielding subsets g(?). Feature frequency is
computed as
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13/, (b)
=—H1 S 12
f; B; (Je ) (12)
The final subset is defined as
s ={j:f 21} (13)

where 7 is a stability threshold.

This aggregation mechanism reduces
sensitivity to sampling variability and im-
proves subset robustness.

Computational Complexity Analysis

The computational efficiency of the pro-
posed FSSW hybrid feature selection algo-
rithm is analyzed by decomposing the proce-
dure into its sequential stages. Let n denote
the number of samples, d the original num-
ber of features, k, the number of features re-
tained after filtering (k, < d ), k, the number
of features after embedded sparsity reduc-
tion (k, < k;), T the number of wrapper iter-
ations, and B the number of bootstrap repe-
titions.

The asymptotic complexity of each stage
is summarized in Table 4.

Table 4. Computational complexity of the proposed FSSW algorithm

Stage Description Time Complexity
Stage 1 Mutual Irlff)(;rgllla;[é(;?uizrsnputation 0 (n d))
Stage 2 L1-regularized Logistic Regression ( O(nkl ) )
Stage 3 Recursive Feature Elimination 0 (T Tk ))
(RFE) 2
Stage 4 Bootstrap stability aggregation (O( B-(nd+nk, +T -nk, )))

The first stage scales linearly with both
the number of samples and the original di-
mensionality. Since filtering is applied inde-
pendently per feature, it remains computa-
tionally efficient even for moderate d .

The embedded sparse reduction stage op-
erates on the reduced subset k;, yielding
complexity O(nk, ). Because k, < d , this rep-
resents a substantial reduction compared to
performing embedded selection on the full
feature space.

The wrapper refinement stage has com-
plexity O(T -nk, ), where k, <k, . In contrast,
wrapper-only selection would require

O(T -nd), which becomes considerably larg-
er when d is high.

Bootstrap aggregation multiplies the total
cost by B, but this step is fully parallelizable
and does not alter the asymptotic scaling be-
havior.

Since k; «d and k, <k, the proposed
hybrid framework significantly reduces the
effective search space before wrapper opti-
mization. Consequently, the method
achieves improved computational efficiency
compared to wrapper-only approaches
while preserving model-driven refinement
capability.
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Datasets and Data Characteristics

We assessed the suggested hybrid feature
selection technique, named FSSW, utilizing
two well-established benchmark collections
sourced from the UCI Machine Learning Re-
pository. Both collections pertain to binary
classification tasks and are apt for scrutiniz-
ing feature selection algorithms due to their
mid-range feature count, presence of interre-
lated predictors, and lifelike levels of inher-
ent noise.

The Breast Cancer Wisconsin (Di-
agnostic) collection comprises 569 observa-
tions, each described by 30 numerical attri-
butes derived from magnified scans of breast
mass aspirates. The variable to be predicted
signifies whether the mass is malignant or
benign, yielding two categories. A notable as-
pect of this collection is the presence of high-
ly related descriptive metrics, leading to fea-
ture duplication, yet the features themselves
are relatively free of error, making it a good
candidate for assessing both the sparsity and
the consistency of the chosen feature set.

The Ionosphere collection holds 351
observations characterized by 34 continuous
variables obtained from radar signals. The
goal is to categorize the signal as either “good”
or “bad.” This collection is recognized for pre-
senting more pronounced interdependencies
among features and greater signal corrup-
tion than the Breast Cancer data, thus posing
a tougher scenario for achieving a robust se-
lection of optimal feature subsets. Its moder-
ate sample volume coupled with significant
feature correlations confirms its suitability for
gauging the advantages of iterative refinement
and combining results from wrapper-based
methods in a hybrid approach.

No missing entries exist in the canonical
UCI versions of either dataset. Prior to the
model fitting phase, all attributes underwent
standardization, with the scaling factors de-
rived solely from the training portions of the
data.

Classification Model

Used for Evaluation
To ensure that improvements originate
from feature selection rather than overly
complex predictors, a relatively interpretable
and well-established classifier was employed.
The evaluation model was Logistic Regres-
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sion (LR), selected for its suitability in tab-
ular binary classification and its compatibili-
ty with both embedded sparsity selection and
wrapper refinement.

The classification decision rule is given
by:

y = "B)>o0. ) -

y ]I(G(x ﬁ) 0.5 ,G(Z) o

For embedded selection, the LR model
was trained with an L1 penalty, enabling co-
efficient shrinkage and sparsity. For wrapper
refinement (RFE), LR was also used as the
base estimator because its coefficient mag-
nitudes provide a stable ranking signal for
elimination.

Hyperparameters (regularization
strength C for LR, and the number of fea-
tures retained at each stage) were tuned in
the inner loop of nested cross-validation to
prevent leakage.

(14)

Evaluation Metrics and How
They Were Computed
To provide a comprehensive evaluation,
predictive performance, subset compactness,
and stability were assessed. Three primary
metrics were used: Accuracy, F1-score, and
the Kuncheva stability index. Each metric is
described below.
Accuracy. Accuracy measures the pro-
portion of correctly classified instances:

TP+TN
TP+TN + FP + FN

where TP is true positives, TN is true nega-
tives, FP is false positives, and FN is false
negatives.

Accuracy is informative when class dis-
tribution is not extremely imbalanced. In our
experiments, it provides a direct measure of
classification quality under reduced feature
subsets.

F1-score. To account for possible asym-
metries between precision and recall, the
F1-score was computed:

(15)

Accuracy =

. TP

Precision = ———, (16)

TP+ FP
Recall = T—P, a7

TP+ FEN

Precision.-

Fl— score — 2. rec‘zs.zon Recall (18)
Precision + Recall
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F1-score is particularly useful in scenar-
ios where misclassification costs are asym-
metric or where the positive class requires
stronger detection sensitivity.

Kuncheva Stability Index. Feature
selection stability quantifies the consistency
of selected subsets under data perturbations.
The Kuncheva index is a well-established
measure for comparing stability across re-
peated selections.

Given two selected subsets S; and §;,
each of size k, drawn from a total pool of d
features, the pairwise Kuncheva stability is
defined as:

k(8,,8;)=—— 4 (19)

The final stability score is computed as the
average of the pairwise stability across all sub-
set pairs obtained from bootstrap iterations:
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where B denotes the number of bootstrap
repetitions.

A higher Kuncheva index indicates great-
er reproducibility and robustness of the fea-
ture selector, which is a critical requirement
for scientific and industrial applications.

Results

The experimental evaluation of the pro-
posed Filtered Sparse Stability Wrapper
(FSSW) algorithm was conducted on the
Breast Cancer Wisconsin Diagnostic dataset
(30 features) and the Ionosphere dataset (34
features). Performance was assessed using
nested cross-validation to ensure unbiased
estimation.

Nested 5-fold cross-validation was used.

Predictive Performance
Table 1 presents classification Accuracy
and F1-score for all compared methods.

2
o B(B—1)1<§<BK(Si,Sj) (20
Table 1. Predictive performance comparison
Dataset Method Accuracy F1-score
Breast Cancer Filter-only 0.957 0.956
Breast Cancer Embedded (L1-LR) 0.963 0.962
Breast Cancer Wrapper-only (RFE-LR) 0.966 0.965
Breast Cancer Proposed FSSW 0.971 0.970
Ionosphere Filter-only 0.889 0.887
Ionosphere Embedded (L1-LR) 0.903 0.901
Ionosphere Wrapper-only (RFE-LR) 0.908 0.906
Ionosphere Proposed FSSW 0.918 0.915

For the Breast Cancer dataset, the pro-
posed hybrid method achieved an accuracy
improvement of +1.4% over the filter-only
baseline and +0.8% over the embedded-on-
ly method. While wrapper-only selection al-
ready improves performance compared to
filter-only, the addition of filtering and sta-
bility aggregation in FSSW further enhances
predictive quality.

On the Ionosphere dataset, which is
known to exhibit stronger feature interac-
tions and noise, the hybrid method achieved

the largest performance gain, improving ac-
curacy by +2.9% compared to filter-only and
+1.5% compared to embedded selection.
This suggests that the wrapper refinement
stage effectively captures nonlinear depen-
dencies after dimensionality reduction.

Overall, the proposed FSSW method con-
sistently achieved the highest predictive per-
formance across both datasets.

Dimensionality Reduction

Table 2 reports the dimensionality reduc-
tion achieved by the proposed method.
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Table 2. Dimensionality reduction

Dataset Original Proposed
Breast Cancer 7
Ionosphere 9

The proposed hybrid algorithm reduced
the feature space by approximately: 76.7% in
Breast Cancer (30 — 7), 73.5% in Ionosphere
(34 — 9). Importantly, this reduction was
achieved without sacrificing predictive per-
formance. In fact, accuracy increased while
dimensionality decreased substantially. This
demonstrates that the hybrid strategy effec-

tively eliminates redundant and irrelevant
features while preserving discriminative in-
formation.

Stability Analysis
Table 3 presents the Kuncheva stability
index (x) for each method.

Table 3. Stability comparison (Kuncheva index k)

. Embedded Proposed
Dataset Filter-only (L1-LR) Wrapper-only FSSW
Breast Cancer 0.74 0.69 0.63 0.81
Ionosphere 0.71 0.67 0.60 0.78

The wrapper-only approach shows the
lowest stability values in both datasets. This
behavior is expected, as wrapper methods
are sensitive to sample perturbations and lo-
cal search variability.

Embedded L1 selection demonstrates
moderate stability but remains sensitive to
correlated predictors. Filter-only selection
achieves slightly higher stability than em-
bedded methods; however, its predictive
performance is lower. The proposed FSSW
algorithm achieves the highest stability in
both datasets. Compared to wrapper-only se-
lection, stability increases by: +0.18 (Breast
Cancer), +0.18 (Ionosphere).

This confirms that bootstrap aggregation
significantly improves subset reproducibility.

Discussion

The experimental outcomes show that
the suggested hybrid structure offers an im-
proved equilibrium across predictive preci-
sion, dimension lessening, and robustness.
From a predictive viewpoint, the efficacy
improvements noted in both datasets sug-
gest that merging filtering, inherent spar-
sity, and wrapper refinement successfully
seizes mutual facets of feature importance.
Filtering eliminates clearly extraneous pre-
dictors, embedded L1 regularization lessens
overlap among linked variables, and wrap-

per tuning maximizes model-specific inter-
play. The dimension reduction figures are
notably important. Decreasing the feature
group by over 70% whilst concurrently en-
hancing precision implies that the original
collections possess considerable needless
information. The hybrid design permits
gradual compaction without efficacy de-
cline. Stability review uncovers one princi-
pal merit of the suggested method. Wrap-
per-only techniques, though potent, are
inconsistent upon resampling. Through
incorporating bootstrap aggregation, the
FSSW process lessens selection fluctuation
and promotes replicability. This is particu-
larly vital in scientific and commercial uses
where clarity and resilience are paramount.
The Ionosphere set, which displays more
intricate feature relationships, profits more
from wrapper tuning than the Breast Can-
cer set. This indicates that hybridization be-
comes more advantageous as feature links
and errors escalate. In sum, the findings
verify that organized hybrid feature selec-
tion attains multi-standard enhancement:
greater accuracy, leaner subsets, and firm-
er stability versus independent strategies.
Subsequent efforts might look into broad-
ening the structure to multi-class issues, in-
corporating cost-aware aims, or examining
scalability in high-dimension omics data.
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Conclusions

This study proposed a stability-aware
hybrid feature selection algorithm, namely
Filtered Sparse Stability Wrapper (FSSW),
designed to simultaneously optimize predic-
tive accuracy, dimensionality reduction, and
subset stability in tabular classification tasks.
The proposed framework integrates three
complementary mechanisms: statistical filter-
ing based on mutual information, embedded
sparsity reduction via L1-regularized logistic
regression, and wrapper-based recursive fea-
ture elimination, followed by bootstrap sta-
bility aggregation. The theoretical motivation
of the method is grounded in combinatorial
search reduction and stability-aware optimiza-
tion principles. By progressively constraining
the feature space before performing model-
driven refinement, the algorithm reduces
computational complexity while preserving
the ability to model feature interactions. The
inclusion of bootstrap aggregation further en-
hances reproducibility and mitigates instabil-
ity commonly observed in wrapper-based ap-
proaches. Empirical validation on the Breast
Cancer and Ionosphere benchmark datasets
demonstrated that the proposed hybrid ap-
proach consistently outperforms standalone
filter, embedded, and wrapper baselines. The
method achieved higher predictive accuracy
and Fl-score while reducing dimensionality
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by more than 70% in both datasets. Moreover,
the Kuncheva stability index confirmed im-
proved robustness of selected feature subsets
under resampling.

The results indicate that structured hy-
bridization provides a practical and effective
solution for moderate-dimensional tabular
datasets where redundancy and correlation
are present. The integration of filtering, spar-
sity regularization, wrapper refinement, and
stability aggregation enables multi-criteria
optimization without excessive computation-
al overhead.

Future research directions include ex-
tending the proposed framework to multi-
class and multi-label settings, incorporating
cost-sensitive objectives for feature acquisi-
tion constraints, and evaluating scalability in
high-dimensional domains such as genomics
and multi-omics data. Additionally, integrat-
ing multi-objective optimization strategies
that explicitly balance accuracy, sparsity,
and stability within a unified mathematical
framework represents a promising avenue
for further development.

In summary, the proposed FSSW algo-
rithm demonstrates that stability-aware hy-
brid feature selection is a robust and compu-
tationally feasible paradigm for improving
generalization performance and interpret-
ability in supervised learning tasks.
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