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Abstract

Background: Post-COVID-19 condition (PCC) affects many survivors, with evidence of
sex-specific differences in prevalence and symptom profiles. However, few prediction
studies have examined whether sex-stratified models improve prediction or generalize
across sexes. This study aimed primarily to develop and compare sex-stratified machine
learning models for PCC prediction using routinely available baseline variables, and sec-
ondarily to assess cross-sex generalizability and adversarial robustness. Methods: We
analyzed a prospective longitudinal cohort of 1006 adults hospitalized with COVID-19
at Sechenov University Hospital Network (Moscow, Russia). Demographics, smoking
status, and pre-existing comorbidities were extracted from medical records, and PCC status
was assessed at 6-month follow-up. Machine learning models—including classical algo-
rithms and graph-based neural networks—were trained separately for males and females.
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Cross-sex validation evaluated generalizability, variable importance aided interpretation,
and adversarial perturbations assessed model robustness. Results: PCC prevalence was
higher in females (53.9%) than males (39.1%). Overall predictive performance was modest
across all models, with AUC values ranging approximately 0.50-0.61. Graph-based models
achieved the highest discrimination, with the best AUC reaching approximately 0.61, while
classical approaches provided limited predictive value. Cross-sex validation showed minor
asymmetry: models trained on male data performed slightly better on female cases than
vice versa. Adversarial testing revealed sensitivity of all models to input perturbations.
Conclusions: Demographics and comorbidities alone provide insufficient information for
reliable PCC prediction. Modest sex-specific differences in model generalizability suggest
distinct, sex-associated PCC phenotypes, but richer multimodal data—including clinical
biomarkers, wearable-derived measures, and patient-reported outcomes—will be required
to develop clinically useful and equitable predictive models. Sex-stratified approaches
should be considered in future post-viral syndrome prediction studies.

Keywords: Post-COVID-19 Condition (PCC); sex-specific differences; predictive modeling;
longitudinal cohort

1. Introduction

A well-recognized challenge in predicting Post-COVID-19 Condition (PCC), com-
monly referred to as long COVID, is the significant difference in how it manifests between
sexes. The prevalence of PCC is difficult to estimate due to differences in the method-
ology applied, but some studies report that up to 70% of patients who were previously
hospitalized during their initial infection may face PCC in the future [1-3]. Importantly, a
growing body of observational data consistently demonstrates a female predominance in
PCC, with women approximately 1.5 to 2 times more likely than men to experience long-
term symptoms [4]. Sex-disaggregated analyses reveal that women and men frequently
experience distinct symptom phenotypes in PCC. Females more often report manifestations
such as fatigue, neuropsychiatric issues, headaches, joint pain, memory complaints, and
sleep disturbances, whereas males may present with differing patterns such as dyspnea or
executive dysfunction [5]. A comprehensive review found that females had significantly
higher odds of psychiatric, respiratory, musculoskeletal, neurological, dermatological, and
gastrointestinal long COVID symptoms compared to males [6]. The importance of sex-
disaggregated analysis is further highlighted by the unique risks observed in other viral
contexts. For instance, the Zika virus pandemic demonstrated how viral infections can
lead to distinct long-term outcomes, such as Congenital Zika Syndrome, which necessitates
specific genetic and clinical management strategies [7]. Furthermore, within the female pop-
ulation, symptomatic COVID-19 during pregnancy represents a unique physiological and
clinical state that carries significant risk factors and medicolegal implications, emphasizing
the need for nuanced data interpretation [8].

Most existing PCC prediction models have pooled men and women or treated sex only
as a covariate, and few have tested whether prediction transfers across sexes. This limitation
makes it unclear whether sex-specific modeling could improve predictive performance
or reveal differences in the relationships between baseline risk factors and later PCC.
The primary objective of this study was to develop and compare sex-stratified machine
learning models for predicting PCC at 6 months after hospitalization using routinely
available baseline demographic, smoking, and comorbidity variables. Secondary objectives
were to evaluate cross-sex generalizability and to assess model robustness to small input
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perturbations. We hypothesized that sex-stratified models might reveal differences in
predictive structure and generalizability, although overall discrimination would remain
modest because only a limited set of baseline variables was available. In addition, we
performed adversarial robustness testing [9,10] as a secondary analysis to evaluate the
stability of the developed models under small input perturbations.

2. Materials and Methods
2.1. Patient Cohort and Data Acquisition

We used data from the longitudinal prospective cohort of adults previously hospital-
ized with COVID-19 at Sechenov University Hospital Network (Moscow, Russia). Data
on demographics and pre-existing comorbidities were extracted from electronic medical
records and the local health information system, using the ISARIC WHO Clinical Char-
acterization protocol [11]. A series of follow-up interviews was conducted by a team of
trained medical students and physician residents through telephone interviews, with ques-
tionnaires filled using the Research Electronic Data Capture (REDCap) database [12,13].
We used the first follow-up interview series, with the average period between hospital
discharge and interview of 6 (+2) months.

This study was approved by the Sechenov University Local Ethics Committee on
22 April 2020 (protocol number 08-20, protocol amendment enabling serial follow-up of
the cohort was approved on 13 November 2020).

PCC definition was closely aligned with the WHO case definition, defined as the
presence of any symptom that began within three months post-hospital discharge and
persisted for a minimum of two months [14]. Reported symptoms may involve multiple
organ systems and commonly include fatigue, dyspnea, cognitive impairment, muscle or
joint pain, sleep disturbance, headache, and anxiety or depression, and are required to
have an impact on everyday functioning. Further details on the PCC definition can be
found in [15]. Symptom duration was calculated from the hospital discharge date due to
the lack of reliable medical records indicating the initial appearance of symptoms. Lack
of a recorded symptom during follow-up was interpreted as “no symptom”, therefore no
imputations were needed.

We included the following comorbidities, pre-existing at the moment of hospital-
ization: chronic cardiovascular disease (including coronary insufficiency, heart failure,
congenital heart defects, cardiomyopathy and rheumatic heart disease), revascularization
of peripheral or coronary arteries, arterial hypertension, chronic pulmonary diseases (in-
cluding chronic obstructive pulmonary diseases, i.e., chronic bronchitis, chronic obstructive
pulmonary disease, emphysema; cystic fibrosis, bronchiectasis, interstitial lung diseases,
pre-existing need for long-term oxygen therapy), asthma, chronic kidney disease, obesity
(assessed by a clinician, with an objective measurement of obesity, such as calculation
of the body mass index of 30 or more or measurement of abdominal girth), moderate
to severe liver disease (cirrhosis with portal hypertension, with or without bleeding, or
history of variceal bleeding), mild liver diseases (liver cirrhosis without portal hyperten-
sion, chronic hepatitis), chronic neurological diseases (cerebral palsy, multiple sclerosis,
motor neuron disease, muscular dystrophy, myasthenia gravis, Parkinson’s disease, stroke,
severe learning disabilities), malignancies (solid tumors or hematological malignancies
excluding malignancies in remission for at least 5 years with no evidence of current disease),
rheumatological diseases (inflammatory and degenerative diseases of connective tissue
structures including chronic arthropathies and arthritis, connective tissue diseases and
vasculitis). We included smoking status as a lifestyle variable, as well as age. These predic-
tors were selected because they were routinely available at baseline and could be extracted
consistently across the cohort, allowing a pragmatic low-burden model. The study was
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not designed as a fully optimized prediction model, and the restricted predictor set likely
limited discrimination. No imputation was performed for baseline predictors because the
analytic cohort was restricted to participants with complete baseline information on age,
smoking status, and comorbidities.

2.2. Sex-Stratified Machine Learning Protocol

To assess potential sex-related differences in predictive performance, we applied a
sex-stratified modeling strategy. In both symptomatic and asymptomatic settings, the
datasets were divided into male and female sub-cohorts. Within each sub-cohort, a 5-fold
cross-validation approach was used to evaluate model performance [16]. Variables un-
derwent z-score standardization, with scaling parameters derived exclusively from the
training folds within each 5-fold cross-validation split and subsequently applied to both the
corresponding training and test folds, to satisfy linear modeling assumptions and harmo-
nize variable scales [17]. No additional feature engineering or data-driven feature selection
was performed beyond the prespecified baseline variables and z-score standardization of
the continuous predictor.

Five supervised machine learning algorithms were evaluated for their predictive
performance: Logistic Regression, Decision Tree, Support Vector Machine (§VM), Random
Forest, and the Synolitic Graph Neural Network (SGNN) approach [18]. The SGNN method
was included as an exploratory approach to test whether graph-based representations of
interactions could improve discrimination from a sparse baseline feature set. The specific
configurations, hyperparameter tuning strategies, and cross-validation settings for each
algorithm are summarized in Appendix A.1.

Distinct models were trained on male-only and female-only training sets on the same
input features. The optimal hyperparameters were selected based on the highest mean
AUC across folds. This framework ensured fair and comparable performance assessment
across all algorithms.

To assess sex-related algorithmic bias, we designed a rigorous sex-stratified, 5-fold
cross-validation (CV) protocol that we applied in each setting separately:

1. The full dataset was first divided into male and female sub-cohorts.

2. Each sub-cohort (male, female) was independently partitioned into 5 matching folds.

3. Aseries of models was then trained. For each fold k (from 1 to 5): (a) a ‘female-trained’
model was trained on the 4 female folds (k # k), and (b) a “‘male-trained” model was
trained on the 4 male folds (k # k).

4.  These trained models were then validated on the held-out k-th folds in all four scenarios:
(a) f — f: female-trained model tested on female fold k, (b) f — m: female-trained
model tested on male fold k, (c) m — m: male-trained model tested on male fold k,
and (d) m — f: male-trained model tested on female fold k.

5. The final performance metrics (AUC, sensitivity, specificity) are the averaged results
from across all 5 folds.

Model generalizability was evaluated through four validation scenarios:

f — f: female-trained model tested on the female cohort (self-validation);
f — m: female-trained model tested on the male cohort (cross-validation);
m — m: male-trained model tested on the male cohort (self-validation);

m — f: male-trained model tested on the female cohort (cross-validation).

Diagnostic performance was quantified primarily using the Area Under the Receiver
Operating Characteristic Curve (AUC), supplemented by sensitivity and specificity metrics.
Additionally, positive and negative predictive values (PPV, NPV) were calculated for
varying prevalence values, and equalized odds differences were computed to assess sex-
specific fairness.
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For the purpose of this study, the terms ‘male” and ‘female’ refer to biological sex as
recorded in the original dataset. We use ‘sex-stratified” to describe the analytical framework
of training and evaluating separate models for each sex; ‘cross-sex validation” to describe
the evaluation of a model trained on one biological sex and tested on the other (e.g., m — f or
f — m), and “sex-specific’ to describe patterns, differences, or phenotypes attributable to or
associated with one sex. This study did not include data on gender identity or transgender
individuals, and ‘cross-sex’ should not be interpreted as a transition-related metric.

All analyses were conducted in R version 4.4.1 using the packages MASS, caret,
€1071, randomForest, xgboost, and neuralnet. Age, the only continuous predictor, was
standardized prior to model fitting. For the best-performing model, variable importance
was assessed using the total reduction in impurity via the varlmp function in R. Adversarial
robustness analysis was implemented in Python version 3.11.13 using the Adversarial
Robustness Toolbox [19,20].

2.3. Adversarial Robustness Testing

To assess the stability of our predictive models for potential clinical deployment, we
evaluated their robustness against adversarial attacks. This analysis examines how small,
controlled input perturbations—mimicking plausible laboratory measurement noise or pre-
analytical variability—affect predictive stability. We applied two types of attacks: (1) FGSM
(Fast Gradient Sign Method) with € = 0.1 as a mild, single-step attack [21], and (2) PGD
(Projected Gradient Descent) with ¢ = 0.3, step size = 0.01, 20 iterations as a strong, iterative
attack [22]. We evaluated adversarial robustness because clinical prediction models may be
sensitive to small input perturbations, and stability is important for potential deployment.

3. Results

In total, 1006 patients were successfully interviewed and included in the analysis. The
6-month follow-up interviews were conducted between 21 November 2020 and 10 October
2021. The overall prevalence of PCC 6 months after hospital discharge reached 46.6%, with
53.9% among females and 39.1% among males. Patients developing PCC were slightly
younger than those who did not develop PCC, with a median age of 55 years and 57 years,
respectively. The proportion of females was higher among patients with PCC (59%) than
among those without PCC (44%). The structure of comorbidities was relatively similar
in both. The most common comorbidities in both subsamples were arterial hypertension
(47% in the PCC subsample and 45% in non-PCC subsample), chronic cardiovascular
diseases and obesity (21% in the PCC subsample and 19% in non-PCC subsample), as well
as diabetes (16% in the PCC subsample and 14% in non-PCC subsample). Smoking was
slightly more common among patients without PCC (11%) than among those with PCC
(8.7%) (Table 1).

To examine the distribution of baseline characteristics by sex, we further analyzed
comorbidities, vaccination status, and clinical interventions (Table 2). Female patients
exhibited a significantly higher prevalence of several comorbidities compared to males,
most notably arterial hypertension (52.9% vs. 37.9%, p < 0.001), diabetes (17.6% vs. 11.7%,
p = 0.01), chronic neurological diseases (6.9% vs. 3.6%, p = 0.02), and rheumatological
diseases (3.9% vs. 3.0%, p = 0.02). However, no statistically significant sex-based differences
were observed in influenza or COVID-19 vaccination rates. Similarly, the requirement for
acute clinical support, including oxygen therapy, ICU admission, and various modes of
ventilation, was comparable between both groups (p > 0.05 for all).
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Table 1. Descriptive characteristics of PCC and non-PCC patients.
Characteristic No PCC PCC p-Value 2
N=5371 N=4691
Age 57 (47, 67) 55 (47, 64) 0.2
Sex at birth <0.001
female 235 (44%) 275 (59%)
male 302 (56%) 194 (41%)
Chronic cardiovascular diseases 101 (19%) 97 (21%) 0.5
Arterial hypertension 239 (44.5%) 219 (46.7%) 0.527
Revascularization of p.eripheral 32 (6.0%) 19 (41%) 0.2
and/or coronary arteries
Chronic pulmonary diseases 39 (7.3%) 40 (8.5%) 0.5
Asthma 23 (4.3%) 25 (5.3%) 0.4
Chronic kidney disease 26 (4.8%) 25 (5.3%) 0.7
Obesity 101 (19%) 97 (21%) 0.5
Moderate to severe liver disease 8 (1.5%) 2 (0.4%) 0.12
Mild liver diseases 11 (2.0%) 6 (1.3%) 0.3
Chronic neurological diseases 32 (6.0%) 21 (4.5%) 0.3
Malignancies 25 (4.7%) 17 (3.6%) 0.4
Diabetes 74 (14%) 74 (16%) 0.4
Rheumatological diseases 13 (2.4%) 14 (3.0%) 0.6
Smoking 58 (10.8%) 41 (8.7%) 0.3

1'n (%); Median (Q1, Q3). 2 Pearson’s Chi-squared test for categorical variables with any expected cell count above
or equal to 5; Wilcoxon rank sum test for continuous variables with two levels; Fisher’s exact test for categorical

variables with any expected cell count below 5.

Table 2. Sex-stratified baseline characteristics of the study population.

Characteristic Female Male p-Value 2
N=510"1 N =491
Chronic cardiovascular diseases 106 (20.8%) 92 (18.5%) 04
Arterial hypertension 270 (52.9%) 188 (37.9%) <0.001
Revascularization of p.eripheral 23 (4.5%) 28 (5.6%) 05
and/or coronary arteries
Chronic pulmonary diseases 36 (7.1%) 43 (8.7%) 04
Asthma 30 (5.9%) 18 (3.6%) 0.1
Chronic kidney disease 32 (6.3%) 19 (3.8%) 0.1
Obesity 109 (21.4%) 89 (17.9%) 0.2
Moderate to severe liver disease 7 (1.4%) 3(0.6%) 0.3
Mild liver diseases 8 (1.6%) 9 (1.8%) 0.8
Chronic neurological diseases 35 (6.9%) 18 (3.6%) 0.02
Malignancies 25 (4.9%) 17 (3.4%) 0.3
Diabetes 90 (17.6%) 58 (11.7%) 0.01
Rheumatological diseases 20 (3.9%) 7 (1.4%) 0.02
Influenza vaccination 96 (19.8%) 101 (20.9%) 0.7
COVID-19 vaccination 64 (12.9%) 68 (14.1%) 0.6
Oxygen therapy 177 (35.5%) 188 (38.5%) 0.4
Non-invasive ventilation 6 (1.2%) 6 (1.2%) 1
Invasive ventilation 2 (0.4%) 0 (0%) 0.5
ICU 13 (2.6%) 7 (1.4%) 0.3
Prone ventilation 71 (14.2%) 87 (17.9%) 0.1
Tracheostomy 3(0.6%) 0 (0%) 0.2
Vasopressor treatment 1 (0.2%) 0 (0%) 1

I'n (%). 2 Pearson’s Chi-squared test for categorical variables with any expected cell count above or equal to 5;
Fisher’s exact test for categorical variables with any expected cell count below 5.
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Table 3 presents a comparison between the best-performing SGNN model and classical
models. Across all evaluated algorithms, predictive performance was generally modest
(Tables 3 and A2), with most models achieving AUC values only slightly above random
classification (0.5). Because predictions were generated through fivefold cross-validation
with fold-level aggregation, patient-level predicted probabilities from a single held-out sam-
ple were not available, precluding the construction of individual ROC curves. Graph-based
neural network models (GCN and GATv2) demonstrated the highest discrimination, with
AUC values reaching up to 0.61 in some configurations. Classical machine learning models,
including logistic regression, decision trees, support vector machines, and random forests,
generally showed weaker performance, with AUC values close to random classification.

Table 3. Results of sex-stratified AI models.

Model Type Sparsity  SpecificationSensitivity Specificity AUC
GATv2 None f—f 0.542 0.638 0.582
Node feature = False f—-m 0.557 0.656 0.587
m—m 0.727 0.490 0.592

m — f 0.633 0.579 0.596

Logistic regression f—f 0.601 0.537 0.536
f—-m 0.728 0.463 0.566

m— m 0.63 0.577 0.569

m — f 0.584 0.591 0.562

Decision tree f—f 0.406 0.659 0.532
f—-m 0.395 0.691 0.543

m— m 0.816 0.214 0.515

m — f 0.811 0.217 0.514

SVM f—f 0.109 0.912 0.51
f—-m 0.078 0.942 0.51

m—m 0.946 0.028 0.487

m — f 0.933 0.07 0.501

Random forest f—f 0.331 0.687 0.509
f—-m 0.276 0.777 0.526

m—m 0.883 0.108 0.496

m — f 0.902 0.162 0.532

Lasso f—f 1 0 0.498
f—-m 0.995 0.007 0.501

m — m 1 0 0.496

m — f 0.81 0.191 0.501

The SGNN model showed moderate sensitivity to adversarial perturbations (Table 4).
Under FGSM (e = 0.1), the average AUC decreased from 0.589 to 0.503, approaching random
classification. Under PGD (e = 0.3), the reduction was smaller (AUC = 0.536).

Overall, the limited predictive performance observed across models suggests that age,
smoking status, and pre-existing comorbidities alone provide insufficient information to
reliably predict PCC after hospitalization.
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Table 4. GATv2 SGNN adversarial robustness results.
Model Type Sparsity Specification Clean AUC PGD AUC FGSM AUC
GATv2 None f—f 0.582 + 0.062 0.536 4 0.061 0.466 + 0.122
Node feature = False f—m 0.587 £ 0.064 0.524 + 0.042 0.504 £+ 0.035
m—m 0.592 £ 0.048 0.550 £ 0.058 0.525 £ 0.036
m — f 0.596 4+ 0.076 0.535 4+ 0.072 0.515 4+ 0.071
Average 0.589 0.536 0.503

4. Discussion

The primary aim of this study was to develop and compare sex-stratified machine
learning models for predicting PCC at 6 months after hospitalization using routinely avail-
able baseline variables. Despite applying a range of algorithms, predictive performance
remained modest, with most models achieving discrimination only slightly above random
classification (AUC = 0.55-0.60). These AUC values indicate limited discrimination and fall
below what would normally be expected for a clinically deployable prediction tool. Graph-
based neural network models achieved the highest AUC values, while classical approaches
such as logistic regression, decision trees, support vector machines, and random forests
demonstrated similarly limited performance. Our findings suggest that demographic and
comorbidity data alone are inadequate for PCC prediction. They are consistent with emerg-
ing PCC prediction work. Sudre et al. [23] achieved an AUC of 0.77 for predicting long
COVID, but performance depended heavily on first-week symptom counts rather than
pre-infection characteristics alone. Jayavelu et al. [24] reported AUROC values of 0.64-0.66
using baseline clinical and immunologic variables, a range comparable to our own models.
Fjelltveit et al. [25], using comprehensive pre-infection register data including healthcare
utilization and vaccination status, achieved an AUC of 0.78, suggesting that substantially
richer feature sets are required to move prediction beyond modest discrimination. Our
findings extend this literature by testing sex-stratified modeling and cross-sex general-
izability within a hospitalized cohort. While some differences were observed between
sexes, these could reflect model instability or limited feature sets rather than true biological
divergence. The results suggest that increasing model complexity did not overcome the
limited information content of the predictor set, and simpler interpretable approaches may
perform comparably in this setting. Future work should aim to integrate clinical biomarkers
(e.g., inflammatory markers like CRP, D-dimer), data from wearables (e.g., activity levels,
heart rate variability), and patient-reported outcome measures to build a more holistic and
predictive model of PCC.

The observed sex-related differences are hypothesis-generating rather than definitive
evidence of distinct biological phenotypes. They may reflect true sex-related differences, but
they may also be explained by sampling variability, limited predictors, or model instability.
When trained on female data, both decision tree and random forest models performed
worse in predicting outcomes among males, whereas male-trained models performed
slightly better when applied to female datasets. This asymmetry may reflect sex-specific
pathophysiological or behavioral differences in PCC development, although it could also
arise from model instability or the limited set of predictors available in this study. A critical
dimension of this asymmetry may involve the psychological implications of PCC. Females
in our study reported a higher prevalence of neuropsychiatric symptoms, which aligns
with broader evidence of the significant psychological burden associated with post-viral
recovery. Addressing these implications including how mental health intersects with phys-
ical symptoms and patient-reported outcomes is essential for understanding the holistic
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risk profile of patients and improving the predictive power of future AI models. These
findings highlight the importance of considering demographic variables such as sex when
developing clinical Al models, as pooling heterogeneous populations may obscure mean-
ingful differences in model behavior across subgroups. Our findings may have implications
beyond PCC, suggesting that sex-stratified modeling should be a primary consideration in
the development of predictive tools for other complex, heterogeneous conditions where
sex-specific pathophysiology is suspected, such as in autoimmune disorders or ME/CFS.

Our findings have several implications. First, they suggest that demographic and co-
morbidity variables, while important for characterizing patient populations, are insufficient
standalone predictors for PCC risk. More granular data—including clinical biomarkers, im-
munological profiles, radiological findings, wearable-derived measures, and psychosocial
indicators—are likely required. Second, the observed sex asymmetry in model general-
izability highlights the need for sex-sensitive approaches in PCC research, with careful
attention to potential biological and sociocultural differences. Furthermore, the clinical
landscape of post-viral conditions is influenced by external behavioral and systemic fac-
tors. For example, factors such as vaccine acceptance among high-risk groups, including
pregnant women, play a crucial role in shaping long-term immunity and outcomes [26].
Additionally, shifts in obstetric and gynecological hospitalizations during pandemic-related
restrictive measures suggest that healthcare-seeking behaviors and system pressures may
indirectly impact the recovery and diagnosis of PCC in women [27]. Third, the limited
robustness of models underscores the importance of incorporating adversarial validation
into clinical machine learning studies, as apparent predictive success on observational data
may not translate into reliable performance in more diverse or perturbed contexts.

This study has limitations. The sample consisted of patients hospitalized during the
first wave of COVID-19 in Moscow, which may not generalize to later variants or to patients
with milder acute disease. PCC was assessed through telephone follow-up, which, while
practical, may be subject to recall bias and misclassification. The restricted set of predictors
also means that important acute-phase determinants of PCC may have been omitted,
which likely limited predictive performance. Absence of a recorded symptom at follow-up
was treated as absence of that symptom. Although this approach may under-ascertain
symptoms occurring outside the follow-up window, interviews were comprehensive and
consistently administered, making this assumption reasonable for the purposes of the
present analysis.

We intentionally adopted a sex-stratified modeling framework rather than including
sex as a covariate in a pooled model, as this approach allows for differences in model
structure and predictor importance between sexes to emerge more clearly.

In conclusion, demographics and comorbidity variables alone do not provide a clin-
ically useful prediction of PCC. The observed sex-related differences are insufficient to
confirm distinct sex-specific phenotypes and should be treated as hypothesis-generating.
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Appendix A
Appendix A.1

The implementation details, including architectural parameters and tuning protocols
for the suite of machine learning approaches used in this analysis, are delineated below.

e Logistic Regression (LR): Implemented in both standard and L1-regularized (LASSO)
forms to assess linear model performance with and without regularization.

e  Decision Tree (DT): Models were fit using a cost-complexity pruning strategy. Trees
were initially grown with relaxed constraints (complexity parameter cp = 0) to
capture potential non-linear interactions, followed by post-pruning to the optimal
cp value that minimized cross-validation error, thereby ensuring model stability and
preventing overfitting.

e  Support Vector Machine (SVM): Models were trained using a radial basis function
(RBF) kernel (kernel = tradial’) to effectively model non-linear decision boundaries.
Hyperparameter tuning was performed via grid search over both the regularization
parameter (C) and the kernel coefficient (7y) using 5-fold cross-validation within the
training set.
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Random Forest (RF): Models were fit with 500 trees (ntree = 500). To optimize
performance, the number of variables considered at each split (mtry) was tuned using
the tuneRF function, which selects the optimal value based on the minimization of
Out-of-Bag (OOB) error estimates.

Synolitic Graph Neural Network (SGNN): For each patient sample, a weighted graph
is constructed where nodes represent variables. Edge weights between nodes i and j
are determined by the probability output of a Support Vector Machine (SVM) classifier
trained on those two features:

wl-]- = P(PCC‘JCZ', X])
Four graph sparsification strategies have been evaluated:

No sparsification: All edges retained;

Sparsify p = 0.2: Keep top 20% of edges ranked by |wi]- —-05
Sparsify p = 0.8: Keep top 80% of edges ranked by |wi]- —-05
Minimum connected: Remove edges while maintaining graph connectivity.

7

7

Together with two node feature configurations:

Basic features: Standardized variable values only;

Graph-based features: Standardized values plus node degree, weighted degree
(strength), closeness centrality, and betweenness centrality.

The Graph Convolutional Network (GCN) architecture consists of:

Two GCN layers with 32 hidden channels each;

LeakyReLU activation, batch normalization, and dropout (0.3);

Global mean pooling for graph-level representation;

Linear classifier for binary classification.

The model was trained using the AdamW optimizer with a learning rate of 0.001 and

weight decay of 104, with early stopping (patience = 15) based on validation AUC.

Table Al. Summary of machine learning model configurations.

Model Type

Key Hyperparameters Tuning Strategy Cross-Validation Settings

Logistic Regression

L1 penalty for Standard coefficients;

5-fold stratified CV

(Standard & L1) regularized variant L1 assessed for stability
Decision Tree (DT) Complexity parameter (cp) %Zzte-;ﬁpﬁﬁgsﬁ?\); 2?;2? 5-fold stratified CV
Support Vector Machine Radial Basis Function (RBF) . 5-fold inner CV for tuning;
(SVM) kernel; C and v Grid search over Cand y 5-fold outer CV for testing
Random Forest (RF) ntree = 500; mtry mtry optimized via tuneRF to 5-fold stratified CV

minimize OOB error

Appendix A.2

The performance of all SGNN configurations is shown below.

Table A2. Results of sex specific SGNN models.

Model Type Sparsity Specification Sensitivity  Specificity AUC
GCN None f—f 0.785 0.421 0.562

Node feature = True f—>m 0.531 0.669 0.580
m—m 0.634 0.569 0.578

m — f 0.516 0.677 0.578
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Table A2. Cont.
Model Type Sparsity Specification Sensitivity  Specificity AUC
p=02 f—f 0.680 0.557 0.576
f—m 0.610 0.587 0.589
m—m 0.491 0.729 0.567
m — f 0.607 0.634 0.553
p=05 f—f 0.702 0.430 0.526
f—m 0.572 0.659 0.590
m—m 0.557 0.620 0.567
m — f 0.495 0.711 0.587
p=038 f—f 0.604 0.591 0.569
f—m 0.602 0.598 0.572
m—m 0.444 0.766 0.576
m — f 0.520 0.630 0.551
GCN None f—1 0.647 0.553 0.583
Node feature = False f—m 0.708 0.468 0.542
m—m 0.640 0.554 0.568
m — f 0.604 0.609 0.591
p=02 f—f 0.691 0.502 0.570
f—m 0.552 0.672 0.586
m—m 0.726 0.443 0.558
m — f 0.604 0.587 0.586
p=05 f—f 0.756 0.400 0.543
f—m 0.577 0.636 0.575
m—m 0.594 0.594 0.559
m — f 0.618 0.562 0.562
p=038 f—f 0.589 0.643 0.605
f—m 0.696 0.495 0.567
m—m 0.625 0.548 0.538
m — f 0.400 0.783 0.568
GATv2 None f—f 0.538 0.698 0.584
Node feature = True f—m 0.718 0.530 0.582
m—m 0.737 0.443 0.574
m — f 0.680 0.536 0.601
p=02 f—f 0.644 0.557 0.574
f—m 0.685 0.496 0.571
m—m 0.661 0.570 0.595
m — f 0.669 0.536 0.589
p=05 f—f 0.491 0.740 0.615
f—m 0.551 0.636 0.579
m—m 0.409 0.775 0.553
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Table A2. Cont.

Model Type Sparsity Specification Sensitivity  Specificity AUC

m — f 0.455 0.728 0.570

p=0.8 f—f 0.436 0.757 0.581

p=0.8 f—f 0.589 0.643 0.605

f—-m 0.696 0.495 0.567

m— m 0.625 0.548 0.538

m — f 0.400 0.783 0.568

GATv2 None f—f 0.538 0.698 0.584

Node feature = True f—-m 0.718 0.530 0.582

m— m 0.737 0.443 0.574

m — f 0.680 0.536 0.601

p=02 f—f 0.644 0.557 0.574

f—m 0.685 0.496 0.571

m — m 0.661 0.570 0.595

m — f 0.669 0.536 0.589

p=05 f—f 0.491 0.740 0.615

f—-m 0.551 0.636 0.579

m—m 0.409 0.775 0.553

m — f 0.455 0.728 0.570

p=0.8 f—f 0.436 0.757 0.581

f—-m 0.511 0.670 0.575

m— m 0.490 0.703 0.578

f—f 0.698 0.489 0.570

GATv2 None f—f 0.542 0.638 0.582

Node feature = False f—m 0.557 0.656 0.587

m — m 0.727 0.490 0.592

m — f 0.633 0.579 0.596

p=02 f—f 0.527 0.643 0.558

f—>m 0.742 0.426 0.575

m—m 0.701 0.530 0.604

m — f 0.578 0.647 0.595

p=05 f—f 0.596 0.609 0.588

f—-m 0.531 0.650 0.571

m— m 0.480 0.716 0.574

m — f 0.524 0.664 0.577

p=0.8 f—f 0.727 0.362 0.493

f—m 0.423 0.748 0.563

m — m 0.531 0.656 0.568

f—f 0.582 0.651 0.607
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