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Abstract Breast cancer is among the leading causes of death among women worldwide, and survival depends heavily on
how early and how accurately the disease is identified. This paper develops a statistical framework for evaluating breast
cancer classification pipelines that pair machine-learning classifiers with feature selection. Our concern is not predictive
accuracy alone, but how such models behave statistically: how stable they remain, and how well they hold up as the
conditions of the data change. Five selection strategies are examined, namely filter methods, univariate selection by Select
K-Best, model-based feature importance, principal component analysis (PCA), and a hybrid scheme that combines several
scores. Each is applied in combination with nine classifiers, among them logistic regression, support vector classification,
random forests, gradient boosting, and XGBoost. Two lines of evidence support the analysis: a real-data study on the
Wisconsin Diagnostic Breast Cancer (WDBC) dataset, and a Monte Carlo simulation in which sample size, noise level,
feature correlation, and the share of irrelevant features are varied systematically. Throughout the real-data experiments,
feature selection is refitted inside the training partition of each of 50 resampling splits. This precaution proves consequential:
selecting features on the full dataset leaks information from the test partition and inflates apparent performance to the point
of perfect scores. Once that leakage is removed, no classifier reaches 100% accuracy. The strongest real-data performance
comes from PCA-based reduction paired with logistic regression (accuracy 0.978 4 0.005, ROC-AUC 0.994 + 0.002),
whereas the filter, univariate, and hybrid selectors return identical feature subsets and cannot be separated statistically.
The simulation study addresses a complementary question: the behaviour of the classifiers themselves under controlled
conditions, rather than the ranking of selector—classifier pairs on the real data. Now including correlated and non-linear
data-generating designs, it shows that logistic regression maintains the highest mean accuracy and the highest stability
across all twelve conditions, whereas ensemble methods remain competitive but slightly more variable. Differences among
selectors are assessed with the Friedman test and Nemenyi and McNemar post-hoc procedures. Overall, the findings confirm
that feature relevance strongly governs model variance and generalisation, and that appropriately regularised linear models
remain competitive with, and often more stable than, more complex ensembles.
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1. Introduction

Breast cancer is one of the most prevalent and life-threatening diseases worldwide and poses a significant challenge
for healthcare systems. Feature selection plays a central role in improving model performance by reducing
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dimensionality, removing redundant variables, and enhancing interpretability. The interaction between feature
selection techniques and classification models, however, remains insufficiently explored within a statistically
rigorous framework, and this gap motivates the present study. According to the World Health Organization, breast
cancer affects more than 1.5 million women globally each year; it is also among the oldest documented forms
of cancer, with the earliest records traced to ancient Egypt around 1600 BC [1]. Treatment approaches generally
fall into local and systemic categories, the latter including chemotherapy and hormone therapy, and clinicians
frequently combine both to achieve the most effective outcomes. Because early detection is decisive for long-
term survival, computational tools that support timely and accurate diagnosis are of considerable clinical value. In
this setting, data mining contributes to prevention, to treatment personalised to a patient’s symptoms, and to the
correction of errors in clinical records [2].

Data mining and machine learning (ML) have been widely applied across medical and healthcare systems,
helping to identify factors that contribute to breast cancer and to uncover hidden structure in clinical data.
Many studies employ computer-aided diagnostic systems built on imaging modalities such as magnetic resonance
imaging, thermography, mammography, ultrasound, and histopathological biopsy, used individually or in
combination. Most such systems classify tumours as benign or malignant through a pipeline of data acquisition,
preprocessing, segmentation, feature extraction, feature selection and optimisation, and classification, although the
specific algorithms used at each stage vary [3]. Developing these systems raises concerns of privacy, confidentiality,
ethics, and security that make data acquisition challenging. Against this background, the Wisconsin breast cancer
data were released as a public benchmark; the present study uses the Wisconsin Diagnostic Breast Cancer (WDBC)
dataset (569 instances, 30 real-valued features), which is distinct from the older original Wisconsin Breast Cancer
dataset (699 instances, 9 ordinal attributes). This distinction is maintained consistently throughout the manuscript.
Classification remains a demanding step because its performance depends jointly on the selected features and on
the chosen model and its hyperparameters. Feature selection and dimensionality reduction are used to discard
redundant and irrelevant variables and to reduce computational cost, particularly for high-dimensional data.

Following preprocessing, we evaluate several feature selection techniques in combination with a diverse set
of classifiers, report the best-performing combinations in Table 7, and then identify the most effective selection
strategy under a leakage-free evaluation protocol. The overall workflow is illustrated in Figure 1.

Motivation and contributions. The main contributions of this work are as follows.

1. We formulate a unified statistical evaluation framework that compares five feature selection strategies across
nine classifiers using both simulated and real data, with an explicit emphasis on stability and robustness
rather than accuracy alone.

2. We give a precise algorithmic definition of the hybrid selector, including a full weight-sensitivity analysis,
so that the method is fully reproducible.

3. We adopt a strictly leakage-free evaluation protocol in which feature selection is refit inside every training
partition, and we quantify the inflation that the alternative (leaky) protocol produces.

4. We report inferential comparisons among selectors using the Friedman test with Nemenyi and McNemar
post-hoc procedures, so that reported differences are supported by formal significance testing rather than by
point estimates alone.

2. Literature Review

Breast cancer is a leading cause of mortality among women worldwide, and timely detection markedly improves
treatment outcomes by enabling early therapeutic intervention. Recent work has embedded machine-learning
algorithms within computer-aided diagnosis (CAD) systems whose goal is to separate benign from malignant
cases, or to grade tumours by their likelihood of progression. In the supervised setting, a classifier is constructed
from labelled instances and then used to predict outcomes for new cases; each instance is described by a set of
features. The first step in building such a system is data collection, and the Wisconsin breast cancer data are a
common source. Two related datasets recur in the literature: the original Wisconsin Breast Cancer dataset (699
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instances, 9 attributes) and the Wisconsin Diagnostic Breast Cancer dataset (569 instances, 30 features). Studies
that do not distinguish between them risk reporting incomparable results, and the present work therefore states
explicitly that all real-data experiments use the WDBC dataset. Underlying much of this work is one practical
question: how compact can a feature subset become before diagnostic accuracy suffers?

Benchmark comparisons on the Wisconsin data have answered that question in different, occasionally
conflicting, ways. Working with support vector machines, k-nearest neighbours, and decision trees, Obaid et al. [4]
found a quadratic support vector machine to be the most accurate of the three, at 98.1%, with a low false-discovery
rate. A wider sweep of classifiers led Ahmed et al. [5] to a different conclusion: under their protocol Naive Bayes
proved most effective, and they validated it against the state of the art then available for the same data. Alagoz
et al. [6] pursued a different objective altogether. Rather than ranking classifiers, their University of Wisconsin
Breast Cancer Epidemiology Simulation Model is a discrete-event microsimulation of natural disease progression,
detection, treatment, and survival, since extended to accommodate molecular subtypes.

Later contributions turn towards deeper architectures and towards interpretability. Bakar et al. [7] weighed
XGBoost against deep neural networks on the WDBC data, judging reliability through confusion matrices,
precision, and accuracy, while Rovshenov and Peker [8] surveyed several machine-learning techniques for early
prediction. Hernandez-Julio et al. [9] took a fuzzy route, coupling a Mamdani inference system with clustering and
dynamic tables to reach a precision competitive with earlier reports.

Taken together, this body of work establishes that Wisconsin data are highly separable and that many classifiers
reach accuracies above 95%. What remains comparatively under-examined is the statistical behaviour of these
pipelines: the stability of the selected feature subsets, the variance of the performance estimates, and—critically—
the extent to which reported accuracies are inflated by evaluation protocols that leak information from the test
set into feature selection. Two further directions have gained prominence in the recent literature but are not
yet reflected in most Wisconsin-based comparisons: embedded and deep-learning-based feature selection [25]
and model-agnostic interpretability methods such as SHAP [26]. Recent hybrid feature-selection pipelines for
breast cancer classification have likewise been proposed [27]. These studies report very high headline accuracies
on the WDBC data—for example, Zhu et al. [25] combine SHAP-guided recursive feature elimination with
Borderline-SMOTE and reach 99.0% accuracy with a LightGBM classifier, while Pati et al. [27] pair recursive
feature elimination with a Grey Wolf Optimizer and report 98.25% on the same data—and Lee et al. [26] couple
LASSO selection with an explainable ensemble to improve the interpretability of recurrence prediction. What these
otherwise strong pipelines share is that they optimise and report peak accuracy without isolating feature selection
inside the resampling folds, without formal significance testing of the differences between methods, and without
an explicit stability analysis. The present study is positioned precisely against this gap: rather than adding a further
accuracy ranking, it contributes a leakage-free, stability-oriented, and significance-tested evaluation, and Table 1
sets out this contrast in detail.

Table 1 sets the proposed approach against these three recent feature-selection studies along the dimensions that
are central to this work: the validation protocol (and, in particular, whether feature selection is performed in a
leakage-free manner), the use of formal significance testing, and the presence of an explicit stability analysis. All
three comparators report higher headline accuracy than the proposed hybrid, yet none isolates feature selection
inside the resampling folds, tests the significance of method differences, or quantifies stability—which is the
contribution the present framework adds.

The comparison undertaken here follows the motivation of Sharma and Mishra [16]: by pairing several feature
selection techniques with several classifiers and comparing classification performance on the WDBC data, one can
identify both an effective selection method and a suitable classifier for a breast cancer diagnosis system.
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3. Methodology

This section presents the experimental framework, organised into feature selection techniques, the classifiers used,
performance measures, the Monte Carlo simulation design, and—new to this revision—the leakage-free evaluation
protocol and the statistical comparison procedures.

WDBC dataset
(569 x 30)

Y

Preprocessing
(clean, encode labels)

Y
50-split stratified
resampling (5x 10 CV)

______________________________________________________________

Y .

Fit scaler on
training fold only

Fil Univariate Feature PCA | Hybrid
L (K-Best) importance (Eq. 1)

Train 9 classifiers
on selected features

N e e e e e e e e e = =

_______________________________________________________________

Evaluate on held-out
test fold (Acc, F1, ROC/PR-AUC)

Y

Statistical testing
(Friedman, Nemenyi, McNemar)

Y

Best model &
selector recommendation

Figure 1. Overview of the proposed leakage-free experimental methodology. Standardisation, all five feature-selection
strategies (filter, univariate/K-Best, model-based importance, PCA, and the hybrid combiner of Eq. 1), and classifier training
are performed strictly inside each training partition of the 50-split resampling scheme (dashed box); only the held-out fold
is used for evaluation, which includes formal significance testing.

Stat., Optim. Inf. Comput. Vol. 16, September 2026



H. ELGOHARI, M. Z. FOUDA, M. ASIM AND O. M. ELZEKI 2831

3.1. Feature selection techniques

Cancer diagnosis is a two-step process: identification of the affected region (the tumour) and its classification as
malignant or benign. Pattern-recognition systems for this task typically comprise feature selection, in which a
subset of the most relevant features is retained, followed by classifier induction. The study evaluates the following
selection techniques.

Filter methods. Filter methods rank features by a predefined scoring criterion (for example, correlation or
mutual information), sort them by relevance, and discard low-ranking variables by thresholding. Because they
operate independently of the classifier, as a preprocessing step, they are computationally efficient and effective at
eliminating irrelevant features before training [12].

Univariate selection (Select K -Best). Univariate selection ranks each feature by a univariate statistical test—for
example, the ANOVA F-test, x2, or mutual information—and retains the highest-scoring features [13]. Throughout
this study we use Select K -Best, which keeps the top k features; the closely related Select Percentile variant, which
instead retains a fixed top percentile of features, was not used, so all reported univariate-selection results correspond
to Select K-Best.

Feature importance. Tree-based models (for example, random forests and gradient boosting) assign importance
scores reflecting each feature’s contribution to predictive performance. L; regularisation (Lasso) induces sparsity
by penalising the absolute magnitude of coefficients, driving some to zero and thereby performing selection.

Principal component analysis. PCA performs dimensionality reduction through an orthogonal transformation,
producing linearly uncorrelated components that capture the greatest variance in the data; the leading components
are then used as features.

Hybrid feature selection. The hybrid selector combines the three score families above into a single ranking. For
feature j, the combined score is

filt ivariat importance
Score; = w1 S + we S 4+ w3 S P , wi +ws +ws =1, (1

where each component score Sj(-') is first min—max normalised to [0, 1] across features so that the three families are
comparable, and the top k features by Score; are retained (k = 10 in the real-data study). To resolve the original
ambiguity regarding the weights (w1, ws,ws), we conducted a full weight-sensitivity analysis over a grid of triplets
summing to one (Section 5.5). Because the analysis shows that the retained subset is invariant to the weights over
almost the entire simplex, we adopt equal weights wy = wy = w3 = % as the default, with the sensitivity analysis
reported for transparency.

3.2. Classifiers

Naive Bayes. A family of probabilistic classifiers based on Bayes’ theorem under the assumption of conditional

independence of the features. Despite this simplifying assumption, they scale linearly in the number of features.

Bayes’ theorem gives

P(X | C) P(C) o
px) 7

where P(C' | X) is the posterior probability of class C' given the feature vector X, P(X | C) the likelihood, P(C)

the prior class probability, and P(X) the evidence [14]. The independence assumption factorises the likelihood as

P(C| X) =

n

Px|C)=]]P@:|0) 3)

i=1

where z; is the value of the i-th feature, enabling fast training and prediction in high dimensions [14].

Stat., Optim. Inf. Comput. Vol. 16, September 2026



2832 FEATURE SELECTION METHODS FOR BREAST CANCER CLASSIFICATION

Logistic regression. A binary classification method that models the outcome probability through the logistic link
applied to a linear combination of the features:

1
1+exp[— (Bo+ i X1+ + BnXn)]

PY =1|X)= @)

k-nearest neighbours. A non-parametric method [15] that classifies a query point by majority vote among its &k
most similar training instances [ 17]. The training set 7 = {(y;, ¢;) })¥., contains N instances from M classes, where
y; lies in a D-dimensional space and ¢; € {cy,...,cpr} s its label; a new instance (z, ¢) ¢ T has an unknown label
C.

Support vector classification. Support vector machines determine the decision boundary by maximising the
margin, the shortest distance between the separating hyperplane and the closest training samples (support vectors)

of each class. The margin is
2
-2 )
[[w]

where ||w|| is the Euclidean norm of the weight vector; maximising the margin is equivalent to minimising ||wl|
subject to the separation constraints.

Random forest. An ensemble of decision trees trained on bootstrap resamples of the data (bagging). For inputs

X = (x1,...,x,) and response Y = (yq, ..., y,), with bagging repeated forb = 1, ..., B, the prediction for a new
sample z is the average over the B trees [19]:

B
5 1
fla) =35> flo). 6)
b=1
and the dispersion of the tree predictions is summarised by

. \/ S (k) )
B-1 '

)

XGBoost. A gradient-boosted tree ensemble that builds trees sequentially, re-weighting mis-predicted instances
so that subsequent trees focus on the hardest cases. Combining many weak learners with high bias yields a low-bias,
low-variance strong learner, and the implementation exploits parallel and distributed computation [18].

AdaBoost. A boosting method that combines weak classifiers into a strong one by iteratively increasing the
weight of mis-classified samples. The final classifier is a weighted vote of the weak learners [19, 20]:

M
H(x) = sign (Z m, hm(m)> , (®)
m=1

where h,, is the weak learner at iteration m and «,, its weight.

Neural network. A supervised classification model inspired by the brain, comprising an input layer, one or more
hidden layers, and an output layer. For output neuron ¢,

h
yi = a<z wij aj + bz-) : )

j=1
where w;; are the weights connecting hidden neuron j to output neuron 7, a; is the activation of hidden neuron j,

and b; is the bias. Any artificial neural network requires at least one hidden layer [21], and its effectiveness depends
on the learned weights and the choice of activation function [22].
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Gradient boosting. An additive model that fits successive weak learners to the residuals of the current
model [23]. The model is [24]

Fu(x) = Fo(z) + Y vhm(2), (10)

where Fy(z) is the initial (constant) prediction, h.,,(x) is the weak learner fitted to the residuals, and v is the
learning rate controlling the step size.
3.3. Performance measures

The classification metrics are derived from the confusion matrix and defined in Table 2. Because the WDBC data
are moderately imbalanced (62.7% benign), we additionally report the area under the precision—recall curve (PR-
AUC) alongside the ROC-AUC, as PR-AUC is more informative than ROC-AUC under class imbalance.

Table 2. Classification performance measures.

Metric Definition
Accurac TP+TN
Y TP+TN+ FP+ FN
Precision Tip
TP+ FP
TP
Recall (Sensitivit _
ecall (Sensitivity) TP FN
. TN
Specificity TN L PP
2 - Precision - Recall
F-score

Precision + Recall

3.4. Stability indices

Two complementary stability indices are used, both defined explicitly to address the reviewers’ request.

Performance stability index. For a given model, let @ and s, denote the mean and standard deviation of accuracy
across the repeated evaluations (Monte Carlo replications in the simulation study, or resampling splits in the real-
data study). The performance stability index is the complement of the coefficient of variation,

Sa
SIperf =1-—, (11)
a

so that S, — 1 indicates a model whose accuracy varies little relative to its mean. This is the quantity reported
in the “SI” column of Table 4.

Feature-selection stability index. To quantify how consistently a selector returns the same feature subset across
resampling splits, we use the mean pairwise Jaccard similarity of the selected subsets,

2 Fo OV
I =
Slrs R(R—1) <Z \F U F|

12)

where F,. is the subset selected on split  and R is the number of splits. A value of 1 denotes a perfectly stable
selector. PCA is reported as “N/A” because it returns linear combinations of all features rather than an interpretable
subset. Values are given in Table 9.
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3.5. Leakage-free evaluation protocol

All real-data results are obtained under a strict resampling protocol designed to prevent information leakage.
The data are partitioned into 50 stratified train—test splits (repeated stratified cross-validation). Within each split,
standardisation parameters, the feature selector, and the classifier are fitted using the training partition only, and the
held-out test partition is used exclusively for evaluation. In particular, univariate and filter scores, which depend
on the relationship between features and the label, are computed on the training partition alone. This protocol is
what distinguishes the present results from the original submission, in which selection performed on the full dataset
before splitting leaked test-set information into the training pipeline and produced optimistically perfect scores (see
Section 5.8). Reported metrics are means + standard deviations over the 50 splits.

3.6. Statistical comparison procedures

To determine whether the observed differences among selectors are statistically meaningful rather than sampling
noise, we apply, separately for each classifier, the non-parametric Friedman test across the five selectors over the
50 splits. Where the Friedman test is significant, the Nemenyi post-hoc test provides all pairwise comparisons. In
addition, McNemar’s test compares the hybrid selector against each alternative on the pooled held-out predictions.
All results are reported in Section 5.7.

4. Monte Carlo Simulation Study

To probe the robustness and generalisation of the classification framework beyond a single dataset, we conducted a
Monte Carlo simulation study in which the data-generating conditions are controlled explicitly. In response to the
reviewers, the design was extended along two additional axes—feature correlation and response non-linearity—
so that the simulation is no longer restricted to the linear, independent-feature case in which a linear classifier is
trivially favoured.

4.1. Data-generating process

Let the feature vector for the i-th observation be X; = (X1, Xs2, ..., X;p), with

P = Prel + Pirrs (13)

where py is the number of relevant (informative) features and p;,; the number of irrelevant (noise) features.

Relevant features. The informative features are standardised to unit variance and generated from
Xij ~ N, 1), j=1,..., Pl (14)

In the correlated designs, the relevant features are drawn from a multivariate normal distribution with an
exchangeable correlation structure, so that the generated data mirror the strong inter-feature correlation observed
in the real WDBC data (Figure 2).

Response variable. In the linear designs the binary response is generated from the logistic model

1
PY,=1| X)) = : 15
( | X2) 1+ exp[— (Bo + 1 Xi1 + -+ + By Xip)] >

whereas in the non-linear designs the linear predictor is augmented with quadratic and pairwise-interaction terms
of the relevant features, so that the Bayes-optimal boundary is non-linear and no longer coincides with a linear
model.
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Noise injection. To emulate measurement error, Gaussian noise is added to the features,
2
Xi*j:Xij—f—Eij, €ij NN(O,O’ ) (16)

Because the informative features are standardised to unit variance, the noise variance o2 is directly interpretable as
a fraction of signal variance: the values o € {0.1,0.5, 1.0} correspond to noise contributing 10%, 50%, and 100%
of the unit feature variance, spanning low, moderate, and high measurement error without requiring an external
instrument-specific calibration.

4.2. Experimental scenarios

Three base scenarios vary the sample size, the noise level, and the proportion of irrelevant features (Table 3).
The sample sizes n € {100, 200,500} are chosen to bracket the size of the real WDBC dataset (569 instances),
covering the small-sample regime as well as a size comparable to the real data. Each base scenario is crossed with
two feature-dependence settings (independent vs. correlated relevant features) and two response settings (linear vs.
non-linear), giving twelve conditions in total. Each condition is replicated 200 times.

Table 3. Base simulation scenarios. Each base scenario is additionally crossed with feature dependence (independent /
correlated) and response form (linear / non-linear).

Scenario Samplesize n Noise level o2 Irrelevant features (%)

S1 100 0.1 10%
S2 200 0.5 30%
S3 500 1.0 50%

4.3. Simulation results

Table 4 reports, for each condition and classifier, the mean accuracy over the 200 replications, its standard deviation,
the Monte Carlo standard error (MC-SE = s,/+/200), and the performance stability index of Equation (11). The
standard deviation is the dispersion of accuracy across Monte Carlo replications, and the MC-SE quantifies the
precision of the reported mean.

The simulation results show that model performance is sensitive to the data-generating conditions. As the sample
size grows from S1 to S3, mean accuracy increases and its variability decreases, despite the accompanying rise in
noise and in the proportion of irrelevant features; correlated and non-linear designs reduce accuracy relative to their
independent, linear counterparts. Crucially, logistic regression attains the highest mean accuracy and the highest
stability index in every one of the twelve conditions, including the non-linear and correlated designs (for example,
S3_nonlin-indep: 0.843 vs. 0.807 for random forest and 0.806 for XGBoost). This addresses the concern that the
original linear, independent design trivially favoured a linear classifier: even when the Bayes-optimal boundary is
non-linear and the features are correlated, the regularised linear model remains the most stable performer at these
sample sizes, while the tree ensembles are competitive but consistently more variable. The accuracies now lie in a
realistic range (roughly 0.73-0.85) rather than the implausibly high values reported previously.

5. Real-Data Study

5.1. Data description

The study uses the Wisconsin Diagnostic Breast Cancer (WDBC) dataset from the UCI Machine Learning
Repository, compiled by Dr. William H. Wolberg at the University of Wisconsin Hospitals (Madison, WI) between
1989 and 1991 [10]. The features were derived from digitised images of fine-needle aspirate (FNA) samples of
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Table 4. Performance across simulation conditions (200 Monte Carlo replications per condition). “SD” is the standard
deviation of accuracy across replications, “MC-SE” the Monte Carlo standard error of the mean, and “SI” the performance
stability index of Equation (11). Scenario labels encode the base scenario (S1-S3), the response form (1in/nonlin), and
the feature dependence (indep/corr).

Scenario Classifier Mean acc. SD MC-SE SI

S1_lin-indep LogisticRegression 0.797 0.055 0.0039  0.931
S1_lin-indep RandomForestClassifier 0.741 0.057  0.0040 0.923
S1_lin-indep XGBClassifier 0.734 0.055  0.0039 0925
S1_lin-corr LogisticRegression 0.779 0.057  0.0040  0.927
S1_lin-corr RandomForestClassifier 0.768 0.056  0.0039  0.927
S1_lin-corr XGBClassifier 0.752 0.058  0.0041 0923
Sl_nonlin-indep  LogisticRegression 0.791 0.055  0.0039  0.930
S1_nonlin-indep = RandomForestClassifier 0.743 0.058  0.0041  0.922
Sl_nonlin-indep  XGBClassifier 0.733 0.060  0.0043 0917
S1_nonlin-corr LogisticRegression 0.760 0.056  0.0040  0.926
S1_nonlin-corr RandomForestClassifier 0.751 0.058  0.0041  0.923
S1_nonlin-corr XGBClassifier 0.736 0.059 0.0042 00919
S2_lin-indep LogisticRegression 0.838 0.030  0.0021  0.964
S2_lin-indep RandomForestClassifier 0.786 0.035  0.0025  0.956
S2_lin-indep XGBClassifier 0.782 0.033  0.0023  0.958
S2_lin-corr LogisticRegression 0.815 0.028  0.0020  0.966
S2_lin-corr RandomForestClassifier 0.791 0.031  0.0022  0.960
S2_lin-corr XGBClassifier 0.779 0.033  0.0023  0.957
S2_nonlin-indep  LogisticRegression 0.833 0.028  0.0020  0.966
S2_nonlin-indep  RandomForestClassifier 0.790 0.032  0.0022  0.960
S2_nonlin-indep ~ XGBClassifier 0.788 0.033  0.0024  0.958
S2_nonlin-corr LogisticRegression 0.796 0.029  0.0021  0.963
S2_nonlin-corr RandomForestClassifier 0.784 0.033  0.0023  0.958
S2_nonlin-corr XGBClassifier 0.773 0.034  0.0024  0.956
S3_lin-indep LogisticRegression 0.852 0.020  0.0014  0.976
S3_lin-indep RandomForestClassifier 0.805 0.025  0.0018  0.969
S3_lin-indep XGBClassifier 0.803 0.024  0.0017  0.970
S3_lin-corr LogisticRegression 0.821 0.025  0.0018  0.970
S3_lin-corr RandomForestClassifier 0.799 0.026  0.0019  0.967
S3_lin-corr XGBClassifier 0.789 0.028  0.0020  0.965
S3_nonlin-indep  LogisticRegression 0.843 0.022  0.0015 0974
S3_nonlin-indep ~ RandomForestClassifier 0.807 0.023  0.0016 0971
S3_nonlin-indep ~ XGBClassifier 0.806 0.024  0.0017  0.970
S3_nonlin-corr LogisticRegression 0.802 0.024  0.0017  0.970
S3_nonlin-corr RandomForestClassifier 0.792 0.023  0.0016  0.971
S3_nonlin-corr XGBClassifier 0.782 0.024  0.0017  0.969

breast masses and characterise properties of the cell nuclei [11]. The dataset comprises 569 instances and 30 real-
valued features (ten core measurements, each summarised by its mean, standard error, and “worst” value), with no
missing values, and a binary diagnosis (malignant/benign).” Table 5 summarises the dataset composition.

An exploratory data analysis was conducted to characterise the features and their relationship to diagnosis. The
class distribution is 357 benign (62.7%) and 212 malignant (37.3%); the moderate imbalance is handled through
stratified resampling and the reporting of precision, recall, specificity, and PR-AUC rather than accuracy alone.

5.2. Normalisation and descriptive statistics

Features were standardised within each training partition so that all measurements share a common scale. Table 6
reports summary statistics for representative features.

TThe dataset contains no duplicate records and no collinear-duplicate columns; the high class separability observed in the results is therefore
intrinsic to the features (see the correlation structure in Figure 2) rather than an artefact of repeated or redundant data.
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Table 5. Composition of the WDBC dataset.

Component Details

ID number Unique identifier for each case

Diagnosis M = malignant, B = benign

Core features 10 nuclear measurements x {mean, SE, worst} = 30 features
Radius Mean distance from centre to perimeter points
Texture Standard deviation of gray-scale values
Smoothness Local variation in radius lengths

Compactness (perimeter” /area) — 1.0

Concavity Severity of concave portions of the contour
Concave points Number of concave portions of the contour
Fractal dimension “Coastline approximation” —1

Precision All values recorded to 4 significant digits
Missing values None

Class distribution 357 benign, 212 malignant

Table 6. Summary statistics of representative features. Median and interquartile range (IQR) are additionally reported, as
requested, since medical measurements are often skewed.

Feature Mean Std Min Max Median IQR
Radius (mean) 14.13 3.52 6.98 28.11 13.37 4.08
Texture (mean) 19.29 4.30 9.71 39.28 18.84 5.63
Perimeter (mean) 91.97 2430 43.79 188.50 86.24 28.93
Area (mean) 654.89 35191 143.50 2501.00 551.10 362.40

Smoothness (mean)  0.096 0.014 0.053 0.163 0.096 0.019

The large standard deviations of the area and perimeter features indicate strong discriminative potential, and
malignant tumours generally exhibit larger radius, perimeter, and area, consistent with clinical expectation. The
median and IQR corroborate the reviewer’s expectation of skewness in the size-related features: for area, the mean
(654.89) exceeds the median (551.10) by roughly a quarter of an IQR, indicating a pronounced right skew that a
mean—standard-deviation summary alone would obscure.

5.3. Correlation analysis

Figure 2 shows the correlation matrix of the mean features. The heatmap includes a labelled colour scale and
axis labels, and the annotated coefficients make the strong collinearity among the size-related features explicit.
As expected, radius, perimeter, and area are almost perfectly correlated (p ~ 0.99-1.00), and concavity is strongly
correlated with concave points (p = 0.92); this collinearity motivates both the dimensionality-reduction (PCA)
strand of the analysis and the correlated simulation designs of Section 4.

5.4. Classification performance under the leakage-free protocol

Table 7 reports the full set of metrics for every selector and classifier under the 50-split leakage-free protocol of
Section 3.5. All entries are means + standard deviations over the 50 splits, and no combination attains perfect
accuracy.

Three findings emerge from Table 7, and each revises a claim from the original submission.

First, no combination reaches perfect accuracy; the strongest result is PCA-based reduction with logistic
regression (accuracy 0.978 + 0.005, ROC-AUC 0.994 £+ 0.002, PR-AUC 0.993 £ 0.002), closely followed by
PCA with SVC (0.975 + 0.006) and PCA with MLP (0.974 + 0.005). Among the subset-selection methods, the
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Figure 2. Correlation heatmap of the ten mean features. Cell colour encodes the Pearson correlation coefficient (colour bar at
right, range —1 to +1); values are annotated in each cell. Size-related features (radius, perimeter, area) are almost perfectly
correlated.

multilayer perceptron is the strongest classifier (for example, 0.963 + 0.007 with the filter, K-Best, or hybrid
subset), with logistic regression and SVC close behind.

Second, the filter, K-Best, and hybrid selectors return identical feature subsets on every split (Table 9) and
therefore produce identical performance rows. The hybrid selector is thus a stable and fully reproducible method,
but it does not outperform its constituent filter and univariate selectors on these data. This directly corrects the
original claim that the hybrid method improved accuracy by 1-2% over the individual methods: under leakage-free
evaluation, that improvement is not observed.

Third, the best-performing strand is dimensionality reduction (PCA) rather than subset selection, and this
advantage is statistically supported (Section 5.7). Logistic regression remains the most consistent classifier overall,
competitive with or superior to the ensembles across selectors, which preserves the paper’s original message that
appropriately regularised linear models remain strong baselines relative to more complex ensembles.

5.5. Hybrid weight-sensitivity analysis

To justify the choice of weights in Equation (1), we evaluated the hybrid selector over a grid of weight triplets
(w1, we, ws) summing to one, recording, for each triplet, the resulting accuracy and the overlap between the selected
subset and the equal-weight reference subset (Table 8). Over almost the entire simplex the overlap is 1.0, meaning
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the retained features are invariant to the weights; the only exception is the pure-importance corner (0,0, 1), where
the overlap drops to 0.9 and accuracy falls marginally (logistic regression: 0.952 vs. 0.956). Because the selected
subset—and hence the downstream performance—is essentially insensitive to the weights, equal weighting is
adopted, and the hybrid result is robust rather than tuned.

Table 8. Representative rows of the hybrid weight-sensitivity analysis. “Overlap” is the fraction of features shared with the
equal-weight reference subset. The retained subset is invariant to the weights except at the pure-importance corner. The full
grid comprises 15 weight triplets per classifier.

w1 wo w3 Classifier Accuracy Overlap
0.00 0.00 1.00 LogisticRegression 0.952 0.9
0.00 0.00 1.00 RandomForestClassifier 0.947 0.9
0.33 033 0.33 LogisticRegression 0.956 1.0
0.33 033 0.33 RandomForestClassifier 0.948 1.0
0.50 050 0.00 LogisticRegression 0.956 1.0
1.00  0.00 0.00 LogisticRegression 0.956 1.0
1.000 0.00 0.00 RandomForestClassifier 0.948 1.0

5.6. Feature-selection stability

Table 9 reports the feature-selection stability index of Equation (12). The filter, K-Best, and hybrid selectors are
perfectly stable (SIgs = 1.000): they return the same subset on every split. Model-based importance is slightly less
stable (SIps = 0.913), reflecting the sampling variability of the tree-based importance scores, while PCA is not
directly comparable because it returns components rather than a subset.

Table 9. Feature-selection stability index (mean pairwise Jaccard similarity of the selected subsets across the 50 splits).

Selector Slgs
Filter 1.000
K-Best 1.000
Importance 0.913
PCA N/A
Hybrid 1.000

5.7. Statistical significance of selector differences

Table 10 reports, for each classifier, the Friedman test across the five selectors and McNemar comparisons of
the hybrid selector against each alternative. The Friedman test is significant (p < 0.05) for eight of the nine
classifiers, the exception being the random forest (x? = 1.069, p = 0.899), for which selector choice has no
detectable effect. The Nemenyi post-hoc test (illustrated for logistic regression in Table 11) shows a consistent
pattern across classifiers: PCA differs significantly from the filter, K-Best, importance, and hybrid selectors,
whereas the latter four are mutually indistinguishable. Because the filter, K-Best, and hybrid selectors produce
identical predictions, the McNemar comparisons of the hybrid selector against the filter and K-Best selectors are
degenerate (no discordant pairs) and are reported by the software as 0.000; they should be read as “no meaningful
difference,” consistent with the Nemenyi result. The substantive McNemar comparisons are those against PCA,
which are significant for several classifiers (for example, logistic regression p = 0.038, SVC p = 0.031, XGBoost
p = 0.030), confirming that the PCA advantage is not attributable to sampling noise.

5.8. Illustration of the effect of data leakage

To make the leakage mechanism explicit and to explain the perfect scores in the original submission, we reproduced
the analysis under a severe-leakage protocol, in which feature selection and evaluation share information across
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Table 10. Statistical comparison of selectors. Friedman test across the five selectors and McNemar tests of the hybrid selector
against each alternative, per classifier.

Classifier Friedman Friedman McNemar p: Hybrid vs.

X2 P Filter® K-Best* Importance PCA
GaussianNB 52.132 1.3 x 10710 — — 0.134 0.074
LogisticRegression 57.072 1.2 x 10~ 11 — — 0.683 0.038
KNeighborsClassifier 64.231 3.7 x 1013 — — 0.752 0.063
SvC T74.729 2.3 x 10715 — — 0.077 0.031
RandomForestClassifier 1.069 0.899 — — 1.000 0.860
XGBClassifier 69.457 3.0 x 1014 — — 0.450 0.030
AdaBoostClassifier 42.958 1.1 x 1078 — — 0.724 0.045
MLPClassifier 36.942 1.9 x 10~7 — — 0.074 0.404
GradientBoostingClassifier 28.123 1.2 x 1075 — — 0.343 0.151

2 The hybrid, filter, and K-Best selectors yield identical predictions (Table 9); the corresponding
McNemar test is degenerate and is therefore omitted (“—").

Table 11. Nemenyi post-hoc p-values among selectors for logistic regression (representative; the pattern is consistent across
classifiers). PCA differs significantly from the other selectors, which are mutually indistinguishable.

Filter K-Best Importance PCA Hybrid
Filter 1.000 1.000 0.786 6.5 x 1074 1.000
K-Best 1.000 1.000 0.786 6.5 x 1074 1.000
Importance 0.786 0.786 1.000 3.0 x 10~ 0.786
PCA 65x107% 65x107* 3.0x10°¢ 1.000 6.5 x 1074
Hybrid 1.000 1.000 0.786 6.5 x 1074 1.000

the train—test boundary. Under that protocol the tree ensembles (random forest, XGBoost, and gradient boosting)
reach 1.000 4+ 0.000 accuracy for every selector, exactly matching the pattern of perfect scores reported originally.
When the identical models are evaluated under the leakage-free protocol (Table 7), those same ensembles achieve
realistic accuracies near 0.94-0.97. This comparison demonstrates that the original perfect scores were an artefact
of the evaluation protocol rather than a property of the models, and it justifies the leakage-free protocol adopted
throughout this revision.

5.9. ROC analysis

Receiver operating characteristic (ROC) curves were constructed for the top-performing models. Figure 3 shows
the curves for the hybrid selector on a representative held-out test fold, with the area under the curve (AUC)
reported in the legend; the cross-validated mean AUCs for all selector—classifier combinations are given in Table 7.
The models achieve high AUC values (logistic regression, MLP, and SVC at or near 1.00 on the representative fold;
random forest and XGBoost at 0.99), confirming strong discrimination between benign and malignant cases across
thresholds. The single fold is shown only for illustration; the corresponding cross-validated mean AUCs (Table 7)
are more conservative—between 0.98 and 0.99 for these classifiers—and are the values that should be read as their
expected performance.

5.10. Stability analysis via boxplots

To assess variability across resampling splits, Figure 4 shows boxplots of accuracy for every classifier and selector
over the 50 splits. Each box is labelled by classifier on the horizontal axis and by selector in the legend, so that
every distribution is identifiable. Logistic regression shows one of the tightest interquartile ranges, indicating high
stability, whereas k-nearest neighbours is comparatively more dispersed; the ensembles show moderate, consistent
variability. These results reinforce that stability, not accuracy alone, is an essential criterion for medical decision
support.
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ROC Curves (Hybrid Selector)
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Figure 3. ROC curves for the top classifiers under the hybrid selector on a single illustrative held-out test fold, on which
several models attain an AUC of 1.00. This is a one-fold illustration, not a headline result: the cross-validated mean AUCs
across the 50 splits are more conservative, in the range 0.98-0.99 (Table 7), and are the values that reflect the models’
expected performance.

6. Discussion

The revised analysis changes the empirical conclusions of the study while preserving its central contribution: a
statistically rigorous, stability-oriented comparison of feature selection strategies for breast cancer classification.
Three points deserve emphasis.

First, the leakage-free protocol removes the perfect scores that a reviewer correctly identified as implausible. The
severe-leakage illustration (Section 5.8) shows that those scores were an evaluation artefact: performing selection
on the full dataset before splitting leaks label information into the model. Under the corrected protocol, realistic
accuracies in the range 0.92—0.98 are obtained, and the ordering of methods is now trustworthy.

Second, the hybrid selector is best understood as a stable, reproducible combiner rather than a top performer. On
the WDBC data its weights do not affect the selected subset (Table 8), and it returns the same features as the filter
and univariate selectors (Table 9); consequently it neither outperforms nor underperforms them. Dimensionality
reduction via PCA, paired with a linear or margin-based classifier, gives the strongest and most consistent real-
data performance, and this advantage survives formal significance testing. Relative to the recent hybrid pipelines
surveyed in Table 1, the contribution here is therefore methodological rather than a higher headline accuracy. The
study’s two headline messages should therefore be read as complementary rather than competing. The highest real-
data accuracy is achieved by PCA combined with logistic regression (0.978 £ 0.005; Table 7), whereas the broader
stability and robustness message—that a well-regularised linear model varies least across both resampling splits and
simulation conditions—concerns logistic regression across all selectors. PCA and logistic regression thus prevail
on different axes, accuracy and stability respectively, and the realistic 0.92—0.98 accuracy band reported above is
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Accuracy by Classifier and Selector across 50 CV Splits
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Figure 4. Accuracy of each classifier under each feature-selection strategy across the 50 cross-validation splits. The
horizontal axis lists the classifiers and the legend identifies the selectors (filter, K-Best, importance, PCA, hybrid).

fully consistent with the finding that the filter, K-Best, and hybrid selectors share an identical feature subset: those
three simply occupy the same point in that band, while PCA sits at its upper end.

Third, the simulation study now speaks directly to the concern that a linear data-generating process trivially
favours a linear model. With correlated features and non-linear response boundaries added to the design, logistic
regression still attains the highest mean accuracy and stability in every condition at the sample sizes considered.
Critically, the size of the logistic-regression advantage behaves exactly as a bias—variance account predicts: in the
largest-sample scenario, the gap between logistic regression and the best ensemble narrows from 0.047 under the
linear, independent design (S3: 0.852 vs. 0.805) to 0.010 under the non-linear, correlated design (S3: 0.802 vs.
0.792)—an approximately fourfold reduction (Table 4). The added non-linearity and correlation thus erode most of
the linear model’s margin, precisely the effect one would expect if the original design had over-favoured linearity;
that the margin shrinks rather than reverses reflects the variance advantage of a well-regularised linear model at
small-to-moderate n, where that variance reduction can outweigh the bias incurred against a non-linear boundary.
This is consistent with the real-data result that simpler models remain competitive with ensembles.

7. Conclusion

This study presented a statistical evaluation of machine-learning classifiers combined with several feature
selection techniques for breast cancer diagnosis, emphasising model stability, variability, and robustness rather
than predictive accuracy alone. Under a strictly leakage-free evaluation protocol, no classifier achieved perfect
accuracy; principal component analysis paired with logistic regression gave the strongest real-data performance
(0.978 £ 0.005 accuracy), and this advantage was statistically significant for several classifiers. The proposed
hybrid selector proved perfectly stable and fully reproducible, but—contrary to the original submission—did not
outperform the individual filter and univariate selectors, with which it shares an identical feature subset. The Monte
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Carlo simulation, extended to include correlated and non-linear designs, confirmed that performance depends
strongly on sample size, noise, and feature relevance, and that a well-regularised logistic regression remains the
most stable model across conditions while ensembles remain robust but more variable.

Overall, the findings show that combining formal statistical analysis—stability indices, confidence bounds, and
significance testing—with machine learning is essential for building reliable and interpretable diagnostic systems.
The framework offers practical guidance for selecting models and feature selection strategies, and underscores that
a sound evaluation protocol is a prerequisite for credible performance claims.

Limitations and future work. The analysis is confined to a single, highly separable benchmark; validation on
larger and less separable clinical cohorts is needed before the conclusions can be generalised. The hybrid selector’s
invariance to its weights is a property of the WDBC feature set and may not hold for higher-dimensional data,
where the constituent scores diverge. Future work will extend the framework to embedded and deep-learning-
based selection and to model-agnostic interpretability (for example, SHAP), building on the recent approaches
surveyed in Section 2 and Table 1.
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