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A B S T R A C T

Handcrafted radiomic descriptors are widely used in biomedical image analysis, but classic radiomics pipelines 

often suffer from high feature redundancy and an underdeveloped, weakly principled feature-selection practice, 

which together can impair generalization and limit model interpretability. To address this, we introduce ReSHAPe 

(Redundancy-Reduced SHAP-based Evaluation), a two-stage, model-aware feature selection pipeline that makes 

SHAP-driven selection practical for radiomics. ReSHAPe first performs redundancy pruning by removing highly 

correlated features using Spearman rank correlation, retaining within each correlated group the descriptor with 

the lower absolute skewness. It then applies SHAP-based global importance to rank the remaining features and 

iteratively select a compact subset; an ensemble variant aggregates SHAP rankings across multiple classifiers to 

promote consensus and interoperability.

We evaluate ReSHAPe on three MedMNIST v2 subsets (BreastMNIST, PneumoniaMNIST, BloodMNIST) 

using 285 handcrafted features and five well-known classifiers (SVM, Decision Tree, Random Forest, Extra 

Trees, XGBoost), comparing against univariate filters (ANOVA F-test, mutual information), SHAP-only selection, 

correlation-based filtering, and full-feature baselines. Across datasets, ReSHAPe preserves performance while 

drastically reducing dimensionality; on radiomic tasks, it is consistently competitive with SHAP-only selection 

f-measure weighted values differences typically lower than 0.03, and it remains effective in the non-radiomic 

multiclass setting (maximum decrease of f-measure weighted value lower than 0.04). Finally, the correlation 

pre-filtering stage markedly reduces SHAP overhead, which would otherwise require 200 additional model 

training/evaluation steps when applied directly to the full feature space.

1 . Introduction

The analysis of biomedical images is of fundamental importance 

in contemporary healthcare, as it supports diagnosis, prognosis, and 

treatment planning. Machine learning (ML) and deep learning (DL) 

methods have shown strong potential in the interpretation of X-rays, 

magnetic resonance imaging (MRI), and pathology slides. However, 

widely adopted benchmarks such as MNIST and ImageNet were not 

designed to capture the heterogeneity and complexity of biomedical 

data [1]. In response, several standardized medical imaging datasets 

have been introduced to provide accessible benchmarks with consistent 

preprocessing, rich annotations, and diverse modalities [2].

Within this landscape, radiomics has emerged as a powerful 

paradigm for quantitatively characterizing medical images by extracting 

large sets of handcrafted features that describe intensity, shape, and 

texture properties of regions of interest [3–5]. These descriptors are 

intended to encode phenotypic manifestations of underlying patho­

physiological processes and have been applied to tasks such as lesion 

detection, grading, outcome prediction, and response assessment. Yet 

radiomic feature spaces are typically high-dimensional and highly re­

dundant [6], which can impair generalization, increase computational 

costs, and limit the interpretability of downstream predictive models.

The MedMNIST family of datasets [1,2] is a lightweight yet di­

verse benchmark suite for biomedical image analysis, spanning multiple 

modalities and anatomical regions via standardized low-resolution 2D 

and 3D images. MedMNIST has rapidly become a popular testbed for 

DL architectures and automated model design in the biomedical do­

main. From a radiomics perspective, such a controlled benchmark is 
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valuable because standardized preprocessing and fixed splits reduce con­

founding factors and facilitate reproducible, coherent comparisons of 

feature extraction and feature selection strategies across datasets and 

classifiers, enabling systematic analyses of redundancy, stability, and 

interpretability. Nonetheless, most existing studies focus on end-to-end 

DL models, with comparatively little attention to radiomics workflows 

based on handcrafted feature extraction and classical ML. As a result, 

the potential of MedMNIST as a controlled setting for investigating 

radiomics-specific issues, such as feature redundancy, feature selection 

strategies, and model interpretability, remains underexploited.

Feature selection (FS) is a key component of radiomic pipelines, 

aiming to identify compact, informative, and non-redundant feature 

subsets that preserve or improve predictive performance while en­

hancing robustness and interpretability. In a related work, it has been 

observed that FS is often treated as a secondary design choice, with 

limited effort devoted to aligning the FS strategy with the charac­

teristics of both the dataset and the classifier [7]. Conventional FS 

techniques often fall short when applied to highly redundant radiomic 

spaces. Univariate filter methods, such as Analysis of Variance (ANOVA) 

or Mutual Information, evaluate features independently of the others. 

Consequently, they can present two important drawbacks: first, they fail 

to identify and remove highly correlated, redundant descriptors, and sec­

ond, they neglect feature dependencies and model-specific interactions, 

which may discard variables that are weak individually but highly dis­

criminative in combination. On the other hand, multivariate wrapper 

methods can capture these interactions but are often computationally

prohibitive.

In recent years, eXplainable AI (XAI) has provided new tools 

for model-centric FS. Among these, SHapley Additive exPlanations 

(SHAP) [8] has attracted considerable interest due to its game-theoretic 

basis and its ability to quantify local and global feature contributions for 

complex models. SHAP-based FS has been shown to yield compact and 

competitive feature subsets across multiple domains [9–13], including 

biomedical applications [14,15].

While XAI tools like SHAP offer a model-aware alternative, apply­

ing SHAP directly to high-dimensional raw radiomic spaces imposes a 

substantial computational bottleneck. In our setting, direct SHAP-based 

elimination requires hundreds of additional model training/evaluation 

steps, and this cost can grow further with larger feature spaces. This 

motivates a pipeline that combines efficient redundancy reduction with 

model-aware evaluation.

More broadly, robustness-oriented representation design has been 

explored in other application domains beyond radiomics, including Face 

Anti-Spoofing (FAS) and distribution-shift settings in sequential data 

(e.g., cross-modal alignment for long-term network traffic forecasting). 

For instance, recent FAS work leverages Multimodal Large Language 

Models (MLLMs) to generate human-readable reasoning chains [16]. 

Similarly, CFPL-FAS [17] adopts causal intervention and feature-level 

constraints to promote invariance.

In sequential domains, CFAlignNet [18] employs knowledge-

enhanced coarse-fine cross-modal alignment to handle distribution shifts 

and improve generalization. While the aforementioned studies employ 

different data modalities, feature representations, and objectives com­

pared to handcrafted radiomics, they illustrate a broader methodologi­

cal trend that promotes redundancy-aware and interpretable modeling 

considerations across multiple application areas.

In radiomics, SHAP has been employed both to interpret models 

and to drive FS [19–23]. However, on MedMNIST, most SHAP-based 

works concentrate on explaining DL representations or hybrid DL-XAI 

pipelines [24,25], rather than on SHAP-guided selection of handcrafted 

radiomic features. In addition, the computational cost of SHAP grows 

rapidly with the number of features and model evaluations [9,13], 

and the combination of correlation-based redundancy reduction with 

SHAP-based ranking has been only marginally explored in radiomics.

Moreover, interoperability is becoming an important requirement 

for radiomics pipelines: FS strategies should be applicable across 

different imaging modalities, datasets, and classifiers, while produc­

ing interpretable feature sets that can be compared across studies. 

Handcrafted radiomic features extracted using standardized libraries 

such as PyRadiomics [26] are a natural basis for such interoperability, 

provided that downstream FS methods are explicitly designed to be both 

model-aware and broadly applicable.

Building on these observations, we propose a radiomics-oriented 

two-stage feature selection pipeline, termed Redundancy-Reduced 

SHAP-based Evaluation (ReSHAPe), that integrates a correlation-based 

redundancy-reduction step with SHAP-driven ranking of radiomic fea­

tures. In the first stage, highly correlated features are filtered out to mit­

igate redundancy; in the second stage, SHAP-based global importances 

computed on the training set guide the selection of a compact subset 

of relevant and interpretable features. We also investigate an ensemble 

variant that aggregates SHAP rankings across multiple classifiers.

To the best of our knowledge, our study is among the first to sys­

tematically evaluate a pipeline combining correlation-based filtering 

with SHAP-based feature ranking for handcrafted radiomics on the 

MedMNIST datasets.

We evaluate this pipeline on three MedMNIST v2 sub-datasets [2], 

considering both radiomic and non-radiomic biomedical settings, and 

compare it with baseline models trained on the complete feature set as 

well as with standard filter-based FS methods. The results show that, 

on radiomic datasets, ReSHAPe achieves performance comparable to or 

better than the baseline with only a small fraction of the original fea­

tures and generally outperforms traditional univariate FS approaches. 

At the same time, pre-filtering for correlation substantially reduces the 

computational burden of SHAP, making SHAP-based FS more practical 

in radiomic workflows.

In summary, this work makes the following main contributions:

• We discuss a recurring limitation in radiomics practice, where FS 

is often chosen without a principled alignment to classifier and 

dataset characteristics, especially in benchmark settings such as 

MedMNIST [1,2,7].

• We introduce ReSHAPe, a two-stage FS pipeline that combines 

correlation-based redundancy reduction with SHAP-based global 

feature importance, explicitly tailored to the redundancy and 

interpretability requirements of radiomic features.

• We propose an interoperable evaluation setting in which hand­

crafted radiomic features and the proposed FS strategies are tested 

across multiple MedMNIST v2 datasets and ML classifiers, includ­

ing an ensemble SHAP variant that promotes consensus feature 

subsets across models.

• We provide an experimental analysis demonstrating that our 

method can retain or improve predictive performance while dras­

tically reducing feature dimensionality, thereby enhancing inter­

pretability and computational efficiency within a standard ra­

diomics workflow.

The remainder of this paper is organized as follows. In Section 2, 

we review MedMNIST-based benchmarking efforts and existing XAI-

driven FS approaches. In Section 3, we introduce the proposed approach 

and detail how it integrates into the broader radiomics workflow, while 

Section 4 details the datasets, feature extraction procedures, classifiers, 

and evaluation metrics adopted in this study. The experimental setup 

and results are presented in Section 5, while Section 6 discusses the 

implications of our findings. Finally, Section 7 concludes the work and 

outlines directions for future research.

2 . Related work

2.1 . On the MedMNIST dataset

Classic datasets (MNIST, ImageNet) advanced generic machine learn­

ing, but are limited for medical imaging [1]. Biomedical options like 

CheXpert and BreakHis introduce disease-oriented tasks, but with high-

resolution images and challenging access [2]. MedMNIST was curated 
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Table 1 

Extended comparison of major benchmarks on MedMNISTv2, with metrics and best results provided by the referenced source works.

Paper & Citation Models Evaluated Task/Sub-

datasets

Main Metrics Best Reported Results Contributions

Yang et al. 

(2023) [2]

Baseline CNNs, VGG, ResNet, 

DenseNet

All 18 sub-

datasets (2D & 

3D)

Accuracy, AUC, 

F1, Sens., Spec.

ResNet (OrganMNIST-A) avg. AUC 

≈ 0.935; CNN/DenseNet strong on 

2D

Introduced MedMNIST v2; stan­

dardized protocol; first full 

benchmark

Yang, Shi & Ni 

(2021) [1]

Classical ML, CNNs, AutoML 

(AutoKeras, AutoGluon)

Decathlon (10 

sub-datasets)

Accuracy, AUC CNN (PathMNIST) AUC ≈ 0.969; 

AutoML close to DL on some tasks

Original MedMNIST benchmark; 

proved AutoML feasibility

Zheng et al. 

(2024) [27]

NAS, AutoML, CNNs PathMNIST, 

OrganMNIST, 

others

Accuracy, AUC NAS pipelines PathMNIST AUC 

> 0.97
SOTA NAS/AutoML on MedMNIST

Halder et al. 

(2024) [28]

Vision Transformer (ViT), ResNet, 

CNN

BloodMNIST, 

BreastMNIST, 

PathMNIST, 

RetinaMNIST

Accuracy, F1, 

Precision, Recall

ViT: BloodMNIST 97.9%, 

BreastMNIST 90.4%, PathMNIST 

94.6%, RetinaMNIST 57%

First ViT benchmark on 

MedMNISTv2 subsets; ViT out­

performed CNNs on several 

sub-tasks

Zhang et al. 

(2025) [29]

ResNet-50, ViT, SwinV2-Tiny, 

LeViT, CvT-13, DINOv2

RetinaMNIST; 

Diabetic 

Retinopathy 

(DR)

Accuracy, QWK, 

AUC, F1

CvT-13: QWK 0.84, AUC 0.93; 

hybrid models outperform

First systematic comparison of 

CNN, ViT, and hybrid models for 

DR on MedMNISTv2

W. Liu et al. 

(2025) [30]

SRE-CNN (Symmetric Rotation 

Equivariant CNNs), ResNet

MedMNISTv2 

(16 tasks)

Accuracy, AUC SRE-Convoutperfo rms ResNet on 

rotation-sensitive tasks

Proved rotation equivariance 

boosts MedMNISTv2 performance

W. Zhang et al. 

(2025) [31]

KAN-Integrated MedViT, CNN, 

ViT, Hybrid

MedViTV2 

(MedMNIST2D 

tasks)

Accuracy, AUC MedViTV2 achieves new SOTA on 

medical 2D benchmarks

Established KAN-integrated ViT as 

new SOTA for MedMNIST2D

Saha et al. 

(2024) [32]

Deep Fuzzy Rank-based Ensemble DermaMNIST 

(MedMNISTv2)

Accuracy Ensemble: 94.1 accuracy Deep fuzzy ensemble for ro­

bust multi-class skin disease 

classification

to offer diversity, accessibility, and rapid prototyping in the biomedical 

domain [1,2], and is featured on major platforms [33,34].

Classical ML methods (SVMs, random forests) remain relevant for 

benchmarking and small data. DL (e.g., CNNs) excels in large-scale, com­

plex scenarios [2]. Automated model selection, including Automated 

Machine Learning (AutoML) such as Neural Architecture Search (NAS), 

has enabled non-specialists to compete with expert designs [27]. Recent 

MedMNIST studies incorporate AutoML for comprehensive benchmark­

ing [1].

Key publications present MedMNIST (and v2) as a benchmark suite 

for multi-modal, low-resolution biomedical images and encourage re­

producibility, automated system benchmarking, and educational ac­

tivities [1,2]. An example of MedMNISTv2 used as a benchmark is 

shown in Table 1. Preliminary experiments using classical, deep learning 

(DL), and AutoML methods have established MedMNIST as the de facto 

lightweight benchmark [33].

2.2 . On the use of SHAP in the medical field

Over the last decade, feature selection processes have benefited from 

XAI techniques that adopt model-centric selection strategies. One such 

approach is SHAP [8], which uses game-theoretic principles to estimate 

a model’s feature importances on the training or test set; these impor­

tances are then ranked to identify the features most influential for the 

target task. In particular, SHAP has been shown to select feature sub­

sets that deliver performance comparable to or superior to those derived 

from other XAI approaches [9–13] and has been employed to improve 

model performance while reducing feature dimensionality across do­

mains such as driver state monitoring [35], financial forecasting [36], 

intrusion detection [37,38], and biomedicine [14,15].

This also applies to the radiomics domain, where SHAP was used 

both as an interpretability tool [39–41] and as a feature selection tech­

nique [19–23]. For example, Kha et al. [19] trained an XGBoost model 

to predict low-grade gliomas (LGGs) in “The Cancer Imaging Archive” 

(TCIA) public dataset, using SHAP as a feature selection method to iden­

tify the seven most informative image-derived features, which resulted 

in improved accuracy compared to considering the complete set of 

features.

Additionally, Goktas et al. [20] proposed an interpretable machine 

learning framework for cell image classification based on a dataset of hu­

man “Mesenchymal Stem Cells” (MSCs), using SHAP to improve model 

transparency and precision in cell characterization by identifying the 

most informative image-derived patterns after noise reduction. Recently, 

Samara et al. [22] analyzed “The Cancer Genome Atlas” (TCGA) glioma 

dataset, using SHAP as part of a feature selection pipeline to identify 

13 key genetic and clinical biomarkers. The selected features were used 

to train Random Forest, Support Vector Machine, XGBoost, and Logistic 

Regression models, leading to improved interpretability and classifica­

tion performance. Despite these advancements, few studies have used 

SHAP for feature selection on the MedMNIST dataset, focusing instead 

on deep learning approaches to extract image features [24,25]. In paral­

lel, using correlation-based filtering (e.g., Pearson or Spearman [42,43]) 

as a preliminary step before SHAP-based ranking remains understudied 

in the radiomics domain, despite the well-documented computational 

cost of SHAP [9,13] and the potential of such sequential pipelines to 

mitigate this limitation.

Building on these premises, we propose a feature selection pipeline 

that combines Spearman correlation, accounting for feature distribution 

skewness, with SHAP global importance computed on the training set to 

guide the selection of radiomics features for multiple machine learning 

models.

3 . ReSHAPe: two-stage redundancy-reduced SHAP feature 

selection

This work arises from the need for a feature selection approach that 

is naturally interpretable and flexible enough to accommodate vari­

ous classifiers and datasets. This motivation stems from related work 

in which it has been highlighted that there is a lack of attention to 

selecting an appropriate feature selection method tailored to the spe­

cific classifier and dataset characteristics [7]. ReSHAPe was developed 

with consideration of the intrinsic characteristics of radiomic features, 

which are inherently redundant and therefore mutually correlated, as 

well as the strong relationship between radiomic features and the under­

lying biology. This association may hold significance only for a specific 

case [3–5].
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ReSHAPe consists of two main steps: the first involves reducing fea­

tures based on correlation, as described in Section 3.1, and its output 

serves as the input for the SHAP-based feature selection process detailed 

in Section 3.2.

3.1 . Stage 1 – spearman-based redundancy pruning with skewness-based 

retention: dealing with correlation

It is well established in the literature that radiomic features often 

exhibit redundancy [6]. To address this limitation, we introduced a pre­

processing step to reduce redundancy by removing features with high 

correlation [44]. Specifically, we computed the correlation matrix us­

ing Spearman’s rank coefficients, which account for potential non-linear 

dependencies. From this matrix, only the upper triangular portion was 

considered, with diagonal elements set to zero to avoid self-comparisons. 

For each feature, we then recorded its set of correlated counterparts. 

Features were ranked by the number of correlations they exhibited, and 

pruning began with those exhibiting the highest degree of redundancy. 

For each correlated pair, we retained the feature with the most favorable 

distribution, defined as the feature with the absolute skewness closest 

to zero. In cases where a feature was correlated with multiple others, it 

was preserved only if its absolute skewness was lower than that of all its 

correlated counterparts; otherwise, it was discarded.

Choice of the correlation threshold. We define two features as redundant 

when their absolute Spearman rank correlation satisfies |𝜌𝑠| ≥ 𝜏. We set 

𝜏 = 0.7 to target strong monotonic dependencies, which are typically 

indicative of near-interchangeable radiomic descriptors, while avoiding 

overly aggressive pruning that may remove complementary information. 

Lower thresholds increase feature removal and reduce the computa­

tional burden of the subsequent SHAP stage, but may discard partially 

redundant yet informative descriptors; higher thresholds reduce prun­

ing and retain a richer candidate set, but substantially increase SHAP 

overhead.

On 𝜏 as a design choice. We treat 𝜏 as an explicit design parameter con­

trolling redundancy tolerance and computational budget, rather than 

as an opaque hyperparameter tuned to maximize test performance. In 

particular, 𝜏 has a direct and interpretable meaning (what level of de­

pendence is deemed redundancy) and affects the number of features 

entering Stage 2, while keeping all retained descriptors in the original 

handcrafted radiomic space.

Rationale for skewness-based retention and empirical validation. We use 

absolute skewness as a criterion to choose a representative within highly 

correlated radiomic feature groups. Radiomic descriptors often exhibit 

asymmetric, heavy-tailed distributions due to quantization, Region Of 

Interest (ROI) heterogeneity, and effects from texture operators. When 

two features are nearly redundant (high |𝜌𝑠|), retaining the feature with 

the absolute skewness closer to zero serves as a proxy for selecting a 

more symmetric, and typically more numerically stable, variable, reduc­

ing sensitivity to extreme tails after z-score normalization and improving 

robustness across models. To empirically validate this design choice, we 

compared our label-free retention strategy against a label-aware prun­

ing strategy. Instead of retaining the feature with the lowest absolute 

skewness, we retained the feature with the highest Mutual Information 

(MI) with the target label (computed solely on the training set). Our 

experiments revealed that the MI-based approach did not consistently 

yield improvement.

All the results can be found in Table 2. These results support the 

design of our pipeline. Stage 1 is designed to be an unsupervised 

redundancy-reduction step, aimed purely at addressing multicollinear­

ity by retaining the most numerically stable variable within a correlated 

cluster. Replacing this with an MI-based criterion would introduce a 

univariate supervised filter. Univariate filters evaluate features in isola­

tion and may prematurely discard variables that exhibit low individual 

correlation with the target but possess high predictive value through 

Table 2 

Classification results (weighted F-measure) comparing the label-free 

(Skewness) and label-aware (Mutual Information, MI) retention criteria 

during the correlation-based redundancy reduction stage.

Classifiers Datasets

BreastMNIST PneumoniaMNIST BloodMNIST

Skewness MI Skewness MI Skewness MI

Decision Tree 0.7140 0.7719 0.8885 0.8928 0.7713 0.7818

Random Forest 0.8817 0.8914 0.9576 0.9576 0.8737 0.8736

ExtraTree 0.9039 0.8887 0.9460 0.9595 0.8589 0.8668

XGBoost 0.8643 0.8937 0.9635 0.9596 0.9162 0.9077

SVM Linear 0.8436 0.8406 0.9750 0.9693 0.8889 0.8940

multivariate interactions. By employing a label-agnostic metric, such as 

skewness, for redundancy reduction, ReSHAPe avoids this pitfall, dele­

gating the complex task of evaluating task-specific relevance and feature 

interactions to the subsequent, model-aware SHAP selection stage.

Statistical rationale for spearman correlation and skewness-based retention. 

Spearman’s rank correlation coefficient 𝜌𝑠 is defined as the Pearson 

correlation of the rank-transformed variables: 

𝜌𝑠(𝑋, 𝑌 ) =
Cov(rk(𝑋), rk(𝑌 ))

𝜎rk(𝑋) ⋅ 𝜎rk(𝑌 )
(1)

This rank transformation confers two properties that are particularly 

desirable in radiomic feature spaces. First, it captures monotonic depen­

dencies rather than only linear ones, which is important given that many 

radiomic descriptors are related through nonlinear transformations 

(e.g.,  energy is proportional to the square of pixel intensities, which are 

themselves correlated with percentile-based features). Second, the rank 

transformation is robust to outliers and heavy-tailed distributions: radiomic 

features extracted from heterogeneous regions of interest frequently ex­

hibit skewed, non-Gaussian distributions, as confirmed empirically by 

the skewness values observed across our feature sets, making a rank-

based measure statistically more appropriate than Pearson’s 𝑟, which 

assumes approximate normality and is sensitive to extreme values. 

Indeed, the very presence of non-negligible skewness in the feature 

distributions, which motivates the retention criterion described below, 

retroactively justifies the choice of Spearman over Pearson.

Within a group of highly correlated features (|𝜌𝑠| ≥ 𝜏), all members 

carry approximately equivalent information about the target variable. 

The selection of a representative within each group is therefore a 

problem of numerical stability rather than one of information content. 

Formally, the skewness of a feature 𝑋 with finite third central moment 

𝜇3 and standard deviation 𝜎 is defined as: 

𝛾1(𝑋) =
𝜇3
𝜎3

(2)

After z-score normalization, a feature with high absolute skewness 

|𝛾1| retains a long tail in the standardized domain. This concentrates 

statistical influence in a small number of samples, which can destabilize 

coefficient estimates in linear models, increase variance in tree-based 

split decisions, and bias SHAP value computations, all of which op­

erate downstream in Stage 2. Retaining the feature with |𝛾1| closest 

to zero within each correlated cluster is therefore a principled, label-

agnostic proxy for selecting the most numerically stable and statistically 

well-behaved representative. This theoretical justification is empiri­

cally supported by Table 2, which shows that replacing skewness-based 

retention with a label-aware MI criterion does not yield consistent im­

provements across datasets and classifiers, confirming that within tightly 

correlated groups, predictive performance is largely insensitive to the 

choice of retention criterion, making a numerically motivated, label-free 

criterion preferable.

Finally, we note a formal structural reason to avoid projection-based 

dimensionality reduction methods such as manifold learning in this 
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Algorithm 1 Correlation-based Feature Reduction.

1: Compute the Spearman correlation matrix 𝐶
2: Keep only the upper triangular part of 𝐶 and set the diagonal to 0
3: Extract all feature pairs (𝑓𝑖, 𝑓𝑗 ) with |𝐶𝑖𝑗 | ≥ 0.7
4: Build a data structure 𝑀  mapping each feature 𝑓𝑖 to its correlated 

features

5: Count the number of correlations for each feature and sort features 

in descending order

6: for each feature 𝑓  in descending order of correlation do

7:  Let G be the list of features correlated with 𝑓
8:  Compute absolute skewness for 𝑓  and for all 𝑔 ∈ G
9:  if |skew(𝑓 )| > |skew(g)| for any 𝑔 ∈ G then

10:  Remove 𝑓  and delete it from all lists in 𝑀
11:  break

12:  else if |skew(𝑓 )| <= |skew(𝑔)| for all 𝑔 ∈ G then

13:  Remove all features in G and update 𝑀
14:  end if

15: end for

context. Any embedding 𝜙∶ R𝑑 → R𝑘 that optimizes a geometric cri­

terion (e.g.,  preservation of local neighborhoods in Uniform Manifold 

Approximation and Projection (UMAP), or geodesic distances in Isomap) 

produces latent components that are nonlinear combinations of all orig­

inal features with no closed-form inverse. These components, therefore, 

carry no direct physical interpretation – a property that is not merely 

aesthetically undesirable in radiomics, but practically incompatible with 

clinical auditability requirements. Our Stage 1, by contrast, applies a 

binary selection mask entirely within the original feature space R𝑑 , 

ensuring that every retained descriptor preserves its original physical 

meaning (e.g.,  90th percentile of pixel intensities, surface area).

3.2 . Stage 2 – SHAP as feature selection method (SHAPfs)

We employed SHAP-based feature selection (SHAPfs) to guide the 

selection of the most relevant features for the task. Specifically, the 

model was first trained on the complete set of features, and SHAP val­

ues were then computed. Since SHAP provides feature contributions for 

each class, we aggregated them by averaging across classes to obtain 

a single importance score for each feature. In particular, SHAP returns 

class-conditional attributions 𝜙𝑖,𝑗,𝑐  for sample 𝑖, feature 𝑗, and class 𝑐. 
Therefore, the global importance score across samples and then across 

classes was defined as follows: 

𝐼𝑗 = 1
𝐶

𝐶
∑

𝑐=1

(

1
𝑆

𝑆
∑

𝑖=1
|𝜙𝑖,𝑗,𝑐 |

)

, (3)

For binary classification, the same procedure applies with 𝐶 = 2 (equiva­

lently, using only the positive class, which yields the same ranking up to 

a constant factor). After calculating the importance scores, features were 

ranked in descending order of importance, and the least relevant fea­

tures were iteratively removed. This elimination process was repeated 

until the desired number of features was retained.

SHAPfs ensemble represents an extension of the previously de­

scribed SHAP-based approach. In this method, feature selection is 

performed by first identifying the top 25 features for each classifier us­

ing SHAPfs. Following this, we select the 25 features that rank highest 

across all classifiers, establishing a common foundation for the next stage 

of our analysis.

3.3 . End-to-end pipeline

This study follows the conventional radiomic workflow, encompass­

ing image acquisition, feature extraction and normalization, feature 

selection, and model development and evaluation. Within this frame­

work, we propose a novel hybrid feature selection strategy, which is 

structured as follows:

1. Correlation-based filtering: Initially, highly correlated features 

are removed following the algorithm described in Section 3.1, to 

mitigate redundancy and multicollinearity within the feature set.

2. Model training: The predictive model is subsequently trained 

using the filtered set of features as input.

3. SHAPfs (Section 3.2): The SHAP algorithm is then applied to the 

trained model to estimate the contribution of each feature to the 

model’s output. Features are ranked by SHAP importance, and 

the least relevant feature is removed.

Steps 2 and 3 are repeated until a target budget of 𝑘 = 25 features 

is reached. We fix 𝑘 = 25 to obtain a compact and inspectable feature 

panel (25/285 descriptors, i.e., , ≈ 9% of the original feature space), 

consistent with the goal of interpretability in radiomics and with the 

feature-budget analysis adopted in our experiments (we consider 𝑘 ∈
{200, 100, 50, 25} for standard filter baselines). On 𝑘 as a design choice.

We treat 𝑘 as a design parameter that operationalizes the desired level of 

compactness and interpretability of the final radiomic signature, rather 

than as an opaque tuning knob. Smaller values of 𝑘 yield more concise 

and easier-to-review feature sets, whereas larger values may preserve 

additional fine-grained information at the cost of reduced compactness. 

In this study, fixing 𝑘 = 25 provides a strict and transparent feature 

budget that enables direct comparisons across classifiers and datasets 

under a highly interpretable regime.

All feature selection operations (correlation pruning and SHAP-based 

ranking and removal) are performed using the training split only; 

the validation/test splits are never used to compute correlations, SHAP 

importances, or normalization parameters.

The visual pipeline is shown in Fig. 1.

4 . Materials and methods

This section describes the materials and methods employed in this 

study, including the datasets utilized (Section 4.1), the features ex­

tracted from these datasets (Section 4.2), the classification and feature 

selection methods used to evaluate and compare our proposed ap­

proach (Section 4.3), and the metrics applied for performance evaluation 

(Section 4.4).

4.1 . Dataset: MedMNIST

MedMNIST v2 includes 18 standardized biomedical image sub-

datasets (12 for 2D and 6 for 3D tasks), carefully pre-processed for 

consistency and easy access [2]. Modalities include X-ray, pathology, 

endoscopy, and retinal images [2]. Each subset is divided into train­

ing, validation, and test folders with pre-determined splits. Images are 

resized to 28×28 pixels (2D) or 28×28×28 voxels (3D). Further normal­

ization or augmentation (rotation, flipping, contrast, etc.) is performed 

per model requirements [2]. The authors have released a new version, 

MedMNIST++, with greater sizes: 64×64 128×128, and 224×224 pixels 

for 2D, and 64 × 64 × 64 voxels for 3D. All 2D images used in this work 

are 224 × 224 pixels.

The datasets used in this work are: BreastMNIST,

PneumoniaMNIST, BloodMNIST. Specifically, BreastMNIST and 

PneumoniaMNIST are radiomic datasets, whereas BloodMNIST is not. 

Our decision to include a biomedical dataset that is not strictly ra­

diomic was motivated by the aim of assessing whether the proposed 

method can also perform effectively when applied to radiomic features 

extracted from a non-radiomic dataset. In addition, BreastMNIST and 

PneumoniaMNIST are binary classification tasks, whereas BloodMNIST 

is a multiclass task.

BreastMNIST (Breast) is composed of 780 breast ultrasound images, 

split with a ratio of 7:1:2 into training, validation, and test sets. The 

classes were initially three, representing the outcomes of breast cancer: 

benign, malignant, and normal; however, since benign and normal are 

combined, the dataset is binary.
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Image Acquisition Feature Extraction
and Normalization

Feature Selection Model Creation

Spearman
Correlation

Matrix
Training SHAP as

FS method 25 features

ReSHAPe

-1 feature

Skewness
filtering logic
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Fig. 1. We present the overall radiomics workflow, with a specific focus on the ReSHAPe pipeline. As illustrated, ReSHAPe serves as the dedicated feature selection 

module, strategically positioned after image acquisition, feature extraction, and data normalization. The ReSHAPe methodology consists of two distinct stages. The 

first is an unsupervised redundancy-reduction step that utilizes Spearman correlation to identify and filter out highly correlated features; when dealing with redundant 

pairs, the algorithm retains the feature exhibiting an absolute skewness closer to zero. The second stage is model-aware, employing SHAP techniques to evaluate 

global feature importance and iteratively discard the least relevant descriptors from the remaining feature space.

PneumoniaMNIST (Pneumonia) is a dataset of chest radiographs rep­

resenting pediatric pneumonia. The task is binary, indicating whether 

pneumonia is present. The training set comprises 80% of all images, 

whereas only 20% are used for validation and testing, totaling 5856.

BloodMNIST (Blood) is composed of 17,092 single-cell images free of 

infection, hematologic, or oncologic illnesses. To differentiate among the 

many types of white blood cells, this dataset is organized into 8 classes. 

The ratio is also 7:1:2 in this case.

4.2 . Feature extraction

The heart of Radiomics is the extraction of high-dimensional feature 

data to describe attributes of the region of interest quantitatively [3]. 

In this study, we extracted 285 radiomic features from the categories 

described in this section.

First-Order Features (Histogram Features). A color histogram was 

used to characterize the overall intensity distribution in the image. From 

this histogram, we extracted several statistical descriptors using both 

MATLAB1 and the PyRadiomics library [26], including mean, standard 

deviation, smoothness, skewness, and kurtosis.

Second-Order Features (Texture Features). We focused on Haar-like 

features, first introduced by Viola et al. [45]. These features, which 

can be edge, line, four-rectangle, or center-surround, are composed 

of neighboring rectangles with alternating positive and negative po­

larity. An integral image, which enables quick computation of pixel 

sums within rectangular regions, is frequently used to compute Haar

features.

Furthermore, we extracted thirteen Haralick features into rotation-

invariant features called HAR_ri by extracting them from the Gray Level 

Co-Occurrence Matrix (GLCM) [46]. In particular, four different types 

of GLCM with 𝑑 = 1 and 𝜃 = [0, 45, 90, 135] were calculated.

Finally, we extracted texture-related features from the GLCM using 

the pyradiomics library. We used the default settings of pyradiomics for 

the extraction. Among these were, for instance, autocorrelation, which 

quantifies the degree of texture fineness or coarseness, and the difference 

average, which characterizes the balance between occurrences of voxel 

pairs with similar versus differing intensity values.

Some features were also extracted from the following matrix:

• Gray Level Size Zone Matrix (GLSZM)[47]: quantifies gray-level 

zones within an image, where a zone is defined as the number of 

connected pixels sharing the same gray-level intensity.

1 MATLAB, The MathWorks, Inc. Available at: https://www.mathworks.com/

products/matlab.html (Accessed: 2025-12-26).

• Gray Level Run Length Matrix (GLRLM)[48]: quantifies gray-

level runs, defined as the length (in pixels) of consecutive pixels 

with the same gray-level intensity along a specific direction.

• Neighboring Gray Tone Difference Matrix (NGTDM)[49]: quan­

tifies the difference between the gray value of a pixel and the 

average gray value of its neighbors within a distance 𝛿; the sum 

of absolute differences for each gray level 𝑖 is stored in the matrix.

• Gray Level Dependence Matrix (GLDM)[50]: quantifies gray-

level dependencies in an image, where a dependency is defined 

as the number of connected pixels within a distance 𝛿 that are 

dependent on the central pixel.

We also used the feature vector obtained from the Local Binary 

Pattern (LBP) histogram in its rotation-invariant form [51].

Invariant Moments. A way to extract some features is to use the 

weighted average of pixel intensities in an image, known as the moment. 

In this work, we utilized three types of moments:

• Chebyshev moments (CH) [52]: Discrete orthogonal moments 

are implemented without requiring numerical approximation. 

Chebyshev polynomials serve as the basis for these moments, al­

lowing the extraction of global image features by adjusting the mo­

ment order [53]. In our work, we used first-order and second-order 

Chebyshev moments, with vector orders of 5 and 4, respectively.

• Legendre moments (LM): First introduced by Teague [54], are or­

thogonal moments constructed to minimize redundancy within 

a set of moment functions, thus emphasizing independent fea­

tures [55]. In our study, we employed a continuous fifth-order 

vector of Legendre moments, approximated using Simpson’s rule.

• Zernike moments (ZM): Derived from Zernike polynomials, an or­

thogonal set defined over the unit disk. They provide a compact, 

non-redundant representation of image features, making them 

widely useful in image analysis tasks [56]. In this work, we 

employed a Zernike vector of order 6 with 4 repetitions.

4.3 . Classification and feature selection methods

We applied machine learning techniques to train classification mod­

els for the various tasks and employed several feature reduction strate­

gies, including our proposed method combined with state-of-the-art 

feature selection methods.

4.3.1 . Machine learning methods

In this study, we used the following machine learning methods:

• Support Vector Machines;

• Decision Tree;

Neurocomputing 692 (2026) 133854 

6 

https://www.mathworks.com/products/matlab.html
https://www.mathworks.com/products/matlab.html


A. Perniciano, F.M. Cau, L.D. Spano et al.

• Random Forest;

• Extra Trees;

• eXtreme Gradient Boosting.

Support Vector Machines (SVM) [57] are state-of-the-art classifiers 

capable of modeling complex decision boundaries and handling high-

dimensional feature spaces. Linear SVM seeks an optimal hyperplane 

that maximizes the margin between classes. The soft margin formula­

tion and the kernel trick allow SVM to handle non-linearly separable 

problems.

A Decision Tree (DT) [58] is a predictive modeling approach that 

links input features to a target variable by recursively partitioning the 

data according to feature values. This process creates a tree-like struc­

ture in which each branch, from the root to a leaf, corresponds to a 

sequence of decision rules that culminate in a predicted outcome.

Three ensemble classifiers were employed:

• Random Forest (RF) [59]: is an ensemble of decision trees con­

structed using bagging, i.e., resampling with replacement of the 

training data. Each tree outputs a class prediction, and the final 

prediction is determined by majority voting across the ensemble, 

improving performance over a single decision tree.

• Extra Trees (ET) [60]: is an ensemble method similar to Random 

Forest, but differs in two main ways: splits are selected completely 

at random without optimizing thresholds, and each tree typically 

uses the entire dataset rather than bootstrap samples. Predictions 

are made by majority voting, and extreme randomization enhances 

the robustness of the model.

• eXtreme Gradient Boosting (XGBoost) [61]: is a gradient boost­

ing algorithm in which new trees are trained on the residuals of 

previous trees. A gradient descent algorithm minimizes the loss at 

each step, allowing each subsequent tree to correct the errors of its 

predecessors, resulting in an improved final prediction.

4.3.2 . Feature selection methods

Not considering the one that we are proposing we also used two uni­

variate filter methods only for comparison. f_classif is a univariate fea­

ture selection method that relies on Analysis of Variance (ANOVA) [62]. 

It applies an F-test to each feature individually to assess the degree to 

which the feature discriminates between different target classes. mu­

tual_info_classif is the implementation provided by the scikit-learn 

library [62] for feature selection based on Mutual Information. This 

method returns an array of mutual information scores, each quantify­

ing the degree of dependency between a given feature and the target 

variable.

4.4 . Evaluation metrics

The evaluation was performed using the following metrics:

• True Positive Rate (TPR) [58], also referred to as Sensitivity or Recall, 

quantifies the proportion of positive instances correctly identified 

by the classifier:

𝑇𝑃𝑅 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(4)

where 𝑇𝑃  denotes the number of positive instances correctly clas­

sified and 𝐹𝑁  the number of positive instances misclassified as 

negative.

• Precision [58], measures the proportion of correctly predicted 

positive instances among all instances classified as positive:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(5)

where 𝐹𝑃  indicates the number of negative instances classified 

erroneously as positive.

• F-measure (F1-score) [58], represents the harmonic mean of preci­

sion and recall, providing a measure when the class distribution is 

unbalanced:

𝐹1 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

(6)

• Accuracy [58], reflects the overall proportion of correctly classified 

instances across all classes:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁

(7)

• Area Under the ROC Curve (AUC) [58], evaluates classifier perfor­

mance based on the Receiver Operating Characteristic (ROC) curve, 

which illustrates the trade-off between TPR and the False Positive 

Rate (FPR) at varying decision thresholds. A higher AUC indicates 

that the classifier is closer to the ideal scenario, where 𝑇𝑃𝑅 = 1
and 𝐹𝑃𝑅 = 0.

The reported averages include the macro average, computed as the 

unweighted mean of the metric across all classes, and the weighted av­

erage, calculated as the mean across classes weighted by the number of 

instances (support) in each class.

4.5 . Technological setup

For the feature extraction step, we employed the PyRadiomics li­

brary [26] in Python, alongside our custom framework implemented in

MATLAB for computing invariant moments [53]. All the experiments 

were conducted on a workstation equipped with an Apple M3 Pro CPU 

with 18 GB of RAM.

5 . Experiments

In this section, we describe the experimental setup (Section 5.1) and 

present the results obtained from these experiments (Section 5.2).

5.1 . Experimental setup

In this study, we introduce a novel SHAP-based feature selection 

method designed to enhance explainability within a radiomic work­

flow. To contextualize its behavior, we compare the proposed approach 

against alternative methods that share similar properties. In particular, 

mutual information, which quantifies the dependence between pairs of 

variables and is often employed as an alternative to correlation, is se­

lected as a natural comparator. Given that our method adopts correlation 

as a preliminary filtering criterion, mutual information provides an ap­

propriate benchmark for assessing the impact of different dependency 

measures.

Moreover, while correlation characterizes both the direction and 

strength of linear associations between random variables, ANOVA eval­

uates whether statistically significant differences exist among the means 

of multiple groups. We therefore include f_classif, an ANOVA-based 

univariate feature selection procedure, to capture an additional, com­

plementary notion of the relationship between features and class labels 

in our radiomic study.

All classifiers described in Section 4.3.1 were implemented using 

Scikit-Learn [62] with their default parameters.

For each classifier, we performed different configurations:

• Baseline;

• Mutual Information (MutualInfo);

• f_classif;

• Correlation (Corr);

• SHAPfs;

• SHAPfs Ensemble (SHAPfs-Ens);

• ReSHAPe;

• ReSHAPe-Ens.

In the Baseline configuration, the classifier is trained on all 285 

features with no parameter modifications. MutualInfo and f_classif  are 
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applied as standard feature selection methods. We also applied the al­

gorithm described in Section 3.1 (Corr), which resulted in different 

numbers of features for each dataset: 69 features for Breast, 55 features 

for Pneumonia, and 70 features for Blood. The SHAPfs and SHAPfs-Ens

configurations correspond to the application of the algorithms described 

in Section 3.2. ReSHAPe-Ens is a modification of ReSHAPe, applied 

within SHAPfs-Ens rather than SHAPfs.

MutualInfo and f_classif  were evaluated under feature budgets 𝑘 ∈
{200, 100, 50, 25}. In our experiments, the most restrictive budget (𝑘 =
25) led to a marked performance drop compared with larger cut-offs. 

Accordingly, we emphasize 𝑘 = 25 for our method to show that ReSHAPe 

remains competitive even under a highly constrained setting, while 

yielding a compact and interpretable feature panel (25/285 features, 

i.e., ≈ 9%).

After extracting the features, z-score normalization was applied us­

ing the implementation provided by the Scikit-Learn package [62]. This 

method standardizes features by subtracting the mean and scaling to 

unit variance, transforming the data so that each feature has a mean of 

0 and a standard deviation of 1.

All experiments follow the official MedMNIST v2 pre-defined 

train/validation/test splits. To prevent information leakage, the test 

split is never used during feature selection, ranking, or normalization. 

Specifically, for each dataset, classifier, and configuration:

• Normalization: z-score parameters (mean and standard devia­

tion) are estimated on the training split only and then applied 

unchanged to validation and test.

• Correlation filtering (Corr/ReSHAPe stage 1): the Spearman 

correlation matrix and the skewness statistics used to retain a repre­

sentative feature within correlated groups are computed only on 

the training split. The resulting feature mask is then applied to 

validation and test without recomputing correlations.

• SHAP-based selection (SHAPfs/ReSHAPe stage 2): at each iter­

ation of the elimination loop, the model is fit on the training split

using the current feature set, and SHAP values are computed on 

the training split only; feature removal decisions are made ex­

clusively from these training-derived SHAP importances. The same 

procedure is applied to the ensemble variants: SHAP rankings are 

computed independently per classifier on the training data and 

then aggregated.

Unless explicitly stated otherwise, the validation split is used only for in­

termediate reporting or cutoff comparison, while the final performance 

is reported on the held-out test split. We do not employ nested cross-

validation, as the goal is to benchmark feature selection strategies under 

the standardized MedMNIST evaluation protocol.

5.1.1 . SHAP configuration

To compute SHAP values, we used the SHAP library and selected 

the explainer according to the classifier family. Specifically, we used: 

(i) TreeExplainer for tree-based models (DT, RF, ET, XGBoost); and (ii) 

LinearExplainer for linear models when applicable (e.g., linear SVM). All 

SHAP computations were performed using the training split only.

5.2 . Results

Performance metrics for the experiments are summarized in Table 3, 

with corresponding completion times provided in Table 4.

For simplicity, we report only the outcomes using 25 features across 

different cut-off configurations, with the weighted f_measure as the eval­

uation metric, as this offers a more representative overview of the study 

cases.

Breast: Overall, the results obtained with reduced dimensionality are 

consistent with those of the baseline, which uses all features. The tradi­

tional feature selection methods (Mutual Info and f_classif ) show slightly 

lower performance.

Pneumonia: With the exception of the DT classifier, which demonstrates 

superior performance using the complete feature set, all other classifiers 

achieve comparable, and in some cases even improved, results while 

utilizing fewer than 91% of the features.

Blood: As observed, the baseline configuration outperforms the other 

approaches, with the exception of the SHAPfs Ensemble, which achieves 

comparable and occasionally superior results. Overall, the differences 

in performance are relatively small. It is important to note that Blood 

is the only non-radiomic dataset included in the study; nevertheless, 

our proposed approach demonstrates strong performance even in this 

context.

6 . Discussion

In this section, we present a discussion of the experimental re­

sults and compare ReSHAPe with the most relevant configurations in 

Section 6.1; we discuss the time complexity in Section 6.2 and, fi­

nally, we present several insights on the actual interpretability using 

a supporting case study in Section 6.3.

Table 3 

Classification results (weighted F-measure) for BreastMNIST, PneumoniaMNIST, and BloodMNIST using 𝑘 = 25
features (all methods except baseline and Corr).

Classifiers Baseline MutualInfo f_classif Corr SHAPfs SHAPfs Ens. ReSHAPe ReSHAPe-Ens

BreastMNIST

Decision Tree 0.7500 0.8320 0.7140 0.7140 0.5095 0.8141 0.7501 0.7179

Random Forest 0.8915 0.8524 0.8524 0.8817 0.8672 0.8915 0.9061 0.8792

ExtraTree 0.9186 0.8100 0.8141 0.9039 0.9061 0.8764 0.9080 0.9080

XGBoost 0.8938 0.8672 0.8256 0.8643 0.8643 0.8958 0.8837 0.9096

SVM Linear 0.7287 0.7425 0.7530 0.8436 0.8449 0.8672 0.8141 0.8524

PneumoniaMNIST

Decision Tree 0.9243 0.8654 0.8678 0.8885 0.9131 0.9041 0.9026 0.9003

Random Forest 0.9577 0.9226 0.9124 0.9576 0.9558 0.9617 0.9633 0.9516

ExtraTree 0.9521 0.9298 0.9202 0.9460 0.9503 0.9597 0.9556 0.9634

XGBoost 0.9673 0.9112 0.9131 0.9635 0.9674 0.9597 0.9634 0.9615

SVM Linear 0.9692 0.9068 0.8963 0.9750 0.9750 0.9635 0.9674 0.9596

BloodMNIST

Decision Tree 0.8025 0.7499 0.7332 0.7713 0.8178 0.8300 0.7842 0.7859

Random Forest 0.8974 0.8205 0.8164 0.8737 0.9036 0.9069 0.8795 0.8862

ExtraTree 0.8807 0.8184 0.8016 0.8589 0.8980 0.9116 0.8790 0.8808

XGBoost 0.9347 0.8607 0.8339 0.9162 0.9279 0.9264 0.9144 0.9059

SVM Linear 0.9397 0.8374 0.8158 0.8889 0.9120 0.9081 0.8793 0.8846
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Table 4 

Cumulative execution times (seconds) for filtering and classification on BreastMNIST, PneumoniaMNIST, and BloodMNIST (𝑘 = 25).

Classifiers Baseline MutualInfo f_classif Corr SHAPfs SHAPfs Ens. ReSHAPe ReSHAPe-Ens

BreastMNIST

Decision Tree 0.1105 0.3933 0.0234 0.1560 20.0693 811.7682 3.5900 140.1020

Random Forest 0.3068 0.5051 0.1446 0.3135 180.3230 811.8834 31.2200 140.2171

ExtraTree 0.1167 0.4553 0.0965 0.2307 521.6429 811.8349 88.5165 140.1686

XGBoost 0.2311 0.4736 0.0908 0.2680 49.1383 811.8263 8.6019 140.1600

SVM Linear 0.2632 0.4344 0.0628 0.3239 49.5801 811.7999 8.6781 140.1337

PneumoniaMNIST

Decision Tree 0.7228 2.9659 0.1586 0.5117 160.4358 24,977.1396 19.3940 781.6615

Random Forest 2.6051 3.6719 0.8682 1.8129 4916.1400 24,977.1396 584.2478 781.6615

ExtraTree 0.4468 3.2557 1.2462 0.8410 19,281.9010 24,977.1396 2290.5259 781.6615

XGBoost 1.5623 3.1350 0.4544 0.9268 282.9495 24,977.1396 33.9455 781.6615

SVM Linear 2.1688 3.8645 0.9725 1.4106 335.7133 24,977.1396 40.2124 781.6615

BloodMNIST

Decision Tree 3.7849 9.3778 0.5448 1.5149 2042.9992 757,161.6425 360.7826 133,447.0729

Random Forest 10.6703 12.9117 4.2744 6.0546 178,775.1446 757,165.3605 31,508.9768 133,450.7909

ExtraTree 1.9086 10.2227 1.3518 2.2313 563,048.8142 757,162.4404 99,235.3706 133,447.8708

XGBoost 27.6429 14.1481 5.4490 10.9368 10,817.0771 757,166.5368 1907.1718 133,451.9671

SVM Linear 19.5775 17.5186 8.8323 15.7840 2477.3089 757,169.9322 437.3276 133,455.3626

6.1 . Comparison between ReSHAPe and the other methods

ReSHAPe vs Baseline. Based on the results of our experiments, we con­

clude that across all datasets, our method does not lead to a marked 

decrease under the official fixed MedMNIST splits; observed differences 

are generally small. In particular, for the Breast and Pneumonia datasets, 

the proposed approach even outperforms the baseline. It is worth not­

ing that our method achieves these results while utilizing fewer than 9% 

of the original features. Moreover, these selected features are not only 

relevant to the specific tasks but also interpretable, as they are entirely 

handcrafted.

ReSHAPe vs Corr. Although correlation pruning (Corr) alone already 

provides a strong reduction of redundancy, the addition of SHAPFs 

plays a complementary role by refining the reduced feature space in 

a model-aware manner under a fixed feature budget (𝑘 = 25).  Table 3 

highlights that ReSHAPe often improves upon Corr for tree-based mod­

els in both radiomic datasets. For example, on BreastMNIST, ReSHAPe 

yields higher weighted F1 than Corr for DT, RF, ET, and XGBoost, while 

showing a slight decrease for linear SVM. A similar pattern is observed 

on PneumoniaMNIST, where ReSHAPe improves upon Corr for DT, RF, 

and ET, remains essentially unchanged for XGBoost, and shows a small 

decrease for SVM.

On BloodMNIST (non-radiomic and multiclass), Corr remains com­

petitive, and ReSHAPe provides mixed outcomes: it improves Corr for 

DT, RF, and ET, while slightly underperforming Corr for XGBoost and 

SVM. This suggests that in multiclass settings with fine-grained dis­

tinctions, correlation-based pruning may occasionally remove partially 

redundant yet complementary descriptors that can still be useful for cer­

tain classifiers, whereas the SHAP stage tends to favor a compact set 

optimized for the trained model under the strict 𝑘 = 25 constraint.

Overall, these observations indicate that the first stage of ReSHAPe 

reduces multicollinearity and SHAP computational overhead, whereas 

the second phase contributes an additional model-aware refinement that 

can recover or improve performance under a compact and interpretable 

signature budget, with some classifier and dataset dependent variability 

under fixed splits.

ReSHAPe vs SHAPfs. In our study, we investigated whether using SHAP 

as a feature selection method, without prior filtering based on fea­

ture correlation, could yield better performance. For the Breast and 

Pneumonia datasets, SHAPfs outperforms our approach in only 3 of 10 

cases, with the largest observed performance difference being 0.03. A 

different trend is observed with the Blood, where the performance of 

ReSHAPe is consistently lower than that of SHAPfs, with a maximum 

decrease of 0.04. This is likely due to the specific nature of Blood: being a 

non-radiomic, multiclass problem, the handcrafted radiomic descriptors 

extracted from cell images may benefit from retaining partially redun­

dant but complementary features, so that the correlation-based pruning 

step in ReSHAPe can discard variables that are weakly correlated yet still 

discriminative for fine-grained class distinctions. In this setting, applying 

SHAP directly to the whole feature space enables the model to leverage 

a richer set of non-correlated features, resulting in slightly improved 

performance at the expense of higher computational complexity.

In general, it is important to note that applying SHAP to the full set 

of 285 features requires approximately 200 additional training steps, 

making it highly computationally intensive.

ReSHAPe vs ReSHAPe-Ens By applying the ensemble paradigm, we ini­

tially expected an overall improvement in performance; however, we 

observed an increase only for the Blood subset. This outcome may be 

attributed to the complexity of the dataset, which is multiclass (seven 

classes) and exhibits class imbalance. Consequently, the classifier may 

benefit from features generalized across multiple models rather than 

relying solely on those derived from a single classifier. In contrast, 

the Breast and Pneumonia datasets may not require features deemed 

necessary by other classifiers to achieve optimal performance.

Mutual Info vs Corr. Corr consistently outperforms Mutual Info for 

Pneumonia and Blood, whereas for Breast, Mutual Info performs better in 

only two out of five cases. By definition, Mutual Information involves a 

discretization step to compute joint probabilities; consequently, features 

that exhibit even minimal variations, such as invariant moments, may 

lose representativeness during this process, thereby reducing overall 

performance.

6.2 . Time complexity discussion

Table 4 details the execution time for each method, along with 

their respective classification performance. The data show a direct 

correlation between method complexity and computational overhead. 

Notably, ReSHAPe emerges as the most efficient among the proposed 

SHAP-based techniques; its preliminary filtering phase effectively elim­

inates redundant features via correlation analysis, thereby streamlining 

the computational process. It is essential to clarify that the proposed 

methodology is intended for use during the training phase to identify 

and generalize subsets of relevant features. Consequently, these features 

are used directly during inference, ensuring that the associated compu­

tational complexity is strictly limited to the offline training phase and 

does not affect real-time performance.

Neurocomputing 692 (2026) 133854 
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6.3 . On the interpretability of selected features: a case study on 

BreastMNIST

To further illustrate the interpretability of the redundancy-reduction 

stage, we examine concrete examples of intra-class and inter-class fea­

ture correlation in the context of BreastMNIST, grounding them in 

the physical properties of breast ultrasound imaging. Breast ultrasound 

images frequently exhibit high-intensity regions arising from hypere­

choic structures, i.e.,  areas that strongly reflect ultrasound waves and 

therefore appear brighter [63]. This phenomenon is driven by the com­

position of breast tissue: glandular and fibrous tissue tends to appear in 

white or light-gray tones, while Cooper’s ligaments manifest as bright 

white lines or streaks traversing the adipose tissue [64,65]. These phys­

ical characteristics have a direct impact on the statistical distribution of 

pixel intensities, and consequently on the radiomic features extracted 

from these images.

Intra-class redundancy. Within the first-order feature family, entropy, 

the 90th percentile, and energy exhibit strong mutual correlation. 

Entropy quantifies the randomness of the pixel intensity distribution; 

the 90th percentile represents the intensity value below which 90% of 

pixels fall; and energy is defined as the sum of squared pixel intensities. 

When many high-intensity pixels are present, as is typical in breast ul­

trasound images rich in hyperechoic structures, the 90th percentile is 

elevated, thereby increasing energy. If these bright pixels are spatially 

scattered rather than clustered, entropy also increases. Consequently, 

in images containing diffuse reflective structures such as glandular tis­

sue, fibrous tissue, and Cooper’s ligaments, all three features tend to rise 

together, making their joint inclusion in a feature set largely redundant.

Inter-class redundancy. Redundancy also arises across different fea­

ture families. Consider the Root Mean Square (RMS) intensity, the Small 

Dependence Low Gray Level Emphasis (SDLGLE) from the GLDM, and 

the High Gray Level Zone Emphasis (HGLZE) from the GLSZM. RMS 

captures the average signal power; SDLGLE weights small pixel clusters 

with low gray-level intensity (inversely related to overall brightness); 

and HGLZE assigns a higher weight to spatially connected zones with 

high gray-level values. In a globally bright image, the average signal 

power (RMS) increases, while HGLZE increases and SDLGLE decreases 

in a correlated fashion. Although these features originate from distinct 

mathematical frameworks—first-order statistics, gray-level dependence, 

and gray-level zone size—they collectively describe different facets of 

the same underlying phenomenon: the distribution of luminance across 

the image. Their partial redundancy justifies their joint pruning by 

Stage 1 of ReSHAPe. These examples underscore that the redundancy 

removed by Stage 1 is not arbitrary: it reflects physically meaningful 

co-variation among features rooted in the imaging modality itself. By 

retaining only the most numerically stable representative of each cor­

related group, ReSHAPe preserves interpretability while avoiding the 

confounding effect of near-duplicate descriptors in downstream model 

training.

7 . Conclusion

In this work, we introduced a novel feature selection method, 

ReSHAPe, to address a gap in the current radiomics literature. Although 

feature selection is recognized as necessary, it is often underexplored. 

ReSHAPe specifically tackles the inherent redundancy of radiomic fea­

tures without assuming a predefined relationship between the organ and 

the corresponding radiomic images. Indeed, since medical images are 

generated by the interaction of radiation or ultrasound with tissues and 

organs, they are not merely visual representations but also reflect the 

body’s physical properties; consequently, the features extracted from 

them retain this underlying information. Through experiments on two 

radiomic and one biomedical dataset, we demonstrated that selecting 

the most relevant features can achieve comparable, and in some cases 

superior, performance while utilizing only 9% of the original feature set. 

Specifically, our pipeline achieves an approximately 91% reduction in 

feature dimensionality (retaining a highly interpretable subset of 25 out 

of 285 features). Despite this substantial reduction, ReSHAPe remains 

highly competitive with the full-feature baselines and often matches 

or exceeds conventional univariate filters such as Mutual Information 

and ANOVA, with the largest gains reaching roughly 5–10 percentage 

points in some settings. As future work, we aim to mitigate the com­

putational overhead of the training phase by investigating optimization 

techniques and exploring parallel processing frameworks to improve the 

method’s scalability. In addition, we plan to conduct a stability analy­

sis to assess the robustness of ReSHAPe and to extend the experimental 

evaluation to additional non-radiomic case studies to further validate 

the generalizability of the proposed method in the biomedical field.
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