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Abstract

Bipolar disorder is a complex psychiatric condition characterized by high var-
iability in treatment response, posing a major challenge for clinicians striving
to personalize care. Traditional machine learning models often require central-
ized data access, which is typically restricted in healthcare settings due to pri-
vacy regulations and institutional barriers. To address this, we propose a Fed-
erated Learning (FL) framework that enables collaborative model training across
multiple institutions without the need to share sensitive patient-level data. In
this study, we generated synthetic datasets representing five distinct hospitals,
each comprising 1000 virtual bipolar disorder patients. These datasets included
a range of features encompassing demographic characteristics (e.g., age, gen-
der), clinical history (e.g., illness duration, episode counts), and comorbid con-
ditions. A fully connected neural network was trained using a federated ap-
proach over 15 communication rounds. Each institution performed local train-
ing, followed by weight averaging to update a shared global model. Our global
model achieved an overall test accuracy of 73.0% and an area under the receiver
operating characteristic curve (AUC) of 0.84, demonstrating robust perfor-
mance across diverse simulated institutional settings. Performance improved
steadily over training rounds, with the highest-performing site reaching 84.5%
accuracy. Permutation-based feature importance analysis revealed that illness
duration and baseline mood were the most predictive features of treatment re-
sponse. These results support the feasibility of federated learning for psychiat-
ric prediction tasks, offering a promising path toward building generalizable,
privacy-preserving models in real-world healthcare environments. Future
work will extend this framework to real electronic health records and explore
fairness-aware training to address institutional bias and population heteroge-
neity.
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1. Introduction

Bipolar disorder is a chronic and severe mental illness marked by alternating epi-
sodes of depression and mania, affecting nearly 1% - 2% of the global population
[1]-[5]. Effective treatment planning is often hindered by the unpredictable nature
of patient response to pharmacological interventions [6]-[8]. Despite advances in
psychiatric research, clinicians still struggle to predict whether a patient will re-
spond to mood stabilizers such as lithium or anticonvulsants [9]-[11]. The devel-
opment of machine learning (ML) models capable of anticipating treatment out-
comes holds significant potential for advancing precision psychiatry [12]-[15]. How-
ever, such models typically require access to large and diverse datasets that span
multiple healthcare institutions [16]-[18]. A major barrier to this goal lies in data
privacy regulations (e.g., GDPR, HIPAA), which prohibit the centralization of sen-
sitive health records [19]-[22]. As a result, most ML studies in psychiatry are re-
stricted to data from a single institution, limiting model generalizability [23]-[25].
Federated Learning (FL) has emerged as a promising solution to this challenge [26]-
[29]. FL allows institutions to collaboratively train a shared global model while
keeping all patient-level data local. Instead of data sharing, only model parameters
are communicated between sites, preserving patient confidentiality [30]-[34]. In
this study, we explore the potential of federated learning for predicting treatment
response in bipolar disorder using synthetically generated institutional data. We
simulate datasets for five hospitals, each reflecting unique demographic and clin-
ical distributions. A fully connected neural network is trained collaboratively across
all sites using the FL paradigm. We analyse the model’s training dynamics and over-
all and institution-specific performance, and identify key features contributing to
predictive accuracy through permutation-based importance analysis. By simulat-
ing a real-world multi-institutional setting, this work aims to assess the feasibility,
scalability, and interpretability of FL-based models for psychiatric applications,
with the broader goal of supporting personalized and privacy-preserving mental
healthcare.

2. Materials and Methods

To evaluate the efficacy of federated learning for treatment response prediction in
bipolar disorder, we developed a robust simulation pipeline encompassing syn-

thetic data generation, neural network design, and federated training protocols.
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The methodological pipeline ensures data realism, model scalability, and evalua-

tion reproducibility.

2.1. Synthetic Dataset Simulation

We simulated datasets for five independent institutions (or hospitals), each con-

taining 1000 synthetic patient records. The simulation was designed to emulate

real-world heterogeneity in psychiatric populations, incorporating variability in

demographics, clinical characteristics, and treatment histories. For each hospital,

demographic parameters such as mean age, gender ratio, and geographical affili-

ation were explicitly varied to reflect global diversity (e.g., Hospital 0 mimics a

North American population with a mean age of 35 and a gender balance of 50%

male). The feature set included ten clinically meaningful variables frequently ob-

served in bipolar disorder cohorts:

¢ Demographic: Age, gender.

¢ Clinical history: Illness duration, number of depressive and manic episodes,
and prior treatment failures.

¢ Psychiatric comorbidities: Comorbid anxiety, comorbid substance use.

¢ Family and baseline indicators: Family history of bipolar disorder, baseline
mood severity score.

The binary treatment response label (0 = no response, 1 = positive response)
was derived from a logistic regression-like function combining key predictors
(e.g., higher baseline mood, shorter illness duration) with Gaussian noise. This
created realistic but learnable ground truth labels, allowing rigorous evaluation of
classification performance while avoiding overfitting to synthetic artifacts. The
parameter distributions for age, illness duration, and episode frequency were in-
formed by epidemiological data from recent large-scale studies on bipolar disor-
der cohorts, ensuring clinically realistic population characteristics. We selected
five hospitals with 1000 patients each to balance computational tractability with
cross-site diversity. Increasing the number of institutions or patient counts may
lead to slower convergence or require adaptive learning rate strategies in FL pro-

tocols.

2.2. Model Architecture and Training Setup

Each institution employed a local deep neural network with a shared architecture.
The model consisted of an input layer (matching the 10-feature input vector), two
fully connected hidden layers with 64 and 32 neurons respectively, ReLU activa-
tion, and dropout regularization (30% and 20%) to prevent overfitting. The output
layer used a sigmoid activation to return a probability for binary classification.
The binary cross-entropy (BCE) loss was chosen as the objective function, opti-
mized using the Adam optimizer with a learning rate of 0.001. Local training was
performed independently by each institution for 5 epochs per communication
round, ensuring that model updates were informed by institutional data without

any data transfer. No explicit class-imbalance handling techniques (e.g., weighted

DOI: 10.4236/0alib.1113954

3 Open Access Library Journal


https://doi.org/10.4236/oalib.1113954

R. de Filippis, A. Al Foysal

loss, oversampling) were employed during training. This decision highlights a lim-
itation of the current setup and may partly explain the model’s high recall but low

specificity pattern.

2.3. Federated Learning Process

The core of the training framework followed the Federated Averaging (FedAvg)
paradigm. Each federated communication round comprised the following steps:

1) Local Training: Each hospital trained its own model on local training data
using the shared architecture. The training was conducted in isolation, preserving
full data privacy.

2) Weight Upload: At the end of the local training phase, each institution trans-
mitted its updated model weights (not data) to the central aggregation server.

3) Federated Averaging: The server aggregated the received weights by aver-
aging them across all institutions, creating a new global model that was redistrib-
uted for the next round.

4) Evaluation: After each communication round, the updated global model was
evaluated against the test set of each institution to monitor generalization and
fairness across diverse populations.

This cycle was repeated for 15 communication rounds, resulting in progressive
improvement of the global model’s ability to generalize across heterogeneous data
sources. The inclusion of all five hospitals in every round ensured consistent global

convergence and minimized bias toward any single institution.

3. Results
3.1. Federated Training Convergence

Federated model convergence was analysed over 15 communication rounds. Fig-
ure 1 presents the learning curve. The left panel of Figure 1 shows a steady reduc-
tion in binary cross-entropy (BCE) loss, decreasing from approximately 0.68 at
initialization to 0.53 by Round 14, indicating successful convergence of the global
model. This trend confirms that federated weight updates progressively optimize

the shared decision boundary across distributed data sources.
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Figure 1. Left: Binary cross-entropy loss over communication rounds. Right: Accuracy progression for each hos-

pital across federated training.
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The right panel of Figure 1 illustrates the evolution of classification accuracy at
each hospital over the communication rounds. Hospitals 0, 1, 2, and 4 exhibit con-
sistent improvement in accuracy, with Hospital 2 showing the most significant
gain—rising from ~79% to approximately 85% by the final round. Hospital 3 shows
a relatively flat performance trend, suggesting possible local data distribution chal-

lenges or demographic outliers that hinder generalization.

3.2. Global Model Performance

To assess final classification performance, we evaluated the global model using con-
fusion matrix analysis. Figure 2 presents the confusion matrix from the test phase.
The model shows excellent recall for identifying treatment responders, correctly
classifying 652 of 664 patients. However, it identifies only 79 of the 336 non-re-
sponders, suggesting a tendency toward false positives. This high sensitivity but
low specificity pattern indicates a model bias favouring the majority response class,
which may stem from class imbalance or optimization bias during training [35]-
[39].

Global Model Confusion Matrix
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Figure 2. Confusion matrix for the final global model. Rows: actual labels; Columns: pre-
dicted labels.

3.3. Site-Specific Accuracy and AUC

To evaluate fairness and generalization, we computed per-hospital accuracy and
Area Under the Receiver Operating Characteristic Curve (AUC). Results are vis-
ualized in Figure 3. The left panel reports site-wise classification accuracy: Hos-
pital 2 leads with 84.5%, followed by Hospital 0 with 76.5%. In contrast, Hospital
3 underperforms, consistent with earlier convergence trends. The right panel
shows AUC values, indicating the model’s ability to rank probabilities correctly.

AUCs remain robust across all hospitals (>0.79), with Hospitals 1 and 3 achieving
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the highest scores (~0.85). This suggests the global model captures meaningful

predictive signals despite regional or demographic differences.

- Accuracy by Hospital o AUC by Hospital
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Figure 3. Left: Classification accuracy by hospital. Right: AUC scores for each hospital’s test set.

3.4. Feature Importance

We performed permutation-based feature importance analysis on the global model
to quantify how each input variable influences predictive accuracy [40]-[44]. Re-
sults are displayed in Figure 4. The most critical predictor was illness_duration,
indicating that chronicity of illness significantly affects likelihood of treatment
success. Baseline_mood ranked second, confirming the importance of affective state
at entry. Other influential features included age, comorbid_anxiety, and comor-
bid_substance use—all consistent with established clinical literature on treatment
resistance and outcome prediction. This interpretability analysis provides both val-
idation for the data generation process and clinical credibility to the model’s learned

decision logic.

Feature Importance for Treatment Response
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Figure 4. Normalized feature importance based on a permutation drop in classification
accuracy.
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4. Discussion

The results of this study underscore the efficacy and potential of federated learn-
ing (FL) as a scalable and privacy-preserving strategy for clinical prediction mod-
elling in psychiatry. Notably, the global neural model trained across decentralized
hospital datasets achieved strong convergence over communication rounds, as re-
flected by the consistent reduction in loss and improvements in classification ac-
curacy. This demonstrates that FL can effectively harness distributed, heterogene-
ous data to learn meaningful clinical patterns without ever accessing raw patient
records [45]-[49]. A key strength of the approach is its ability to maintain high
predictive performance despite inter-institutional differences. Most hospitals
demonstrated notable gains in accuracy throughout training, particularly Hospi-
tal 2, which achieved the highest final performance. These improvements suggest
that the shared global model was able to generalize across a variety of demo-
graphic and clinical subpopulations, validating the robustness of the federated ar-
chitecture [50]-[54]. However, the relatively poor performance observed in Hos-
pital 3 reveals important limitations. The site’s stagnant accuracy trend suggests
that either its data distribution is significantly different from others (e.g., due to
outlier populations or class imbalance), or that its feature-label relationships are
underrepresented in the global model. This sensitivity highlights a known chal-
lenge in FL—non-IID (non-independent and identically distributed) data, which
can undermine model fairness and calibration. Another key observation involves
the global model’s confusion matrix, which revealed very high sensitivity (recall)
for predicting treatment responders but low specificity for detecting non-respond-
ers. This imbalance in classification performance indicates a model bias toward
the majority class [55]-[57]. Potential solutions include incorporating weighted
loss functions, oversampling of underrepresented classes, or institution-specific
recalibration during inference. While synthetic data enabled privacy-compliant
simulation in this study, transitioning to real-world federated learning with Elec-
tronic Health Records (EHR) will require strict ethical governance. Key con-
siderations include Institutional Review Board (IRB) approvals, compliance with
GDPR/HIPAA, secure aggregation protocols, and ongoing consent mechanisms.
Ensuring transparency and patient trust will be central to the safe clinical deploy-
ment of federated psychiatric models. Finally, the permutation-based feature im-
portance analysis provided both mechanistic and clinical interpretability. The prom-
inence of variables such as illness duration, baseline mood, and comorbidities af-
firms the validity of the synthetic data generation pipeline and aligns with psychi-
atric literature on treatment resistance. Together, these findings demonstrate that
FL can produce clinically meaningful models even in synthetic or privacy-constrained

environments.

5. Conclusion

This study provides compelling evidence for the utility of Federated Learning (FL)
as a scalable, privacy-preserving framework for psychiatric model development.
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By simulating collaborative learning across five synthetic hospital datasets, we
demonstrated that robust, generalizable predictors of treatment response in bipo-
lar disorder can be developed without centralized data pooling [58]-[61]. The global
model achieved high classification performance, with particularly strong recall,
and feature analysis confirmed alignment with clinically recognized drivers of treat-
ment outcome. A major achievement of this approach is its preservation of data
privacy while still leveraging multi-institutional diversity. FL enabled consistent
performance gains over training rounds, reflecting the model’s capacity to learn
meaningful patterns from heterogeneous, site-specific distributions. Additionally,
the simulation framework provides a reproducible testbed for evaluating federated
strategies in mental health settings. Nonetheless, the study also revealed areas that
warrant further refinement. The uneven performance across hospitals, particularly
in Hospital 3, highlights the need for mechanisms to address non-IID data chal-
lenges [62]-[64]. Moreover, the model’s tendency to favour positive predictions
(Z.e, high sensitivity but low specificity) suggests that class imbalance and calibra-
tion techniques must be carefully considered in future iterations. Looking ahead,
future research will focus on extending this federated pipeline to real-world Elec-
tronic Health Record (EHR) data from psychiatric clinics, integrating temporal
behavioural markers, and incorporating domain adaptation to adjust for popula-
tion drift. Enhanced calibration techniques and fairness-aware modelling strate-
gies will also be prioritized to ensure that FL-based models remain equitable, in-
terpretable, and clinically deployable [65]-[67]. Overall, this work lays foundational
groundwork for federated learning in psychiatry, opening new directions for eth-

ical and collaborative AI deployment in mental healthcare.
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