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Simple Summary

Prostate cancer patients on active surveillance require accurate risk stratification to identify
those likely to progress. This study evaluated whether Synolitic Graph Neural Networks
(SGNNs) applied to baseline MRI radiomic features could improve prediction of progres-
sion compared with conventional machine learning methods. Data from 343 patients
(73 progressors, 270 non-progressors) were analysed using 72 radiomic features from
T2-weighted MRI and ADC maps, together with prostate volume, PSA, and PSA density.
The SGNN approach represented each patient as a graph capturing relationships between
features and was compared with Gradient Boosting, Random Forest, SVM, and logistic
regression using cross-validation. The best conventional model achieved an ROC-AUC of
0.634, whereas the SGNN model using a GATv2 architecture reached an ROC-AUC of 0.699.
Incorporating graph-based feature relationships improved performance by 3–5%. These
results suggest SGNN provides a promising alternative framework for radiomic-based
prediction in prostate cancer active surveillance.

Abstract

Background: Prostate cancer (PCa) is one of the most prevalent malignancies in men, and
active surveillance (AS) is the recommended management strategy for low- and favourable
intermediate-risk disease. Predicting which patients will progress during AS remains a
clinical challenge. MRI-derived radiomics has shown promise for risk stratification, but
conventional machine learning approaches treat radiomic features as independent variables
and may not capture the complex inter-feature dependencies within imaging data. This
study evaluates the application of Synolitic Graph Neural Networks (SGNNs) to base-
line MRI-derived radiomic features for predicting prostate cancer progression on active
surveillance. Methods: We studied 343 AS patients (73 progressors, 270 non-progressors)
from a single-centre cohort prospectively enrolled between 2013 and 2019 and retrospec-
tively analysed. Seventy-two radiomic features were extracted from baseline 3T MRI
(T2-weighted imaging and apparent diffusion coefficient maps), together with three clinical
variables (prostate volume, PSA, PSA density). The SGNN pipeline transformed each
patient’s feature profile into a weighted graph encoding pairwise feature relationships via
logistic regression classifiers trained within each cross-validation fold. GCN and GATv2
architectures were evaluated with multiple sparsification strategies and compared against
Gradient Boosting, SVM, Random Forest, and logistic regression using 5-fold stratified
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cross-validation. Results: Among conventional methods, Gradient Boosting achieved the
highest ROC-AUC (0.634 ± 0.080). The SGNN pipeline with GATv2, confidence-based
sparsification (p = 0.8), and extended node features incorporating graph centrality measures
achieved the best performance (ROC-AUC = 0.699 ± 0.044), an absolute improvement of
0.065 over the best conventional method. The addition of topological node features consis-
tently improved performance by 3–5% across configurations. GATv2 outperformed GCN
in matched settings. Conclusions: As a proof of concept, the SGNN framework achieved
the highest mean ROC-AUC among the evaluated single-timepoint approaches, though
results require confirmation in independent external cohorts. By encoding inter-feature re-
lationships as patient-specific graphs, SGNN offers a complementary modelling paradigm
for radiomic data in clinical oncology. Future work should incorporate longitudinal data
and graph explainability methods.

Keywords: prostate cancer; active surveillance; progression prediction; radiomics; graph
neural networks; Synolitic Graph Neural Networks; machine learning; MRI

1. Introduction
Prostate cancer (PCa) is the second most frequently diagnosed malignancy and the

fifth leading cause of cancer-related mortality among men worldwide, with its incidence
expected to continue rising due to an ageing male population [1,2]. In the UK, approxi-
mately 43% of men present with low- or favourable intermediate-risk localised disease [3],
for which level 1 evidence supports the non-inferiority of active surveillance (AS) to radical
treatment in terms of 10-year survival [4–7]. AS permits the deferral of radical treatment in
the absence of disease progression, thereby reducing treatment-related morbidity without
compromising oncological outcomes [8].

Long-term registry data confirm that AS is safe, with 49% of patients remaining
progression-free at 10 years and prostate cancer-specific mortality of only 0.1% [9]. However,
histopathological upgrading occurs in 22–38% of men during AS [10,11], and a cumulative
five-year AS discontinuation rate of 44% has been reported, with 27% triggered by disease
progression [12,13]. These figures underscore the unmet clinical need for robust baseline
risk-stratification tools that can identify patients harbouring lesions with high progressive
potential, either for intensified monitoring or early treatment escalation [14].

Magnetic resonance imaging (MRI) has become integral to AS programmes, primarily
owing to its high negative predictive value for clinically significant disease [15,16]. Several
studies have confirmed that the presence of an MR-visible lesion at baseline is associated
with a higher risk of progression [14,17,18]. The Prostate Cancer Radiological Estimation of
Change in Sequential Evaluation (PRECISE) scoring system was introduced to standard-
ise longitudinal MRI reporting during AS [19], yet serial MRI retains a limited positive
predictive value and cannot replace repeat biopsy [20,21]. No systematic attempts have
been made to further stratify MR-visible lesions based on their progressive potential using
quantitative imaging biomarkers. The inherent difficulty of baseline risk stratification
lies in the ‘spectrum effect.’ Because patients are strictly pre-selected for inclusion in AS
based on low- or favourable intermediate-risk criteria, the resulting cohort is relatively
homogeneous. In this context, the imaging ‘signals’ that differentiate a future progressor
from a non-progressor are exceedingly subtle at the point of enrolment, often predating
visible radiological changes.

These limitations have motivated the development of radiomics—the high-throughput
extraction of quantitative intensity, shape, and texture features from medical images that are
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imperceptible to visual assessment [22,23]. In prostate cancer, radiomics has been applied to
improve detection of clinically significant disease [24–26] and to predict histopathological
upgrading from biopsy to radical prostatectomy [27]. In a proof-of-concept study on the
same institutional AS cohort examined here, Sushentsev et al. [28] demonstrated that
combining T2WI-derived radiomic features with PSA and PSA density improved the
AUC for predicting progression from 0.61 to 0.75 using leave-one-out cross-validation on
73 lesions. Subsequent longitudinal extensions of this work achieved AUCs of 0.91 with
delta-radiomic models [29] and 0.92 with time-series approaches [30], demonstrating
that temporal information substantially enhances progression prediction. More recently,
Vershinina et al. [31] applied explainable artificial intelligence methods to the same cohort,
reporting an AUC of 0.793 with SHAP-based feature selection.

While these studies have demonstrated the value of radiomics for AS monitoring,
all employed conventional machine learning methods that modelled radiomic features as
independent, unstructured variables. Graph Neural Networks (GNNs) are deep learning
models designed to learn from relational, graph-structured data through message-passing
operations [32,33]. The Synolitic Graph Neural Network (SGNN) framework—synolitic de-
noting the collective encoding of pairwise relationships into a unified graph representation—
recently introduced by Krivonosov et al. [34] provides a principled method for converting
high-dimensional tabular data into patient-specific graph representations, in which nodes
correspond to features, and edge weights encode the discriminative relationships between
feature pairs learned from lightweight pairwise classifiers. This approach has been applied
to cancer biomarker discovery, including pancreatic cancer proteomic profiling [35,36],
where it demonstrated the ability to capture network-level dysregulation patterns.

In this study, we apply the SGNN framework to predict prostate cancer progression
on active surveillance using baseline MRI-derived radiomic features in a cohort of 343 AS
patients. We evaluate two GNN architectures (GCN and GATv2) with multiple sparsifi-
cation strategies and compare their performance against conventional machine learning
benchmarks. To our knowledge, this is the first application of graph neural networks to
radiomic data for predicting cancer progression in an active surveillance setting.

2. Materials and Methods
2.1. Study Cohort

This retrospective analysis used data from 343 consecutive patients with biopsy-
confirmed PCa enrolled on the AS programme at Cambridge University Hospitals NHS
Foundation Trust between July 2013 and October 2019. The study was approved by the
local institutional review board (NRES Committee East of England—Cambridge South,
UK) as part of a service evaluation of the prostate diagnostic pathway, with the requirement
for individual informed consent waived. All procedures were conducted in accordance
with the Declaration of Helsinki.

Patients were enrolled on AS according to previously published local eligibility cri-
teria [37] and were required to have at least one MR-visible lesion, a minimum two-year
follow-up, and at least two consecutive 3T MRI examinations performed on the same
scanner. Exclusion criteria comprised the absence of an MR-visible lesion, prior or interim
treatment for PCa or benign prostatic disease, and the presence of pelvic metallic implants.

The cohort comprised 73 progressors (21.3%) and 270 non-progressors (78.7%). Disease
progression was defined as histopathological upgrading in the ISUP grade group on repeat
targeted biopsy, prompting transition to radical treatment. The non-progressor group
consisted of patients with stable disease throughout follow-up, defined as no radiological
progression (PRECISE score 3 [19]) and no histopathological upgrading on all repeat
targeted biopsies. Baseline clinicopathological characteristics are summarised in Table 1.
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Table 1. Baseline clinicopathological characteristics of the study cohort. p-Values correspond to
intergroup comparisons using the Mann–Whitney U test. IQR: interquartile range.

Parameter Progressors (n = 73) Non-Progressors (n = 270) p-Value

PSA, ng/mL, median (IQR) 5.9 (4.5–8.1) 5.9 (4.2–7.8) 0.394

Gland volume, mL, median (IQR) 43.2 (35.0–54.5) 47.0 (36.1–67.2) 0.185

PSA density, median (IQR) 0.14 (0.10–0.21) 0.12 (0.08–0.16) 0.014

AS follow-up, months, median (IQR) 40 (27–56) 49 (36–74) 0.001

The shorter median AS duration in progressors (40 months) compared with non-
progressors (49 months) reflects the study design: progressors exited the AS programme
at the point of histopathological upgrading, while non-progressors were followed until
the study cut-off. All patients, regardless of outcome, were required to have a minimum
two-year follow-up before inclusion. This design means the binary class labels reflect
outcome status at last follow-up; patients classified as non-progressors may include a small
proportion who would have progressed with longer observation—a form of informative
censoring inherent to retrospective binary classification in AS cohorts.

2.2. MRI Acquisition and Radiomic Feature Extraction

All patients underwent prostate MRI on a 3T MR750 scanner (GE Healthcare, Wauke-
sha, WI, USA) using a 32-channel receiver coil. An intravenous injection of hyoscine
butylbromide (Buscopan, 20 mg/mL; Boehringer, Ingelheim am Rhein, Germany) was ad-
ministered prior to imaging to minimise bowel peristalsis, unless clinically contraindicated.
The multiparametric protocol comprised multiplanar high-resolution T2-weighted 2D fast-
recovery fast-spin-echo sequences (field of view 18 × 18 cm2; voxel size 0.35 × 0.35 mm2;
slice thickness 3 mm; gap 0 mm) and diffusion-weighted imaging using a spin-echo echo-
planar imaging pulse sequence (b-values: 150, 750, and 1400 s/mm2), from which apparent
diffusion coefficient (ADC) maps were calculated automatically. Full acquisition details
have been described previously [28].

Tumour regions of interest (ROIs) were delineated on T2-weighted images and ADC
maps by a fellowship-trained uro-radiologist with 14 years’ experience in prostate MRI
and an imaging research fellow with 5 years’ experience, working in consensus using the
open-source ITK-SNAP segmentation software version 4.0 [38]. Segmentation reliability
was evaluated through morphological perturbation using opening and closing operations
with a 3D spherical structuring element of 1-pixel radius [28].

Radiomic features were extracted using PyRadiomics version 2.0 [39] in compliance
with the Image Biomarker Standardization Initiative (IBSI) recommendations [40]. Six fea-
ture classes were computed: first-order intensity statistics, Grey-Level Co-occurrence Matrix
(GLCM), Grey-Level Run-Length Matrix (GLRLM), Grey-Level Size Zone Matrix (GLSZM),
Grey-Level Dependence Matrix (GLDM), and shape-based 3D features. Feature robustness
was assessed using the intraclass correlation coefficient (ICC) following ROI perturbation,
with a cut-off of ICC > 0.8 applied to retain only highly robust features. After this filtering,
72 radiomic features were retained for the present analysis. Three clinical variables were
additionally included: baseline prostate gland volume, PSA, and PSA density (PSAd).

2.3. Conventional Machine Learning Benchmarks

Four conventional ML algorithms were evaluated: (1) Gradient Boosting (100 estima-
tors, max depth 6, learning rate 0.1); (2) Support Vector Machine (SVM) with radial basis
function kernel, automatic gamma scaling, and class weight balancing; (3) Random Forest
(100 trees, max depth 10, class weight balancing); and (4) logistic regression with L-BFGS
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optimisation and class weight balancing. All features were standardised using z-score
normalisation prior to training.

2.4. Synolitic Graph Neural Network Pipeline

The SGNN pipeline [34] converted each patient’s tabular radiomic profile into a
weighted graph through several sequential steps. First, mutual-information-based feature
selection identified the top N most informative features (N ∈ {20, 30, 40}). For each
pair of selected features, a logistic regression classifier was trained using only those two
features, yielding N(N − 1)/2 pairwise models. Each pairwise classifier was implemented
as a standard logistic regression (L-BFGS solver, maximum 1000 iterations, L2 regularisation
with C = 1.0, no class weighting), trained on the two-feature subspace within the current
training fold. The predicted probability P(y = 1|fi, fj) was then evaluated for each patient
in the held-out test fold to construct that patient’s edge weight, ensuring no information
leakage from test to training data. Both feature selection and pairwise classifier training
were performed strictly within the current cross-validation training fold; test fold samples
were never used for graph construction, thereby preventing information leakage.

For each patient, a graph G = (V, E) was constructed where nodes V corre-
sponded to the selected features and edge weights wij = 2 ·

∣∣P(y = 1
∣∣ fi, f j) − 0.5

∣∣ en-
coded the pairwise discriminative confidence for that specific patient. This created a
patient-specific weighted adjacency matrix reflecting how discriminative each feature pair
was for that individual.

For each node, five features were computed: the original standardised feature value,
normalised degree centrality, weighted strength (sum of incident edge weights), closeness
centrality (inverse of mean shortest path distance to all other nodes), and betweenness cen-
trality (fraction of shortest paths passing through the node). These topological descriptors
encoded each feature’s structural role within the patient-specific graph.

2.5. Graph Sparsification

Three sparsification strategies were evaluated: (1) no sparsification, using the full
weighted graph; (2) confidence-based sparsification, retaining the top p fraction of edges
ranked by classifier confidence

∣∣wij − 0.5
∣∣, with p ∈ {0.2, 0.8} tested; and (3) mini-

mum connected sparsification, using binary search to find the maximum threshold that
maintained graph connectivity, producing the sparsest connected graph.

2.6. GNN Architectures and Hyperparameter Optimisation

Two GNN architectures were evaluated. Graph Convolutional Networks (GCNs) [41]
aggregate neighbour features through spectral convolutional filters. Graph Attention
Networks v2 (GATv2) [42] employ a dynamic self-attention mechanism that learns the
importance of different neighbours for each node. Both architectures were implemented
with 3 layers, edge encoder MLPs to incorporate edge weights, residual connections, batch
normalisation, dropout, and global mean and max pooling for graph-level representation,
followed by a two-layer classification head. Models were trained using the Adam optimiser
with class-weighted cross-entropy loss to address class imbalance.

Hyperparameters were tuned using Optuna Bayesian optimisation [43] with 8 trials
per configuration. The search space comprised hidden dimensions ∈ {32, 64, 128}, dropout
rate in [0.0, 0.5], and learning rate in [10−4, 10−2]. Optuna selected the best hyperparameters
based on validation performance within the training fold of each cross-validation iteration,
ensuring that the held-out test fold was not used for model selection.
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2.7. Simplified SGNN and Evaluation Protocol

A simplified SGNN approach was also evaluated, in which graph-derived topolog-
ical features (centrality measures, global graph properties, edge weight statistics) were
extracted from each patient’s synolitic graph and used as input to conventional Gradient
Boosting (SGNN-GB) and Random Forest (SGNN-RF) classifiers, bypassing end-to-end
GNN training.

All models were evaluated using 5-fold stratified cross-validation, chosen over a single
train/test split to provide more robust performance estimates given the moderate sample
size and class imbalance. The primary metric was the area under the receiver operating
characteristic curve (ROC-AUC), with F1-score and accuracy reported as secondary metrics.
Results are presented as mean ± standard deviation across the five folds. Formal 95%
confidence intervals are not reported, as with five-fold-level observations the t-distribution
estimate (4 degrees of freedom) produces intervals too wide to be meaningfully interpreted;
the standard deviation across folds is the more honest summary of fold-to-fold variability
in this setting.

3. Results
3.1. Cohort Characteristics

Baseline cohort characteristics are summarised in Table 1. PSA density was signif-
icantly higher in progressors than in non-progressors (median 0.14 vs. 0.12; p = 0.014),
consistent with previous reports from this cohort [28]. Baseline PSA and gland volume did
not differ significantly between groups. Among progressors, the median time on AS before
progression was 40 months, whereas among non-progressors, the median follow-up was
49 months (p = 0.001).

3.2. Conventional Machine Learning Performance

Figure 1 provides a comprehensive visual comparison of all evaluated methods.
Table 2 presents conventional ML performance, with corresponding ROC curves shown in
Figure 2. Gradient Boosting achieved the highest mean ROC-AUC (0.634 ± 0.080), though
with considerable variance across folds. Logistic regression demonstrated more stable
performance (0.625 ± 0.043) and the best F1-score (0.365). The uniformly low F1-scores
across all methods reflect the difficulty of correctly identifying the minority class in this
imbalanced dataset (21% progressors).

Figure 1. Comparison of all evaluated methods. Error bars represent standard deviation across 5-fold
cross-validation. GATv2 with confidence-based sparsification (p = 0.8) and extended node features
achieved the highest mean ROC-AUC (0.699).
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Table 2. Conventional ML performance (5-fold stratified cross-validation).

Model ROC-AUC F1-Score Accuracy

Gradient Boosting 0.634 ± 0.080 0.229 ± 0.083 0.781 ± 0.033

Logistic Regression 0.625 ± 0.043 0.365 ± 0.052 0.630 ± 0.043

Random Forest 0.603 ± 0.030 0.090 ± 0.124 0.784 ± 0.023

SVM 0.593 ± 0.053 0.345 ± 0.051 0.577 ± 0.036

Figure 2. ROC curves for conventional machine learning methods aggregated across all folds.
Gradient Boosting (AUC = 0.634) and logistic regression (AUC = 0.625) showed the best discriminative
performance among conventional approaches.

3.3. SGNN with Full GNN Pipeline

Table 3 presents the full SGNN pipeline results across architectures, sparsification
strategies, and node feature configurations. The best-performing configuration was GATv2
with confidence-based sparsification (p = 0.8) and extended node features, achieving
a mean ROC-AUC of 0.699 ± 0.044—an absolute improvement of 0.065 over the best
conventional method.

Three consistent patterns emerged from the systematic evaluation. First, incorporating
graph centrality features (degree, strength, closeness, betweenness) added 3–5% to the
ROC-AUC across all configurations (Figure 3), indicating that the topological role of each
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radiomic feature within the patient-specific network carries predictive information beyond
its raw value. Second, GATv2 outperformed GCN in all matched configurations (Figure 4),
suggesting that the dynamic attention mechanism is better suited for learning discrimina-
tive patterns from radiomic feature graphs. Third, confidence-based sparsification with
p = 0.8 (retaining more high-confidence edges) consistently outperformed both the fully
connected graph and the minimum connected approach, indicating that moderate edge
pruning optimally balances signal preservation and noise removal.

Table 3. SGNN performance across architectures, sparsification strategies, and node features (5-fold
CV). Hyperparameters optimised via Optuna within training folds.

Architecture Sparsification Node Features ROC-AUC

GATv2 sparsify_p (0.8) Yes 0.699 ± 0.044

GATv2 sparsify_p (0.2) Yes 0.692 ± 0.070

GCN sparsify_p (0.8) Yes 0.679 ± 0.067

GATv2 min_connected Yes 0.668 ± 0.035

GCN sparsify_p (0.2) Yes 0.663 ± 0.031

GATv2 sparsify_p (0.8) No 0.660 ± 0.069

GATv2 sparsify_p (0.2) No 0.658 ± 0.056

GATv2 no_sparsify Yes 0.649 ± 0.073

GCN sparsify_p (0.8) No 0.638 ± 0.069

GATv2 min_connected No 0.638 ± 0.058

GCN no_sparsify Yes 0.636 ± 0.079

GCN min_connected Yes 0.629 ± 0.083

Figure 3. Impact of extended node features on SGNN performance. Configurations incorporating
graph centrality features consistently outperformed scalar-only configurations by 3–5% in ROC-AUC
across all sparsification methods.
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Figure 4. Comparison of GCN and GATv2 architectures across sparsification methods with extended
node features. GATv2 outperformed GCN in all matched configurations.

To assess whether the SGNN improvement was driven by the clinical variables (PSA,
PSA density, gland volume) or by the radiomic inter-feature graph structure, we examined
the retention frequency and mutual information rank of these variables across the five CV
folds for the best-performing configuration (GATv2, confidence-based sparsification p = 0.8,
top 30 of the full 75-feature pool). PSA density was retained in three of five folds but with
highly variable rankings (best rank three, worst rank 75); PSA showed a similar pattern
(three of five folds; best rank 19, worst rank 70); gland volume was not retained in any fold.
The extreme rank variability of PSA density—ranging from the third most informative
feature in one fold to the least informative in another—reflects the instability of mutual
information estimation in small, imbalanced training sets rather than a consistent clinical
signal. The inconsistent retention of clinical variables across folds indicates that the SGNN’s
performance advantage over conventional methods cannot be attributed to systematic
preferential selection of PSA density or PSA. The radiomic inter-feature graph structure
contributes to the predictive value independently of clinical variables, as evidenced by
consistent SGNN outperformance even in folds where neither PSA density nor PSA was
selected. Future work should evaluate whether treating PSA density as a mandatory model
input—rather than a data-driven selection candidate—further improves performance.

3.4. Simplified SGNN and Overall Comparison

The simplified SGNN approach, which extracts graph-derived topological features
for use with conventional classifiers, achieved a maximum ROC-AUC of 0.579 ± 0.079
(SGNN-GB with 40 features; Table 4). This was lower than conventional Gradient Boosting
applied directly to raw features (0.634), indicating that the observed improvement from the
full SGNN pipeline stems from end-to-end GNN learning over the graph structure rather
than from graph-derived summary statistics alone.
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Table 4. Simplified SGNN performance with different feature counts (5-fold CV).

Features Model ROC-AUC

20 SGNN-GB 0.554 ± 0.096

20 SGNN-RF 0.534 ± 0.085

30 SGNN-GB 0.555 ± 0.092

30 SGNN-RF 0.538 ± 0.045

40 SGNN-GB 0.579 ± 0.079

40 SGNN-RF 0.548 ± 0.042

Figure 1 provides a comprehensive visual comparison of all evaluated methods.

4. Discussion
This study applied the Synolitic Graph Neural Network framework to predict prostate

cancer progression on active surveillance using baseline MRI-derived radiomic features.
The best SGNN configuration—GATv2 with confidence-based sparsification (p = 0.8)
and extended node features—achieved a mean ROC-AUC of 0.699 ± 0.044, compared
to 0.634 ± 0.080 for the best conventional method (Gradient Boosting), an absolute im-
provement of 0.065. Although no formal statistical comparison was performed—and with
only five-fold-level AUC observations, such a test would be underpowered—the consis-
tent direction of improvement across the large majority of SGNN configurations, 11 of 12,
suggests a potentially robust signal that requires confirmation in independent data.

The consistent benefit of graph centrality features (3–5% improvement across all con-
figurations) supports the hypothesis that the structural position of a radiomic feature within
a patient’s inter-feature network carries predictive information beyond its raw value. This
finding is analogous to observations in proteomic cancer biomarker studies, where the
SGNN framework captured pathway-level coordination invisible to conventional mod-
els [35,36]. The superiority of GATv2 over GCN aligns with results from those proteomic
applications [35], likely because the attention mechanism dynamically adjusts the influence
of different feature-pair relationships on a per-patient basis [42]. It is important to note
that stronger discrimination is expected—and has been demonstrated in this cohort—once
longitudinal imaging data are incorporated [29,30]. The baseline single-timepoint setting
imposes an inherent ceiling on discriminative performance due to the biological homogene-
ity of the pre-selected AS population. An ROC-AUC near 0.70 at this stage is therefore not
a failure of the method but rather a reflection of the clinical reality that disease trajectory
has not yet manifested in imaging phenotype at enrolment.

The biological interpretation of SGNN graph structures deserves elaboration. Edge
weights encode the pairwise discriminative utility of radiomic feature pairs for a given
patient, not direct biological quantities. However, features that emerge as high-weight edges
across many patients—particularly cross-modality pairs coupling ADC-derived diffusion
features with T2WI texture or shape descriptors—are biologically plausible candidates for
imaging correlates of early tumour aggressiveness. The centrality measures assigned to each
node identify radiomic features that occupy ‘hub’ positions in the inter-feature network,
which may correspond to imaging phenotypes most correlated with the molecular or
histological drivers of progression. Graph explainability analysis (e.g., GNNExplainer [44])
applied to the trained model would allow systematic identification of the most predictive
feature interactions, providing both biological insight and a basis for prospective biomarker
validation. This represents an important priority for future work.

These results should be contextualised within the broader literature on this insti-
tutional AS cohort. Sushentsev et al. [28] reported an AUC of 0.75 (95% CI 0.64–0.86)
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using a combined clinical and T2WI-derived radiomic model with KNN classification and
leave-one-out cross-validation on 73 lesions. Several methodological differences make
direct comparison with our results difficult: different sample sizes (73 vs. 343 patients),
different cross-validation protocols (LOOCV vs. 5-fold CV), and different feature sets
(their best model explicitly included PSA density as a clinical predictor alongside ra-
diomic features). Subsequent longitudinal studies on this cohort achieved substantially
higher performance—AUCs of 0.91 with delta-radiomic models [29] and 0.92 with time-
series LSTM approaches [30]—underscoring that temporal information from serial scans
substantially improves progression prediction beyond what any single-timepoint model
can achieve.

A notable finding is that the simplified SGNN approach (graph features fed into Gra-
dient Boosting) underperformed conventional Gradient Boosting applied directly to raw
features (0.579 vs. 0.634). This demonstrates that the synolitic graph structure alone does
not improve prediction when the downstream classifier is conventional; the performance
gain arises specifically from end-to-end GNN learning, which exploits the full adjacency
structure during message passing. This observation also provides evidence against over-
fitting of the full pipeline: a heavily overfit model would show inflated test performance,
whereas the more parsimonious explanation for the SGNN advantage is that end-to-end
message-passing exploits the adjacency structure in ways that graph summary statistics
cannot capture. This has practical implications: the computational overhead of the full
GNN pipeline is justified only when end-to-end training is employed.

From a clinical perspective, the appropriate utility threshold for a baseline risk strat-
ification model in active surveillance must be framed in context. No model currently
deployed in AS achieves an ROC-AUC above 0.80 from baseline imaging alone in a sim-
ilarly pre-selected, biologically homogeneous cohort. The relevant comparator is not an
idealised high-accuracy classifier but the clinical status quo, in which surveillance intensity
is guided largely by PSA density and PI-RADS scores, tools that individually achieve AUCs
in the range 0.60–0.65 for histopathological progression prediction in this cohort [28]. In this
context, an absolute improvement of 0.065 in AUC, achieved without additional clinical
variables, represents incremental value that could inform tiered surveillance pathways.
The clinical role envisaged for such a model is not to replace biopsy or longitudinal MRI
but to complement existing risk stratification by identifying, at baseline, patients who may
benefit from earlier or more frequent re-evaluation. Whether this improvement translates
to patient-level clinical benefit requires prospective validation, appropriate calibration, and
decision-analytic modelling—steps that are beyond the scope of this proof-of-concept study
but are important priorities for future work.

The 21.3% progression rate in this cohort is consistent with long-term AS registry
data and reflects the clinical reality of a pre-selected low-risk population [9,45] rather than
a sampling artefact. In the AS clinical context, the asymmetric consequences of under-
detecting progression (delayed treatment escalation in a patient with aggressive disease)
versus over-detecting it (unnecessary biopsy or early treatment in a patient who would
remain stable) strongly favour operating at higher sensitivity thresholds. The reported ROC-
AUC is a threshold-independent summary statistic and is therefore the most appropriate
primary metric for comparing models in this imbalanced setting; the optimal operating
point for clinical deployment would be determined by decision-analytic modelling of the
specific sensitivity–specificity trade-off acceptable in the target clinical setting.

The moderate absolute performance of all single-timepoint models (AUCs in the range
0.59–0.70) reflects the inherent difficulty of predicting histopathological progression from a
single baseline MRI. Cancer progression on AS is influenced by numerous biological and
clinical factors that evolve over time, and a single snapshot may capture only a fraction
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of the relevant information. The substantial improvement achieved by longitudinal delta-
radiomic [29] and time-series [30] approaches in prior work on this cohort underscores this
point. However, a critical distinction must be made between the predictive power of a static
snapshot and the diagnostic power of temporal trends. While longitudinal models benefit
from observing the actual biological ‘velocity’ of the tumour over several years, the SGNN
framework attempts to forecast this behaviour from a single time point. Given that the
baseline AS population is ostensibly stable by definition, an ROC-AUC of 0.699 suggests
that the synolitic graph structure captures early, non-linear feature interactions that are
invisible to both conventional models and visual assessment at the time of enrolment. A
natural extension of the SGNN framework would be dynamic graph construction incorpo-
rating longitudinal data, where edge weights evolve across serial scans to capture temporal
changes in radiomic feature relationships.

We evaluated 12 SGNN configurations (two architectures × three sparsification strate-
gies × two node feature settings) in addition to four conventional methods and six sim-
plified SGNN variants. The best configuration is reported without multiplicity correction.
While the consistent patterns observed—GATv2 outperforming GCN, centrality features
consistently improving performance, p = 0.8 consistently optimal—suggest genuine effects
rather than chance; future confirmatory studies should pre-register the optimal configura-
tion and validate on independent data.

It is worth situating the SGNN approach within the broader landscape of methods that
seek to capture complex inter-feature relationships in high-dimensional medical imaging
data. Alternative paradigms include attention-based architectures such as transformers ap-
plied to tabular radiomic features, autoencoder-derived latent representations, and hybrid
computational strategies that combine classical and non-classical learning frameworks to
encode complex feature dependencies [46]. Each of these paradigms offers complementary
strengths: transformers excel at global attention over feature sets, while graph-based meth-
ods such as SGNN encode pairwise relationships with explicit biological interpretability
through the edge-weight construction mechanism. A systematic comparison of SGNN with
these alternative approaches on the same radiomic dataset is a valuable direction for future
work and would further clarify the conditions under which relational graph modelling
provides a distinctive advantage over other interaction-aware architectures.

Additional limitations should be noted. First, PSA density, which was a significant
baseline predictor in this cohort (p = 0.014; Table 1) and was included in the best-performing
model of Sushentsev et al. [28], was included in the feature pool but its selection depended
on the mutual information ranking within each fold. This data-driven approach may not
have consistently prioritised PSAd, potentially limiting performance. Second, the critical
limitation of this study is the absence of external validation. The model was developed and
evaluated on a single-centre, single-scanner cohort (3T GE MR750, standardised protocol),
which limits generalisability to settings with different acquisition parameters, patient selec-
tion criteria, or biopsy protocols. While the controlled acquisition environment reduces
intra-cohort variability from scanner effects—a known confounder in radiomic studies—it
does not provide evidence of performance in real-world multi-centre deployments. Future
work should prioritise multi-centre external validation, with acquisition harmonisation us-
ing approaches such as ComBat [47] to control for scanner-related feature variability. Third,
graph explainability analysis (e.g., GNNExplainer [44]) was not performed in this study
and represents an important direction for future work, as it could identify which specific
radiomic feature interactions are most predictive of progression and provide biologically
interpretable insights. Fourth, while the Optuna budget of eight trials per configuration
was constrained by computational resources, preliminary experiments indicated that per-
formance plateaued within this range. Fifth, the evaluation protocol (5-fold CV) differs
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from the single train/test split used in other analyses of this cohort [28], which should be
considered when comparing results across studies.

The retrospective binary classification design does not fully account for informative
censoring: patients with shorter follow-up among the non-progressor group may include
some who would have progressed with longer observation. A time-to-event analysis (Cox
regression or survival-adjusted SGNN) would better characterise this uncertainty and is a
worthwhile direction for future work.

While ICC-based feature selection (ICC > 0.8) with morphological perturbation ad-
dresses within-study segmentation variability, cross-institutional segmentation differences
driven by variability in imaging resolution, reader training, and software are not captured
by this approach and may affect the generalisability of both the radiomic features and
the graph structures derived from them. Future work should assess SGNN robustness to
inter-reader segmentation variability and evaluate automated segmentation pipelines as a
means of standardising ROI delineation across institutions.

A natural extension of the SGNN framework is the incorporation of longitudinal
radiomic data into dynamic graph structures. In the present study, each patient was rep-
resented by a single static graph constructed from baseline features. In a longitudinal
extension, a sequence of patient-specific graphs—one per serial MRI time point—could be
constructed, with edge weights encoding pairwise feature discriminability as it evolves over
follow-up. Temporal graph neural networks combining graph message-passing with recur-
rent architectures (e.g., LSTM-GNN or GRU-GNN) could then learn how the inter-feature
network structure changes over time, directly modelling the radiomic velocity of cancer
progression. This architecture would be directly comparable to the delta-radiomic [29]
and time-series LSTM [30] approaches that achieved AUCs of 0.91–0.92 on this cohort,
while additionally encoding the relational structure of feature changes rather than treating
each delta-radiomic feature in isolation. Further priorities include integration of additional
clinical covariates (age, biopsy grade group, lesion zonal location) as graph-level features,
application of graph explainability methods such as GNNExplainer [44] to identify the
most prognostically important feature interactions, and incorporation of PSA trajectories
into the graph construction framework.

5. Conclusions
The Synolitic Graph Neural Network framework achieved the highest mean ROC-

AUC (0.699) among evaluated single-timepoint approaches for predicting prostate cancer
progression on active surveillance. While this performance is numerically lower than
that of dynamic longitudinal models previously reported for this cohort, it represents a
meaningful proof-of-concept result in the inherently challenging baseline single-timepoint
setting and warrants prospective validation. In this pre-selected low-risk population,
where clinical and radiological indicators of progression have not yet fully manifested,
the SGNN’s ability to outperform conventional machine learning by an absolute margin
of 0.065 highlights the value of modelling inter-feature relationships. Graph centrality
features and the GATv2 attention-based architecture consistently enhanced performance
across configurations. The finding that end-to-end GNN learning is required to realise
the benefit of graph-based modelling—whereas extracting graph summary statistics for
conventional classifiers did not improve performance—highlights the importance of the
full SGNN pipeline. These findings support graph-based modelling of radiomic inter-
feature relationships as a complementary approach for quantitative image analysis in
active surveillance, with future work prioritising longitudinal graph construction, graph
explainability, and multi-centre validation.

https://doi.org/10.3390/cancers18091389

https://doi.org/10.3390/cancers18091389


Cancers 2026, 18, 1389 14 of 16

Author Contributions: Conceptualization, N.S., T.B. and A.Z.; methodology, M.I.K., A.T. and A.Z.;
formal analysis, M.I.K.; data curation, N.S.; visualization, M.I.K. and A.T.; supervision, A.Z.; writing—
original draft preparation, M.I.K. and A.Z.; writing—review and editing, M.I.K., A.T., N.S., T.B. and
A.Z. All authors have read and agreed to the published version of the manuscript.

Funding: M.I.K. and A.Z. acknowledge support by the Ministry of Economic Development
of the Russian Federation (grant No 139-15-2025-004 dated 17 April 2025, agreement identifier
000000C313925P3X0002).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and ethically approved (Health Research Authority and Health and Care Research Wales,
IRAS Project ID 288,185, approved on 29 April 2021).

Informed Consent Statement: Written informed consent was waived by the Institutional Review
Board (NRES Committee East of England, UK).

Data Availability Statement: The raw data supporting the conclusions of this article will be made
available by the authors on request.

Acknowledgments: During the preparation of this work the authors used Claude Opus 4.7 to improve
the grammatical structure and readability. After using this tool/service, the authors reviewed and
edited the content as needed and take full responsibility for the content of the publication.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Bray, F.; Laversanne, M.; Sung, H.; Ferlay, J.; Siegel, R.L.; Soerjomataram, I.; Jemal, A. Global Cancer Statistics 2022: GLOBOCAN

Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J. Clin. 2024, 74, 229–263. [CrossRef]
2. Mistry, M.; Parkin, D.M.; Ahmad, A.S.; Sasieni, P. Cancer incidence in the United Kingdom: Projections to the year 2030. Br. J.

Cancer 2011, 105, 1795–1803. [CrossRef]
3. Neal, D.E.; Metcalfe, C.; Donovan, J.L.; Lane, J.A.; Davis, M.; Young, G.J.; Hamdy, F.C.; Turner, E.L. Ten-year mortality, disease

progression, and treatment-related side effects in men with localised prostate cancer from the ProtecT randomised controlled trial.
Eur. Urol. 2020, 77, 320–330. [CrossRef]

4. Wilt, T.J.; Jones, K.M.; Barry, M.J.; Andriole, G.L.; Culkin, D.; Wheeler, T.; Aronson, W.J.; Brawer, M.K. Follow-up of prostatectomy
versus observation for early prostate cancer. N. Engl. J. Med. 2017, 377, 132–142. [CrossRef]

5. Klotz, L.; Vesprini, D.; Sethukavalan, P.; Jethava, V.; Zhang, L.; Jain, S.; Yamamoto, T.; Mamedov, A.; Loblaw, A. Clinical results
of long-term follow-up of a large, active surveillance cohort with localized prostate cancer. J. Clin. Oncol. 2010, 28, 126–131.
[CrossRef] [PubMed]

6. Wilt, T.J.; Brawer, M.K.; Jones, K.M.; Barry, M.J.; Aronson, W.J.; Fox, S.; Gingrich, J.R.; Wei, J.T.; Gilhooly, P.; Grob, B.M.; et al.
Radical prostatectomy versus observation for localized prostate cancer. N. Engl. J. Med. 2012, 367, 203–213. [CrossRef]

7. Shill, D.K.; Roobol, M.J.; Ehdaie, B.; Vickers, A.J.; Carlsson, S.V. Active Surveillance for Prostate Cancer. Transl. Androl. Urol. 2021,
10, 2809–2819. [CrossRef]

8. Newcomb, L.F.; Schenk, J.M.; Zheng, Y.; Faino, A.V.; Carter, H.B.; Epstein, J.I.; Gulati, R.; Jaffe, C.C.; Kibel, A.S.; Penson, D.F.;
et al. Long-Term Outcomes in Patients Using Protocol-Directed Active Surveillance for Prostate Cancer. JAMA 2024, 331, 2084.
[CrossRef] [PubMed]

9. Bul, M.; Zhu, X.; Valdagni, R.; Pickles, T.; Kakehi, Y.; Rannikko, A.; Bjartell, A.; van der Schoot, D.K.E.; Cornel, E.B.; Conti, G.N.;
et al. Active Surveillance for Low-Risk Prostate Cancer Worldwide: The PRIAS Study. Eur. Urol. 2013, 63, 597–603. [CrossRef]

10. Bokhorst, L.P.; Valdagni, R.; Rannikko, A.; Kakehi, Y.; Pickles, T.; Bangma, C.H.; Roobol, M.J. A Decade of Active Surveillance in
the PRIAS Study. Eur. Urol. 2016, 70, 954–960. [CrossRef] [PubMed]

11. Barrett, T.; Haider, M.A. The Emerging Role of MRI in Prostate Cancer Active Surveillance and Ongoing Challenges. Am. J.
Roentgenol. 2017, 208, 131–139. [CrossRef]

12. Van Hemelrijck, M.; Ji, X.; Helber, U.; Roobol, M.J.; van der Linden, M.; Nieboer, D.; Bangma, C.H.; Bangma, M.; Rannikko, A.;
Lee, L.S.; et al. Reasons for Discontinuing Active Surveillance: Assessment of 21 Centres in 12 Countries in the Movember GAP3
Consortium. Eur. Urol. 2019, 75, 523–531. [CrossRef]

13. Gnanapragasam, V.J.; Barrett, T.; Thankapannair, V.; Thurtle, D.; Rubio-Briones, J.; Domínguez-Escrig, J.; Bratt, O.; Statin, P.; Muir,
K.; Lophatananon, A. Using prognosis to guide inclusion criteria, define standardised endpoints and stratify follow-up in active
surveillance for prostate cancer. BJU Int. 2019, 124, 758–767. [CrossRef] [PubMed]

https://doi.org/10.3390/cancers18091389

https://doi.org/10.3322/caac.21834
https://doi.org/10.1038/bjc.2011.430
https://doi.org/10.1016/j.eururo.2019.10.030
https://doi.org/10.1056/NEJMoa1615869
https://doi.org/10.1200/JCO.2009.24.2180
https://www.ncbi.nlm.nih.gov/pubmed/19917860
https://doi.org/10.1056/NEJMoa1113162
https://doi.org/10.21037/tau-20-1370
https://doi.org/10.1001/jama.2024.6695
https://www.ncbi.nlm.nih.gov/pubmed/38814624
https://doi.org/10.1016/j.eururo.2012.11.005
https://doi.org/10.1016/j.eururo.2016.06.007
https://www.ncbi.nlm.nih.gov/pubmed/27329565
https://doi.org/10.2214/AJR.16.16355
https://doi.org/10.1016/j.eururo.2018.10.025
https://doi.org/10.1111/bju.14800
https://www.ncbi.nlm.nih.gov/pubmed/31063245
https://doi.org/10.3390/cancers18091389


Cancers 2026, 18, 1389 15 of 16

14. Drost, F.-J.H.; Osses, D.F.; Nieboer, D.; Steyerberg, E.W.; Bangma, C.H.; Roobol, M.J.; Schoots, I.G. Prostate magnetic resonance
imaging, with or without MRI-targeted biopsy, and systematic biopsy for detecting prostate cancer: A Cochrane systematic
review and meta-analysis. Eur. Urol. 2020, 77, 78–94. [CrossRef]

15. Stavrinides, V.; Giganti, F.; Trock, B.; Punwani, S.; Allen, C.; Kirkham, A.; Freeman, A.; Hrouda, D.; Ip, S.; Emberton, M.; et al.
Five-year outcomes of magnetic resonance imaging-based active surveillance for prostate cancer. Eur. Urol. 2020, 78, 443–451.
[CrossRef]

16. Caglic, I.; Sushentsev, N.; Gnanapragasam, V.J.; Sala, E.; Koo, B.; Doyle, S.; Koziel, K.; Dominguez, I.; Barrett, T. MRI-derived
PRECISE scores for predicting pathologically-confirmed radiological progression in prostate cancer patients on active surveillance.
Eur. Radiol. 2021, 31, 2696–2706. [CrossRef]

17. Thurtle, D.; Barrett, T.; Thankappan-Nair, V.; Koo, B.; Warren, A.; Gnanapragasam, V.J. Progression and treatment rates using an
active surveillance protocol incorporating image-guided baseline biopsies and multiparametric MRI monitoring. BJU Int. 2018,
122, 59–65. [CrossRef]

18. Sonn, G.A.; Chang, E.; Natarajan, S.; Margolis, D.J.; Macairan, M.; Lieu, P.; Huang, J.; Dorey, F.J.; Reiter, R.E.; Marks, L.S. Value of
targeted prostate biopsy using MR-US fusion in men with prior negative biopsy and elevated PSA. Eur. Urol. 2014, 65, 809–815.
[CrossRef]

19. Moore, C.M.; Giganti, F.; Albertsen, P.; Allen, C.; Bangma, C.H.; Briganti, A.; Carroll, P.; Haider, M.A.; Kasivisvanathan, V.;
Kirkham, A.; et al. Reporting Magnetic Resonance Imaging in Men on Active Surveillance for Prostate Cancer: The PRECISE
Recommendations. Eur. Urol. 2017, 71, 648–655. [CrossRef] [PubMed]

20. Rajwa, P.; Pradere, B.; Quhal, F.; Gontero, P.; Shariat, S.F. Reliability of Serial Prostate MRI to Detect Prostate Cancer Progression
During Active Surveillance. Eur. Urol. 2021, 80, 549–563. [CrossRef] [PubMed]

21. Zhai, L.; Fan, Y.; Meng, Y.; Feng, X.; Yu, W.; Jin, J. The role of prostate imaging reporting and data system score in Gleason 3+3
active surveillance candidates enrollment: A diagnostic meta-analysis. Prostate Cancer Prostatic Dis. 2019, 22, 235–243. [CrossRef]

22. Stanzione, A.; Gambardella, M.; Cuocolo, R.; Ponsiglione, A.; Romeo, V.; Imbriaco, M. Prostate MRI radiomics: A systematic
review and radiomic quality score assessment. Eur. J. Radiol. 2020, 129, 109095. [CrossRef]

23. Gillies, R.J.; Kinahan, P.E.; Hricak, H. Radiomics: Images Are More than Pictures, They Are Data. Radiology 2016, 278, 563–577.
[CrossRef]

24. Bleker, J.; Kwee, T.C.; Dierckx, R.A.J.O.; de Jong, I.J.; Huisman, H.; Yakar, D. Multiparametric MRI and auto-fixed volume of
interest-based radiomics signature for clinically significant peripheral zone prostate cancer. Eur. Radiol. 2020, 30, 1313–1324.
[CrossRef] [PubMed]

25. Hou, Y.; Bao, M.L.; Wu, C.J.; Zhang, J.; Zhang, Y.D.; Shi, H.B. A radiomics machine learning-based redefining score robustly
identifies clinically significant prostate cancer in equivocal PI-RADS score 3 lesions. Abdom. Radiol. 2020, 45, 4223–4234. [CrossRef]

26. Min, X.; Li, M.; Dong, D.; Feng, Z.; Zhang, P.; Ke, Z.; You, H.; Han, F.; Ma, H.; Tian, J.; et al. Multi-parametric MRI-based radiomics
signature for discriminating between clinically significant and insignificant prostate cancer. Eur. J. Radiol. 2019, 115, 16–21.
[CrossRef]

27. Zhang, G.; Han, Y.; Wei, J.; Gu, D.; Tian, J. Radiomics based on MRI as a biomarker to guide therapy by predicting upgrading of
prostate cancer from biopsy to radical prostatectomy. J. Magn. Reson. Imaging 2020, 52, 1239–1248. [CrossRef] [PubMed]

28. Sushentsev, N.; Rundo, L.; Blyuss, O.; Nazarenko, T.; Suber, S.; Gnanapragasam, V.J.; Sala, E.; Barrett, T. MRI-derived radiomics
model for baseline prediction of prostate cancer progression on active surveillance. Sci. Rep. 2021, 11, 12917. [CrossRef]

29. Sushentsev, N.; Rundo, L.; Blyuss, O.; Nazarenko, T.; Gnanapragasam, V.J.; Sala, E.; Barrett, T. Comparative Performance of
MRI-Derived PRECISE Scores and Delta-Radiomics Models for the Prediction of Prostate Cancer Progression in Patients on
Active Surveillance. Eur. Radiol. 2022, 32, 680–689. [CrossRef] [PubMed]

30. Sushentsev, N.; Rundo, L.; Abrego, L.; Li, Z.; Nazarenko, T.; Blyuss, O.; Gnanapragasam, V.J.; Sala, E.; Barrett, T. Time Series
Radiomics for the Prediction of Prostate Cancer Progression in Patients on Active Surveillance. Eur. Radiol. 2023, 33, 3792–3800.
[CrossRef]

31. Vershinina, O.; Sushentsev, N.; Zaikin, A.; Blyuss, O.; Barrett, T.; Ivanchenko, M. Improving the Potential for Predicting Prostate
Cancer Progression in Patients on Active Surveillance Using Explainable Artificial Intelligence. Cancers 2025, 17, 3598. [CrossRef]

32. Wu, Z.; Pan, S.; Chen, F.; Long, G.; Zhang, C.; Yu, P.S. A Comprehensive Survey on Graph Neural Networks. IEEE Trans. Neural
Netw. Learn. Syst. 2021, 32, 4–24. [CrossRef]

33. Ahmedt-Aristizabal, D.; Armin, M.A.; Denman, S.; Fookes, C.; Petersson, L. Graph-Based Deep Learning for Medical Diagnosis
and Analysis: Past, Present and Future. Sensors 2021, 21, 4758. [CrossRef]

34. Krivonosov, M.; Nazarenko, T.; Ushakov, V.; Zaikin, A. Analysis of Multidimensional Clinical and Physiological Data with
Synolitical Graph Neural Networks. Technologies 2025, 13, 13. [CrossRef]

35. Ney, A.; Nené, N.R.; Sedlak, E.; Acedo, P.; Blyuss, O.; Whitwell, H.J.; Costello, E.; Gentry-Maharaj, A.; Williams, N.R.; Menon, U.;
et al. Identification of a serum proteomic biomarker panel using diagnosis specific ensemble learning and symptoms for early
pancreatic cancer detection. PLoS Comput. Biol. 2024, 20, e1012408. [CrossRef] [PubMed]

https://doi.org/10.3390/cancers18091389

https://doi.org/10.1016/j.eururo.2019.06.023
https://doi.org/10.1016/j.eururo.2020.03.035
https://doi.org/10.1007/s00330-020-07336-0
https://doi.org/10.1111/bju.14166
https://doi.org/10.1016/j.eururo.2013.03.025
https://doi.org/10.1016/j.eururo.2016.06.011
https://www.ncbi.nlm.nih.gov/pubmed/27349615
https://doi.org/10.1016/j.eururo.2021.05.001
https://www.ncbi.nlm.nih.gov/pubmed/34020828
https://doi.org/10.1038/s41391-018-0111-4
https://doi.org/10.1016/j.ejrad.2020.109095
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1007/s00330-019-06488-y
https://www.ncbi.nlm.nih.gov/pubmed/31776744
https://doi.org/10.1007/s00261-020-02678-1
https://doi.org/10.1016/j.ejrad.2019.03.010
https://doi.org/10.1002/jmri.27138
https://www.ncbi.nlm.nih.gov/pubmed/32181985
https://doi.org/10.1038/s41598-021-92341-6
https://doi.org/10.1007/s00330-021-08151-x
https://www.ncbi.nlm.nih.gov/pubmed/34255161
https://doi.org/10.1007/s00330-023-09438-x
https://doi.org/10.3390/cancers17223598
https://doi.org/10.1109/TNNLS.2020.2978386
https://doi.org/10.3390/s21144758
https://doi.org/10.3390/technologies13010013
https://doi.org/10.1371/journal.pcbi.1012408
https://www.ncbi.nlm.nih.gov/pubmed/39208354
https://doi.org/10.3390/cancers18091389


Cancers 2026, 18, 1389 16 of 16

36. Nené, N.R.; Ney, A.; Nazarenko, T.; Blyuss, O.; Johnston, H.E.; Whitwell, H.J.; Spicer, E.A.; Timms, J.F.; Gentry-Maharaj, A.;
Menon, U.; et al. Serum biomarker-based early detection of pancreatic ductal adenocarcinomas with ensemble learning. Commun.
Med. 2023, 3, 10. [CrossRef]

37. Sushentsev, N.; Caglic, I.; Sala, E.; Gnanapragasam, V.J.; Barrett, T. The effect of capped biparametric magnetic resonance imaging
slots on weekly prostate cancer imaging workload. Br. J. Radiol. 2020, 93, 20190931. [CrossRef]

38. Yushkevich, P.A.; Piven, J.; Hazlett, H.C.; Smith, R.G.; Ho, S.; Gee, J.C.; Gerig, G. User-guided 3D active contour segmentation of
anatomical structures: Significantly improved efficiency and reliability. NeuroImage 2006, 31, 1116–1128. [CrossRef]

39. van Griethuysen, J.J.M.; Fedorov, A.; Parmar, C.; Hosny, A.; Aucoin, N.; Narber, V.; Beets-Tan, R.G.H.; Fillion-Robin, J.-C.; Pieper,
S.; Aerts, H.J.W.L. Computational Radiomics System to Decode the Radiographic Phenotype. Cancer Res. 2017, 77, e104–e107.
[CrossRef]

40. Zwanenburg, A.; Vallières, M.; Abdalah, M.A.; Aerts, H.J.W.L.; Andrearczyk, V.; Apte, A.; Ashrafinia, S.; Bakas, S.; Beukinga, R.J.;
Boellaard, R.; et al. The Image Biomarker Standardization Initiative: Standardized Quantitative Radiomics for High-Throughput
Image-Based Phenotyping. Radiology 2020, 295, 328–338. [CrossRef] [PubMed]

41. Kipf, T.N.; Welling, M. Semi-Supervised Classification with Graph Convolutional Networks. In Proceedings of the International
Conference on Learning Representations (ICLR), Toulon, France, 24–26 April 2017.

42. Brody, S.; Alon, U.; Yahav, E. How Attentive are Graph Attention Networks? In Proceedings of the International Conference on
Learning Representations (ICLR), Virtual, 25–29 April 2022.

43. Akiba, T.; Sano, S.; Yanase, T.; Ohta, T.; Koyama, M. Optuna: A Next-generation Hyperparameter Optimization Framework. In
Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, Anchorage, AK, USA,
4–8 August 2019; pp. 2623–2631.

44. Ying, R.; Bourgeois, D.; You, J.; Zitnik, M.; Leskovec, J. GNNExplainer: Generating Explanations for Graph Neural Networks. In
Advances in Neural Information Processing Systems; Wallach, H., Larochelle, H., Beygelzimer, A., d’Alché-Buc, F., Fox, E., Garnett, R.,
Eds.; Curran Associates, Inc.: Red Hook, NY, USA, 2019; Volume 32.

45. Pepe, P.; Pepe, L.; Pennisi, M.; Fraggetta, F. Oncological Outcomes in Men with Favorable Intermediate Risk Prostate Cancer
Enrolled in Active Surveillance. In Vivo 2024, 38, 3. [CrossRef] [PubMed]

46. Rosa, E.; Vaccaro, M.; Placidi, E.; D’Andrea, M.L.; Liporace, F.; Natali, G.L.; Secinaro, A.; Napolitano, A. Quantum Neural
Networks in Magnetic Resonance Imaging: Advancing Diagnostic Precision Through Emerging Computational Paradigms.
Computers 2025, 14, 529. [CrossRef]

47. Da-ano, R.; Masson, I.; Lucia, F.; Le Rest, C.C.; Gesbert, D.; Lenoir, V.; Mathieu, R.; Fournier, G.; Bourbonne, G.; Visvikis, D.; et al.
Performance comparison of modified ComBat for harmonization of radiomic features for multicenter studies. Sci. Rep. 2020, 10,
10248. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/cancers18091389

https://doi.org/10.1038/s43856-023-00237-5
https://doi.org/10.1259/bjr.20190929
https://doi.org/10.1016/j.neuroimage.2006.01.015
https://doi.org/10.1158/0008-5472.CAN-17-0339
https://doi.org/10.1148/radiol.2020191145
https://www.ncbi.nlm.nih.gov/pubmed/32154773
https://doi.org/10.21873/invivo.13569
https://www.ncbi.nlm.nih.gov/pubmed/38688647
https://doi.org/10.3390/computers14120529
https://doi.org/10.1038/s41598-020-66110-w
https://www.ncbi.nlm.nih.gov/pubmed/32581221
https://doi.org/10.3390/cancers18091389

	Introduction 
	Materials and Methods 
	Study Cohort 
	MRI Acquisition and Radiomic Feature Extraction 
	Conventional Machine Learning Benchmarks 
	Synolitic Graph Neural Network Pipeline 
	Graph Sparsification 
	GNN Architectures and Hyperparameter Optimisation 
	Simplified SGNN and Evaluation Protocol 

	Results 
	Cohort Characteristics 
	Conventional Machine Learning Performance 
	SGNN with Full GNN Pipeline 
	Simplified SGNN and Overall Comparison 

	Discussion 
	Conclusions 
	References

