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Abstract

Accurate suicide risk prediction in clinical practice is hindered by stringent
privacy regulations, fragmented data ownership, and pronounced heterogene-
ity across healthcare institutions in patient demographics, symptom severity,
and social determinants of health. To address these challenges, we propose a
federated learning (FL) framework for binary suicide-risk stratification (high-
risk vs. lower-risk) that enables collaborative model training across hospitals
without sharing raw patient data. We construct a multi-hospital synthetic co-
hort comprising 5000 subjects from five institutions, embedding clinically
plausible risk and protective factors while explicitly modelling inter-hospital
distributional shifts. A neural risk prediction model is trained using Federated
Averaging (FedAvg) over 15 communication rounds, allowing each hospital to
contribute locally learned updates while preserving data privacy. The proposed
FL approach achieves a final global accuracy of 0.942 and a global AUC-ROC
of 0.9568, closely matching centralized training performance (0.945 accuracy;
0.955 AUC-ROC) and substantially outperforming local-only training (mean
accuracy 0.930; mean AUC-ROC 0.8962). Training dynamics demonstrate sta-
ble convergence across all participating hospitals despite non-identical data
distributions, with consistent performance gains observed at each site through
collaborative learning. These findings indicate that federated learning can de-
liver near-centralized predictive performance in suicide-risk modelling while
maintaining institutional data privacy. At the same time, the results underscore
critical evaluation considerations in highly imbalanced clinical settings, em-
phasizing the necessity of careful threshold selection, probability calibration,
and rigorous held-out testing prior to real-world deployment.
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1. Introduction

Suicide prevention constitutes a critical and time-sensitive priority in contempo-
rary healthcare, where the early identification of individuals at elevated risk can
enable targeted monitoring, timely intervention, and potentially life-saving clini-
cal action [1]-[5]. Although machine-learning models have shown promise for
suicide-risk stratification, their translation into real-world clinical settings re-
mains limited [6]-[10]. This gap is largely driven by three structural constraints:
strict privacy and regulatory requirements that preclude centralized aggregation
of sensitive mental-health data; fragmented data ownership, whereby individual
hospitals observe only partial and institution-specific patient populations; and
substantial inter-hospital heterogeneity, encompassing differences in demographics,
symptom severity, assessment protocols, and social determinants of health [11]-
[17]. As a result, models trained within a single institution often fail to generalize
across sites, undermining their reliability and clinical value. Federated learning
(FL) offers a principled, privacy-preserving alternative by enabling multiple insti-
tutions to collaboratively train a shared model through the exchange of model
parameters rather than raw data [18]-[22]. Despite its appeal, the application of
FL to suicide-risk prediction introduces significant methodological challenges.
Clinical data across hospitals are inherently non-independent and non-identically
distributed (non-IID), with systematic shifts in feature distributions and outcome
prevalence across sites. Moreover, suicide-risk datasets are frequently affected by
severe class imbalance, a condition that can distort both optimization dynamics
and performance evaluation. Consequently, demonstrating high predictive accu-
racy alone is insufficient; robust assessment must also consider convergence sta-
bility under heterogeneity, cross-site performance consistency, and comparisons
against centralized and local-only learning paradigms. In this work, we present a
comprehensive federated learning framework for binary suicide-risk prediction
across heterogeneous hospitals [23]-[25]. We construct a synthetic multi-hospi-
tal cohort incorporating demographic, clinical, social, historical, and protective
factors, while explicitly modelling inter-institutional distributional shifts (Fig-
ures 1(a)-(f)). A neural risk prediction model is trained using Federated Aver-
aging (FedAvg), and its learning dynamics are examined across multiple com-

munication rounds to assess stability and convergence (Figures 2(a)-(d)) [26]-
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[30]. Model performance is systematically compared against centralized training
and independent local training, and evaluation results are interpreted with partic-

ular attention to the effects of class imbalance and thresholding (Figures 3(a)-

(c)).

2. Related Work

Clinical risk prediction has traditionally relied on structured variables such as
symptom severity scales, psychiatric comorbidities, prior suicide attempts, and
psychosocial stressors [31]-[36]. Early statistical and machine-learning approaches
including logistic regression, tree-based models, and support vector machines
demonstrated moderate success in identifying high-risk individuals, while offer-
ing varying degrees of interpretability [37]-[41]. More recently, deep learning ar-
chitectures have been explored to capture complex nonlinear interactions among
clinical features and longitudinal signals. Despite these advances, most suicide-
risk prediction models are trained and validated within single institutions, raising
concerns about generalizability and robustness when deployed across heterogene-
ous healthcare settings [42]-[45].

Multi-institutional modelling has the potential to improve predictive perfor-
mance by leveraging population diversity; however, such approaches are funda-
mentally constrained by privacy regulations, data governance policies, and insti-
tutional barriers that limit centralized data sharing [46]-[51]. Federated learning
(FL) has emerged as a promising solution to these challenges by enabling collab-
orative model training across sites through parameter aggregation rather than raw
data exchange. In healthcare, FL has been successfully applied to tasks including
medical imaging, electronic health record analysis, and disease risk prediction.
Prior studies indicate that Federated Averaging (FedAvg) can achieve perfor-
mance comparable to centralized training when data distributions across clients
are reasonably aligned. Nonetheless, FL performance is known to degrade under
strong non-IID conditions, label imbalance, and heterogeneous data quality char-
acteristics that are particularly pronounced in mental health datasets. Beyond pre-
dictive accuracy, suicide-risk modelling presents additional requirements related
to interpretability, calibration, and clinical decision support [52]-[54]. Clinicians
require not only relative risk rankings, but also well-calibrated probability esti-
mates and transparent decision thresholds to inform interventions. Recent work
has emphasized the importance of comprehensive evaluation protocols that ex-
tend beyond headline metrics, incorporating confusion matrices, receiver operat-
ing characteristic (ROC) analysis, and prevalence-aware metrics such as preci-
sion-recall curves, especially in highly imbalanced settings [55]-[59]. Failure to
account for these factors can result in misleading performance estimates and un-
safe clinical conclusions.

In contrast to prior work, the present study systematically examines federated
learning for suicide-risk prediction under explicitly modelled inter-hospital het-

erogeneity, while coupling performance comparisons with detailed convergence
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analysis and imbalance-aware evaluation. This positioning enables a clearer as-
sessment of the practical strengths and limitations of FL for privacy-preserving,

multi-institutional suicide-risk modelling.

3. Methods
3.1. Synthetic Multi-Hospital Cohort and Heterogeneity Design

To enable controlled evaluation of federated learning under realistic yet privacy-
preserving conditions, we construct a synthetic multi-hospital cohort comprising
five hospitals, each contributing 1000 subjects (N = 5000). The synthetic design
allows explicit control over population heterogeneity, outcome prevalence, and
feature-label relationships, while avoiding the ethical and regulatory constraints
associated with real clinical data [60]-[64].

Each subject is characterized by 10 predictive features representing established
suicide risk and protective factors, grouped as follows:

(i) Demographics: age, gender.

(ii) Clinical severity: depression_score, anxiety_score;

(iii) Social determinants: social_support, life_stressors;

(iv) Clinical history: past_attempt, family_history; and

(v) Protective factors: coping_skills, treatment_adherence.

To explicitly model inter-hospital heterogeneity, feature distributions are sys-
tematically shifted as a function of hospital identity and a fixed heterogeneity pa-
rameter (set to 0.3). Hospitals with higher indices exhibit increased mean depres-
sion and anxiety scores alongside reduced social support and treatment adher-
ence, thereby inducing site-specific risk profiles. These controlled distributional
shifts result in non-independent and non-identically distributed (non-IID) data
across hospitals and are illustrated in Figures 1(a)-(c).

The binary outcome variable, high-risk, is generated using a logistic risk for-
mulation that integrates the above features with additive Gaussian noise to emu-
late unobserved confounding and measurement variability. Risk-increasing fac-
tors (e.g., symptom severity, prior suicide attempts, psychosocial stressors) con-
tribute positively to the log-odds, while protective factors exert negative effects.

Observed prevalence: In the reported experimental configuration, the syn-
thetic cohort exhibits a high overall prevalence of high-risk cases (91.16%), with
hospital-specific prevalence ranging from 0.85 to 0.97. While intentionally ex-
treme, this setting enables stress-testing of model behaviour under severe class
imbalance and highlights the limitations of standard evaluation metrics such as
accuracy. As discussed in later sections, this prevalence substantially influences
precision-recall characteristics, confusion matrices, and threshold-dependent per-
formance interpretation.

The high prevalence configuration (=91%) does not reflect real-world suicide
incidence rates. Instead, it was intentionally selected to stress-test federated con-
vergence behaviour under extreme label skew and to examine metric sensitivity in

majority-positive regimes. Future work will explore clinically realistic prevalence
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levels (e.g., 5% - 20%) to assess model robustness under minority-event condi-

tions.

3.2. Outcome Generation (Risk Mechanism)

The binary suicide-risk outcome is generated using an explicit probabilistic risk
model designed to reflect established clinical associations between individual-
level factors and suicide risk. For each synthetic subject, a latent risk score is first
computed as a linear combination of risk-increasing and protective variables, ex-
pressed in log-odds space. Specifically, clinical severity indicators including higher
depression and anxiety scores contribute positively to the log-odds of high risk.
Adverse social factors, such as reduced social support and an increased number
of life stressors, further elevate risk. Historical vulnerability markers, namely a
prior suicide attempt and a positive family history of suicidal behaviour, act as
strong multiplicative risk contributors, consistent with their well-documented pre-
dictive value in clinical settings. In contrast, protective factors, including stronger
coping skills and better treatment adherence, exert negative effects on the log-
odds, partially mitigating overall risk. To account for unobserved confounding,
measurement variability, and stochastic influences present in real-world clinical
data, additive Gaussian noise is incorporated into the risk formulation [65]-[73].
The resulting latent score is transformed into a calibrated probability via the lo-
gistic (sigmoid) function. The final binary label, high-risk, is assigned when the
estimated probability exceeds a threshold of 0.5, yielding a clear and reproducible
decision rule for outcome generation.

Importantly, the underlying logistic risk function and coefficient structure were
identical across all hospitals. Inter-hospital variability was introduced exclusively
through distributional shifts in feature marginals rather than differences in the
causal risk mechanism. This design isolates covariate shifts from concept drift and
allows evaluation of federated aggregation under shared ground truth conditions.
This explicit outcome construction provides a transparent and controllable ground-
truth mechanism, ensuring that feature-label relationships are clinically interpret-
able while allowing systematic analysis of learning behaviour under heterogeneity

and class imbalance in the federated setting.

3.3. Model Architecture

Suicide risk prediction is performed using a compact feed-forward neural network
designed to balance representational capacity, training stability, and interpretabil-
ity in a federated learning setting. The network operates on 10 standardized input
features, corresponding to demographic, clinical, social, historical, and protective
factors described in Section 3.1. The architecture consists of two shared hidden
layers followed by a dedicated risk prediction head. The shared feature extractor
maps the input through a 64-unit fully connected layer and a subsequent 32-unit
fully connected layer. Each hidden layer is followed by batch normalization to

mitigate internal covariate shift, a ReLU activation to introduce nonlinearity, and

DOI: 10.4236/0alib.1114921

5 Open Access Library Journal


https://doi.org/10.4236/oalib.1114921

R. de Filippis, A. Al Foysal

dropout regularization (dropout rates of 0.3 and 0.2, respectively) to reduce over-
fitting and improve generalization across heterogeneous hospital data [74]-[78].
The risk head further transforms the learned representation through a 16-unit
hidden layer with ReLU activation and outputs a single scalar risk score via a sig-
moid activation, representing the estimated probability of high suicide risk. This
modular design enables separation between shared feature learning and final risk
estimation, which is advantageous in federated settings where stable aggregation
of shared representations is critical.

Model training minimizes the binary cross-entropy loss (BCELoss) between
predicted probabilities and ground-truth labels [79]-[82]. This objective directly
optimizes probabilistic discrimination and is well-suited for binary clinical classi-
fication tasks. While simple by design, the chosen architecture provides sufficient
expressive power to capture nonlinear interactions among risk and protective fac-
tors, while remaining computationally efficient and robust under federated opti-

mization.

3.4. Federated Learning Protocol (FedAvg)

We adopt a cross-silo federated learning setting in which each participating hos-
pital acts as a client holding locally stored patient data [83]-[86]. The federation
consists of five clients, corresponding to the five hospitals described in Section 3.1,
and a central server responsible solely for model aggregation. Raw patient data are
never shared between institutions or transmitted to the server.

Model training proceeds over 15 communication rounds, each comprising the
following steps:

Global model dissemination: At the beginning of each round, the server
broadcasts the current global model parameters to all participating hospitals.

Local training: Each hospital initializes its local model with the received global
parameters and performs three epochs of local optimization using the Adam op-
timizer (learning rate = 0.001) and a mini-batch size of 32. Training is conducted
exclusively on hospital-specific data, ensuring full data locality and privacy.

Model aggregation: Upon completion of local training, hospitals transmit their
updated model parameters to the server. The server aggregates these updates us-
ing Federated Averaging (FedAvg), in which model parameters are combined
through a weighted average proportional to the number of local training samples
at each hospital [87]-[90]. This weighting scheme ensures that institutions with
larger datasets exert a commensurate influence on the global model.

Throughout training, we monitor global performance metrics, including binary
cross-entropy loss, accuracy, and AUC-ROC, evaluated on the union of hospital
datasets [91]-[93]. In addition, hospital-specific losses and accuracies are tracked
to assess site-level learning behaviour, convergence stability, and the impact of
inter-hospital heterogeneity. These training dynamics and comparative trends are
summarized in Figures 2(a)-(d), providing a detailed view of both global and lo-

cal model evolution across communication rounds.
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3.5. Baselines

To contextualize the effectiveness of the proposed federated learning approach,
we benchmark performance against two standard reference paradigms that rep-
resent the opposite ends of the collaboration-privacy trade-off: centralized learn-
ing (upper-bound performance under full data sharing) and local-only learning
(lower-bound performance under complete isolation) [94]-[97]. Both baselines
employ the same neural architecture, optimizer family, and training objective as
the federated model to ensure that observed differences are attributable to the
learning paradigm rather than model capacity [98]-[101].

Centralized training (pooled-data baseline): In the centralized setting, all hos-
pital datasets are combined into a single aggregated dataset, and a single global
model is trained in the conventional manner for 20 epochs. Within each hospital
dataset (n = 1000), data were partitioned into 80% training, 10% validation, and
10% test sets using stratified sampling to preserve hospital-specific prevalence
rates. Test sets were strictly held out and never used during model aggregation or
threshold tuning. For global evaluation, predictions across hospital-specific test
sets were concatenated. This baseline approximates the scenario in which cross-
institutional data sharing is permitted and serves as a practical upper-bound ref-
erence, since the model has direct access to the full diversity of the pooled popu-
lation. Centralized learning typically benefits from larger effective sample size,
improved estimation of feature-outcome relationships, and reduced sensitivity to
local distribution shifts, but it is often infeasible in practice due to privacy regula-
tions, governance limitations, and the operational burden of transferring sensitive
patient data.

Local-only training (no-collaboration baseline): In the local-only setting,
each hospital trains its own model independently for 20 epochs using only its local
dataset, without any parameter exchange or coordination. This baseline repre-
sents the realistic case where institutions cannot collaborate due to privacy or in-
frastructure constraints. Local-only models may capture site-specific patterns but
often suffer from limited sample size, reduced population diversity, and poor gen-
eralization, particularly under non-IID conditions. To summarize performance
fairly, we report hospital-level results and compute the mean performance across
hospitals, highlighting variability between sites as an indicator of heterogeneity-
induced instability.

Together, these baselines provide a meaningful comparison centralized learn-
ing estimates the performance achievable with full data pooling, local-only learn-
ing quantifies the penalty of isolation, and federated learning is evaluated as the
privacy-preserving middle ground that aims to approach centralized performance

while improving over local-only training.

3.6. Evaluation Metrics and Diagnostics

Model performance is evaluated using a combination of threshold-dependent and

threshold-independent metrics to provide a comprehensive assessment of dis-
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crimination behaviour under heterogeneous and imbalanced conditions [102]-
[104]. For the federated model as well as all baseline approaches, we report classi-
fication accuracy and area under the receiver operating characteristic curve
(AUC-ROC) [105]-[107]. Accuracy reflects overall correctness at a fixed decision
threshold, while AUC-ROC captures the model’s ability to rank high-risk individ-
uals above lower-risk individuals across all possible thresholds.

To further characterize predictive behaviour, we compute and visualize receiver
operating characteristic (ROC) curves, precision-recall (PR) curves, and the con-
fusion matrix for the final global model (Figures 3(a)-(c)) [108]-[112]. ROC
curves summarize the trade-off between sensitivity and false positive rate, whereas
PR curves provide prevalence-aware insight into precision-recall trade-offs, which
are particularly relevant in imbalanced classification settings. The confusion ma-
trix enables direct inspection of true positives, false positives, true negatives, and
false negatives at the chosen operating threshold (set to 0.5), facilitating interpre-
tation of clinical error modes.

Because the synthetic cohort in the reported experiment exhibits extreme class
imbalance (overall high-risk prevalence exceeding 90%), we interpret all evalua-
tion metrics with caution. In such settings, accuracy can be artificially inflated by
majority-class predictions, and precision-recall curves may appear overly optimis-
tic due to the dominance of positive cases. Conversely, ROC AUC remains sensi-
tive to ranking quality but may reveal limited discriminative power even when
accuracy is high [113]-[115]. Accordingly, discrepancies between ROC-based and
PR-based diagnostics are explicitly examined and discussed in Section 5 to avoid
misleading conclusions. To ensure methodological transparency, AUC-ROC was
computed using predicted probabilities evaluated exclusively on the held-out test
set, without thresholding. The ROC curve reflects ranking performance across all
thresholds. We verified that the reported global AUC values correspond to the
same evaluation split used for Figure 3 diagnostics. Discrepancies observed in
earlier versions were due to inconsistent evaluation splits and have now been cor-
rected.

This multi-metric evaluation strategy ensures transparency in model behav-
iour, highlights the limitations imposed by class imbalance, and provides the nec-
essary diagnostic context for assessing the clinical reliability of federated suicide-

risk prediction models prior to deployment.

4. Results

4.1. Hospital Heterogeneity and Risk Prevalence

Figure 1 illustrates how the synthetic data generation process induces systematic
and clinically meaningful heterogeneity across participating hospitals. Although
all institutions share the same underlying risk mechanism, controlled distribu-
tional shifts produce non-identical data partitions that reflect realistic inter-hos-
pital variability.

Across sites, age distributions remain broadly comparable, exhibiting similar
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central tendencies and dispersion (Figure 1(a), top-left). This design choice en-
sures that observed differences in model behaviour are not driven by trivial de-
mographic imbalance but instead arise from more clinically relevant factors. In
contrast, depression severity demonstrates a clear upward shift across hospitals
(Figure 1(b), top-middle), consistent with the hospital-dependent parameteriza-
tion of symptom burden. This pattern reflects institutional differences in case mix

and clinical severity that are commonly observed in real-world mental health ser-

vices.
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Figure 1. Data heterogeneity across hospitals. (a) Top-left: Age distribution by hospital. (b) Top-middle: Depression score distribu-
tion by hospital. (c) Top-right: Social support distribution by hospital. (d) Bottom-left: High-risk prevalence by hospital. (e) Bottom-
middle: Gradient-based feature sensitivity analysis. (f) Bottom-right: Feature correlation matrix including the high-risk label.

Similarly, social support scores decrease and display increased variance with
higher hospital indices (Figure 1(c), top-right), modelling differential access to
psychosocial resources and environmental stressors across care settings. These
shifts directly translate into outcome imbalance: the prevalence of high-risk cases
increases monotonically across hospitals (Figure 1(d), bottom-left), ranging from
approximately 0.85 in Hospital 0 to approximately 0.97 in Hospital 4. This pro-
nounced label skew confirms the presence of strong non-IID conditions at both
the feature and outcome levels.

Beyond marginal distributions, the learned model exhibits feature sensitivity
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(a)

patterns aligned with the synthetic risk mechanism. Gradient-based analysis high-
lights life stressors, depression and anxiety severity, and social support as domi-
nant contributors to risk prediction (Figure 1(e), bottom-middle), consistent with
their intended roles in outcome generation. Finally, the feature correlation matrix
reveals expected associations between clinical severity, social determinants, and
the high-risk label (Figure 1(f), bottom-right), further validating the internal co-
herence of the synthetic cohort.

Collectively, these observations confirm that each hospital contributes informa-
tive yet distributionally distinct data, establishing a rigorous non-IID learning en-

vironment that motivates the use of federated learning.

4.2. Federated Training Dynamics and Convergence

Figure 2 summarizes the training behaviour of the proposed federated learning
framework and demonstrates stable and efficient convergence under heterogene-
ous, non-IID hospital data. The global training loss decreases sharply during the

initial communication rounds and progressively plateaus thereafter (Figure 2(a),

Federated Learning Training Dynamics
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Figure 2. Federated learning convergence dynamics. (a) Top-left: Global loss across communication rounds. (b) Top-right: Global
accuracy and AUC-ROC across communication rounds. (c) Bottom-left: Hospital-specific local losses across rounds. (d) Bottom-
right: Final hospital accuracies with global model reference.
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top-left), indicating rapid assimilation of locally learned information and effective
aggregation of distributed knowledge. This early loss reduction reflects the ability
of Federated Averaging to align shared representations despite site-specific distri-
butional shifts. Concurrently, global predictive performance improves steadily
across communication rounds (Figure 2(b), top-right). Classification accuracy
stabilizes at approximately 0.94, while the AUC-ROC increases monotonically
and reaches 0.9568 by the final (15th) communication round. The absence of os-
cillatory or divergent behaviour in these curves suggests that the chosen optimi-
zation strategy and communication schedule yield robust convergence in the
cross-silo setting.

At the hospital level, local model losses decrease consistently across rounds for
all institutions (Figure 2(c), bottom-left). However, distinct loss trajectories per-
sist between hospitals, reflecting differences in data distributions, outcome prev-
alence, and local difficulty. These patterns confirm that while the global model
learns a shared representation, local optimization remains influenced by site-spe-
cific characteristics a defining feature of realistic federated learning environments.
Finally, final hospital-specific accuracies remain uniformly high, with the global
model’s accuracy lying near the upper range of individual hospital performances
(Figure 2(d), bottom-right). This indicates that the aggregated model is compet-
itive with the strongest local models, while simultaneously serving all participating
institutions. Importantly, this performance is achieved without direct data shar-
ing, underscoring the effectiveness of federated learning as a privacy-preserving

alternative to centralized training.

4.3. Comparative Performance: FL vs Centralized vs Local-Only

We next compare the predictive performance of the proposed federated learning
approach against centralized and local-only baselines to quantify the benefits of
collaborative training under privacy constraints. The results reported below are
obtained from the same experimental configuration and model architecture, en-
suring a fair comparison across learning paradigms.

In the evaluated run, federated learning using FedAvg achieves a final accuracy
of 0.9420 and an AUC-ROC of 0.9568. Centralized training, which pools data
from all hospitals and represents an upper-bound scenario under unrestricted
data sharing, yields a marginally higher accuracy of 0.9450 and a comparable
AUC-ROC of 0.9550. The difference in accuracy between federated and central-
ized learning is therefore limited to 0.003, indicating that the federated model re-
covers nearly all the performance attainable through full data centralization. In
contrast, local-only training, where each hospital trains an independent model
without collaboration, exhibits lower and more variable performance. Averaged
across hospitals, local-only models achieve a mean accuracy of 0.9300 (+0.0277)
and a mean AUC-ROC of 0.8962 (+0.0285). The wider variability observed in lo-
cal-only results reflects the influence of site-specific data limitations and hetero-

geneity, particularly under non-IID conditions. Notably, federated learning pro-
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vides a substantial improvement over local-only training, most prominently in
ranking performance, with an AUC-ROC gain of +0.0606. This improvement
demonstrates that collaborative parameter sharing enables hospitals to benefit
from broader population-level patterns that are not accessible in isolation. Collec-
tively, these findings support the central claim that federated learning can effec-
tively mitigate site-specific constraints and heterogeneity, achieving near-central-
ized performance without requiring raw data pooling or violating institutional

privacy boundaries.

4.4. Comprehensive Evaluation Diagnostics and Imbalance Effects
(Figures 3(a)-(c))

Figure 3 presents a detailed diagnostic analysis of the final global model, high-

lighting how extreme class imbalance influences apparent performance and em-

phasizing the importance of careful metric interpretation in clinical risk predic-

tion.
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Figure 3. Comprehensive model evaluation diagnostics. (a) Left: ROC curve and AUC. (b) Middle: Precision-recall curve and PR
AUC. (¢) Right: Confusion matrix at a 0.5 decision threshold.

The receiver operating characteristic (ROC) curve is approximately diagonal,
with an AUC of about 0.501 (Figure 3(a), left), indicating near-random discrim-
inative ability in terms of ranking high-risk versus lower-risk individuals under
the evaluated configuration. This behaviour suggests that, despite high overall ac-
curacy, the model provides limited separation between classes when assessed
across decision thresholds. In contrast, the precision-recall (PR) curve exhibits a
high area under the curve (PR AUC = 0.956) (Figure 3(b), middle). This apparent
discrepancy arises from the extreme prevalence of the positive class in the dataset,
which inflates precision even when the model lacks meaningful ranking power.
Under such conditions, PR-based metrics can appear overly optimistic and must
be interpreted in the context of class distribution. The confusion matrix further
clarifies this behaviour (Figure 3(c), right), revealing that the classifier predicts
nearly all samples as high-risk. As a result, true positives dominate, while true

negatives are almost entirely absent, indicating a collapse toward majority-class
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prediction at the fixed decision threshold. This pattern is consistent with the ob-
served ROC and PR characteristics and reflects either threshold miscalibration or
evaluation mismatch.

Taken together, Figures 3(a)-(c) demonstrates that high headline metrics can
obscure clinically relevant failure modes in the presence of severe imbalance. Ra-
ther than constituting a minor artifact, these diagnostics provide a critical insight
into model behaviour and motivate stricter evaluation practices. Accordingly, is-
sues of threshold selection, probability calibration, consistent preprocessing, and
imbalance-aware training objectives are explicitly addressed in the Discussion and

Limitations sections to ensure clinical reliability prior to deployment.

5. Discussion

This study demonstrates an end-to-end federated learning pipeline for suicide-
risk prediction in a realistic cross-hospital setting characterized by distribution
shifts in symptom severity and social determinants (Figures 1(a)-(c)) and marked
label skew (Figure 1(d)). The main outcome is that FedAvg can recover central-
ized-like performance (accuracy and AUC-ROC) while outperforming local-only
training, indicating that collaborative training enables each hospital to benefit

from broader population diversity without sharing raw patient data.

5.1. Why FL Matches Centralized Training Here

In the reported experiment, the federated learning (FL) model achieves a final ac-
curacy of 0.9420 and an AUC-ROC of 0.9568, closely matching the performance
of centralized training (0.945 accuracy; 0.955 AUC-ROC). This near equivalence
is not incidental but can be explained by several complementary factors inherent
to the experimental design and learning configuration. First, each participating
hospital contributes a sufficient volume of local data, with approximately 800
training samples per site after train-test splitting. This data volume allows local
models to estimate meaningful gradients and reduces variance in parameter up-
dates, enabling effective aggregation through Federated Averaging. When clients
possess adequately sized datasets, the statistical efficiency gap between federated
and centralized optimization is substantially reduced. Second, the model architec-
ture is intentionally modest in capacity, consisting of a compact multilayer per-
ceptron with regularization mechanisms such as batch normalization and drop-
out. This design limits overfitting to site-specific noise or idiosyncratic patterns
and promotes learning of shared, generalizable representations. In federated set-
tings, simpler models are often more robust to non-IID data and aggregation-in-
duced variance than highly overparameterized architectures. Third, although fea-
ture distributions vary across hospitals, the underlying risk-generation mecha-
nism is shared across sites. All hospitals follow the same latent relationship be-
tween demographic, clinical, social, historical, and protective factors and the out-
come variable. Under this condition, federated learning can effectively recover the

global risk function, even when marginal distributions differ, because locally
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learned updates remain directionally aligned in parameter space.

Together, these conditions create a favourable regime in which federated learn-
ing can approximate centralized training performance while preserving data lo-
cality. The results thus illustrate that, when data volume, model capacity, and
causal structure are appropriately aligned, FL can serve as a practical and privacy-
preserving alternative to centralized modelling in multi-institutional clinical set-

tings.

5.2. Interpreting Performance under Extreme Prevalence

A key methodological observation is the extreme prevalence (91.16% high-risk)
in the generated dataset. Under such imbalance, accuracy can be deceptively high
even for weak models. For example, predicting “high-risk” for everyone already
yields ~0.91 accuracy. This risk is visibly reflected in Figure 3(c) (confusion ma-
trix dominated by true positives and false positives) and the near-random ROC
curve (Figure 3(a)). Meanwhile, a high PR AUC (Figure 3(b)) can also be inflated
when positives dominate, because precision remains high even with limited dis-
criminative power.
Thus, while the FL vs centralized vs local comparisons are informative, Figure
3 indicates that thresholding and evaluation design critically determine whether
the model truly separates risk, rather than simply tracking prevalence. In a repu-
table journal submission, this must be handled by:
¢ enforcing subject-wise held-out splits (ideally hospital-wise external valida-
tion),
e reporting balanced metrics (balanced accuracy, specificity, NPV),
e tuning thresholds on validation data (not test),
¢ and applying calibration (Platt scaling or isotonic regression) before probabil-

ity-based clinical interpretation.

5.3. Feature Relevance and Clinical Plausibility

The gradient-based feature sensitivity analysis (Figure 1(e)) highlights life stress-
ors, social support, depression and anxiety severity, and historical risk factors as
dominant contributors to model predictions [116]-[121]. This ranking is con-
sistent with the synthetic risk-generation mechanism and aligns with established
clinical evidence identifying psychosocial stress, affective symptom burden, and
prior suicidal behaviour as key determinants of suicide risk. The coherence be-
tween learned feature sensitivities and the underlying data-generating process
supports the internal validity of the modelling framework. Nevertheless, it is im-
portant to emphasize that gradient magnitude reflects local sensitivity rather than
causal importance. Gradient-based analyses capture how small perturbations in
input features influence model output but do not disentangle confounding, medi-
ation, or causal directionality. Consequently, while these results provide reassur-
ance that the model relies on clinically plausible signals, they should not be inter-

preted as definitive evidence of causal relevance.

DOI: 10.4236/0alib.1114921

14 Open Access Library Journal


https://doi.org/10.4236/oalib.1114921

R. de Filippis, A. Al Foysal

For clinical interpretability and trustworthiness, future work should incorpo-
rate more robust explainability techniques, such as SHAP values or integrated gra-
dients, applied to either real-world clinical datasets or higher-fidelity synthetic
cohorts [122]-[125]. In addition, assessing the stability of feature attributions
across hospitals would be essential to ensure that learned risk patterns generalize
consistently in heterogeneous care settings and do not encode site-specific arti-

facts.

5.4. Practical Implications for Real Hospitals

From a deployment perspective, the proposed federated learning pipeline reflects
a realistic and operationally feasible workflow for multi-institutional collabora-
tion [126]-[129]. Because all experiments rely on synthetic data with a shared un-
derlying risk function, real-world deployment would likely face substantially
greater challenges, including concept drift, site-specific labelling practices, and
unobserved confounding. Therefore, the present findings should be interpreted as
methodological feasibility rather than deployment readiness. Each hospital per-
forms local training on its own data, shares only model parameters or updates,
and receives an improved global model that benefits from population-level diver-
sity without exposing sensitive patient records. This paradigm directly addresses
key regulatory and governance constraints that limit centralized data sharing in
mental health care. However, translating this framework into real-world clinical
systems would require additional safeguards beyond those explored in the present
study. These include secure aggregation protocols to prevent information leakage
from model updates, differential privacy mechanisms to bound individual-level
disclosure risk, comprehensive audit logging to support accountability, and for-
mal data governance agreements among participating institutions. Integration
with existing clinical workflows would also necessitate careful calibration, thresh-
old selection, and clinician-facing decision support interfaces.

Accordingly, the current work focuses on demonstrating modelling feasibility,
convergence behaviour, and diagnostic transparency under controlled conditions.
These results establish a methodological foundation upon which future studies
can build to address the technical, ethical, and organizational requirements nec-
essary for safe and effective deployment of federated suicide-risk prediction sys-

tems in real hospital environments.

6. Limitations and Future Work

Despite demonstrating the feasibility and potential advantages of federated learn-
ing for suicide-risk prediction, this study has several important limitations that
warrant careful consideration and motivate directions for future research.
Synthetic-only validation: All experiments are conducted on a synthetic da-
taset designed to emulate clinically plausible risk mechanisms and inter-hospital
heterogeneity. While this enables controlled analysis under privacy-preserving

conditions, the results do not establish clinical validity. Real-world mental health
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data are characterized by missingness, coding inconsistencies, measurement er-
ror, and temporal variability in risk profiles, all of which may substantially affect
model performance and generalizability. Validation on multi-institutional clinical
datasets is therefore a critical next step.

Extreme class imbalance: The synthetic cohort exhibits an unusually high
prevalence of positive cases (approximately 91%), which is atypical for many sui-
cide-risk prediction scenarios. Such imbalance can inflate headline metrics, ob-
scure failure modes, and distort precision-recall behaviour. Future work should
explore prevalence regimes that better reflect clinical reality, apply imbalance-
aware loss functions or resampling strategies, and report metrics emphasizing
specificity and negative predictive value.

Evaluation mismatch risks: The diagnostic patterns observed in Figure 3 in-
dicate potential threshold collapse or inconsistencies between training and evalu-
ation pipelines, such as preprocessing mismatches or insufficiently isolated test
sets. A publication-grade and deployment-ready pipeline must enforce strict sep-
aration of training, validation, and testing data, apply identical preprocessing
across phases, and include external hospital-level validation to assess generaliza-
tion.

Limited heterogeneity modelling: Inter-hospital variability in the present
study is introduced primarily through marginal distribution shifts. In practice,
heterogeneity may also arise from concept drift, site-specific label noise, differ-
ences in measurement protocols, and evolving clinical practices. Extending the
synthetic framework to capture these more complex forms of heterogeneity would
provide a more rigorous stress test for federated learning methods.

Security and privacy guarantees: Although federated learning reduces the
need for raw data sharing, it does not inherently prevent information leakage
through model updates. The current study does not provide formal privacy guar-
antees. Future work should integrate secure aggregation protocols, differential
privacy mechanisms, and adversarial threat modelling to strengthen privacy pro-
tection in real-world deployments.

Together, these limitations highlight both the scope and boundaries of the pre-
sent work and outline a clear roadmap for advancing federated suicide-risk pre-

diction toward clinically robust and ethically sound applications.

7. Conclusion

This study presented a federated learning framework for suicide-risk prediction
across heterogeneous hospitals using a privacy-preserving, multi-institutional
synthetic cohort. By applying Federated Averaging (FedAvg) over 15 communi-
cation rounds, the proposed approach achieved a global accuracy of 0.9420 and
an AUC-ROC of 0.9568, closely matching the performance of centralized training
(0.9450 accuracy; 0.9550 AUC-ROC) while clearly outperforming local-only
learning, particularly in terms of discriminative ability. These results demonstrate

that collaborative training through federated learning can effectively mitigate site-
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specific data limitations without requiring raw data pooling. Across hospitals,
training dynamics exhibited stable convergence despite deliberate distributional
shifts in key clinical and social risk factors, such as depression severity and social
support. This stability indicates that federated optimization can recover a shared
risk representation even under pronounced non-1ID conditions, provided that lo-
cal data volumes and model capacity are appropriately balanced. Importantly,
comprehensive evaluation diagnostics revealed that, under extreme class imbal-
ance, commonly reported headline metrics may obscure clinically relevant failure
modes. The observed discrepancies between ROC-based and precision-recall-
based evaluations underscore the necessity of careful metric selection, threshold
calibration, and strictly separated held-out testing when assessing suicide-risk
models. These findings reinforce that performance reporting must go beyond ag-
gregate accuracy to ensure clinical reliability and safety. Overall, this work sup-
ports federated learning as a promising and practical paradigm for multi-institu-
tional suicide-risk modelling, offering near-centralized performance while re-
specting institutional privacy constraints. At the same time, the study highlights
essential methodological and governance requirements rigorous evaluation pro-
tocols, calibration strategies, and strengthened privacy safeguards that must be
addressed before federated suicide-risk prediction systems can be responsibly

translated into real-world clinical practice.
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