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Abstract. Schizophrenia is a severe mental health condition that dis-
rupts personal, social, and professional life, impacting millions world-
wide. Early and accurate diagnosis is essential for improving patients’ 
quality of life. While artificial intelligence (AI) holds significant promise 
in this area, conventional AI approaches typically rely on centralized 
data, which poses challenges related to privacy, scalability, and accessi-
bility. Federated learning (FL) addresses these issues by enabling decen-
tralized model training across institutions while preserving patient confi-
dentiality. This study implements a horizontal federated learning model 
to enable collaboration between different healthcare institutions (clients) 
for schizophrenia diagnosis using resting-state functional MRI (rs-fMRI) 
data. To tackle the inherent class imbalance in schizophrenia data, where 
positive cases are typically under-represented, our approach integrates 
the Tversky loss function. Building on this, we propose a personalization 
scheme that allows each client to adapt their own Tversky loss param-
eters, enabling more tailored optimization and improved performance 
across heterogeneous data distributions. Combined with FL aggregation
algorithms tailored for non-IID data, TVFed-P effectively addresses both
quantity and feature skew, which are commonly observed in many med-
ical datasets. We present a comprehensive comparative analysis of our
proposed model, TVFed-P, against both locally trained and centralized
models reported in the literature. Our best-performing variant surpasses
all baseline approaches, demonstrating superior performance. These find-
ings reinforce the promise of federated learning as a secure and effective
strategy for early schizophrenia diagnosis.
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1 Introduction 

According to the World Health Organisation (WHO) [23], schizophrenia is a 
severe mental illness that affects about 24 million people around the world, 
0.32% of all people, with a slightly higher prevalence among adults at 0.45% 
of all adults. While its global prevalence varies, it has a huge impact, causing 
significant distress and impairment across various aspects of life, including per-
sonal relationships, education, and employment. People with schizophrenia have
a life span that is two to three times lower than the average person, mainly due
to associated physical health problems and related challenges [4]. In addition to 
health problems, they often have to deal with violations of their human rights, 
extreme stigma, and systemic discrimination that limit their access to essential 
services. I mproving their quality of life necessitates an early and precise diagnosis
to start the treatment process.

Artificial Intelligence (AI) has shown great potential in various domains, 
including the detection of mental health disorders. Traditional machine learning 
(ML) approaches rely on centralised learning schemes where patient data from 
multiple healthcare institutions are collected into a single centralised point for 
model training. However, this approach not only raises critical concerns about 
patient data privacy but also limits the scope of available datasets, as many
healthcare providers refuse to and/or are legally forbidden from sharing sensi-
tive patient information. To address these challenges, Federated Learning (FL),
a decentralised learning paradigm introduced in [11], enables machine and deep 
learning models to be trained across distributed datasets without transferring 
raw data from their original sources. With the ability to learn collaboratively 
while keeping data localised, FL offers a privacy-preserving alternative that is 
particularly advantageous in sensitive applications, such as schizophrenia detec-
tion. Since patient records remain with their respective institutions, FL ensures 
compliance with data protection regulations while maximising participation from
diverse healthcare providers. Furthermore, FL mitigates the issue of data scarcity
in schizophrenia classification by utilising small, fragmented datasets in the train-
ing process, thereby enhancing model generalisability and diagnostic accuracy.

Federated learning faces many challenges arising from its decentralised 
nature, including the non-independent and identically distributed (non-IID) data 
and security vulnerabilities that malicious actors can exploit. Non-IIDness of 
data can manifest in three forms: label skew, feature skew and quantity skew. 
In label skew, clients have uneven class distribution where some clients have a 
disproportionate amount of data for certain classes compared to others. Feature
skew is the difference in how the input features, the data itself, are spread out
among different clients, while quantity skew is the difference in the amount of
data held by each client [7]. These challenges are particularly prevalent in the 
medical domain, due to the decentralised nature of healthcare systems, varia-
tions in clinical practices, and patient populations [1]. Such heterogeneity can 
significantly impact the performance and convergence of FL models in medical
applications in general and mental health in specific.
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Motivated by these challenges, we propose a federated learning framework 
tailored to tackle data heterogeneity and client-level disparities. W e summarize
our key contributions in this paper as follows:

– We propose a novel federated learning framework that incorp orates Tversky
loss function [17] to effectively handle the data skewness where positive sam-
ples (diagnosed patients) are scarce across distributed clients. To validate 
the proposed TVFed model, this researc h utilizes the Strategic Research
Program for Brain Science (SRPBS) multi-site connectivity dataset [20] 
designed for schizophrenia classification through r esting-state functional MRI
(rs-fMRI) data.

– To further mitigate non-IID data distributions, a comprehensive empirical 
study to identify the most effective aggregation mechanism for imbalanced 
and non-IID neuroimaging data was done. Our findings reveal the optimal
combination of loss formulation and aggregation scheme for robust decen-
tralised training.

– Building on these insights, we introduce a personalization layer that enables 
optimal client-specific adaptation through regularized loss parameterization. 
This extension leads to our final framework, TVersky-based Federated learn-
ing with P ersonalized loss parameterization (TVFed-P), which achieves
superior performance while preserving privacy and enhancing generalization
across institutions.

Unlike traditional centralised models, the proposed privacy-preserving model 
ensures that rs-fMRI data remains localised at each institution while achieving 
superior classification performance. Experimental results show that the proposed 
model overcomes class imbalance, quantity skew, and feature skew without com-
promising data privacy.

2 Related Work 

Traditional and advanced machine learning techniques have been employed 
in schizophrenia research, improving classification performance using resting-
state functional MRI (rs-fMRI) and other data modalities. Studies leveraging 
large-scale datasets such as SRPBS have focused on identifying biomarkers and 
enhancing model architectures. Nevertheless, much of this work overlooks insti-
tutional heterogeneity and data privacy, which are crucial in medical applica-
tions. This section summarises previous work in three main areas: performance
of traditional centralised methods for schizophrenia classification; FL models tai-
lored for schizophrenia diagnosis and their challenges, and finally, methods and
techniques to reduce class imbalance in FL for reliable real-world deployment.

2.1 Centralised Learning Approaches for Schizophrenia 

This section specifically limits its scope to the employed SRPBS dataset, as 
centralised learning on other datasets and/or modalities falls outside the cur-
rent research objectives. Takahara et al. [19] obtained objective classification
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biomarkers for patients with major depressive disorder and extended these 
biomarkers to other disorders, including schizophrenia. The SRPBS rs-fMRI 
dataset was used to implement multiple pipelines combining six parcellation 
methods and four functional connectivity (FC) calculation methods including 
Pearson’s correlation and partial correlation. The authors provided a compar-
ative analysis of five machine learning algorithms, including SVM and Ran-
dom Forest. The highest achieved a composite score of 0.852, an evaluation
metric reported by the authors that combines both the area under the curve
(AUC) and the Matthews correlation coefficient [3]. Zhu et al. [26]  proposed  
Temporal-BCGCN, a graph neural network (GNN) model to classify schizophre-
nia using dynamic functional connectivity (dFC) from rs-fMRI. Only a subset 
of the SRPBS dataset consisting of 200 subjects – 92 schizophrenic patients
and 108 healthy controls – was used, scoring 0.85 F1-score. Wang et al. [22] 
designed the EA-GNAS (Evolutionary Algorithm-based Graph Neural Archi-
tecture Search) framework based on high-performance Graph Neural Network 
(GNN) architectures. They used GNNExplainer to interpret the model’s results 
and locate important brain regions linked to schizophrenia diagnosis. To address 
class imbalance, the training set was balanced by selecting a n equal number of
healthy controls and schizophrenia patients. The model achieved an accuracy of
0.8246, an f1-score of 0.8438, and an AUC of 0.8258.

2.2 Federated Learning Approaches for Schizophrenia 

Federated learning was previously utilised in various mental health research [7], 
including schizophrenia classification. Huang et al. [6] presented a Federated 
Multi-Task Learning (FMTLJD) framework to jointly diagnose autism spec-
trum disorder, attention deficit/hyperactivity disorder and schizophrenia utilis-
ing resting-state fMRI data from the ABIDE, ADHD-200, and COBRE datasets. 
Combining multi-task learning and FL helps to overcome domain shift and data 
scarcity by using shared knowledge across diseases. They employ a multi-gate 
mixture of experts (FMMoE) classifier for adaptive task weighting, a federated 
contrastive learning feature extractor (FCLFE) for dimensionality reduction, 
and differential privacy (DP-SGD) for safe model training. The model attained
accuracies of 69.48% (ASD), 71.44% (ADHD), and 83.29% (SCZ). One of this
model’s generalization constraints is the small sample size as the COBRE dataset
contains only 72 SCZ patients and 74 healthy controls.

Wang et al . [21] proposed Fed-FAAD, a federated few-shot domain-adaptive 
anomaly detection framework for diagnosing schizophrenia. They used multi-site 
fMRI data from the Human Connectome Project dataset as a source domain 
(HC) and six clinical sites as target domains (SCZ). By combining federated 
learning with Gaussian differential privacy and deep SVDD for hypersphere-
based anomaly detection, Fed-FAAD aligns feature distributions across sites 
and improves generalisation. Experiments show it achieves 78.1% (10-shot) and
82.5% (20-shot) AUC. A key consideration is that the model relies on only 10–20
labelled SCZ samples per site for training. While this addresses data scarcity, it
risks overfitting or bias toward site-specific noise.
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Salam et al. [16] developed a FL framework for diagnosing schizophrenia 
utilising functional and structural MRI data from the 10th annual MLSP com-
petition dataset, comprising 144 subjects: 75 (HC) and 69 (SCZ). K-NN, SVM, 
Random Forest, and other classifiers are augmented with swarm intelligence algo-
rithms (Firefly and Jaya) for feature selection, reducing the number of features
from 410 to 143–186. K-NN integrated with swarm intelligence outperformed
other models achieving 100% accuracy and AUC. Similar to [6] the limited sam-
ple size constrains t he model’s generalisability.

2.3 Class Imbalance in Federated Learning 

Class imbalance in federated learning occur when all the clients share the same 
classes, but one or more of those classes are significantly under-represented across 
all clients. Models trained on imbalanced datasets often exhibit poor gener-
alisation, particularly for minority classes, which can be neglected during the
learning process. Many research was published to mitigate the imbalance using
sampling, algorithm-centred or system-centred stratigies [25]. The recent work of 
Wu et al. proposed FedIIC [24], a loss function that utilises difficulty-aware logit 
adjustment (DALA), Inter- and Intra-client contrastive learning. Together with 
FedAvg, FedIIC outperformed multiple federated algorithms in class-imbalanced
medical image classification. Sahoo et al. [15] proposed AdaFedProx, an FL 
framework designed to address system heterogeneity (variations in client hard-
ware) and data heterogeneity (class imbalance) in medical image classification. 
It employs a reinforcement l earning (RL)-based Deep Q-Network (DQN) on
the server side to dynamically adjust the proximal term . μ in the FedProx [9] 
algorithm, optimising regularisation based on client-specific states such as data 
distribution entropy, class ratios, computational capacity, and performance feed-
back. FedIIC and AdaFedProx represent two different approaches in handling 
class im balance, one targeting the local loss function at each client while the
other adjusts the aggregation parameters at the server.

3 Methodology 

Schizophrenia and other mental health problems suffer from intrinsic data skew-
ness that arises from natural variations in data distribution across clients (health-
care institutions), including class skew, quantity skew, and feature distribution 
shifts. Class/label skew is reflected in the scarcity of schizophrenia patients in 
individual healthcare institutions. Quantity skew manifests in the uneven data 
contributions across clients, with large healthcare providers contributing sub-
stantially more data compared to smaller institutions. Feature skew in federated
fMRI studies can result from both technical variability (different scanners) and
clinical variability (symptom severity).
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3.1 Data Preprocessing and Local Model Configuration 

Within this diagnostic framework for schizophrenia, individual clients con-
tribute resting-state functional MRI (rs-fMRI) data, a non-invasive neuroimag-
ing modality that captures brain activity by measuring blood flow changes. 
For preprocessing, each b rain image is divided into 140 parcels following the
sulci-based anatomical atlas of the Extended Brainvisa Sulci Atlas [13]. Resting-
state functional connectivity is then assessed by calculating P earson correla-
tion coefficients [14] between the mean fMRI time series of every possible par-
cel pair, resulting in a 140 .× 140 connectivity matrix, which includes 9,730 
unique functional connections (FCs). Despite using differen t parcelation atlases,
Shevchenko et al. [18] proved that using raw FCs in classification outperformed 
low-dimensional derivatives; thus, the complete set of 9730 FCs is used as input 
for our learning model. Each site/client trains a feedforward neural network on 
its local imbalanced dataset. The network consists of an input layer for the 9730 
FCs, two fully connected hidden layers of sizes 512 and 265 with ReLU activation
functions, and an output layer of 1 neuron and a sigmoid activation function. A
dropout layer is added after each hidden layer to mitigate overfitting, given the
high feature-to-sample ratio in the dataset.

3.2 Tversky Loss with Personalized Parameterization 

To mitigate the class imbalance present in each client, the Tversky loss function 
is utilised as a generalised variant of the Dice loss [12]. It was originally imple-
mented to handle imbalance present in medical image segmentation tasks [17], 
where the number of positive voxels is often significantly lower than that of neg-
ative voxels. It mitigates class imbalance by imposing greater penalties on false 
negatives (FNs) compared to false positives (FPs). The Tversky loss function is
formulated as:

.T (α, β) =
N
i=1 p0ig0i

N
i=1 p0ig0i + α

N
i=1 p0ig1i + β

N
i=1 p1ig0i

(1) 

where . α and . β control FP and FN penalties, respectively. .p0i and .p1i are the 
probabilities for positive/negative samples, while .g0i and .g1i are the ground truth 
labels. By tuning . α and . β, recall is prioritised (reducing FNs), which is crucial 
for detecting small positives in imbalanced data. Notably, setting . α = β = 0.5
recovers the Dice loss while .α + β = 1 yielding, F. β scores. 

We further address client-specific data imbalance in schizophrenia detection, 
where each client autonomously computes an adaptive weighting coefficient . α
based on its local class distribution. Specifically, .α = n+

n++n−
,  whe  re .n+ and . n−

denote the number of positive and negative samples, respectively. This locally
optimized client-specific . α allows the loss to adapt to each client’s class imbal-
ance, prioritizing recall in clients with scarce positive samples in imbalanced 
federated settings. The automatic personalization reduces the impact of over-
represented negative samples while strongly penalising false negatives, ensuring 
that the global model remains highly sensitive to schizophrenia cases, where
missing true positives poses a substantially greater risk than false predictions.
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3.3 TVFed-P Learning Framework 

As illustrated in Fig. 1, our proposed TVFed-P is a horizontal federated learning 
(HFL) model that allows for cooperative model training across several healthcare 
institutions without requiring d irect data exchange. In HFL, a centralised server
sends an initial model seed .Wi to the participating clien ts . K; each client trains its 
version of the model on its local data for a number of epochs and then sends back
the trained model .WK

i+1 to the server. The server completes one communication 
round when it aggregates the local models into one updated global model .Wi+1. 
The updated model is then shared again until the learning phase ends. TVFed-P
exploits FedAvgM [5] for enhanced performance as it improves upon standard 
FedAvg by maintaining a momentum buffer at the server level, which effectively 
reduces update oscillations and mitigates c lient drift in heterogeneous non-IID
data environments. The source code is available at GitHub. 

4 Experiments 

4.1 SRPBS Dataset 

To validate the proposed framework, we use The Multi-disorder Connectivity 
Dataset from the Strategic Researc h Program for the Promotion of Brain Sci-
ence (SRPBS) [20]. The dataset comprises resting-state functional MRI data 
from both patients and healthy control volunteers. It include data on six dis-
orders from eight institutions across Japan. The dataset is further divided into
sites because participating institutions may utilize multiple scanners. Data on

Fig. 1. Proposed TVFed-P framework.

https://github.com/Samar67/TVFed-P
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schizophrenia spectrum disorder are sourced from three institutions: University 
of Tokyo (UTO), Showa University (SWA), and Kyoto University (KUT and 
KTT), c omprising a total of 146 schizophrenic patients (SCZ) and 505 healthy
controls (HC). Table 1 summarises the dataset distribution across clients, show-
ing two inherent forms of non-IID data heterogeneity characteristic of real-world 
medical imaging scenarios. Feature skew arises from variations in scanner types 
and quantity skew reflects disparities in dataset sizes, with some clients contain-
ing up to 50% fewer samples than others.

Table 1. Dataset Summary 

Site Scanner SCZ HC Total SCZ/Total r atio

UTO MR750W, GE 35 170 205 17.1% 
SWA Verio, Siemens 19 101 120 15.8% 
KTT Trio, Siemens 45 159 204 22.1% 
KUT TimTrio, Siemens 47 75 122 38.5% 

4.2 Experimental Setup 

In local training, PyTorch was used to implement and train the entire model 
end-to-end for 100 epochs using the Adam optimizer [8] with an initial learning 
rate of 0.001, weight decay of 1e-4, and a batch size of 64. Hyperparameters 
were systematically tuned by testing various values until optimal settings were
identified. The optimisation leveraged Tversky loss to address class imbalance.
Flower [2] and PyTorch were used to implement the HFL experiment. In HFL, 
each client performed one epoch of local training per communication round, 
while the server executed 100 rounds of fedAvgM with a server momentum of 
0.9. All other hyperparameters, including the batch size and Tversky coefficients, 
remained consistent between both experiments to ensure a f air comparison. All
the experiments were conducted on Windows 10 operating system withIntel(R)
Core(TM) i7-9750H 2.59GHz CPU with 16GB RAM and an NVIDIA GeForce
RTX 2070 with Max-Q design with 8GB memory.

4.3 Evaluation Metrics 

Addressing the class imbalance problem, three complementary evaluation met-
rics that are robust to class skew are used: the F 1-score, Matthews Correlation
Coefficient (MCC), and a composite score.

The F1-score focuses on minority class performance by computing the har-
monic mean of precision and recall:

.F1-score = 2× Precision × Recall
Precision + Recall

(2) 

MCC [3] incorporates all four confusion matrix values (unlike F1-score, which 
ignores TN). It quantifies how well both classes are predicted, even when one
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class dominates. This metric ranges from -1 (perfect inverse prediction) to +1 
(perfect prediction), with 0 indicating random performance. It is formulated as:

.MCC =
TP · TN − FP · FN

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(3) 

Following Takahara et al. [19], a composite score combining area under the 
curve (AUC) and normalised MCC is reported. This score normalises MCC to 
[0,1] range and equally weights it with AUC for comprehensive assessment. It is
formulated as:

.Composite score = 0.5× AUC + 0.5× MCC + 1
2

(4) 

Collectively, these three metrics address minority class performance (F1), 
overall classification quality (MCC), a nd rank discrimination and balanced accu-
racy (composite score).

4.4 Experimental Results 

To evaluate the impact of collaborative learning in healthcare settings, two c om-
parative experiments are conducted:

– Local Learning, simulating isolated training where each institution trains 
a model solely on its local data without collaboration, reflecting scenarios 
where data sharing is restricted due to privacy or regulatory constraints.

– Horizontal Federated Learning, where institutions agree to collabora-
tively train a global model by sharing only model parameters (not ra w data)
via a central server that aggregates updates.

The comparative performance of local versus federated learning mo dels
is summarised in Table 2. The federated approach demonstrated significant 
improvements across all participating institutions, with MCC gains ranging from 
0.079 at UTO to 0.336 at KTT. Notably, SWA and KUT achieved perfect classi-
fication (1 across all metrics) through federated learning. Building upon KUT’s 
already strong local performance (MCC=0.921), this exceptional result probably
comes from KUT’s balanced dataset, where the ratio of schizophrenia patients
to the overall sample size is 38.5%, as shown in table 1. In this case, federated 
learning primarily reduced variance rather than bias. Similarly, the high classifi-
cation scores achieved by SWA in the federated setting can be attributed to the 
substantial performance gain observed across the first three participating sites,
with gains ranging from 0.204 to 0.336, and SWA’s inherently stronger local
performance compared to other sites.

Three key observations emerge from the results: First, KTT—despite mod-
erate data imbalance (scz/total=22.1%)—showed the most dramatic MCC 
improvement, suggesting its local data contained challenging patterns that
required broader examples for proper generalisation. Second, UTO’s relative
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Table 2. Model performance comparison between local and federated learning. Gain 
indicates the rise in the prop osed TVFed-P over local performance.

Metric Local Learning TVFed-P Gain 
UTO SWA KTT KUT UTO SWA KTT KUT UTO SWA KTT KUT 

F1-score 0.667 0.800 0.632 0.952 0.824 1.0 0.889 1.0 0.157 0.200 0.257 0.048 
MCC 0.594 0.775 0.522 0.921 0.799 1.0 0.858 1.0 0.204 0.225 0.336 0.079 
Composite Score 0.806 0.906 0.750 0.970 0.920 1.0 0.954 1.0 0.114 0.094 0.204 0.030 

underperformance (MCC=0.799 vs. site average=0.914) correlates with its dif-
ferent acquisition protocol (non-Siemens scanner) in comparison with the other 
3 sites, indicating feature distribution skew that federated learning partially mit-
igated. Third, although KUT already exhibited strong standalone performance 
(MCC=0.921), it acted as an anchor site in the federation, contributing valuable 
gradients to support other clients. Notably, it still experienced a performance 
boost (MCC=1.0) while retaining 100% data locality. These findings demon-
strate federated learning’s dual benefit of improving model robustness for insti-
tutions with complex data (KTT, UTO) while preserving the privacy advantages
of decentralised training (KUT).

While this study excludes centralised learning as a possible solution because 
it would require healthcare institutions to violate privacy laws and institutional 
policies. Howerver it is worth noting that TVFed-P demonstrated s uperior per-
formance not only over local training baselines but also outperformed centralised
models reported in literature.

The comparison with centralised models was conducted by averaging the 
scores obtained by the four clients using the proposed HFL. Specifically, the 
TVFed-P model achieved an F1-Score of 0.928, an MCC of 0.914, and a Com-
posite Score of 0.969. This performance surpasses existing centralised models
from literature, such as Zhu et al. [26] with an F1-Score of 0.850, W ang et al.
[22] with an F1-Score of 0.844, and Takahara et al. [19] with a Composite Score 
of 0.852. These results highlight the effectiveness of our federated approach in 
achieving state-of-the-art p erformance despite the decentralised and heteroge-
neous nature of the data.

4.5 Component Evaluation and Model Refinement 

To thoroughly evaluate the proposed model, our in-depth analysis consists of 
three stages. First, we conducted a comparative study of loss functions, bench-
marking the Tversky loss against alternatives to address class imbalance. Next, 
we mitigated non-IID data challenges by testing different federated aggregation 
algorithms. Finally, we evaluate our proposed personalized local parameteriza-
tion to assess its efficacy in adapting the global model to local data distributions.

Loss Function Comparison: Table 3 compares five loss functions for local 
learning, beginning with binary cross-entropy (BCE) as a baseline, follo wed by
class-imbalance solutions: Focal Loss [10] that adaptively weights hard exam-
ples, Dice Loss [12] that optimises for predicted and truth regions overlap,
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and FedIIC [24] primarly designed for federated medical imaging classification. 
Results demonstrate Tversky Loss’s superior performance, attributed to its tun-
able .α−β parameters that explicitly penalise false negatives, a key advanatge for 
medical diagnosis. Consequently, it was chosen as the optimal loss function for 
subsequent federated experiments, particularly given the persistent class imbal-
ance across dataset sites. To ensure fair comparisons, a methodical grid search 
was conducted for all loss functions requiring specific parameters, with all clients 
constrained to use identical settings (i.e., no personalization). For instance, when 
using Dice l oss, the smoothing parameter was tuned to prevent instability arising
from rare class occurrences and skewed label distributions. The results presented
reflect the optimal configurations identified through this comprehensive evalua-
tion process.

Table 3. Performance Comparison of Different Loss Functions at SRPBS Sites (Aver-
age of Lo cal Training across All 4 Clients)

Metric BCE Focal Dice FedIIC Tversky 
F1-score 0.656 0.672 0.750 0.620 0.791 
MCC 0.595 0.604 0.692 0.535 0.737 
Composite Score 0.822 0.829 0.868 0.771 0.879 

Federated Aggregation Comparison: Using fixed (non-adaptive) Tve rsky
loss parameters . α and . β across all clients, we compared three federated aggre-
gation approaches under non-IID conditions: FedAvg as the baseline method, 
FedProx with its proximal term for client stability, and FedAvgM incorporating 
server-side momentum. The server momentum buffer in FedAvgM accumulates 
a moving average of past global updates, which helps smooth out fluctuations 
caused by heterogeneous client data. In the context of federated classification
on rs-fMRI data from the SRPBS dataset—characterized by site-specific vari-
ability and label imbalance—this momentum mechanism provides a stabilizing
effect, enhancing convergence and improving generalisation. Table 4 shows that 
FedAvgM outperformed both alternatives, demonstrating superior handling of 
data heterogeneity through its momentum-driven update smoothing.

Table 4. Performance Comparison of Federated Learning Aggregation Methods Com-
bined with Tversky Loss (Average of Federated Results Across All Clients).

Metric FedAvg FedProx FedAvgM 
F1-score 0.873 0.871 0.897 
MCC 0.863 0.850 0.878 
Composite Score 0.941 0.936 0.946 

Personalization Impact: While the Tversky loss function is well-suited for 
handling class imbalance in binary classification tasks, applying fixed parameters
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(. α, . β) uniformly across all clients assumes a homogeneous class distribution— 
an assumption that does not hold in federated rs-fMRI settings. Due to site-
specific demographic and clinical variations, each client’s data exhibits different 
levels of imbalance between diagnosed and control subjects. Relying on fixed 
global parameters under s uch heterogeneity can lead to suboptimal performance.
To address this, we introduce a client-specific personalized loss configuration
strategy that adapts Tversky loss parameters (. α, . β) to each client’s lo cal class
ratio.

As demonstrated in Table 5, this personalized approach yielded significant 
performance gains, with the F1-score improving from 0.897 to 0.928 compared 
to the consistent global parameterization. The MCC and composite score showed 
similar improvements, 0.914 and 0.969 respectively. This highlights the effective-
ness of client-specific optimization in mitigating heterogeneity while preserving
the collaborative strengths of federated learning.

Table 5. Comparison of fixed (non-adaptive) vs. Personalized . α and . β Tversky’s values 
using F edAvgM

Metric TVFed TVFed-P 
F1-score 0.897 0.928 
MCC 0.878 0.914 
Composite Score 0.946 0.969 

5 Conclusion and Future Work 

This paper proposes TVFed-P, a horizontal federated learning model designed to 
leverage decentralised multi-site data while ensuring strict privacy compliance. 
Our proposed model addresses intrinsic class imbalance and client heterogeneity 
through a comprehensive enhanced architecture: it incorporates a Tversky loss 
function tailored for imbalanced data, integrates FedAvgM to enhance training 
stability across clients, and introduces a personalization layer that adapts loss 
parameters to each client’s local class distribution. The model has been validated 
using resting-state functional MRI (rs-fMRI) data from the Strategic Research 
Program for Brain Science (SRPBS) multi-site connectivity dataset. Experi-
mental results demonstrate that TVFed-P consistently outperforms both local 
baselines and existing literature models. In addition, the model demonstrates 
robustness in various client situations, including severe class imbalance, balanced 
distributions, and considerable feature skew. The personalization, achieved via
the local-optimized Tversky loss, further improved these results, yielding aver-
age scores of 0.928 F1-Score, 0.914 MCC, and 0.969 Composite Score. Beyond
schizophrenia detection, the proposed TVFed-P framework is generalizable and
can be adapted to other medical and non-medical domains involving non-IID,
imbalanced, and privacy-sensitive data. Future work involves investigating client
selection algorithms, incorporating advanced privacy-preserving techniques such
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as differential privacy or alternative security mechanisms, and exploring the inte-
gration of other data types and multimodality for enhanced schizophrenia diag-
nosis. 
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