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Abstract: Mental health disorders are rising globally, posing challenges in early detection, personalized 

care, and data privacy. The conventional centralized Machine Learning (ML) models involve the transfer 

of sensitive patient information to central servers, a factor that jeopardizes privacy and reduces user 

confidence. In addition, these models normally do not consider individual differences in behavior and 

thus generalized predictions are made, which are less accurate. To address these shortcomings, this 

research proposed a Federated Learning (FL)-based model of mental health monitoring that allows 

training models without raw data sharing in distributed medical customers. The model incorporates 

the concept of Big Data Analytics (BDA) to handle heterogeneous mental health records and assist with 

user-level customization and meaningful evaluation based on overall performance measures. The 

simulation outcomes indicate that the proposed model has a global accuracy of 99.53% and a miss rate 

of just 0.47% which beats conventional centralized methods. This research highlights a scalable, secure, 

and personalized solution for mental healthcare, advancing the integration of federated learning and 

big data in digital health systems. 
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1. Introduction 

Over the last few years, the frequency of mental health problems has escalated drastically as society, 

economy, and the environment present more stressors [1]. Occupational stress, financial difficulties, family 

issues, and exposure to violence have greatly contributed to the development of psychological complexes like 

depression, anxiety, and bipolarity [2,3]. The World Health Organization (WHO) reported a total of 450 million 

people across the world with mental health challenges, which constitutes about 13 percent of the disease 

burden in the world [4,5]. Depression in itself has more than 350 million individuals, ranked as one of the major 

causes of suicide, shortening life span, and quality of life [6]. The negative effects of psychiatric illnesses are 

widespread, and they are on the increase. WHO approximates that approximately 1 out of 8 individuals 

worldwide has some form of mental illness, and in 2019, approximately 970 million were estimated to be living 
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with mental illnesses [7]. Such troubling data points to the increasing sense of urgency to create more 

affordable, accessible, and scaled mental care across the board rather than traditional models of care. 

Research consistently demonstrates a strong association between psychological distress and technology-

related behaviors among young people and students. During the COVID-19 pandemic, healthcare students 

experienced high levels of anxiety and depression, which significantly affected their academic performance, 

concentration, motivation, and overall learning process, highlighting the adverse impact of mental health 

challenges on educational outcomes [8]. Similarly, Fekih-Romdhane et al. reported that technology addictions 

are positively associated with schizotypal traits, with depression, anxiety, and stress acting as significant 

mediating factors, emphasizing the complex psychological consequences of excessive technology use [9]. 

Furthermore, Bitar et al. found that cyberbullying perpetration is significantly associated with increased levels 

of anxiety, depression, and suicidal ideation among adolescents, suggesting that problematic online behaviors 

not only affect victims but also have detrimental mental health consequences for perpetrators [10]. Collectively, 

these studies underscore the critical need for interventions that address anxiety, depression, and unhealthy 

technology use to promote psychological well-being and improve educational and social outcomes. Historical 

mental health monitoring strategies, including face-to-face-based psychological examinations, self-filled 

surveys, and custodial Electronic Health Records (EHRs), have been central in determining and treating mental 

illness. These approaches, however, are prone to late intervention, small-scale, and low reporting as they are 

associated with the stigma and the need to protect privacy. Additionally, data collection frameworks are 

centralized, posing critical risks in terms of data security, consent, and institutional biases when handling 

mental health data, in particular, sensitive data types [11]. Such deficiencies are a threat to proactive care and 

early identification, which are essential to addressing long-term mental health outcomes. To explain the 

workflow that usually takes place between mental health patients, healthcare facilities, and service providers, 

it is graphically represented in Figure 1. 

 

 
Figure 1. Interaction between mental patients, hospitals, and healthcare service providers 

 

Figure 1 illustrates the traditional communication loop among a mental health patient, a mental healthcare 

center, and the healthcare service provider [12]. The patient is initially presented with symptoms or contacts 

the mental health monitoring center. According to the preliminary assessment, the mental healthcare facility 

organizes therapy sessions or refers the patient to a healthcare service provider to receive further advice and 

other sessions. The service provider can then approve ongoing care or prescribe remote e-health monitoring. 

Though a workflow of this nature enables organizing care delivery, it also suggests the centralized, sequential 

nature of traditional mental health services, which can lead to delays in diagnosis, a lack of personalization, 

and problems with data privacy and accessibility. 

To overcome such gaps, the medical domain increasingly adopts Artificial Intelligence (AI) and ML [13,14] 

to support real-time monitoring, prognostic diagnosis, and personal therapeutic suggestions [15,16]. Mental 

health surveillance is one of the areas where AI-powered technologies can be utilized to identify signs of 

psychological stress in the digital footprint of wearable sensor records, smartphone usage history, and clinical 

records, and thus enable the identification of emotional stressors early on. However, the vast majority of extant 
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artificial-intelligence systems are still based on centralized data repositories, making them susceptible to 

unintentional information leaks and privacy violations [17,18]. In addition, these architectures often do not 

take into account the individualized paradigm of mental-health assessment, and thus the prognostications are 

broad brushes that do not match the heterogeneity of individual users. 

These restrictions outline a curious gap in modern mental health surveillance infrastructures, that is, a lack 

of scalable, privacy-protective, and individualized system that could operate within decentralized health care 

environments. This gap, in its turn, gives a strong incentive to the implementation of FL that offers a safer and 

more resilient alternative to the traditional centralized AI-based paradigms. 

These boundaries characterize a permeable gap in modern mental health surveillance frameworks, i.e., lack 

of a scalable, privacy-sensitive, and individualized framework that can work at decentralized healthcare 

ecosystems. This gap, in its turn, gives a strong incentive to the implementation of Federated Learning that 

offers a safer and more resilient alternative to the traditional centralized AI-based paradigms. 

FL has also emerged as an appealing approach to privacy-preserving and collaborative model training in 

healthcare to resolve these issues [19-24]. As opposed to traditional distributed methods, FL allows many 

institutions, or edge devices, to cooperate in training ML models without high volumes of raw data being 

shared. This decentralized system allows not only for preserving user privacy but also for managing the data 

heterogeneity and improving personalization. Together with BDA, FL can be effectively used to process 

diverse and large mental health data across institutions and provide scalable and context-specific monitoring; 

this can happen without disregarding data protection laws and regulations [25-29]. A privacy-preserving 

mental healthcare monitoring based on an FL architecture is illustrated in Figure 2. 

Figure 2 depicts the FL architecture in mental health monitoring, whereby local models are trained on the 

mental health clients' devices using their privacy data. The local models are then transmitted to a central server 

to undergo secure aggregation, maintaining privacy by design whilst allowing it to learn collaboratively across 

users. This configuration enables privacy-preserving, scalable, and real-time mental healthcare support to take 

place without centralized data exchanges. 

The study introduced a new FL structure [30-34] that suits privacy-sensitive and personalized monitoring 

of mental health via BDA. The proposed model mitigates these limitations of currently available approaches 

by integrating federated intelligence, BDA-driven preprocessing and scalable data handling, and individual-

level modelling to provide a fully integrated and secure platform of mental health monitoring. The model has 

undergone rigorous validation thus providing a solid basis to its use in practical environments both in clinical 

practice and digital health ecosystems. 

 

 
Figure 2. FL architecture for privacy-preserving mental healthcare monitoring 
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2. Literature Review 

The increasing number of mental health disorders has urged many researchers to study new ways to resolve 

them, focusing on the efficient diagnosis, constant observation, and individual treatment of the victims. Some 

studies specifically addressed the issues of early symptom identification, underreporting based on social 

stigma, lack of real-time insights, and serious data privacy concerns. To this, machine-learning approaches 

have been utilized more frequently to learn behavioral patterns, anticipate risks of mental-health, and aid 

clinical decision-making. However, so far most of these solutions are based on centralized data systems, 

creating massive problems in terms of privacy, data silos, and the overall absence of personalization. The 

section therefore provides a critical analysis of traditional approaches, artificial intelligence, and emerging 

trends in federated learning systems in mental-health monitoring. 

2.1. Traditional and Conventional Methods 

Analyses of electroencephalographic (EEG) signal, self-reported questionnaires and manual clinical 

evaluation have historically been relied upon as early methods of mental health monitoring. The authors in the 

contribution cited as [35] gave an extensive overview of approaches that use EEG-based signal analysis to 

measure mental stress, thus identifying EEG as a promising modality of early mental distress detection. The 

paper highlighted various salient issues such as lack of consistency in the previous studies because of 

difference in experimental design, choice of cortical regions, stressor types, preprocessing protocol, feature 

extraction techniques and classification software. The researchers also stressed the paramount significance of 

a prudent choice of features and stated that EEG signals have intrinsic complexity that requires careful 

treatment. In an attempt to maximize the accuracy and reliability of detecting mental stress, the paper suggests 

a combination of cortical activation measures with brain-connectivity networks, as well as the use of deep 

learning methods. Regardless of these contributions, the review admits the long-standing limitation due to the 

absence of standardised methodologies in this field. 

2.2. AI-Based Solutions for Mental Health Monitoring 

The recent events have highlighted the effectiveness of artificial intelligence and machine learning in 

identifying trends related to mental health using online media and behavioral information. In [36], the authors 

outline a machine-learning-supported model that can be used to conduct proactive surveillance of mental 

health, specifically focusing on Twitter as the knowledge source. The research develops one of the ideas of a 

so-called social sensor cloud, where users of social media act as sensing agents by addressing the flaws of 

traditional systems of health administration, particularly when it comes to mass mental-health surveillance 

and at-risk screening. The framework has a pattern-based data-cleaning mechanism, which uses regular 

expressions, to improve the accuracy of subsequent sentiment analysis. In predictive modelling Long Short-

Term Memory networks have been exploited to pick out people at increased risk, due to the events that are 

delineated in nature. Empirical studies prove that the model is better than traditional methods, thus validating 

its ability to mitigate mental-health disorders at early and scalable stages. 

In [37], an AI-based model is outlined to track mental health through identifying suicidal ideation on social 

media, namely, Twitter, which will fulfill the urgency of timely interventions in the global context of increasing 

suicide rates and the inefficacy of traditional monitoring systems. As an approach to overcoming these 

obstacles, the framework uses sophisticated AI methodologies- e.g., NLP and ML- and strict data 

preprocessing, e.g., tokenization, stemming and feature extraction based on TF-IDF and count vectorization. 

A Random Forest classifier was chosen due to its capability to operate with high-dimensional text and the 

emotional aspects of such data, and its strong performance with 85% accuracy, 88% precision, 83% recall, and 

an AUC-PR of 0.93, shows that it is reliable in real-world use. The system can be used in the analysis of scalable 

mental-health intervention since it was established to process real-time data to detect the suicide risk patterns 

with the minimal proportion of false positives, but it can be platform-specific which could limit its applicability 

to other populations and social media settings. 

The authors of [38] discussed the aspect of detecting depression using user-generated material on social 

media, specifically the analysis of tweets through machine-learning approaches. To address the rising need to 
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identify mental health disorders at an early stage, the researchers presented a large set of 632,000 tweets and 

put it through a thorough preprocessing and careful feature filtering. The models that were experimented with 

included not only the classic classifiers such as logistic regression and Naive Bayes but also state-of-the-art 

transformer-based models, such as DistilBERT, DeBERTa, SqueezeBERT, and RoBERTa, all of them trained and 

properly evaluated. Among the models that were tested, RoBERTa showed the best performance with an 

accuracy of 0.981 and an average cross-validation accuracy of 0.97 during ten folds. These results highlight the 

inclination of models based on transformers to outperform the conventional in the field of depression-sensing 

using social media data. However, the research admits that the use of publicly available twitters may introduce 

bias and limit the ability of generalizing findings to different demographic groups or other online platforms. 

In [39] an all-inclusive machine-learning and natural-language-processing model was worked out to 

estimate the affective reactions of the masses expressed in the form of social-media publishes with respect to 

significant events. The system is driven by the urgency to track the emotional responses during a crisis, like 

the COVID-19 pandemic, and inform prompt governance responses, such as specifically mental-health 

responses. This dataset consisted of 15,455 tweets that were categorized as eleven affective groups based on 

the Plutchik psycho-color wheel and coded using Bag-of-Words and TF-IDF. It used predictive modelling 

based on the classifiers of Random-Forest and logistic-regression estimators and provided the overall accuracy 

of 95.5%. Analysis of the Twitter feed on COVID-19 vaccines demonstrated the effectiveness of the model in 

monitoring population-wide trends in affect. Although the framework shows a strong predictive accuracy, it 

may have a limited scope to generalize to other people or platforms based on the reliance on a single dataset 

and technological reliance. 

According to [40], a novel deep learning framework designed to overcome the limitations of traditional 

EEG-based mental health monitoring methods. Prior approaches often relied on manually engineered features 

and basic classifiers, which struggled to capture the intricate spatiotemporal relationships within EEG signals, 

leading to poor adaptability and reduced classification accuracy. To address these gaps, the EEG Mind-

Transformer integrates three key components: a Dynamic Temporal Graph Attention Mechanism (DT-GAM) 

for temporal dependency modelling, a Hierarchical Graph Representation and Analysis (HGRA) module to 

capture local and global brain interactions, and a Spatial-Temporal Fusion Module (STFM) for comprehensive 

EEG signal representation. Experimental evaluations across multiple datasets demonstrate robust 

performance, achieving 92.5% accuracy, 91.3% recall, 90.8% F1-score, and a 94.2% AUC. This architecture 

presents a significant advancement in EEG-based mental health monitoring by improving generalizability, 

accuracy, and interpretability in clinical and research applications. 

In [41] and [42], the literature highlights the incorporation of privacy-conscious intelligence in the modern 

healthcare systems through specific methodological approaches. Specifically, in [41], the concept of FL is 

cleverly combined with the fuzzy ensemble deep learning architectures; namely, Temporal Convolutional 

Networks (TCN), Long Short-Term Memory (LSTM) networks, and Gated Recurrent Units (GRU) to enable 

highly precise, but privacy-aware, recognition of emotion based on electroencephalographic (EEG) data. In 

[42] takes the discussion a step further by applying an optimised differential privacy algorithm, thus, ensuring 

the securitisation of release of healthcare data and preserving a significantly higher utility of the underlying 

data. Taken together, these studies provide an insight into the urgency of striking the right balance between 

strong privacy controls and reliable data analysis capabilities in the Internet-of-Medical-Things (IoMT) and 

Connected IoT (CIoT) systems. 

Table 1. Comparative analysis of previously published approaches 

Ref. Model Used Objective 
Preprocessing  

Techniques 

Predictive  

Model 

Privacy- 

Preserving 

(FL) 

Scalability 

[35] EEG-based 

methods 

(Review) 

Review EEG 

methods for 

Emphasized EEG 

cleaning, feature 

extraction 

Deep learning 

suggested 

 

✘ 

 

Limited 
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mental stress 

detection 

[36] Social 

Sensor 

Cloud + 

LSTM 

Proactive mental 

health 

monitoring via 

Twitter 

Regular expression-

based tweet cleaning 

 

LSTM 

 

✘ 

 

High 

[37] AI + NLP + 

RF 

Detect suicidal 

ideation via 

Twitter posts 

Tokenization, 

stemming, TF-IDF, 

count vectorization 

Random Forest  

✘ 

 

High 

[38] ML & 

Transformer 

Models 

(e.g., 

RoBERTa) 

Detect 

depression from 

tweets 

Preprocessing and 

feature selection 

RoBERTa (best 

performer) 

 

✘ 

 

High 

[39] ML-NLP 

with RF & 

LR 

Detect emotional 

trends from 

social media 

during events 

Bag of Words, TF-IDF Random Forest, 

Logistic Regression 

 

✘ 

 

High 

[40] EEG Mind-

Transformer 

Enhance EEG-

based mental 

health 

monitoring with 

deep learning 

EEG signal 

representation via 

spatiotemporal 

modeling 

Deep Learning 

(Graph Attention + 

Fusion Modules) 

 

✘ 

 

High 

[43] ML-based 

emotion 

prediction 

Social media-

based emotion 

detection  

Not explicitly detailed Not specified  

✘ 

 

Moderate 

[44] Transfer 

Learning 

(Optimized) 

Efficient real-

time mental 

health 

monitoring 

Algorithm-specific 

optimization 

Optimized Transfer 

Learning with 

residual and gradient 

descent 

 

✘ 

 

Moderate 

[45] ML models 

(LR, RF, DT, 

KNN) 

Predict mental 

health status via 

questionnaire 

Data normalization, 

QA curation 

Logistic Regression, 

KNN, Decision Tree, 

RF 

 

✘ 

 

Moderate 

[46] DNN, SVM, 

RF 

Forecast mental 

well-being using 

diverse factors 

Feature extraction from 

behavioral and 

contextual data 

DNN, SVM, Random 

Forest 

 

✘ 

 

High 

Proposed Model ( 

FL with BDA) 

Privacy-

preserving and 

mental 

healthcare 

monitoring 

Data harmonization, 

client-side 

preprocessing, feature 

selection 

Federated ML models  

✔ 

 

High 

Table 1 also provides a comparative overview of AI-based mental-health monitoring paradigms that exist, 

highlighting their goals, methodological basis, and other limitations thereof.  Even though most of these 

frameworks have admirable levels of acuity and real-time sensitivity, they often lack privacy preservation, 

heterogeneous population scalability, or regulatory framework compliance.  The proposed federated mental-

healthcare monitoring architecture addresses these shortcomings by balancing the federated learning and 

blockchain-based data sharing to enable the provision of a secure, scalable and personalized continuum of 
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care. This paradigm is therefore a more credible and operationally feasible solution than the antecedent 

methodologies. 

 

3. Limitations of Prior Published Works 

Although there is extensive academic research on AI-based monitoring of mental health, many of these 

central limitations remain unanswered in the literature [35–46]: 

3.1. Lack of Privacy-Preserving Mechanisms 

Majority of modern models rely on centralized data structures (e.g., [35-39, 45]), thus spawning significant 

risks of data leakage, user profiling and regulatory non-compliance. Even though [44,46] attempt to introduce 

real-time monitoring and forecasting, all these attempts do not involve FL, which is an essential element to 

maintain data privacy in distributed mental health applications. 

3.2. Limited Scalability, Real-Time Capability, and Regulatory Integration 

Numerous studies (e.g., [35, 40, 43]) do not have the potential to be scaled to various client settings or offer 

real-time analytics. In addition, most of the models do not consider regulatory compliance (e.g. HIPAA, GDPR) 

and do not promise reliable, explainable results, which reduces their use in clinical or national mental health 

systems. 

 

4. Contribution of the Proposed Model 

To overcome the shortcomings observed in existing literature, the proposed model offers the following key 

innovations: 

4.1. Federated Learning-Based Privacy-Preserving Framework 

Unlike prior models that rely on centralized data processing, the proposed model employs FL to ensure 

that user data remains on local clients. This enhances privacy, supports regulatory compliance (e.g., GDPR), 

and mitigates data leakage risks, addressing limitations found in [30–39]. 

4.2. Real-Time, Scalable Mental Health Monitoring with Big Data Support 

The model integrates BDA for client-side preprocessing, feature harmonization, and efficient model 

aggregation. This enables scalable, real-time monitoring across decentralized environments, making it more 

adaptive and applicable to practical healthcare infrastructures compared to models in [36] [38] [45]. 

 

5. Proposed Methodology 

Conventional centralized machine learning methods to observe mental health are often faced with barriers 

related to privacy, lack of scalability, and a lack of flexibility to nonhomogeneous populations. In comparison, 

Federated learning offers a decentralized model that allows joint model training to many clients without the 

need of raw data exchange. However, the challenges of federated learning include the communication 

overhead, the heterogeneity of the data, and the problem of maintaining the steady performance of models 

among the participants. 

To address the defined difficulties, the current paper suggests a privacy-sensitive federated learning system 

enhanced with the capabilities of BDA, specifically designed to the field of mental health surveillance. The 

designed solution will allow a consortium of healthcare facilities to jointly train a common worldwide model 

and strictly protect patient confidentiality and complete compliance with existing data protection laws. The 

methodology provides secure, scalable, and intelligence-driven big-data solutions to mental health 

applications by localizing raw data on an institutional level and limiting inter-facility interactions to model 

parameters. The system, as shown in Figures 3 and 13, coordinates local model training, secure aggregation 

and global parameter updates in a client-server system, thus enabling the implementation of regulation-

consistent mental health monitoring devices. 

Figure 3 depicts the client-side of the proposed model, which is designed to process and analyze the data 

that relates to mental health which is collected through a distributed array of healthcare sensors and digital 
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interfaces. It starts by acquiring data about a multitude of sources, such as Internet-of-Medical-Things (IoMT) 

sensors and mobile health applications, and captures such vital attributes as patient identification, age, 

diagnostic codes, and behavioral indicators. As detailed in Table 2, this set of data enables real-time, 

trustworthy, client-level monitoring of mental healthcare. The local node uses the techniques of BDA to 

preprocess the data received, which entails cleansing, normalization, and transformation of the data to ensure 

the highest quality and consistency of the data. The resulting filtered dataset is subsequently used to train 

models on-device thus maintaining privacy before any communication with the global aggregation process of 

the FL architecture. 

 

.  

Figure 3. Proposed federated mental healthcare monitoring model (local client) 

 

Table 2. Dataset Features Description 

Features Type Description 

Patient ID Integer Unique identifier assigned to each 

patient. 

Age Integer Age of the patient in years. 

Gender Categorical Biological gender of the patient (e.g., 

Male, Female). 

Diagnosis Categorical Clinically diagnosed mental health 

condition. 

Symptom 

Severity (1-10) 

Integer Severity level of symptoms rated on 

a scale from 1 (low) to 10 (high). 

Mood Score (1-

10) 

Integer Self-reported mood score from 1 

(low) to 10 (positive). 

Sleep Quality 

(1-10) 

Integer Quality of sleep rated from 1 (poor) 

to 10 (excellent). 
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Physical 

Activity 

(hrs/week) 

Integer Number of hours the patient 

exercises per week. 

Medication Categorical Type of prescribed medication (e.g., 

Antidepressants, Mood Stabilizers). 

Therapy Type Categorical Type of therapy being administered 

(e.g., CBT, Psychodynamic). 

Treatment Start 

Date 

Date Date on which the mental health 

treatment began. 

Treatment 

Duration 

(weeks) 

Integer Total duration of treatment in 

weeks. 

Stress Level (1-

10) 

Integer Perceived stress level from 1 (low) to 

10 (high). 

Outcome Categorical Overall result of treatment (e.g., 

Improved, Deteriorated). 

Treatment 

Progress (1-10) 

Integer Progress rating from 1 (no progress) 

to 10 (fully recovered). 

AI-Detected 

Emotional State 

Categorical Emotion detected by AI from 

behavioral/biometric cues (e.g., 

Anxious, Calm). 

Once acquired, the data is sent to the preprocessing module where the data is subjected to strictly defined 

series of cleansing, normalization, and transformation processes. This step includes imputation methods, 

feature-level normalization, and noise reduction techniques, such as but not limited to label encoding, creative 

treatment of missing data, MinMax scaling, and Exploratory Data Analysis (EDA). These processes form an 

important part of the BDA pipeline, consequently enhancing the integrity, consistency, and applicability of 

expanse mental-health corpora on the whole. As a result, the resulting prepared data reaches a reliability 

condition, structural consistency, and optimization, making it fit to succeeding model training and assessment 

in the larger mental-health monitoring ecosystem. 

 
Figure 4. Outlier Detection in Mental Healthcare Data Using the Z-Score Method 

Figure 4 presents an outlier analysis of the different numerical variables in the mental healthcare dataset 

using Z score method. A brief boxplot of a specific attribute (e.g., age, mood score, sleep quality, etc.) is given 
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in each subplot, thus showing the underlying distribution, as well as all possible anomalies. The Z-score 

threshold of three was used, and the outcomes indicate that there were no significant outliers in all the 

parameters monitored. Besides this univariate screening, correlation heatmaps and pair-wise scatter plots were 

used to understand feature-interaction patterns to acquire multivariate behaviour of anomaly and inter-feature 

inconsistencies. Such a combined modelling ensures the reliability and statistical consistency of the dataset to 

be further trained in the context of the suggested federated mental health monitoring framework. 

 
Figure 5. Distribution Analysis of Numerical Features using Histograms with KDE 

 
Figure 6. Feature Correlation Heatmap for Mental Health Attributes 

Figure 5 presents the histograms along with Kernel Density Estimation (KDE) curves for the key numerical 

features in the mental healthcare dataset. This visualization is useful in understanding distributional features 

of the data, such as skewness and modality of the major features like age, mood score, treatment duration and 

level of stress. Most of these variables are multimodally distributed hence portraying varying mental health 

trends among the cohort. The curves of the kernel density estimations provide a smooth approximation of the 

trends of the frequencies which is useful in identification of central tendencies and dispersion. Based on such 

distributional knowledge, principled preprocessing decisions can be made, and the effective training of 

predictive models in the federated model is informed. 
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Figure 6 shows a heatmap of Pearson correlation coefficients between the numerical variables in the mental 

healthcare dataset. The intensity of colors depicts the strength and direction of the linear relationships between 

pairs of variables. Remarkably, most features show low correlations (near 0), which means that there is a weak 

multicollinearity, and the input variables remain independent of each other in ML models. This is to make sure 

that no one feature is over-representing the predictive process and thus models are trained more cheaply and 

generalized. These insights into correlation can help to make sound choices when it comes to choosing features 

and dimensionality reduction particularly under federated conditions. 

 
Figure 7. Class-wise Boxplot Comparison for Mental Health Features 

Figure 7 visualizes how different numerical features vary across the three outcome classes: No Change, 

Deteriorated Outcome, and Improved. The subplots are the stratification of one feature by outcome category 

to visualize the relationship between treatment effectiveness and the changes in the variables of symptom 

severity, sleep quality, physical activity, and treatment adherence. The steady changes in median and 

interquartile ranges indicate some minor yet significant variations in patient behaviors and conditions among 

outcomes. The comparative insights will be critical to interpret the model and test whether features are relevant 

in mental health prediction trajectories. 
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Figure 8. Radar Chart – Multivariate Comparison of Outcomes 

 
Figure 9. Violin Plots – Distributional Insights by Mental Health Outcome 

Figure 8 presents a radar chart that enables visual comparison of key normalized mental health features 

across three patient outcome categories: Deteriorated, Improved, and No Change. Every spoke is a feature 

(e.g., Stress Level, Physical Activity, Sleep Quality), and the form of every line is the profile of the patients in 

that category result. As an example, the patients with Improved outcomes demonstrate more Symptom 

Severity and Physical Activity, whereas the patients with No Change have higher Mood Scores and Treatment 

Adherence. The Deteriorated group exhibits increased Stress Levels and Age. This visualization is a clear 

indication of the fact that various attributes change together in the context of the classes of outcomes, providing 

valuable information on patient stratification and individual intervention planning. 

Figure 9 visualizes the distribution of numerical mental health features across three outcome classes (No 

Change, Deteriorated, Improved) using violin plots. These plots combine boxplot structure with KDE, offering 

a dual perspective on both central tendency and distribution shape. For instance, the distribution of Physical 

Activity shows a wider spread for the Improved group, while Stress Level appears more elevated and narrowly 
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distributed for Deteriorated cases. This enables practitioners to discern subtle variations and asymmetries in 

feature behavior across outcomes, supporting more informed feature selection and patient profiling strategies. 

Figure 10 presents two advanced dimensionality reduction techniques—UMAP (left) and t-SNE (right)—to 

visualize the high-dimensional mental health dataset in a 2D space. Every point is a patient record, coded in 

terms of mental health outcome (No Change, Deteriorated, Improved). In spite of the complexity and noisiness 

of mental health data which result in some overlapping, there are minor clustering trends. UMAP exposes 

localized groupings, but retains global and local structures, whereas t-SNE emphasizes more fine separations, 

but with a more widely spaced layout. The projections are useful to evaluate the intrinsic separability of the 

results and determine the selection of appropriate modeling strategies. 

Figure 11 presents a dual visualization of the distribution of mental health outcomes using both a bar chart 

and a pie (donut) chart. The bar chart on the left illustrates the count of instances across the three outcome 

categories: No Change, Deteriorated, and Improved. It reveals a relatively balanced dataset, with "Improved" 

having a slightly higher representation. The adjacent donut chart provides the percentage distribution, 

indicating that 34.8% of patients showed improvement, 33.1% experienced deterioration, and 32.1% remained 

unchanged. This balanced class distribution is crucial for developing unbiased and robust classification 

models, ensuring that no single outcome class dominates the training process. 

Figure 12 illustrates the pairwise relationships among key numerical features in the mental health dataset. 

Each data point is color-coded based on the patient's outcome category (No Change, Deteriorated, or 

Improved). The lower triangle displays scatter plots highlighting interactions between feature pairs, while the 

diagonal elements show the KDE for each feature. This visualization helps identify potential correlations and 

class separability, particularly among features like Symptom Severity, Treatment Progress, and Adherence to 

Treatment, which may be useful for outcome prediction and feature relevance analysis. 

 
Figure 10. Dimensionality Reduction using UMAP and t-SNE 

 
Figure 11. Outcome Distribution Visualization using Countplot and Pie Chart 
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Figure 12. Pairplot of Numerical Features Colored by Outcome 

 

 

 
Figure 13. Proposed federated mental healthcare monitoring model (global server model) 

 

After preprocessing, the dataset is partitioned into training (70%) and testing (30%) subsets. The dataset, 

comprising 5,000 patient records sourced from Kaggle, is further distributed across simulated decentralized 
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client nodes to emulate real-world Federated Learning conditions, where data remains locally stored at 

individual healthcare institutions. In line with real-world healthcare environments, data across client nodes is 

intentionally maintained in a Non-IID manner, where each client represents a different institution with 

heterogeneous patient distributions and varying clinical patterns. The training data is utilized at the client level 

to build ML models that support privacy-preserving and accurate local predictions. These models undergo 

iterative training based on a convergence criterion defined by performance stabilization across successive 

communication rounds, until an optimal learning rate and convergence threshold are achieved. If performance 

criteria are unmet, the model continues to train on localized patient data to improve reliability and ensure 

consistency in federated aggregation. This simulated train-test strategy reflects practical FL deployments 

rather than a conventional centralized evaluation process. 

Upon completion of training, the local model is stored securely on the client’s cloud infrastructure. In 

subsequent communication rounds, this model is evaluated using the reserved testing dataset, and real-time 

mental patient data to ensure generalization and robustness in predicting mental healthcare outcomes. This 

validation step confirms the suitability of the trained model for real-time mental healthcare monitoring. 

While local models support decentralized learning and uphold data privacy, global aggregation enhances 

clinical decision-making by creating insights from distributed clients. As illustrated in Figure 13, this federated 

model, empowered by BDA, enables large-scale integration of healthcare knowledge while maintaining data 

confidentiality. Each client independently processes healthcare data and communicates encrypted model 

updates to the global server in a traceable and verifiable manner, ensuring both scalability and regulatory 

compliance. 

Figure 13 illustrates the end-to-end flow of the proposed FL-based mental healthcare monitoring framework 

across multiple decentralized clients (hospitals). Each client possesses local patient data 𝐷𝑖, and trains its model 

𝑀𝑖 independently, without sharing raw data, ensuring data privacy. Empowered by BDA, this model facilitates 

scalable integration of heterogeneous health records across institutions while maintaining secure, 

collaborative, and privacy-aware learning. 

5.1. Local Model Training and Update 

Each institution 𝐶𝑖 optimizes its local model 𝑀𝑖 by minimizing a regularized empirical loss function (i.e., 

reducing local prediction error while remaining aligned with the global model during decentralized training): 

min
𝐖𝑖

𝐹𝑖(𝐖𝑖) =
1

|𝐷𝑖|
∑ ℓ(𝑀(𝐱𝑖𝑗 ; 𝐖𝑖), 𝑦𝑖𝑗 + λ||𝐖𝑖 − 𝐖𝑔||2|𝐷𝑖|

𝑗=1               (1) 

Where, ℓ(⋅) is loss function (e.g, cross-entropy), 𝐖𝑖 is local weights, 𝐖𝑔 current global model weights, and 

λ is regularization coefficient ensuring alignment with global weights (to avoid excessive deviation from the 

global model and improve stability). 

Clients update their local weights using gradient descent (iteratively refining the model using only local client data): 

𝐰𝑖
(𝑡+1)

= 𝐰𝑖
(𝑡)

− 𝛼𝛻𝐹𝑖(𝐰𝑖
(𝑡)

)               (2) 

5.2. Client Evaluation and Reliability Scoring 

To ensure only high-quality local updates influence the global model, each client is assigned a reliability 

score 𝑟𝑖 ∈ [0,1] that considers both model accuracy and update quality: 

𝑟𝑖 = γ.
𝐴𝑖

𝑣𝑎𝑙

𝐴̅
+ (1 − γ). (1 −

||𝐖𝑖−𝐖𝑔||2

||𝐖𝑔||2+𝜖
)                (3) 

Where, 𝐴𝑖
𝑣𝑎𝑙  is validation accuracy of 𝑀𝑖, 𝐴̅ is mean accuracy across clients, γ is weight controlling accuracy 

vs divergence influence, and 𝜖 is stability constant. 

5.3. Global Aggregation and Best Model Selection 

The central server performs weighted aggregation based on the reliability scores: 

𝐰𝑔
(𝑡+1)

= ∑
𝑟𝑖

∑ 𝑟𝑗
𝑁
𝑗−1

𝑁
𝑖=1 . 𝐰𝑖

(𝑡+1)
                (4) 

The best-performing model is selected as the global model 𝐰𝑔
(𝑡+1)

. This update represents the final 

aggregated model used for real-time predictions, assuming convergence criteria are met. 
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5.4. Convergence Monitoring and Re-training 

A convergence threshold Δ𝑡 is defined to assess global model stability: 

Δ𝑡 = |𝐿𝑔
(𝑡)

− 𝐿𝑔
(𝑡−1)

| < 𝜀                  (5) 

If convergence is not achieved, clients with 𝐴𝑖
𝑣𝑎𝑙 < 𝜏  are required to re-train with updated hyperparameters 

(e.g., reduced learning rate), repeating the cycle until an optimal global model is formed. 

5.5. Final Prediction 

Once optimized, the global model performs real-time inference on new mental health records 𝐱𝑛𝑒𝑤: 

𝑦̂ = 𝜎(𝑀𝑔(𝐱𝑛𝑒𝑤 ; 𝐰𝑔
(𝑡+1)

))  where 𝜎(𝑧) =
1

1+𝑒−𝑧              (6) 

 The decision is made based on a classification threshold 𝜃, tuned to balance sensitivity and specificity in 

clinical practice. 

5.6. Global Model Storage and Real-Time Monitoring 

Once the aggregated model satisfies performance criteria, it is stored on a secure cloud infrastructure. Real-

time mental patient data is then fetched from the cloud and analyzed using the trained global model: 

𝑦̂ = 𝜎(𝑀𝑔(𝐱𝑛𝑒𝑤 ; 𝐰𝑔
(𝑡+1)

))  where 𝜎(𝑧) =
1

1+𝑒−𝑧           (7)  

If the prediction probability exceeds a predefined threshold 𝜃, the patient is flagged for mental healthcare 

follow-up; otherwise, the case is discarded as non-critical. 

This hierarchical FL model enables scalable, secure, and collaborative mental health diagnostics while 

keeping sensitive data decentralized. The figure emphasizes traceable transitions from local client training to 

global model optimization and deployment for real-time monitoring, supporting regulatory compliance and 

practical deployment across healthcare institutions. Table 3 summarizes the core pseudocode outlining this 

federated workflow. 

Table 3. Pseudocode of the Proposed Federated Mental Healthcare Monitoring Model 

Step Process 

Client Side (Smart Node/EAV) 

1 Start 

2 Data Collection: Acquire mental health-

related data from IoMT sensors and digital 

health apps, including features like age, 

gender, symptom severity, mood score, 

etc.. 

3 Preprocess Data: 

✅Label encoding 

✅Missing value handling 

✅MinMax scaling 

✅Exploratory Data Analysis 

4 Form Feature-Label Dataset: 

Create local dataset 𝐷𝑖 = {(𝑥𝑗
𝑖 , 𝑦𝑗

𝑖)}𝑗=1
𝑛   

Where  𝑥𝑗
𝑖 ∈ ℝ𝑑:  input features,  𝑦𝑗

𝑖 ∈ 𝑌: 

Class label 

5 Local Model Training:  

𝐰𝑖
(𝑡+1)

= 𝐰𝑖
(𝑡)

− 𝛼𝛻𝐹𝑖(𝐰𝑖
(𝑡)

)   

Optimize local weights based on local data 

6 Evaluate Local Model: Validate trained 

model using client validation set and 

compute metrics (accuracy, loss) 

7  
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Transmit to Server: Securely send local 

weights 𝐰𝑖
(𝑡+1)

 and validation accuracy 

𝐴𝑖
𝑣𝑎𝑙  to the global server 

Global Server Side 

8 Receive Client Updates: Collect 𝐰𝑖
(𝑡+1)

 and 

𝐴𝑖
𝑣𝑎𝑙   from all 𝑁 clients 

9 Client Reliability Scoring:  

Compute reliability score 𝑟𝑖 ∈ [0,1]:  

𝑟𝑖 = γ.
𝐴𝑖

𝑣𝑎𝑙

𝐴̅
+ (1 − γ). (1 −

||𝐖𝑖−𝐖𝑔||2

||𝐖𝑔||2+𝜖
)  

where γ: weight factor, 𝜖: stability constant 

10 Weighted Model Aggregation:  

Aggregate using:  

𝐰𝑔
(𝑡+1)

= ∑
𝑟𝑖

∑ 𝑟𝑗
𝑁
𝑗−1

𝑁
𝑖=1 . 𝐰𝑖

(𝑡+1)
  

10.1 Convergence Check:  

Δ𝑡 = |𝐿𝑔
(𝑡)

− 𝐿𝑔
(𝑡−1)

| < 𝜀  

If convergence threshold Δ𝑡 is not 

achieved, clients with 𝐴𝑖
𝑣𝑎𝑙 < 𝜏  are 

required to re-train. 

11 Global Model Deployment: If the 

performance threshold is satisfied, store  

𝐰𝑔
(𝑡+1)

 on a secure cloud infrastructure 

12 Real-Time Mental Health Monitoring:  

For a new instance, 𝐱𝑛𝑒𝑤, predict:  

𝑦̂ = 𝜎(𝑀𝑔(𝐱𝑛𝑒𝑤; 𝐰𝑔
(𝑡+1)

))   

If 𝑦̂ > 𝜃, flag for follow up 

14 Stop  

 

6. Simulation Results 

The proposed FL model is applied to a real-world mental health dataset, containing both numerical and 

categorical features such as age, symptom severity, and treatment adherence. After preprocessing, the data 

was partitioned into training and testing sets in a 70:30 ratio. The training set was used to simulate client-side 

learning under the FL setting, while the test set was used for evaluating the global model's generalization 

capability. The simulation was executed in Google Colab using a fully custom-built client-server architecture 

written in Python, designed to emulate a federated healthcare setting without using external FL frameworks. 

This setup enables decentralized training while preserving patient data privacy. Each client trained its model 

independently using various ML algorithms, ensuring privacy-preserving collaboration, with performance 

evaluated through comprehensive diagnostic metrics aligned with Equations 8–15. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                      (8) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑇𝑃𝑅 − 𝑅𝑒𝑐𝑎𝑙𝑙) =
𝑇𝑃

𝑇𝑃+𝐹𝑁
          (9) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑡𝑦 (𝑇𝑁𝑅) =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                    (10) 

𝑀𝑖𝑠𝑠 − 𝑟𝑎𝑡𝑒 (𝐹𝑁𝑅) =
𝐹𝑁

𝑇𝑃+𝐹𝑁
                (11) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                 (12) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                    (13) 

𝐶𝑜ℎ𝑒𝑛′𝑠 𝐾𝑎𝑝𝑝𝑎 =
𝑝𝑜−𝑝𝑒

1−𝑝𝑒
                            (14) 
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𝑀𝐶𝐶 =
(𝑇𝑃×𝑇𝑁)−(𝐹𝑃×𝐹𝑁)

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
           (15)         

     

Table 4. Performance analysis of the proposed federated mental healthcare monitoring model (local client) 

Performance Matrices 

 Stacking 

Classifier 

CatBoost 

Classifier 

MLP 

Classifier 

KNN 

T
ra

in
 

(3
50

0)
 

T
es

t 

(1
50

0)
 

T
ra

in
 

(3
50

0)
 

T
es

t 

(1
50

0)
 

T
ra

in
 

(3
50

0)
 

T
es

t 

(1
50

0)
 

T
ra

in
 

(3
50

0)
 

T
es

t 

(1
50

0)
 

Accuracy 0.9986 0.995

3 

0.9969 0.990

7 

0.956

3 

0.931

3 

0.998

0 

0.991

3 

Sensitivity 

(TPR) 

0.9986 0.995

3 

0.9969  0.990

7 

0.956

3  

0.931

3  

0.998

0 

0.991

3 

Specificity 

(TNR) 

0.9993 0.997

6 

0.9984 0.995

3 

0.978

0 

0.965

4 

0.999

0 

0.995

7 

Miss-rate (FNR) 0.0014 0.004

7 

0.0031 0.009

3 

0.043

7 

0.068

7 

0.002 0.008

7 

Precision 0.9986 0.995

4 

0.9969 0.990

7 

0.956

5 

0.932

4 

0.998

0 

0.991

4 

F1-Score 0.9986 0.995

3 

0.9969 0.990

7 

0.956

3 

0.931

3 

0.998

0 

0.991

3 

Cohen's Kappa          0.9979 0.993

0 

0.9953 0.986

0 

0.934

4 

0.896

9 

0.997

0 

0.987

0 

Matthews Corr. 

Coef. 

0.9979 0.993

0 

0.9953 0.986

0 

0.934

5 

0.897

5 

0.997

0 

0.987

1 

Table 4 shows that during the training phase on 3500 samples per client, all four models—Stacking 

Classifier, CatBoost, MLP, and KNN—demonstrated exceptionally high performance. The Stacking Classifier 

achieved nearly perfect results across all metrics, with 99.86% accuracy, 99.86% sensitivity, and a Cohen’s 

Kappa of 0.9979, indicating extremely strong agreement with true labels. CatBoost and KNN followed closely 

with similar high values, both exceeding 99.6% accuracy, while MLP recorded a comparatively lower accuracy 

of 95.63% and slightly weaker agreement (Kappa = 0.9344). Overall, training results suggest that the models 

were well-fitted to their respective local client datasets, with ensemble methods (Stacking and CatBoost) 

showing the highest effectiveness. 

When evaluated on the unseen test set (1500 samples), generalization capabilities of the models became 

more distinguishable. The Stacking Classifier retained its superior performance, achieving 99.53% accuracy, 

99.53% sensitivity, and a Cohen’s Kappa of 0.9930, highlighting strong consistency and reliability. CatBoost 

also performed well with 99.07% accuracy and 0.9860 Kappa, showing robust but slightly less consistent 

generalization. KNN delivered impressive results too, reaching 99.13% accuracy and 0.9870 Kappa, 

outperforming MLP, which dropped to 93.13% accuracy and 0.8969 Kappa, suggesting it was less effective in 

handling test variability. 

Among all models, the Stacking Classifier consistently outperformed others during both training and 

testing, making it the most accurate, balanced, and dependable choice for global model selection in the 

proposed FL-based mental healthcare framework. Following client-level evaluations, the proposed framework 

applies FL to securely aggregate distributed knowledge, yielding a global model with improved generalization 

and privacy preservation, as validated by the results in Table 5. 
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Table 5. Performance analysis of the proposed model for mental healthcare monitoring (global client) 

Performance Matrices 

 Accura

cy 

Sensitiv

ity 

(TPR) 

Specific

ity 

(TNR) 

Miss-

rate 

(FNR) 

Precisi

on 

F1-

Score 

Cohen

's 

Kappa 

Matthews 

Corr. Coef. 

Proposed global 

model for mental 

healthcare 

monitoring 

0.9953 0.9953 0.9976 0.0047 0.9954 0.9953 0.9930 0.9930 

After applying FL, Table 5 shows that the global model achieved outstanding performance across all key 

metrics. It reported a high level of accuracy of 99.53 with both sensitivity and precision of 99.53 and 99.54 

respectively- indicating that the model accurately identifies true cases with minimal false positives. Its 

diagnostic reliability is also validated by the specificity of 99.76% and the low miss-rate of only 0.47%. Besides, 

a significant agreement with the ground truth can be seen in the Cohens Kappa (0.9930) and Matthews 

Correlation Coefficient (0.9930), which indicate that the federated approach can provide both privacy and near-

optimal predictive accuracy of real-world mental health monitoring. 

Table 6. Comparison of the proposed mental healthcare monitoring model with prior approaches 

References Model Accuracy (%) Miss-rate (%) 

Das et al., 2024 [47] SVM, 

CNN, 

LSTM, 

DT 

DAIC-WOZ 

dataset: 90.26 

MODMA 

dataset: 90.47 

DAIC-WOZ dataset: 9.74, 

MODMA dataset: 9.53 

Chung et al., 2023 [48] Differe

nt ML 

Models 

88.80 11.2 

Sara et al., 2024 [49] KNN 91.45 8.55 

Geng et al., 2023 [50] SVM, 

ERTC 

SVM: 79.29, 

ERTC: 86.32 

SVM: 20.71, ERTC: 13.68 

Vasha et al., 2023 [51] SVM 73.15 26.85 

Kim et al., 2023 [52] DL 78.14 21.86 

Hilbert et al., 2024 [53] RF, LR 46.5–60 53.5-40 

Wang et al., 2024 [54] ANN 62 38 

Dougherty et al., 2025 [55] LR, 

NLP 

85 15 

Lønfeldt et al., 2023 [56] ML 70 30 

Ricka et al., 2023 [57] ML 86 14 

Fernandez et al., 2024 [58] LGBM 86.77 13.23 

Sadoun et al., 2024 [59] LGBM, 

RF 

91 9 

Proposed global model for 

mental healthcare monitoring 

Stackin

g 

Classifi

er 

99.53 0.47 
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Table 6 illustrates the comparative performance of several traditional ML models [47-59] for mental 

healthcare prediction. While models like SVM, CNN, LSTM, DT, and ANN demonstrate reasonable 

effectiveness, they have comparatively lower accuracies than other methods. The proposed FL-based global 

model, conversely, outperforms all other baseline classifiers by a significant margin, achieving the highest 

accuracy of 99.53 and strong sensitivity and specificity. This confirms the strength, generalization, and clinical 

reliability of the suggested federated architecture within delicate healthcare applications. 
 

7. Conclusion 

Mental health monitoring faces critical challenges, including fragmented data sources, privacy constraints, 

and the need for scalable, high-performance diagnostic systems. Conventional centralized systems are not 

effective in dealing with these issues particularly when sensitive healthcare information is shared among many 

institutions. In order to address such obstacles, this study introduces a FL-based model, combined with BDA 

that allows training models in a decentralized manner, preserving privacy, and utilizing complex mental 

health data. The proposed system guarantees the institutional autonomy, data confidentiality, and real-time 

diagnostics, by simulating heterogeneous client environments. The simulation results demonstrate that the 

proposed global FL model outperformed all local methods [48-60], achieving 99.53% accuracy and a miss-rate 

of only 0.47%, making it highly suitable for real-world deployment in mental healthcare monitoring, where 

trust, privacy, and performance are essential. 

7.1. Limitations and Future Work 

While the current model emphasizes privacy and collaborative learning, it does not deeply integrate 

interpretability methods. Additionally, the reported performance is based on a controlled experimental setup 

and may vary in real-world clinical environments. Future work will focus on enhancing model transparency 

by embedding Explainable AI techniques (e.g., SHAP, LIME) into the federated setup to support explainable 

decision-making and clinician trust. 
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