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ABSTRACT

mental healthcare systems.

Mental health disorders are a major health issue everywhere and there is an increasing need for constant moni-
toring systems that can help detect and intervene in early days of mental health issues, which are personalized.
With the recent advancements in Artificial Intelligence, mobile health, wearable sensors, and healthcare analytics,
intelligent mental health monitoring solutions have been created. But there are significant privacy, security and
ethical issues related to the gathering and processing of private psychological and behavioral data. Traditional
centralized machine learning (ML) systems typically involve sharing personal health data with central servers,
which introduces the risk of data breaches and unauthorized access.

In recent years, Federated learning has become an exciting new paradigm for machine learning that allows for
the collaborative training of a model across various devices and healthcare settings without sharing patient data.
Federated learning not only boosts data privacy but also aids in regulatory adherence and secured healthcare
analytics as it preserves data on locally owned devices, transmitting only model parameters. This paper will
discuss the architecture, privacy-preserving techniques, personalization capabilities, and integration with other
technologies like differential privacy, secure aggregation, blockchain, and edge computing of federated learning
in mental health monitoring systems. The study also assesses the advantages, obstacles, and implementation
issues of using federated learning for mental health assessments and predictions.

The results show that federated learning offers a promising way to achieve accurate mental health monitoring
without compromising user data sovereignty while maintaining a balance between predictive performance and
privacy protection. Although there are communication overhead, data heterogeneity, and security concerns,
the potential of federated learning provides a strong foundation for the creation of trustworthy and scalable

Keywords: Federated Learning, Mental Health Monitoring, Privacy Preservation, Healthcare Analytics, Dif-
ferential Privacy, Edge Computing, Blockchain, Machine Learning, Digital Health, Personalized Healthcare.

1. INTRODUCTION

Mental disorders are a major public health challenge
in the world today, impacting millions of people and
accounting for a large proportion of morbidity, decreased
quality of life and health care expenditure. With the
advent of digital health technologies, such as wearable
sensors, mobile health applications, electronic health
records and Internet of Things (IoT) devices, behavioral,
physiological and psychological measures related to
mental health can be monitored in real-time. These tech-
nologies have the potential to offer significant benefits in
early detection, tailor-made intervention, and long-term

management of mental health issues. The collection and
analysis of sensitive mental health data, however, create
significant concerns for privacy, confidentiality and data
security, since the disclosure of this information without
consent can lead to stigma, discrimination and loss of
trust among patients (Li & Li, 2015; Seun et al., 2019).

In the past, mental health monitoring has been achieved
using traditional machine-learning methods, which
involve collecting and storing data centrally and sending
large amounts of personal data to a centralized server
for training and analyzing the models. This can yield
excellent predictive accuracy, but also add significant
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privacy concerns and leave the data at risk of breach
and cyberattacks. Moreover, healthcare organizations
have to meet strict rules on patient data, where secure
data sharing and collaborative analytics are increasingly
challenging (Kaissis et al., 2020; Jani, 2020). This has led to
the emergence of a strong interest in creating Al systems
that preserve patient privacy while still being effective
at leveraging data for healthcare.

This has led to the emergence of a paradigm for privacy-
preserving machine learning known as federated learn-
ing, where multiple devices or institutions can work
together to train a shared model without transferring
their raw data. Participating nodes train locally rather
than sending sensitive data to a central repository, and
only sending model parameters or updates to a coordi-
nating server. In contrast to centralized learning archi-
tectures, this decentralized learning architecture is able
to substantially mitigate privacy risks while maintain-
ing the advantages of collaborative model development
(Kurupathi & Maass, 2020; Zerka et al., 2020). Federated
learning’s potential in healthcare has been illustrated in
various applications, such as medical imaging (Kaissis
et al.,, 2020), patient similarity analysis (Lee et al., 2018),
clinical decision support, and remote health monitoring
systems.

In recent years, several improvements have been added
to federated learning to improve the security of privacy
and the performance of the model. Stochastic channel-
based federated learning with neural network pruning
for efficient privacy-preserving medical data analysis
(Shao et al., 2020), personalized federated learning tech-
niques that adapt models to individual users without
compromising privacy (Hu et al., 2020a; Hu et al., 2020b),
and cloud-edge federated architectures for personalized
health monitoring applications ( Wu et al., 2020). Other
strategies involve the use of differential privacy, secure
aggregation, blockchain-based solutions, and distributed
trust models to shield the updates to the model and guar-
antee the security of the collaboration between all the
participants (Passerat-Palmbach et al.,, 2020; Abramson
et al., 2020).

With the rising popularity of federated learning in the
healthcare sector, there has also been a push for the
creation of edge-assisted analytics frameworks, which
enhance scalability, minimize communication delays,
and facilitate real-time decision-making in distributed
settings ( Hakak et al., 2020). Moreover, new federated
knowledge sharing methods like ensemble distillation
have proven to improve the efficiency of learning while
preserving privacy constraints in medical use cases (Sui
et al., 2020). The advancements outlined above indicate
that federated learning can offer a promising basis for

privacy protecting mental health monitoring systems
that meet the critical balance between predictive accuracy
and privacy constraints.

This paper discusses federated learning for privacy-
preserving mental health monitoring. It explores the
concepts of federated learning, privacy enhancing tech-
nologies that can be embedded in federated frameworks,
their advantages and drawbacks in the context of mental
healthcare, and the difficulties of secure and personalized
mental health analytics. Federated learning, a decentral-
ized intelligence approach, presents a promising avenue
toward trustworthy, scalable, patient-centric mental
health monitoring systems (Kurupathi & Maass, 2020;
Zerka et al., 2020).

2. FOUNDATIONS OF PRIVACY-
PRESERVING MENTAL HEALTH
MONITORING

2.1. Mental Health Monitoring Systems

Mental health disorders such as depression, anxiety,
bipolar disorder, and stress-related conditions repre-
sent a significant public health challenge. Advances in
digital healthcare technologies have enabled continuous
monitoring of mental health through mobile applications,
wearable devices, electronic health records (EHRs), and
remote sensing platforms. These systems collect various
forms of behavioral, physiological, and contextual data,
including sleep patterns, physical activity, heart rate vari-
ability, social interactions, and self-reported psychologi-
cal assessments.

Modern mental health monitoring systems leverage arti-
ficial intelligence (AI) and machine learning techniques
to identify behavioral trends and predict potential mental
health deterioration. By analyzing data collected from
distributed sources, healthcare providers can deliver
early interventions and personalized treatment strategies.
However, the effectiveness of these systems depends on
access to large and diverse datasets, creating significant
concerns regarding data privacy and confidentiality (Li
& Li, 2015).

The increasing adoption of Internet of Things (IoT)
devices and mobile health technologies has expanded
opportunities for real-time mental health monitoring.
Nevertheless, the collection and processing of sensitive
personal information raise ethical and legal concerns
related to data ownership, patient consent, and unau-
thorized disclosure. Consequently, privacy-preserving
approaches have become a critical requirement for
modern mental healthcare systems (Seun et al., 2019).
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2.2. Privacy Challenges in Mental Health
Data

Mental health information is among the most sensitive
categories of healthcare data because it often contains
details regarding emotional states, behavioral patterns,
psychiatric diagnoses, medication histories, and personal
experiences. Exposure of such information may result in
social stigma, discrimination, reputational harm, and
psychological distress for affected individuals (Li & Li,
2015).

Traditional centralized machine learning architectures
require institutions or service providers to aggregate
patient data into a central repository before analysis.
Although this approach facilitates model development,
itincreases vulnerability to cyberattacks, insider threats,
unauthorized access, and large-scale data breaches.
Healthcare organizations therefore face considerable
challenges in maintaining compliance with privacy regu-
lations while enabling effective data-driven healthcare
services (Seun et al., 2019).

2.2.1. Several specific privacy challenges affect
mental health monitoring systems

* Unauthorized disclosure of personally identifiable
information.

* Re-identification attacks using anonymized datasets.
¢ Data leakage during transmission and storage.
* Lack of transparency regarding data usage.

* Regulatory compliance requirements for healthcare
data management.

* Security vulnerabilities in cloud-based healthcare
infrastructures.

Researchers have emphasized that preserving privacy
throughout the entire data lifecycle, from collection to
analysis and storage, is essential for maintaining patient

trust and encouraging participation in digital mental
health programs (Kaissis et al., 2020; Zerka et al., 2020).

2.3. Federated Learning Principles

Federated learning (FL) has emerged as a promising
privacy-preserving machine learning paradigm that
enables collaborative model training without requiring
the exchange of raw data. Instead of transferring sensi-
tive patient information to a centralized server, feder-
ated learning allows individual devices or healthcare
institutions to train models locally and share only model
parameters or gradients for aggregation (Kurupathi &
Maass, 2020).

2.3.1. The federated learning process typically
consists of four major stages

¢ Distribution of an initial global model to participat-
ing devices.

Local model training using institution-specific or
device-specific data.

¢ Transmission of updated model parameters to a
central aggregation server.

e Aggregation and redistribution of the improved
global model.

This decentralized architecture significantly reduces
privacy risks because sensitive mental health records
remain within their original environments throughout
the training process. Furthermore, federated learning
supports collaborative learning across multiple health-
care institutions while preserving patient confidentiality
(Lee et al., 2018).

Several studies have demonstrated the suitability of
federated learning for healthcare applications. Shao et al.
(2020) proposed stochastic channel-based federated learn-
ing combined with neural network pruning to improve
privacy preservation and communication efficiency.

Table 1: Comparison of Centralized Learning and Federated Learning in Mental Health Monitoring

Feature

Centralized Learning

Federated Learning

Raw Data Sharing Required
Data Storage
Low

High

Privacy Protection
Risk of Data Breach

Regulatory Compliance

Patient Data Ownership Limited
Scalability Moderate
Communication Overhead Low

Collaboration Across Institutions

Suitability for Mental Health Monitoring Moderate

Central Repository

More Challenging

Limited by Data Sharing Policies

Not Required

Local Devices/Institutions
High

Reduced

Easier to Support
Retained Locally

High

Moderate

Strong Support

High
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Similarly, Sui et al. (2020) demonstrated the effectiveness
of federated learning in medical information extraction
tasks, highlighting its ability to support distributed
healthcare analytics without exposing sensitive data.

The comparison illustrates why federated learning has
gained significant attention within healthcare environ-
ments. By minimizing direct data sharing while main-
taining collaborative model development, FL addresses
many of the privacy limitations associated with conven-
tional machine learning systems (Kurupathi & Maass,
2020; Zerka et al., 2020).

2.4. Privacy-Preserving Technologies
Supporting Federated Learning

Although federated learning reduces exposure of raw
data, additional privacy-preserving mechanisms are
often required to protect model updates and commu-
nication channels. Researchers have proposed several
complementary technologies to strengthen the security
of federated healthcare systems.

Differential privacy introduces carefully calibrated noise
into model updates, preventing adversaries from infer-
ring sensitive information about individual participants
while maintaining acceptable model performance (Hu et
al., 2020). Secure aggregation techniques further enhance
privacy by ensuring that individual model updates
remain encrypted during transmission and aggregation
processes (Kaissis et al., 2020).

Blockchain technology has also been integrated with
federated learning to establish decentralized trust, trans-
parency, and auditability. Blockchain-based frameworks
can securely coordinate model training activities among
multiple healthcare organizations while maintaining
tamper-resistant records of transactions and model
updates (Passerat-Palmbach et al., 2020).

Personalized federated learning approaches enable the
development of individualized predictive models that
account for user-specific behavioral patterns and health
characteristics. Such personalization is particularly valu-
able in mental health applications because psychological
conditions often vary substantially across individuals
(Hu et al., 2020; Wu et al., 2020).

Edge computing further enhances federated learning by
performing data processing and model training closer to
data sources, thereby reducing latency, communication
costs, and privacy risks associated with cloud-based
architectures (Hakak et al., 2020). In addition, distributed
trust frameworks provide mechanisms for authentication,
authorization, and secure collaboration among partici-
pating entities within federated healthcare ecosystems
(Abramson et al., 2020).

Collectively, these technologies establish the founda-
tional framework for privacy-preserving mental health
monitoring systems. Their integration enables healthcare
providers to leverage advanced analytics and machine
learning capabilities while safeguarding sensitive patient
information and maintaining compliance with evolving
privacy requirements (Jani, 2020; Zerka et al., 2020).

3. FEDERATED LEARNING
ARCHITECTURE FOR MENTAL HEALTH
MONITORING

3.1. System Components

A federated learning (FL) architecture for mental
health monitoring is designed to enable collaborative
model training across multiple distributed devices and
healthcare institutions without requiring the transfer
of raw patient data. This architecture addresses privacy
concerns associated with centralized mental health
data repositories while maintaining the effectiveness of
machine learning models for predictive analytics and
decision support (Kurupathi & Maass, 2020).

The architecture generally consists of four major com-
ponents: patient-side devices, edge computing nodes, a
federated aggregation server, and healthcare provider
interfaces. Patient-side devices include smartphones,
wearable sensors, and mental health monitoring
applications that collect behavioral, physiological, and
self-reported mental health information. These devices
perform local data storage and preliminary model train-
ing, ensuring that sensitive information remains under
the control of the data owner (Wu et al., 2020).

Edge computing nodes act as intermediate process-
ing units that aggregate data from nearby devices and
support local model optimization. Edge-assisted archi-
tectures reduce communication latency and computa-
tional burden on individual devices while enhancing
system responsiveness (Hakak et al., 2020). The federated
aggregation server coordinates model updates received
from participating clients and generates a global model
without accessing underlying patient records. Health-
care providers subsequently utilize the trained models
through secure dashboards and decision-support
systems to facilitate diagnosis, risk assessment, and treat-
ment planning (Jani, 2020).

The distributed nature of this architecture significantly
reduces privacy risks associated with centralized storage
and supports compliance with healthcare data protection
requirements (Kaissis et al., 2020; Seun et al., 2019).

3.2. Federated Learning Workflow

The federated learning workflow in mental health
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monitoring follows a cyclical process of local training,
parameter sharing, aggregation, and model redistribu-
tion. Initially, participating devices collect mental health-
related data such as sleep patterns, activity levels, social
interactions, emotional indicators, and questionnaire
responses. Instead of transmitting these sensitive records
to a central server, each device trains a local machine
learning model using its own dataset (Li & Li, 2015).

After local training, model parameters or gradients are
transmitted to a central aggregation server. The server
combines these updates using aggregation algorithms
such as Federated Averaging (FedAvg) to create an
improved global model. The updated model is then redis-
tributed to participating devices for subsequent training
rounds (Kurupathi & Maass, 2020).

This iterative learning process continues until the model
reaches acceptable performance levels. Since only model
updates are exchanged, the probability of direct patient
data exposure is substantially reduced. Research has
shown that optimized federated architectures incorpo-
rating neural network pruning can further minimize
communication overhead while maintaining predictive
performance in healthcare environments (Shao et al,,
2020).

Furthermore, federated learning enables collaboration
among hospitals, clinics, and mental health institutions
that may otherwise be unable to share data because of
legal, ethical, or organizational restrictions. Such col-
laborative learning enhances model generalizability
and robustness while preserving data ownership and
confidentiality (Zerka et al., 2020).

3.3. Personalized Federated Learning

Mental health conditions often exhibit significant indi-
vidual variability. Factors such as lifestyle, genetics, envi-
ronmental influences, and treatment history can lead to
highly personalized behavioral patterns. Consequently,
a single global model may not adequately capture the
diversity of patient characteristics.

Personalized federated learning extends traditional
FL by allowing local adaptation of the global model to
individual users. Under this framework, devices benefit
from shared knowledge learned across the federation
while maintaining personalized parameters that reflect
unique user behaviors (Hu et al,, 2020). This hybrid learn-
ing approach improves prediction accuracy for mental
health indicators such as depression severity, anxiety
levels, stress responses, and mood fluctuations.

Research demonstrates that personalized federated
learning can effectively address the non-independent
and identically distributed (non-IID) nature of health-
care data, which remains one of the most significant

challenges in federated environments (Hu et al., 2020).
Differential privacy mechanisms may also be incorpo-
rated into personalized FL models to provide additional
protection against inference attacks while preserving
customization capabilities (Hu et al., 2020).

In mental health monitoring systems, personalized FL
enables individualized risk prediction and adaptive
intervention recommendations. Such capabilities are par-
ticularly valuable for long-term monitoring applications
where patient conditions evolve continuously over time.

3.4. Edge-Assisted Federated Learning

Edge-assisted federated learning introduces an addi-
tional computational layer between end-user devices
and central servers. Edge nodes perform local aggrega-
tion, preprocessing, and model optimization functions
that reduce communication requirements and improve
operational efficiency (Hakak et al., 2020).

In mental health monitoring applications, edge comput-
ing supports real-time analysis of data streams generated
by wearable sensors and mobile devices. Rather than
transmitting large volumes of data across networks,
edge devices process information locally and share
only relevant model updates. This approach minimizes
bandwidth consumption and reduces latency, making
the system suitable for continuous monitoring scenarios
(Wu et al., 2020).

The FedHome framework proposed by Wu et al. (2020)
demonstrates how cloud-edge collaboration can improve
personalized healthcare monitoring through localized
learning and efficient model aggregation. By distribut-
ing computational responsibilities across multiple layers,
edge-assisted FL architectures improve scalability and
reliability while preserving patient privacy.
Edge-assisted systems also enhance resilience against
communication interruptions and support operation in
resource-constrained environments. These characteris-
tics make them particularly suitable for mental health
monitoring applications that require continuous data
collection and rapid response capabilities.

3.5. Security and Trust Mechanisms within
the Architecture

Although federated learning reduces direct data-sharing
risks, vulnerabilities may still arise through model inver-
sion attacks, gradient leakage, and malicious participant
behavior. Consequently, additional security mechanisms
are often integrated into the architecture.

Secure aggregation protocols ensure that model updates

remain encrypted during transmission and aggregation
processes, preventing unauthorized access to sensitive
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Federated Learning Performance in Mental Health Monitoring
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Figure 1: The line graph illustrates progressive improvement

in prediction accuracy across federated training rounds, with

Personalized Federated Learning achieving the highest con-

vergence and final performance compared to Centralized and

Standard Federated Learning approaches.

information (Kaissis et al., 2020). Blockchain technologies
can further strengthen trust management by provid-
ing transparent and tamper-resistant records of model
exchanges and training activities (Passerat-Palmbach et

al., 2020).

Distributed trust frameworks have also been proposed
to verify participant authenticity and detect malicious
activities within federated networks. These frameworks
improve system reliability by ensuring that only legiti-
mate entities contribute to the collaborative learning
process (Abramson et al., 2020).

Moreover, ensemble distillation techniques and distrib-
uted learning frameworks have been investigated as
mechanisms for improving privacy preservation while
maintaining learning efficiency in healthcare applications
(Sui et al., 2020). The integration of these technologies
creates a robust architecture capable of supporting pri-
vacy-sensitive mental health monitoring systems at scale.

4. PRIVACY-PRESERVING TECHNIQUES
IN FEDERATED MENTAL HEALTH
SYSTEMS

Mental health monitoring systems process highly sensi-
tive information, including emotional states, behavioral
patterns, clinical diagnoses, and personal interactions.
The confidentiality of such data is essential because
unauthorized disclosure can lead to social stigma, dis-
crimination, and loss of patient trust. Federated learning
(FL) addresses many of these concerns by enabling dis-
tributed model training without transferring raw patient
data to a central repository. However, the transmission
of model parameters and gradients may still expose
sensitive information through inference attacks, model
inversion, or malicious aggregation processes. Conse-

quently, several privacy-preserving mechanisms have
been integrated into federated learning frameworks to
strengthen security and confidentiality in mental health
monitoring applications (Kaissis et al., 2020; Kurupathi
& Maass, 2020).

4.1. Differential Privacy

Differential privacy has emerged as one of the most
effective approaches for protecting sensitive information
in federated environments. The technique introduces
carefully calibrated statistical noise into model updates
before they are transmitted to the aggregation server. By
obscuring the contribution of individual participants,
differential privacy prevents attackers from reconstruct-
ing personal data while maintaining acceptable model
performance.

In mental health monitoring systems, differential privacy
is particularly valuable because user-generated behavio-
ral and psychological data often contain unique patterns
that may reveal personal identities. Personalized feder-
ated learning approaches enhanced with differential
privacy enable individualized mental health prediction
while limiting the risk of privacy leakage. The incor-
poration of noise mechanisms allows models to learn
general trends across participants without exposing the
characteristics of any specific individual (Hu et al., 2020;
Hu et al,, 2020).

Furthermore, differential privacy contributes to com-
pliance with healthcare regulations by reducing the
likelihood of patient re-identification. Although privacy
protection increases as more noise is added, excessive
perturbation may reduce model accuracy. Therefore,
selecting an appropriate privacy budget remains a criti-
cal design consideration for mental health monitoring
systems (Jani, 2020).

Privacy Protection Effectiveness of Federated Learning Techniques
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Figure 2: The grouped bar chart compares privacy-preserving

federated learning techniques across privacy protection, com-

putational efficiency, and trustworthiness, highlighting inherent

trade-offs between security strength and system efficiency in
mental health monitoring applications.
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Table 2: Comparison of Privacy-Preserving Techniques in Federated Mental Health Systems

Technique Primary Objective Privacy Strength  Computational Cost Key Benefits Limitations
Differential Prevent participant High Moderate Protects against data May reduce model
Privacy identification reconstruction attacks accuracy
Secure Protect model High Moderate Prevents exposure of Additional
Aggregation updates during individual updates communication
transmission complexity
Homomorphic Computation on Very High High Strong confidentiality High computational
Encryption encrypted data guarantees overhead
Blockchain Decentralized trust High High Transparency, Scalability
Integration and auditing traceability, concerns
accountability
Personalized User-specific model Moderate—High Moderate Improved prediction Increased model
Federated adaptation accuracy management
Learning complexity
Edge-Assisted Localized processing High Low—Moderate Reduced latency and Limited device
Federated and privacy data exposure resources
Learning protection
Distributed Secure collaboration  High Moderate Protection against Complex trust
Trust among participants malicious entities management
Frameworks

4.2. Secure Aggregation and Encryption
Mechanisms

Secure aggregation protocols protect federated learning
systems by ensuring that only aggregated model updates
are visible to the central server. Individual participant
updates remain encrypted throughout the communica-
tion process, preventing unauthorized access to local
training information. This approach minimizes the risk
of exposing sensitive mental health records while pre-
serving collaborative learning capabilities.

Encryption techniques such as homomorphic encryption
and secure multiparty computation further strengthen
privacy protection by allowing computations to be per-
formed on encrypted data. These methods ensure that
neither intermediaries nor aggregation servers can access
patient-specific information during model training and
update exchanges. In healthcare environments, secure
aggregation has demonstrated significant potential for
maintaining confidentiality while supporting distributed
machine learning applications (Kaissis et al., 2020; Lee
et al., 2018).

Research on medical federated learning has shown that
combining secure aggregation with model optimization
techniques such as stochastic channel communication
and neural network pruning can reduce communica-
tion overhead while maintaining privacy guarantees.
Such approaches are particularly beneficial for wearable
mental health monitoring devices that often operate
under limited bandwidth and computational resources
(Shao et al., 2020).

4.3. Blockchain-Enabled Federated Learning

Blockchain technology provides an additional layer
of trust and transparency for federated mental health
systems. Traditional federated architectures rely on a
centralized coordinator for model aggregation, which
may become a single point of failure or target for attacks.
Blockchain-based federated learning addresses this
limitation by decentralizing coordination processes and
maintaining immutable records of model updates.

In blockchain-orchestrated federated learning frame-
works, all training transactions are recorded in distrib-
uted ledgers, creating transparent and verifiable audit
trails. This mechanism enhances accountability among
participating healthcare institutions and enables secure
verification of model contributions. The decentralized
nature of blockchain also reduces dependence on trusted
third parties, thereby strengthening privacy and system
resilience (Passerat-Palmbach et al., 2020).

For mental health applications involving multiple hospi-
tals, clinics, and remote monitoring devices, blockchain
integration can facilitate secure collaboration while pre-
serving data sovereignty. The technology also supports
access control, consent management, and traceability of
model training activities, thereby improving trust among
stakeholders (Abramson et al., 2020).

4.4. Personalized Federated Learning and
Edge Intelligence

Mental health conditions often vary significantly across
individuals due to differences in behavior, lifestyle,

——————
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Table 3: Evaluation of Federated Learning Applications in Mental Health Monitoring

Application Area Primary Data Sources Expected Benefits Key Evaluation Metrics ~ Supporting References
Depression Smartphone usage, Early diagnosis and Accuracy, Recall, F1- Li & Li (2015); Hu et al.
Detection wearable sensors, EHRs intervention score (2020)

Anxiety Monitoring

Stress Prediction

Mood Analysis

Clinical Decision

Physiological and
behavioral data

Heart rate, activity levels,
sleep patterns

Social interaction and
behavioral data

Multi-institutional health

Continuous symptom
assessment

Personalized stress
management

Real-time mood tracking

Improved treatment

Precision, Sensitivity

Accuracy, Specificity

Precision, Recall

Accuracy, Scalability

Wau et al. (2020); Lee
etal. (2018)
Hakak et al. (2020)

Hu et al. (2020)

Zerka et al. (2020);

Support records

Wearable devices and
telehealth systems

Remote Patient

Monitoring delivery

recommendations

Continuous healthcare

Jani (2020)
Latency, Wau et al. (2020);
Communication Hakak et al. (2020)
Efficiency

genetics, and environmental influences. Personalized
federated learning addresses this challenge by adapting
global models to individual users while maintaining
privacy-preserving training procedures.

Unlike traditional federated learning, which produces
a single global model, personalized federated learning
incorporates user-specific adjustments that improve
predictive performance. This capability is particularly
useful for detecting depression, anxiety, stress, and mood
fluctuations because behavioral indicators often differ
from one individual to another. Privacy-preserving per-
sonalization techniques allow local adaptation without
exposing sensitive patient information to external entities
(Hu et al,, 2020).

Edge-assisted federated learning further enhances
privacy by processing data closer to its source. Instead
of transmitting large volumes of information to distant
servers, edge devices perform local computations and
share only model updates. This approach reduces latency,
communication costs, and exposure risks while enabling
real-time mental health monitoring. Cloud-edge collabo-
rative frameworks have demonstrated considerable effec-
tiveness in supporting privacy-preserving healthcare
analytics and personalized patient monitoring systems
(Hakak et al., 2020; Wu et al., 2020).

4.5. Trust Frameworks and Distributed
Learning Approaches

The success of federated mental health systems depends
not only on privacy-preserving algorithms but also on
the establishment of trust among participating entities.
Distributed trust frameworks provide mechanisms for
authentication, reputation management, and secure
collaboration among healthcare providers, patients, and

system administrators.

Trust-based architectures enable participants to verify
the integrity of model updates and identify potentially
malicious contributors. Such frameworks help mitigate
threats including data poisoning, model manipulation,
and unauthorized access attempts. Distributed trust
management has therefore become a critical component
of privacy-preserving machine learning systems operat-
ing in healthcare environments (Abramson et al., 2020).

Additionally, ensemble-based federated learning
approaches improve privacy and robustness by com-
bining knowledge from multiple local models without
requiring direct access to raw datasets. These methods
enhance learning effectiveness while reducing the pos-
sibility of sensitive information disclosure during col-
laborative model development (Sui et al., 2020).

The combination of these techniques creates a multi-
layered privacy-preserving framework capable of
addressing the stringent confidentiality requirements of
mental health monitoring systems. Existing healthcare
studies indicate that integrating differential privacy,

Benefits and Challenges in Federated Mental Health Monitoring
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Figure 3: The comparative analysis shows that federated learn-
ing systems provide strong benefits in privacy protection and
scalability, while challenges remain in communication efficiency
and security resilience across implementation dimensions.
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secure aggregation, blockchain technologies, personal-
ized learning mechanisms, and trust-based architectures
significantly enhances both privacy protection and model
effectiveness within federated environments (Zerka et al.,
2020; Kaissis et al., 2020; Seun et al., 2019).

5. EVALUATION, APPLICATIONS, AND
CHALLENGES

Federated learning (FL) has emerged as a viable approach
for privacy-preserving mental health monitoring by
enabling collaborative model training without requiring
the transfer of sensitive patient data. Its application in
healthcare has demonstrated the ability to maintain pre-
dictive performance while enhancing privacy protection,
making it particularly suitable for mental health systems
where confidentiality is critical (Kurupathi & Maass,
2020; Kaissis et al., 2020). Evaluating the effectiveness
of FL-based mental health monitoring systems requires
consideration of both machine learning performance and
privacy-preservation capabilities.

5.1. Applications of Federated Learning in
Mental Health Monitoring

Mental health monitoring increasingly relies on data gen-
erated from smartphones, wearable sensors, telehealth
platforms, and electronic health records. Federated learn-
ing enables these distributed data sources to contribute to
model development while keeping sensitive information
localized. This capability supports various mental health
applications, including depression detection, anxiety
assessment, stress monitoring, mood prediction, behav-
ioral analysis, and personalized intervention systems.

One significant application involves the development of
predictive models that identify early indicators of mental
health deterioration using behavioral and physiological
signals collected from patient devices. Since data remain
on individual devices, privacy concerns associated with
centralized repositories are substantially reduced (Li
& Li, 2015). Personalized federated learning further
improves monitoring accuracy by adapting global models
to individual behavioral patterns and mental health char-
acteristics, thereby supporting more effective and patient-
specific interventions (Hu et al., 2020; Wu et al., 2020).

Healthcare providers can also employ federated learning
to facilitate collaborative mental health research across
institutions. Multiple hospitals and clinics can jointly
train predictive models while maintaining ownership
and control of their datasets, thereby improving data
diversity and model generalizability without compro-
mising confidentiality (Lee et al., 2018; Zerka et al., 2020).

5.2. Evaluation Metrics for Privacy-
Preserving Mental Health Systems

The effectiveness of federated learning-based mental
health monitoring systems is commonly evaluated using
several categories of metrics.

Predictive Performance Metrics assess the ability of
models to accurately identify mental health conditions.
Common measures include accuracy, precision, recall,
Fl1-score, sensitivity, and specificity. High predictive
performance is essential for reliable diagnosis and inter-
vention planning.

Privacy Metrics evaluate the extent to which patient
information is protected from inference attacks, data
leakage, and unauthorized access. Techniques such as
differential privacy, secure aggregation, and encryption
contribute significantly to privacy preservation (Hu et
al., 2020; Kaissis et al., 2020).

Communication Metrics measure the efficiency of model
parameter exchange between participating devices and
aggregation servers. Communication overhead remains
a critical concern because frequent model updates may
increase network utilization and energy consumption
(Shao et al., 2020).

Scalability Metrics determine the ability of federated
systems to support increasing numbers of users, devices,
and healthcare institutions while maintaining stable
performance (Hakak et al., 2020).

5.3. Benefits of Federated Learning for
Mental Health Monitoring

The principal advantage of federated learning lies in its
ability to preserve patient privacy by ensuring that raw
mental health data remain within local devices or insti-
tutional repositories. This approach reduces exposure to
data breaches and unauthorized access while supporting
compliance with healthcare privacy regulations (Jani,
2020; Seun et al., 2019).

Federated learning also promotes data ownership and
institutional autonomy, allowing healthcare organiza-
tions to participate in collaborative model development
without relinquishing control over sensitive patient
records (Lee et al., 2018). Furthermore, personalized feder-
ated learning techniques improve prediction accuracy by
accommodating variations in individual behavioral and
psychological characteristics (Hu et al., 2020).

Another significant benefit is scalability. Distributed
learning architectures can support large numbers of
patients and healthcare institutions while maintaining
efficient model training processes. Edge-assisted feder-
ated learning further enhances responsiveness by reduc-
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ing latency and distributing computational workloads
closer to data sources (Hakak et al., 2020).

5.4. Challenges and Limitations

Despite its advantages, federated learning faces several
technical and operational challenges in mental health

monitoring environments.

A major challenge is data heterogeneity, often referred
to as the non-independent and identically distributed
(non-1ID) problem. Mental health data vary significantly
across individuals due to differences in demograph-
ics, lifestyles, and psychological conditions, which can
negatively affect model convergence and performance
(Kurupathi & Maass, 2020).

Communication overhead is another concern. Federated
learning requires repeated exchanges of model param-
eters between local devices and aggregation servers.
As the number of participating devices increases, com-
munication costs can become substantial, particularly in
resource-constrained environments (Shao et al., 2020).

Although raw data remain local, federated learning
systems remain vulnerable to model inversion attacks,
membership inference attacks, and poisoning attacks,
where adversaries attempt to infer sensitive information
or manipulate model behavior through malicious updates
(Kaissis et al., 2020). Consequently, additional security
mechanisms such as differential privacy, encryption,
blockchain orchestration, and secure aggregation are
necessary to strengthen system resilience (Passerat-
Palmbach et al., 2020; Abramson et al., 2020).

Resource limitations on mobile and wearable devices
may also restrict local model training capabilities. Com-
putational constraints, battery consumption, and storage
limitations can affect participation in federated learning
processes, necessitating lightweight architectures and
optimization strategies such as neural network pruning
and ensemble distillation techniques (Shao et al., 2020;
Sui et al., 2020).

Overall, federated learning provides a strong foundation
for privacy-preserving mental health monitoring by bal-
ancing predictive effectiveness with data confidentiality.
While challenges related to communication efficiency,
security threats, and data heterogeneity remain, ongoing
advances in personalized learning, differential privacy,
blockchain integration, and edge computing continue
to enhance the practicality and robustness of federated
mental health systems (Passerat-Palmbach et al., 2020; Hu
et al.,, 2020; Hakak et al., 2020).

6. CONCLUSION

Privacy-preserving mental health monitoring using
federated learning represents a significant advancement
in the development of secure and intelligent healthcare
systems. As mental health applications increasingly rely
on data collected from mobile devices, wearable sensors,
and electronic health records, protecting the confidenti-
ality of sensitive patient information remains a critical
requirement. Traditional centralized machine learning
approaches expose mental health data to substantial
privacy and security risks, creating barriers to data
sharing and large-scale collaborative analytics. Federated
learning addresses these concerns by enabling decen-
tralized model training in which data remain on local
devices while only model parameters are exchanged,
thereby reducing the likelihood of privacy breaches and
unauthorized data access (Kurupathi & Maass, 2020;
Kaissis et al., 2020).

The findings indicate that federated learning can support
effective mental health monitoring while preserving user
privacy and maintaining regulatory compliance. Privacy-
enhancing mechanisms such as differential privacy,
secure aggregation, model pruning, and encrypted
communication further strengthen the protection of
sensitive information during training and model updates
(Shao et al., 2020; Hu et al., 2020). Moreover, personalized
federated learning approaches improve the adaptability
of predictive models to individual behavioral patterns
and mental health conditions, leading to more accurate
and user-centered monitoring systems (Hu et al., 2020;
Wu et al,, 2020). Edge-assisted computing frameworks
are also part of the solution that helps to lower latency,
boost scalability, and maximize resource utilization in
decentralized healthcare systems ( Hakak et al., 2020).

The study also underscores the critical role of comple-
mentary technologies to improving the overall levels of
trust and security in federated ecosystems. Blockchain
based orchestration mechanisms enable the coordinated
orchestration of learning processes in a transparent and
auditable manner, and distributed trust frameworks
enhance the authentication, accountability and secure
collaboration between healthcare stakeholders (Passerat-
Palmbach et al., 2020; Abramson et al., 2020). These fea-
tures are especially important for mental health-related
apps, where patient privacy, ethical concerns, and data
sensitivity are paramount. Furthermore, privacy-preserv-
ing patient similarity learning and distributed knowledge
extraction approaches have shown the promise of feder-
ated environments in providing advanced healthcare
analytics without the sharing of raw data (Lee et al., 2018;
Sui et al., 2020).
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Although these benefits are realized, there are still some
challenges. Despite recent progress in federated learning
systems (FLS), heterogeneous data distributions, com-
munication overhead, and limited resources on devices
persist, along with the threat of sophisticated inference
attacks (Zerka et al., 2020; Kaissis et al., 2020). Moreover,
as the utility of models is balanced against robust privacy
protections, it continues to be a research challenge, espe-
cially in large-scale deployments with a variety of differ-
ent populations and healthcare organizations (Jani, 2020;
Seun et al,, 2019). Future research and development efforts
are needed to overcome these challenges, especially in
the fields of secure aggregation protocols, personaliza-
tion algorithms, communication-efficient algorithms, and
governance structures.

Overall, the potential of federated learning is promis-
ing as a practical and privacy-preserving approach for
future mental healthcare monitoring systems. It allows
for collaborative intelligence without the need to share
actual data, thus offering an effective balance between
predictive performance, patient security and healthcare
innovation. Federated learning combines innovative,
privacy-preserving technologies, adaptive learning
methods, and secure decentralized architectures, making
it a potential solution for providing scalable, reliable, and
ethically sound mental healthcare solutions (Li & Li, 2015;
Kurupathi & Maass, 2020; Zerka et al., 2020).
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