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ARTICLE INFO ABSTRACT
Keywords: Background: Radiogenomic modelling faces a significant challenge due to the high-dimensional nature of
Radiomics quantitative radiomic features and limited sample sizes. Feature selection is therefore essential to eliminate
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irrelevant features and mitigate overfitting. Particle swarm optimisation (PSO) has shown promise for effectively
navigating large feature spaces, yet its effectiveness in radiogenomics remains unexplored. This study in-
vestigates the value of PSO-based methods, both independently and in combination with other advanced tech-
niques, for MRI-based prediction of human papillomavirus (HPV) status in oropharyngeal squamous cell
carcinoma (OPSCC).

Materials and methods: Baseline contrast-enhanced T1-weighted MR scans from two centres were analysed: 153
patients in an internal cohort (randomly split into 80 % for training and 20 % for testing) and 157 patients in an
external validation cohort. Radiomic features were extracted from manually segmented tumours and multiple
feature selection methods, including PSO and its ensembles, filter-based methods, wrapper-based approaches,
and shrinkage techniques were evaluated. Performance was measured and compared using the area under the
receiver operating characteristic curve (AUC).

Results: PSO alone had a reasonable predictive power on the internal test set (AUC = 0.76, 95 % CI: 0.57-0.92, p
= 0.092). When combined with adaptive LASSO using Shapley values, PSO’s performance improved (AUC =
0.81, 95 % CI: 0.61-0.94, p = 0.023). Recursive feature elimination (RFE) selected the most relevant features
(AUC = 0.91, 95 % CI: 0.79-1.00, p < 0.001). Despite this, RFE failed to generalise well to the external cohort
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(AUC = 0.52, 95 % CI: 0.42-0.60, p = 1). Meanwhile, the PSO-adaptive LASSO combination maintained a robust
AUC = 0.78 (95 % CI: 0.70-0.85, p < 0.001), indicating superior generalisability.

Conclusions: The explainable PSO-adaptive LASSO feature selection method provides generalisable radiogenomic
signatures associated with HPV status in OPSCC, outperforming other feature selection approaches. This com-
bination may serve as a robust strategy for developing transferable models in radiogenomics.

1. Introduction

Artificial intelligence (AI) is gaining increasing importance in med-
ical image analysis due to its potential to enhance cancer diagnosis and
treatment monitoring [1-3]. A particular focus has been on the
emerging field of radiomics, which harnesses advanced machine
learning techniques and quantitative image features extracted from
standard clinical imaging modalities (e.g., CT, PET/CT, and MRI) to
assist cancer treatment decision-making [4,5]. By capturing morpho-
logical and textural characteristics of tumours, radiomic signatures have
demonstrated value in a broad range of oncological applications,
including early detection, treatment planning, and outcome prediction
[6,71.

One promising extension of radiomics is radiogenomics, which seeks
to associate radiomic features with underlying tumour biology [8,9].
Radiogenomics has the potential to address some key limitations of
traditional biopsy-based approaches, including sampling bias due to
tumour heterogeneity, procedural invasiveness, and limited
spatio-temporal information. However, the generation of accurate and
generalisable radiogenomic models remains challenging due to the high
dimensionality of radiomic features and the relatively small number of
patients for whom paired imaging and genomic data are available [10].
Privacy regulations and the rarity of matched data further constrain the
development of large-scale radiogenomic studies [11]. Under these
circumstances, selecting a minimal, yet informative, subset of features
becomes essential to mitigate overfitting and ensure computational
tractability [12].

Recent advances in metaheuristic optimisation approaches have
shown promise in identifying optimal feature subsets from high-
dimensional datasets [13]. These optimisation techniques, inspired by
natural processes, can explore complex solution spaces more efficiently
than exhaustive or deterministic approaches [13,14]. Particle Swarm
Optimisation (PSO) is a notable metaheuristic algorithm, offering robust
global search capabilities; it has shown substantial performance gains
when integrated with classical feature selection methods [15,16]. PSO
iteratively refines subsets of candidate features, enabling the discovery
of globally relevant subsets while also reducing redundancy [17,18].
Moreover, combining PSO with other advanced feature selection tech-
niques—for instance, shrinkage-based or filter-based—may further
refine this approach and improve model performance and robustness
[19,20]. This combination strategy leverages PSO’s global search
capability while incorporating the local optimisation strengths of clas-
sical techniques, ensuring the selection of the most robust features [21,
22]. Together, it may be particularly suitable for the identification and
selection of radiomic features in radiogenomic model generation that
aim to explore patterns determined by the underlying biology in ques-
tion. To our knowledge, however, there has been no comprehensive
research evaluating PSO alone or in combination with other advanced
feature selection methods in radiogenomic model generation.

In this study, we explore PSO-based feature selection approaches,
both as a standalone approach and combined with other classical
methods, for radiogenomic model generation purposes. To achieve this,
we applied these methods specifically for the development of radio-
genomic prediction models for human papillomavirus (HPV) status
using oropharyngeal squamous cell carcinoma (OPSCC) patient cohorts
from two independent centres. We evaluated each feature selection
method twice, on the test set from the internal cohort and on an external
validation cohort.

2. Materials and methods
2.1. Patient cohort and ethical approval

This retrospective study used baseline MRI scans of patients with
histologically confirmed primary OPSCC and by pathology determined
HPV status (positive vs. negative). Data were collected from two inde-
pendent centres. The internal cohort comprised 153 pretreatment MRI
scans from 153 patients scanned and treated at the Netherlands Cancer
Institute (NKI) and obtained prior to (chemo-)radiotherapy. A separate
external cohort included 157 MRI scans from 157 patients at the
Amsterdam University Medical Centre (AUMC).

HPV status was assessed on samples from biopsied OPSCC lesions
and are, at NKI, based on p16 and p53 immunohistochemistry analyses.
At the AUMC, HPV status was assessed by pl6 immunostaining and
DNA-PCR-based confirmation in pl6-positive samples. This study and
analysis, using solely previously approved and obtained data, was
approved by the Institutional Review Board at the NKI (IRBd19-240).

2.2. Image acquisition and segmentation

For the internal NKI cohort (n = 153), contrast-enhanced 3D T1-
weighted MR images were acquired using a Philips Achieva scanner.
Of these, 79 scans were performed at a magnetic field strength of 3.0
tesla, and 74 scans at 1.5 tesla. Image acquisition characteristics of the
external AUMC cohort (n = 157) were more heterogeneous and included
2D contrast-enhanced T1-weighted MR images. MR images were ob-
tained using a variety of MR machines, including the Signa HDxt scanner
from GE Medical Systems (n = 54, 34 %), the Integrity scanner from
Philips Medical Systems (n = 72, 46 %), and other systems (n = 31, 20
%). In this external AUMC dataset, 77 MRI examinations were acquired
at 3.0 tesla, and 80 at 1.5 tesla. Patient cohorts and MRI scans are
identical to those described in Bos et al. Comprehensive image acqui-
sition parameter information (for both cohorts) has been previously
reported by Bos et al. [23].

Primary tumour segmentation was performed independently at both
centres, following consistent segmentation criteria across the two co-
horts. The segmentation targeted viable tumour regions, excluding
peritumoral inflammation, artefacts, necrosis, and cystic areas. Primary
tumour segmentation in the internal cohort was initially performed by P.
B., a technical medicine researcher with one year of experience in head
and neck segmentation using 3D Slicer (version 4.8.0). These segmen-
tations were subsequently reviewed and corrected by B.J., a head and
neck radiologist with over seven years of experience in the field. For the
external cohort, J.C. (a head and neck radiologist with above 35 years of
experience) and P.d.G. (a head and neck radiologist with above 13 years
of experience) independently segmented the primary tumours using
VELOCITY software. Discrepancies in tumour segmentation between
observers of the external cohort were discussed in consensus meetings.

2.3. Image preprocessing and radiomic feature extraction

Intensity normalisation was performed to standardise images across
different centres and protocols. This required adjusting brightness and
intensity distributions, and using B-spline interpolation to resample
images into isotropic voxels of 1 mm® (PyRadiomics; version 3.0.1a1)
Intensity values were normalised into fixed bins of width five to ensure
consistent texture measurements as previously described [24]. Radiomic
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features (n = 1184) were extracted from each segmented primary
tumour using PyRadiomics (version 3.0.1al). These features encom-
passed shape, texture, wavelet transform, intensity, and Laplacian of
Gaussian filter features, capturing diverse tumour phenotypic charac-
teristics. A comprehensive description of extractable radiomic features is
provided by van Griethuysen et al. [25]. The resulting features were
standardised through zero mean and unit variance normalisation prior
to further analyses.

2.4. Study design

The primary objective of this study was to assess the impact of a
metaheuristic-based feature selection approach known as PSO on the
predictive performance of radiogenomic models (Fig. 1). This approach
was chosen due to its nature-inspired conceptual framework, offering a
distinct advantage in feature selection [26]. Unlike conventional
methods, PSO effectively navigates the feature space by simulating a
population of candidate solutions (i.e., feature subsets, or “particles”)
that collaborate to converge on an optimal or near-optimal combination
of features without exhaustively testing all possibilities [27]. In addition
to PSO, and for comparison purposes, a range of established feature
selection approaches, including filter-based (chi-square, ANOVA
F-value, and mutual information), wrapper-based (recursive feature
elimination and permutation importance), and shrinkage-based ap-
proaches (Bayesian shrinkage, Elastic Net, LASSO, and adaptive LASSO)
were to be used in the training and internal test phase of model gener-
ation. These classical techniques rely on different principles—ranging
from ranking features by statistical relevance and directly testing
candidate subsets in predictive models, to penalising model coefficients
to down-weight or eliminate less informative features.

A statistical analysis plan was formulated that defined data analysis
methodologies and model choice, as well as specified selection criteria,
before model development and data inclusion. The study plans foresaw a

a) Data preparation b) Radiomic feature extraction
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‘segmentation

Tumour shape

| Data split |

Internal data
NKI cohort
(n = 153 patients)

Training set Test set
80% 20%
|

Tumour first-order statistics

External data

AUMC cohort
(n = 157 patients)

Tumour texture

[ [ [ [

Computer Methods and Programs in Biomedicine 275 (2026) 109204

random division (using the computational tool from the scikit-learn
Python package) of the internal patient cohort (n = 153) into a
training set (80 %, n = 122 patients; HPV-positive=60 and HPV-neg-
ative=62) and a test set (20 %, n = 31 patients; HPV-positive=16 and
HPV-negative=15) to ensure that model development and evaluation
would be conducted using data from the same centre within the first test
phase. The plans included an initial evaluation phase in which the
performance (as assessed by evaluation metrics in the test set) of PSO, as
a standalone feature selection method, is compared to that of other
methods. Subsequently, in a second exploration phase, PSO was to be
integrated with other feature selection methods to form ensemble
models (Supplementary Material S1 and S2). This was to be achieved by
combining the top-k radiomic features (where k represents the feature
length) selected by PSO with the top-k features identified by each clas-
sical technique, resulting in a combined set of 2k features. Following
this, SHapley Additive exPlanations (SHAP) [28], a game-theoretic
approach, that provides global and local interpretability, was to be
used to identify the top-k most impactful features among 2k features
identified by the ensemble models. This SHAP-driven refinement allows
us to identify the top-k radiomic features that were most relevant for
predicting HPV status, while simultaneously increasing the explain-
ability and interpretability of the results.

The predictive performances of the different ensemble methods were
to be assessed on the internal test cohort and compared with each other
to select the best-performing for further evaluations. The external cohort
(n = 157 patients) performance assessment of the models was, prior to
analysis, restricted to the five best-performing ensemble techniques to
minimise trials on this cohort.

The study plans foresaw that after identifying the best ensemble
method, its generalisability benefits would be determined by comparing
its performance with previously used feature selection techniques. In
this context, different machine learning algorithms/classifiers would
also be tested to ensure that any observed performance advantages were

c) Feature selection d) Machine learning
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F

Fig. 1. General study design. This study aimed to benchmark and propose an ensemble feature selection method in a multicenter radiogenomic model. The study
design included four steps: a) MRI scans from two independent oropharyngeal squamous cell carcinoma (OPSCC) patient groups were acquired, and the tumours were
manually segmented. b) Tumour shape, first-order statistics, and texture radiomic features were extracted. c¢) PSO and PSO ensemble feature selection methods —also
established feature selection techniques in radiogenomics—were used to choose the most relevant features from a total of 1184 radiomic features for further analysis.
d) The selected radiomic features were used as input for machine learning models to predict whether the tumour was HPV positive or negative and model per-

formance was assessed.
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not specific to the classification model used.

Finally, we aimed to examine the stability of the radiomic features
chosen by the proposed ensemble method across variations in segmen-
tations, scan protocols, and centres. The contribution of each selected
feature to the prediction outcome was to be assessed to provide
explainability and interpretability for the prediction task.

2.5. PSO

PSO feature selection was used to identify the most relevant radiomic
features by mimicking a group of particles searching for the best feature
combinations. Each particle represents a possible set of features by
assigning weights (continuous values between 0 and 1) to all features in
the dataset, and then selecting the features with the top weights (e.g.,
top-k) to form the subset. To evaluate how well a particle’s feature set
predicts the outcome (HPV status in this case), we determine the in-
formation shared between the features and the target using a standard
metric called ‘mutual information’, adjusted so better feature sets get
higher scores [29]. The PSO algorithm applied a 20-particle setting to
explore feature combinations over 100 iterations. An inertia weight of
0.5 to balance following previous paths, and a weight of 2.0 to guide
particles toward their own optimal solutions and the group’s best so-
lution was applied. Particles move through the search spaces by
updating their positions and speeds according to standard PSO rules,
which maintain weights between 0 and 1 [26]. Initially, particles start
with random weights and no speed to explore freely. PSO was imple-
mented using the Python pyswarm package (version 0.6), with a fixed
random seed for consistent results.

2.6. Machine learning

The multilayer perceptron (MLP) classifier was implemented using
Python’s TPOT library (version 0.11.7) to predict HPV status using the
features chosen by each of the feature selection methods [30] and the
evolutionary/genetic algorithm was used to find the optimal hyper-
parameters and fine-tune the prediction model using five-fold cross--
validation on the training set (five generations and a population size of
20). Subsequently, the performance of this optimised model was
assessed on the internal test set.

To compare the robustness of different feature selection methods, we
repeated the same optimisation and evaluation pipeline using four
additional classifiers: Random Forest, Extreme Gradient Boosting
(XGBoost), Support Vector Machine (SVM), and Logistic Regression.
This enabled us to determine the most effective feature selection tech-
nique for HPV prediction, independent of the classification model.

2.7. Statistical analysis

Model performance was evaluated using the area under the receiver
operating characteristic curve (AUC), as well as sensitivity, specificity,
negative predictive value (NPV), and positive predictive value (PPV). To
assess the significance of the AUC for each feature selection method
compared to random performance (AUC=0.5), p-values were calculated
using the Mann-Whitney U test. These p-values were then adjusted using
the Bonferroni method to account for multiple comparisons across the
evaluated methods. Median values of evaluation metrics and 95 %
confidence intervals were derived using bootstrapping with 10,000 it-
erations. Differences in clinical characteristics between cohorts were
assessed using Chi-square and independent Student t-tests (significance
defined as p < 0.05) as indicated. The intraclass correlation coefficient
(ICC) was used to evaluate the stability of selected radiomic features
across different segmentations and interpretation followed the ICC
guidelines (as in [31]) with ICC<0.50 indicating poor stability,
0.50-0.75 moderate stability, 0.75-0.90 good stability, and >0.90
excellent stability. In addition, the Mann-Whitney U test was applied to
determine how selected radiomic features were stable within different
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scan protocols and centres. Statistical power calculations were con-
ducted to justify the adequacy of the internal test and external validation
sets for detecting AUC differences with a=0.05 and 80 % power [32].
Input values for the null and alternative hypotheses were based on study
results. All machine learning and statistical analyses were conducted
using Python 3.8.16 (pandas 1.1.5, numpy 1.24.4, pyradiomics 3.0.1al,
scikit-learn 0.22.2, matplotlib 3.3.0, tpot 0.11.7, scipy 1.6.0, pyswarm
0.6, shap 0.44.1, and xgboost 2.0.3).

3. Results
3.1. Patient cohort description

A total of 310 patients were included in this multicenter study,
comprising an internal dataset of 153 patients from the NKI and an
external validation set of 157 patients from the AUMC. The median age
across both internal and external cohorts was 61 years (p = 0.830), with
an interquartile range of 0.56-0.66 for the internal set and 0.56-0.67 for
the external group. Male patients constituted the majority in both co-
horts, comprising 63 % (96/153) in the internal group and 71 % (112/
157) in the external set (p = 0.292).

The external cohort presented a higher proportion of patients with
advanced T-stages, as 67 % (105/157) had T3 or T4 disease, compared
to 49 % (75/153) in the internal group (p = 0.014). In terms of tumour
location, tonsillar primaries were most common in the internal cohort
(58 %, 88/153), whereas the external cohort exhibited a lower incidence
(42 %, 66/157) (p = 0.005). Regarding HPV status, approximately half
of the internal cohort (50 %, 76/153) tested positive, whereas the
external validation set had fewer HPV-positive cases (31 %, 49/157) (p
= 0.009). Within the internal cohort, 122 patients (80 %) were assigned
to the training set, with 60 HPV-positive and 62 HPV-negative cases,
while 31 patients (20 %) were allocated to the test set, comprising 16
HPV-positive and 15 HPV-negative cases.

3.2. Feature extraction

From each patient’s baseline MRI, 1184 radiomic features were
extracted, representing a broad range of morphological and textural
tumour characteristics. To identify a discriminative subset capable of
predicting HPV status in OPSCC, these features were subjected to
different feature selection strategies prior to modelling as indicated in
Fig. 1 and detailed in the Materials and Methods section.

3.3. Comparison of PSO to established feature selection methods

A comparative analysis was performed to identify the most effective
feature selection strategies in developing a radiogenomic signature to
predict HPV status in OPSCC (using only the internal test set). For this
purpose, different feature selection strategies and lengths (k) were
evaluated and compared as described in Supplementary Material S3.
Based on these analyses, a maximum feature length of k=5 was used in
all subsequent analyses, ensuring a consistent benchmark for the com-
parison of various feature selection methods. This strategy provided an
objective and balanced assessment of each method’s effectiveness while
highlighting the predictive strength of the selected features and mini-
mising variability.

To establish a baseline for reference purposes, models were gener-
ated in the absence of feature selection, a setting that generally carries
high risk of overfitting. The baseline MLP classifier trained on all 1184
radiomic features achieved an AUC=0.82 (95 % CI: 0.67-0.94, p =
0.005) in the internal test set (Table 1). AUC values were also high for
certain classical feature selection approaches. For example, MLP models
based on RFE selected features yielded an AUC=0.91 (95 % CI: 0.79-1.0,
p < 0.001), while chi-square and ANOVA F-value based methods
resulted in AUC values of 0.85 (95 % CI: 0.70-0.96, p = 0.005) and 0.84
(95 % CI: 0.69-0.96, p = 0.008), respectively. In comparison, applying
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Table 1

Comparison of performance metrics of prediction models trained on selected radiomic features via various feature selection methods and as determined on the internal
test set. Reported metrics include AUC, sensitivity, specificity, PPV, NPV with 95 % CI (calculated via bootstrapping with 10,000 iterations), and Bonferroni corrected

p-values. Results showing the performance of the prediction model without feature selection are highlighted. * indicates significant p-values.

AUC Sensitivity Specificity PPV NPV p

Permutation importance 0.73 (0.53—0.90) 0.82 (0.62—1.0) 0.46 (0.20—0.72) 0.62 (0.39—0.83) 0.70 (0.40—1.0) 0.189
Bayesian shrinkage 0.74 (0.54—0.90) 0.44 (0.19—0.71) 0.94 (0.80—1.00) 0.89 (0.60—1.00) 0.62 (0.40—0.81) 0.171
PSO 0.76 (0.57—0.92) 0.82 (0.62—1.0) 0.47 (0.20—0.71) 0.62 (0.39—0.83) 0.70 (0.37—1.0) 0.092
LASSO 0.77 (0.58—0.92) 0.75 (0.54—0.94) 0.53 (0.26—0.80) 0.63 (0.41—0.86) 0.67 (0.37—0.92) 0.092
Adaptive LASSO 0.77 (0.58—0.92) 0.82 (0.60—1.0) 0.47 (0.20—0.71) 0.62 (0.40—0.82) 0.70 (0.36—1.0) 0.074
Elastic net 0.79 (0.60—0.93) 0.68 (0.45—0.92) 0.60 (0.33—0.86) 0.65 (0.41—0.87) 0.64 (0.37—0.88) 0.041*
Mutual information 0.80 (0.60—0.93) 0.75 (0.50—0.94) 0.67 (0.42—0.88) 0.71 (0.47—0.90) 0.71 (0.45—0.93) 0.033*
No feature selection 0.82 (0.67—0.94) 0.69 (0.44—0.90) 0.88 (0.67—1.0) 0.86 (0.62—1.0) 0.72 (0.50—0.90) 0.005%
ANOVA F-value 0.84 (0.69—0.96) 0.82 (0.60—1.0) 0.60 (0.33—0.85) 0.68 (0.47—0.88) 0.75 (0.50—1.0) 0.008*
Chi-square 0.85 (0.70—0.96) 0.87 (0.69—1.0) 0.59 (0.33—0.83) 0.70 (0.47—0.89) 0.82 (0.56—1.0) 0.005*
RFE 0.91 (0.79—1.0) 0.81 (0.61—1.0) 0.73 (0.47—0.94) 0.76 (0.54—0.94) 0.79 (0.54—1.0) <0.001*

PSO-based feature selection resulted in an AUC=0.76 (95 % CIL
0.57-0.92, p = 0.092). The power analysis indicated that the internal
test set achieved 94.7 % power to detect a difference in AUC from 0.73
under the null hypothesis to 0.91 under the alternative hypothesis.

3.4. Enhancing PSO feature selection through ensemble methods

As a metaheuristic method, PSO offers unique global search capa-
bilities to complement traditional techniques that focus on finding a
local optimum. Therefore, we next aimed to enhance the overall per-
formance of the PSO-based model by integrating it with classical ap-
proaches and then refining the resulting ensembles using SHAP values
(as described in Supplementary Material S1 and S2). These ensemble
strategies surpassed the standalone PSO method (AUC=0.76) on the
internal test set, with combinations such as PSO-ANOVA F-value
achieving an AUC=0.85 (95 % CI: 0.70-0.97, p = 0.005) and PSO-RFE
yielding an AUC=0.84 (95 % CI: 0.65-0.96, p = 0.007) (Supplementary
Material S4).

External validation further supported the value of these ensemble

Validation Type
[ Internal validation
[ External validation

models. As defined a priori, the external validation cohort was used to
test the five best-performing ensembles (Fig. 2). While PSO alone per-
formed poorly on the external validation set (AUC=0.59, 95 % CI:
0.50-0.67, p = 0.402), the PSO-adaptive LASSO ensemble (AUC=0.78,
95 % CI: 0.70-0.85, p < 0.001) significantly improved the predictive
performance of the MLP model compared to using PSO alone for feature
selection (p = 0.001). Comprehensive results using various evaluation
metrics are reported in Table 2.

3.5. Generalisability of PSO-based ensembles vs. classical feature
selection methods

To assess the value of PSO integration, we next compared PSO-based
ensembles with established feature selection methods on the external
validation set (Fig. 3). In the absence of feature selection approaches, the
MLP model’s generalisability worsened (AUC=0.50, 95 % CI: 0.49-0.50,
p = 1). Similarly, approaches such as LASSO and RFE failed to enhance
the model’s predictive performance in the external dataset, resulting in
AUC values of 0.50 (95 % CL 0.41-0.58, p = 1) and 0.52 (95 % CL:
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Fig. 2. Ensemble approach combining PSO with classical feature selection methods. Box plot shows median AUC (with CI) and illustrates the impact of
combining PSO with various classical feature selection techniques on internal test and external validation sets in terms of AUC.
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Table 2
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Performance comparison of PSO-based feature selection methods, both as a PSO standalone approach and in combination with classical features selection techniques,
in the external validation cohort. Reported metrics include AUC, sensitivity, specificity, PPV, NPV with 95 % (CI calculated via bootstrapping with 10,000 iterations)
and Bonferroni corrected p values. Results for PSO alone are highlighted. * indicates significant p-values.

AUC Sensitivity Specificity PPV NPV p
PSO 0.59 (0.50—0.67) 0.98 (0.93—1.0) 0.02 (0.00—0.05) 0.31 (0.24—0.39) 0.67 (0.00—1.0) 0.402
PSO + Permutation importance 0.61 (0.52—0.70) 0.96 (0.89—1.00) 0.05 (0.01—0.09) 0.31 (0.24—0.39) 0.75 (0.33—1.00) 0.114
PSO + Chi-square 0.64 (0.55—0.73) 1.00 (1.00—1.00) 0.03 (0.00—0.06) 0.32 (0.25—0.39) 1.00 (0.00—1.00) 0.031*
PSO + Mutual information 0.68 (0.59—0.77) 0.96 (0.89—1.00) 0.14 (0.08—0.21) 0.34 (0.27—0.41) 0.89 (0.69—1.00) 0.001*
PSO + ANOVA F-value 0.69 (0.60—0.77) 0.96 (0.89—1.00) 0.12 (0.06—0.19) 0.33 (0.26—0.41) 0.87 (0.67—1.00) <0.001*
PSO + adaptive LASSO 0.78 (0.70—0.85) 0.86 (0.76—0.94) 0.44 (0.34—0.52) 0.41 (0.32—0.50) 0.87 (0.78—0.95) <0.001*

True Positive Rate

1.04

0.8

o
o

o
~

0.2

0.4

0.8

False Positive Rate

1.0

No feature selection
Chi square

+ Mutual information
- ANOVA F-value

RFE
Permutation importance
LASSO

+ Elastic net
= Adaptive LASSO

Bayesian shrinkage

- PSO

PSO-adaptive LASSO

Fig. 3. Performance evaluation in the external validation cohort. ROC AUC graphs from the performance evaluation of the HPV prediction models in the

external validation dataset and using radiomic features selected by various feature selection methods and the MLP classifier are shown, as indicated.

0.42-0.60, p = 1), respectively. Among classical approaches, the
ANOVA F-value feature selection achieved the highest generalisability
with an AUC=0.70 (95 % CI: 0.60-0.78, p < 0.001). Importantly,
however, generalisability was greatest when using the PSO-adaptive
LASSO ensemble with an AUC=0.78 (95 % CI: 0.70-0.85, p < 0.001) in
the external validation cohort. A complete overview of performance

metrics for all feature selection strategies is provided in Table 3.

Table 3

3.6. Generalisability and robustness across multiple classifiers

We further assessed whether the effectiveness of feature selection
methods depended on the chosen classifier (MLP). To do this, we
repeated the analyses using various machine learning classifiers. Aver-
aging the results across all classifiers, the PSO-adaptive LASSO
ensemble consistently achieved the highest performance, with an

External validation results from prediction models trained using selected radiomic features, comparing different feature selection techniques as indicated. Metrics
reported are AUG, sensitivity, specificity, PPV, NPV with 95 % (CI calculated via bootstrapping with 10,000 iterations) and Bonferroni corrected p values. Results of the
prediction model without feature selection are highlighted. * indicates significant p-values.

AUC Sensitivity Specificity PPV NPV p
Permutation importance 0.60 (0.51—0.69) 0.98 (0.93—1.0) 0.04 (0.01—0.07) 0.32 (0.25—0.39) 0.83 (0.33—1.0) 0.289
Bayesian shrinkage 0.61 (0.53—0.70) 0.28 (0.16—0.42) 0.75 (0.66—0.82) 0.34 (0.21—0.48) 0.70 (0.61—0.78) 0.115
PSO 0.59 (0.50—0.67) 0.98 (0.93—1.0) 0.02 (0.00—0.05) 0.31 (0.24—0.39) 0.67 (0.00—1.0) 0.482
LASSO 0.50 (0.41—0.58) 0.92 (0.84—0.98) 0.07 (0.03—0.13) 0.31 (0.24—0.39) 0.67 (0.40—0.91) 1
Adaptive LASSO 0.60 (0.50—0.69) 0.98 (0.93—1.0) 0.04 (0.01—0.08) 0.32 (0.25—0.39) 0.82 (0.33—1.0) 0.320
Elastic net 0.66 (0.58—0.75) 0.41 (0.27—0.54) 0.77 (0.68—0.84) 0.45 (0.31—0.59) 0.74 (0.66—0.82) 0.007*
Mutual information 0.56 (0.47—0.66) 0.53 (0.39—0.67) 0.49 (0.40—0.59) 0.32 (0.23—0.42) 0.70 (0.59—0.79) 1
No feature selection 0.50 (0.49—0.50) 0.00 (0.00—0.00) 0.99 (0.97—1.00) 0.00 (0.00—0.00) 0.69 (0.61—0.75) 1
ANOVA F-value 0.70 (0.60—0.78) 1.00 (1.00—1.00) 0.14 (0.08—0.21) 0.35 (0.27—0.43) 1.00 (1.00—1.00) <0.001*
Chi-square 0.67 (0.58—0.75) 1.00 (1.00—1.00) 0.06 (0.02—0.11) 0.33 (0.26—0.40) 1.00 (1.00—1.00) 0.004*
RFE 0.52 (0.42—0.60) 0.94 (0.86—1.00) 0.11 (0.06—0.18) 0.32 (0.25—0.40) 0.80 (0.57—1.00) 1
PSO-adaptive LASSO 0.78 (0.70—0.85) 0.86 (0.76—0.94) 0.44 (0.34—0.52) 0.41 (0.32—0.50) 0.87 (0.78—0.95) <0.001*
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average AUC=0.74 (range:0.70-0.78) (Fig. 4). ANOVA F-value emerged
as the second-best method, with an average AUC=0.65
(range:0.56-0.70). In contrast, the LASSO and PSO alone methods were
unable to maintain their performance, resulting in an average
AUC=0.55 (range:0.49-0.65) and AUC=0.55 (range:0.47-0.62),
respectively, thereby indicating limited generalisability. The power
analysis demonstrated that the external validation set had 100 % power
to identify a change in AUC from 0.50 under the null scenario (LASSO/
no feature selection) to 0.78 under the alternative hypothesis (PSO-
—adaptive LASSO). Supplementary Material S5 reports the overlap
within the radiomic features that have been selected through the
different feature selection methods.

3.7. Stability of selected radiomic features and model explanation

To ensure that the radiomic features selected by the PSO-adaptive
LASSO ensemble were robust to segmentation variability and imaging
protocol differences, we assessed their stability using the ICC and the
Mann-Whitney U test across different segmentations and imaging pro-
tocols (Table 4). ICC values ranged from 0.836 for ’original_shape_-
Sphericity” to 0.956 for ’log-sigma-1-5-mm-3D_glem ClusterShade’,
indicating substantial to almost perfect agreement in the presence of
different segmentations. These features did not differ across different
centres (p = 0.147-0.494 from Mann-Whitney test), indicating these
were stable across both. However, most selected features (4 out of 5)
demonstrated sensitivity to protocol differences (p < 0.05), with
wavelet-LLL_gldm_LargeDependenceEmphasis’ (p = 0.008) and ’log-
sigma-2-0-mm-3D_firstorder_InterquartileRange’ (p = 0.010) showing
significant variations. Only ’Original_shape_Sphericity’ remained unaf-
fected by protocol changes (p = 0.080).

Finally, we assessed each selected feature’s contribution and relative
importance to the HPV prediction model for better interpretability. As
illustrated in Fig. 5, *original shape_Sphericity’ and "log-sigma-2-0-mm-
3D firstorder_InterquartileRange’ emerged as the most influential fea-
tures, both also individually, but not in combination, selected by other
distinctively different methods (Bayesian shrinkage and elastic net,
Supplementary Material S5) and providing key insights into the

Adaptive LASSO

ANOVA F Value “----

Bayesian Shrinkage

EIaStIC NEt ““

LASSO

MUtuaI Informatlon -“

No feature selection -

Feature Selection Method

Fooredapive LAS50 -----
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|

i
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underlying radiogenomic signatures that drive HPV status prediction.
4. Discussion

Effective feature selection tools are crucial for identifying relevant
and non-redundant radiomic features in radiogenomic model genera-
tion. Research in this sub-domain is often challenged by high-
dimensional feature spaces and relatively small sample sizes, resulting
in overfitting and thus limited robustness and generalisability [33-35].
In this multicenter radiogenomic study, we assessed the value of the
metaheuristic feature selection algorithm PSO, both as a standalone
method and in combination with classical approaches. We compared it
against an array of established strategies, including filter-based, wrap-
per-based, and shrinkage-based methods, for predicting HPV status in
OPSCC. The main finding is that the PSO-adaptive LASSO ensemble
demonstrated superior generalisability compared to other feature se-
lection methods in radiogenomics.

This study demonstrates that combining PSO with adaptive LASSO,
supplemented by Shapley values for refined feature ranking, yielded the
highest potential among PSO-based ensembles to improve PSO’s ability
to select robust and relevant radiomic signatures (see Table 2). This
ensemble method incorporates PSO’s global search with LASSO’s
shrinkage-based feature coefficient penalty, striking a balance between
feature exploration and regularisation by penalising less informative
variables. This balance is particularly advantageous in radiogenomics,
where the feature space is extremely high-dimensional, highly corre-
lated, and prone to instability. PSO alone may risk capturing redundant
or unstable features, whereas the addition of LASSO imposes sparsity,
helping to prioritise reproducible predictors while suppressing noise.
This complementary effect explains why the PSO-adaptive LASSO
combination achieved stronger generalisability than either method
alone. The benefit of this combination aligns with findings from non-
radiogenomic domains in which PSO-based hybrid methods, such as
PSO-LASSO, PSO-SVM, and PSO-mutual information, have shown
promise in optimising feature selection for genomic classification,
biomedical signal processing, and cancer subtyping purposes [36-38].
In these contexts, the combination of PSO with regularisation-based

0.75

0.46 0.65

0.51

0.60

- 0.55

0.47 0.62 0.49

-0.50
0.51
4 0.49 - 0.5
N 1
RandomForest SVM XGBoost
Classifier

Fig. 4. Performance of feature selection methods across different classifiers on the external validation set. The heatmap displays the impact of the per-
formance levels (AUC) in the external cohort using different feature selection methods and applied to various machine learning classifiers.
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Table 4

Computer Methods and Programs in Biomedicine 275 (2026) 109204

Table lists intra correlation coefficient (ICC) and Mann-Whitney U test p-values from stability assessments of the selected radiomic features via the PSO-adaptive
LASSO ensemble feature selection method across segmentation, scan protocol, and centre variability. ICC values indicate moderate stability at 0.5-0.75, good stability

at 0.75-0.90 and excellent stability at >0.9. * indicates significant p-values.

Selected radiomic features

ICC (Segmentation)

p (scan protocols) p (centres)

"wavelet-LLL_gldm_LargeDependenceEmphasis’ 0.917
"log-sigma—1-5-mm-3D firstorder_InterquartileRange’ 0.914
"log-sigma-1-5-mm-3D_glem_ClusterShade’ 0.956
"log-sigma-2-0-mm-3D_firstorder_InterquartileRange’ 0.932
*original_shape_Sphericity’ 0.836

0.008* 0.402
0.004* 0.477
0.004* 0.147
0.010* 0.494
0.080 0.355

original_shape_Sphericity
log-sigma-2-0-mm-3D_firstorder_InterquartileRange
log-sigma-1-5-mm-3D_glcm_ClusterShade
log-sigma-1-5-mm-3D_firstorder_InterquartileRange

wavelet-LLL_gldm_LargeDependenceEmphasis

0.00 0.25 0.50 0.75 1.00 1.25

mean(|SHAP value|)

original_shape_Sphericity
log-sigma-2-0-mm-3D_firstorder_InterquartileRange
log-sigma-1-5-mm-3D_glcm_ClusterShade
log-sigma-1-5-mm-3D_firstorder_InterquartileRange

wavelet-LLL_gldm_LargeDependenceEmphasis

cor "‘M"'"
Lo S

]
.
Feature value

i
- 1M

- : T Low
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Fig. 5. Feature contribution to model performance. Graphs visualise feature importance using Shapley values for prediction model interpretation. The top bar
chart shows the mean absolute Shapley values, highlighting the overall impact of each radiomic feature on the model’s prediction. The bottom beeswarm plot il-
lustrates individual feature effects, where the dot color represents feature value (blue = low, and red = high), and position indicates influence direction

and magnitude.

methods has been shown to improve generalisation while maintaining
strong predictive performance.

In an effort to evaluate whether the benefit of applying PSO-adaptive
LASSO-based feature selection methods was consistent across different
classifiers, we averaged the results from multiple classification models.
The PSO-adaptive LASSO ensemble achieved the highest average per-
formance value across classifiers, outperforming other feature selection
methods (Fig. 4). This consistently high ranking of the PSO-adaptive
LASSO ensemble underscores its applicability for selecting robust
radiomic features, regardless of the chosen classification model. This
evidence is consistent with previous studies that demonstrate the
effectiveness of PSO-based ensemble techniques in improving feature
selection and model performance across various classification algo-
rithms in efficient energy forecasting and intrusion detection systems
[39,40]. The ability of the PSO-adaptive LASSO ensemble to maintain
high generalisability across classifiers further supports its value in
radiogenomic model generation.

The integration of Shapley values into the PSO-adaptive LASSO
ensemble not only identifies the most relevant radiomic features for
combining PSO and adaptive LASSO but also adds interpretability by
quantifying the importance of features in predicting HPV status. This
interpretability is particularly valuable in radiomics domains, where
black-box models often hinder trust and adoption [41,42]. Using
Shapley values, we highlighted the significance of each feature in pre-
dicting the outcome, enabling a clearer understanding of their contri-
bution to the model’s performance. Notably, the radiomic features,
’original_shape_Sphericity” and ’log-sigma-2-0-mm-3D firstorder -
InterquartileRange’, had the highest impact on HPV prediction, sug-
gesting that sphericity and interquartile variations in the radiomic data
are critical indicators for this task. This observation is consistent with
previous studies that identified sphericity as one of the most predictive
radiomic features for HPV status in OPSCC using MRI scans [43].

Advancing previous models by Bos et al. [43] and in a novel
approach, here we directly applied the PSO-adaptive LASSO feature
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selection, integrating PSO global search and adaptive LASSO regular-
isation, without pre-filtering radiomic features. The stability of radiomic
features across different segmentations and scan protocols is a crucial
factor influencing the robustness and generalisability of radiogenomic
models [24,44]. The radiomic features selected by the PSO-adaptive
LASSO method demonstrated good-to-excellent stability under seg-
mentation variability. In contrast, when assessed across different scan
protocols, only ’original_shape_Sphericity’ remained stable (Table 4, p >
0.05), while the other features showed significant protocol-related
variability. Nevertheless, all selected features exhibited significant sta-
bility when evaluated across centre variability.

We assessed PSO, known for its strong global search capability [45],
as a standalone technique to isolate predictive features from all 1184
radiomic features. Contrary to prior reports highlighting PSO’s potential
in high-dimensional datasets [46,47], we observed that PSO alone
yielded suboptimal performance compared to classical approaches on
the internal test set. Several established feature selection methods, such
as RFE, chi-square, and ANOVA F-value, outperformed PSO on the in-
ternal test set. However, these results should be interpreted cautiously,
as small internal test sets (here n = 31 patients) increase the risk of
overfitting, emphasising the need for feature selection and further tests
and validations in independent cohorts [48].

Relying solely on internal performance when selecting the optimal
feature selection methods in radiogenomic model generation carries the
risk of overfitting, particularly when the internal test set is limited (n =
31 patients in our study). To ensure robustness and generalisability, the
selection method must demonstrate consistent performance across
different cohorts with unseen data [49,50]. Therefore, we validated the
selection methods on external data (n = 157 patients), thereby assessing
the generalisability of PSO-based ensembles while focusing on PSO-
—adaptive LASSO ensemble as the optimal combination. The validation
results demonstrated an uphold of the performance values for this
PSO-adaptive LASSO ensemble. To assess its potential superiority to
other feature selection methods, we next compared the consistency of its
performance across the cohorts with that of other classical or routinely
used feature selection methods. Our results exemplify the need for in-
dependent cohorts for performance assessment. They reveal a high
prevalence of overfitting, as demonstrated by the RFE selection method,
which performed well internally but failed to generalise externally
(Fig. 3). These comparisons highlight the significant challenges of
robustness and generalisability in radiomic feature selection, where
small sample sizes and high-dimensional feature spaces complicate
biomarker discovery [51]. Despite these difficulties, we found that the
PSO-adaptive LASSO ensemble yielded superior generalisability, likely
due to its ability to balance feature instability and predictive power, a
benefit previously noted in hybrid selection approaches [52]. These
findings emphasise the importance of external validation in assessing
feature selection methods and suggest that ensemble-based methods
may improve generalisability in radiogenomic modeling [53,54].

Although this study yields promising outcomes, it is important to
acknowledge certain limitations. The small sample size of the internal
test set (n = 31 patients) posed challenges for internal validation and
increased the risk of inaccurate performance values when comparing
feature selection methods for radiogenomic model generation. A larger
internal cohort, consequently larger internal test set, thus also greater
heterogeneity, would decrease the risk of unreliable performance met-
rics due to overfitting issues. This further stresses the value of the use of
an independent external cohort (n = 157) to assess generalisability. The
incorporation of additional external datasets from other centres would
strengthen performance assessments for validation.

In conclusion, combining PSO—a metaheuristic global search algo-
rithm—with adaptive LASSO wusing Shapley values-based feature
refinement creates an ensemble approach that identifies a stable and
generalisable radiomic signature associated with HPV status in OPSCC.
Compared to both classical feature selection methods and PSO alone,
this integrated strategy achieved better prediction on external validation

Computer Methods and Programs in Biomedicine 275 (2026) 109204

and interpretability. The proposed method may be particularly useful in
radiogenomic applications where data dimensionality, inter-
institutional variability, and the clinical need for transparent models
pose substantial challenges. In terms of clinical relevance, the generated
prediction model reaches a level of discrimination that is considered
promising for clinical decision support. While not yet sufficient for im-
mediate clinical adoption, this performance highlights the potential of
radiogenomics to provide reliable, non-invasive diagnostic tools that
could complement current clinical workflows and contribute to more
personalised treatment strategies. Future work could expand on these
findings by exploring additional external or prospective patient cohorts,
extending this method to additional tumour sites and genetic signatures,
and applying this ensemble approach to larger multicenter data
consortia.
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