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Abstract:- This paper proposes a machine learning-
based system designed to predict mental health outcomes
using wearable device data. The system is conceptualized
to process physiological and behavioral data such as
heart rate, sleep patterns, and activity levels collected
from wearable technology. Key stages of the system
include data preprocessing, feature extraction, and
model training using multiple machine-learning
algorithms, including Random Forest, Support Vector
Machine, XGBoost, and Logistic Regression. These
models are combined using a voting-based ensemble
classifier to improve prediction accuracy. While the
system has not yet been implemented, expected results
suggest that this approach will enhance prediction
reliability and offer real-time insights into mental health
conditions. The proposed system is envisioned to
facilitate early detection of mental health disorders,
thereby aiding in timely interventions and personalized
care.

Keywords:- Wearable Devices, Mental Health Prediction,
Machine Learning, Ensemble Learning, Random Forest,
Support Vector Machine (SVM), XGBoost, Logistic
Regression, Voting Classifier, Physiological Data,
Behavioral Data, Feature Extraction, Mental Health
Monitoring, Predictive Analytics, Health Technology.

I INTRODUCTION

Mental health disorders are a growing global concern,
affecting millions of individuals worldwide and imposing a
significant burden on healthcare systems [1]. The World
Health Organization estimates that one in four people will be
affected by mental or neurological disorders at some point in
their lives [2]. Traditional methods of mental health
assessment and monitoring often rely on self-reporting and
periodic clinical evaluations, which may not capture the
dynamic nature of mental health states or provide timely
interventions [3].
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In recent years, the proliferation of wearable devices
has opened new avenues for continuous, real-time
monitoring of physiological and behavioral data [4]. These
devices, including smartwatches, fitness trackers, and
specialized sensors, can collect a wide range of data such as
heart rate variability, sleep patterns, physical activity, and
social interactions [5]. This wealth of information when
combined with advanced machine learning techniques
presents a promising opportunity to revolutionize mental
health care through early detection, accurate prediction, and
personalized interventions [6].

The integration of wearable technology in mental
health research has already shown potential in various areas.
For instance, studies have demonstrated the ability to detect
stress levels using physiological signals from wearable
devices [7], predict mood changes in bipolar disorder
patients [8], and identify early signs of depression [9].
Moreover, the continuous nature of data collection from
wearables allows the capture of subtle changes and patterns
that might be missed in traditional clinical assessments [10].

Machine learning algorithms have proven to be
powerful tools in analyzing complex, high-dimensional data
from wearable devices [12]. These techniques can identify
intricate patterns and relationships within the data that may
not be apparent through conventional statistical methods.
Various machine learning approaches, including supervised
learning, unsupervised learning, and deep learning, have
been applied to mental health prediction tasks with
promising results [13].
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Fig 1: Intelligent Ecology Flowchart of Al-Based Wearable Devices with Data Storage, Transaction, Interaction, and
Communication Networks [11].

However, despite the growing body of research in this
field, several challenges remain. These include ensuring the
privacy and security of sensitive health data [14], addressing
the interpretability of complex machine-learning models in
clinical settings [15], and validating the generalizability of
predictive models across diverse populations [16].
Additionally, there is a need for standardization in data
collection protocols and feature extraction methods to
facilitate comparability across studies and enable the
development of robust, widely applicable predictive models
[17].

This research paper aims to contribute to the evolving
field of mental health prediction using wearable device data
and machine learning. We will explore novel approaches to
feature engineering, investigate the efficacy of various
machine learning algorithms, and propose a framework for
integrating these predictive models into clinical practice. By
integrating continuous, multi-modal data from wearables
with advanced analytics, we aim to enhance our
understanding of mental health dynamics and improve
patient outcomes through proactive intervention and
personalized care strategies.
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1. LITERATURE REVIEW

Sano et al. [18] demonstrated that physiological and
behavioral data collected from wearable sensors could
predict next-day mood, stress, and health with accuracy rates
between 55% and 78%. Their study used machine learning
algorithms on data from 201 college students, highlighting
the potential of wearables in mental health monitoring.

Jacobson et al. [19] explored the use of smartphone and
Fitbit data to predict depression symptoms. They discovered
that sleep, activity, and phone usage features together could
predict depression severity with moderate accuracy (R? =
0.48). Their work emphasized the importance of multimodal
data in mental health prediction.

Torous et al., [20] utilized smartwatch data to predict
relapse in patients with schizophrenia. By analyzing heart
rate variability and sleep patterns, they achieved a prediction
accuracy of 89% for relapse events up to two weeks in
advance. This research underscored the potential of
wearables in managing severe mental illnesses.

Dobson, Rosie et al., [21] focused on anxiety prediction
using data from wrist-worn accelerometers. They developed
a deep learning model that could identify high anxiety states
with 83% accuracy based on movement patterns alone. Their
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work highlighted the potential of passive sensing in mental

health monitoring.

Addressing the challenge of suicide risk assessment,
Kleiman et al. [22] used ecological momentary assessment
(EMA) combined with wearable sensor data to predict
suicidal thoughts and behavior. Their machine-learning
model achieved an AUC of 0.93 in identifying high-risk
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periods, demonstrating the potential of real-time monitoring
for suicide prevention.

Wang et al. [23] explored the use of smartphone
sensors and usage patterns to detect depressive states. Their
machine learning model, trained on data from 48 college
students over 10 weeks, achieved 86.5% accuracy in
detecting depressive states. This study highlighted the

potential of passive sensing using ubiquitous devices.

Table 1: Review

Ref.

Findings

Methods used

Dataset

Limitations

[26]

Wearable device data,
including sleep metrics
and heart rate variability,
can be analyzed using
multilevel models to
predict mental health
outcomes like depression
and anxiety effectively.

Multilevel models
(MLMs) were used to
predict the influence of
smartphones and
wearable data on mental
health scores. Data from
smartphone and wearable
devices, including GPS,
physical activity, sleep,
and heart rate variability,
were analyzed.

Delphi collected data
from smartphone sensors:
Battery, GPS, Screen,
and Time zone.

The AWARE framework
is used for data collection
and encryption for
privacy.

High dropout rates in
longitudinal observation
studies. GPS data may
not always be available
or feasible

[27]

Individualized
predictions of mental
health outcomes can be
achieved by integrating
wearable device data
with machine-learning
models that analyze
features like physical
activity, sleep, and stress
levels.

Longitudinal ecological
momentary assessments,
neurocognitive sampling,

lifestyle data from
wearables. Seven types
of supervised machine
learning approaches,
ensemble learning,
and regression-based
methods.

Longitudinal ecological
momentary assessments
of depression.
Neurocognitive sampling
synchronized with
electroencephalography
and lifestyle data from
wearables

Insufficient data for
some participants
affected model accuracy.
Limited variability in
data for specific subjects.

[28]

Machine learning
algorithms can analyze
wearable device data,
such as activity levels

and physiological

metrics, to identify
patterns indicative of
mental health conditions,
facilitating early
detection and
intervention.

Logistic Regression,
Support Vector Machine
(SVM), Decision Tree,
K-Nearest Neighbor, and
Naive-Bayes algorithms.
Ensemble models created
and compared using the
proposed algorithms.

Kaggle dataset: 334
samples, 31 fields on
unemployment and
mental illness

Predicting mental illness
remains a challenge.
Medication hasn't fully
cured or eradicated
mental sickness.

[29]

Utilizing data from
wearable devices,
machine learning models
like DNNs can analyze
behavioral patterns to
classify and predict
mental health disorders,
achieving high accuracy
in diagnosis.

Utilizes commercially
available WMSs and
efficient DNN models.
Uses synthetic data
generation module to
augment real data

Real data from 74
individuals was collected
via sensors. Synthetic
data is generated to
augment real data.

Limited available data
for training the DNN
models. Need for
synthetic data generation
to augment real data.

[30]

ML can analyze
physiological data from
wearable devices to
identify patterns and
biomarkers, enabling
predictions of mental
health outcomes and

Classical and deep
learning models for
disease severity
classification. Pre-
processing of raw data
from wearable device

recordings.

Segments from two
patient groups for model
testing. Continuous
physiological data from
E4 Empatica wristbands.

A small sample size
limits strong
performance claims. The
pipeline needs
improvement for artifact
detection and denoising.
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treatment responses in
mood disorders.

[31]

Wearable device data
can be analyzed using
machine learning
algorithms to identify
patterns in EEG and
HRV signals, enabling
the prediction of mental
health outcomes and
stress levels.

Independent Component
Analysis (ICA)Nonlinear
Chaotic Analysis (NCA)

EEG signals for brain
activity monitoring.
Heart rate variability

(HRV) for physiological
assessment.

Large sensor system size
limits mobile device
implementation.
Restricted Movement
during measurement
with a skin conductance
sensor.

[32]

Predicting mental health
outcomes relies on
collecting physiological
data from wearables and
applying decentralized
machine learning
models. These models
adjust to individual data
patterns, enabling
personalized tracking of
mood and mental
conditions.

Personal health device
data collection
Decentralized learning
mechanism combining
transfer and federated
machine learning
concepts

Popular mental health
dataset evaluated for
model performance.

Patient physiological data
from personal health
devices was utilized.

Subjective patient
descriptions and past
medical history reliance
A privacy-aware and
accountable manner for
mental health tracking.

[33]

It focuses on survey-
based datasets for
psychological instability
prediction.

Machine learning:
Random Forest
Classifier, Multi-Layer
Perceptron Classifier
Deep learning: Artificial
Neural Networks,
Convolutional Neural
Networks.

Real-time survey-based
dataset with 1500 labeled
items. Contains 38
attributes for stress
detection.

A limited dataset size for
training machine
learning models. Lack of
inclusion of face emotion
recognition for
prediction enhancement.

[34]

Physiological data from
wearables, like heart rate
and activity levels, can
be analyzed using
machine learning models
to identify patterns
indicative of depressive
tendencies, guiding users
toward professional help.

Analysis of physiological
user data extracted from
a Fitbit Alta HR device.

Training of machine
learning models to detect
depressive tendencies

Physiological user data
from Fitbit Alta HR
device. A limited sample
size of older people
was analyzed.

Limited sample size
increases the risk of
model overfitting. Most
predictive models
performed poorly in
detecting depressive
tendencies.

[35]

Wearable device data,
particularly heart rate
variability, can be
analyzed using machine
learning algorithms to
classify and predict
mental health outcomes,
such as depressive
symptoms, based on
physiological markers.

Machine learning
algorithms
Heart rate variability
data analysis

2629 participants' HRV
recordings from wearable
devices.

A training set of 1830
participants for machine
learning.

Model performance
is lower than expected
(ROC AUC 0.56).
Real-world variations
impact HRV prediction
accuracy.

[36]

Personalized deep
learning models can
predict mental health

outcomes by analyzing
multi-modal wearable
data and participant
assessments, optimizing
parameters for accuracy,
and identifying key
features influencing
mood changes.

Development of
personalized and
accurate deep learning
models for depression.
Use of SHAP, ALE, and
Anchors from
Explainable Al literature
to extract indicators.

Multi-modal dataset with
ecological momentary
assessments of
depression. Lifestyle data
from wearables and
neurocognitive
assessments.

Current models lack
personalized and
accurate deep learning-
based approaches.
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Focusing on social anxiety, Boukhechba et al., [24]
utilized smartphone GPS data and machine learning to
predict social anxiety symptoms. Their model achieved an
accuracy of 85% in classifying high vs. low social anxiety
days, demonstrating the potential of location data in mental
health prediction.

Carreiro et al. [25] utilized wearable biosensors to
detect drug use events and predict relapse risk. Their
machine-learning approach achieved 93% accuracy in
detecting opioid use events and 88% accuracy in predicting
relapse within the next 24 hours.
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1. PROPOSED SYSTEM

The suggested method predicts mental health outcomes
using wearable device data and powerful machine learning
techniques. The system follows a well-structured workflow,
beginning with data collection, preparation, training, testing,
and then evaluation using a voting classifier ensemble.
Figure 2 depicts the system architecture of the proposed
model.

A. Data Collection

The wearable devices collect physiological and
behavioral data from users. This data includes heart rate,
sleep patterns, physical activity levels, and other health
indicators that are associated with mental health conditions.
The wearable devices are connected to a cloud platform,
where the data is stored in a structured format, ready for
analysis.

Fortetisin Treumbiam

E J Data
5 Collection

Preprocessing and
Feature extraction

RF Voting Claszifier

SVAL
XGBOOST
LE

Fig 2: Proposed System Architecture

B. Preprocessing and Feature Extraction

The raw data collected is cleaned and preprocessed to
remove noise and incomplete records. Feature extraction
techniques are applied to derive relevant attributes such as
heart rate variability, sleep duration, activity levels, and
others. Normalization and transformation techniques are
applied to standardize the data, ensuring that it is in a suitable
form for machine learning models.

IJISRT21MAR587

C. Training and Testing

The dataset is split into two parts: 80% for training and
20% for testing. The training dataset is fed into various
classification models to learn patterns and relationships
within the data that could indicate mental health issues. The
models selected for this system are Random Forest (RF),
Support Vector Machine (SVM), XGBoost, and Logistic
Regression (LR). Each model is trained separately on the
training data.
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D. Classification Models

e Random Forest (RF): A robust model that operates by
constructing a multitude of decision trees during training
and outputs the class with the highest occurrence. It is
well-suited for handling large datasets and provides good
accuracy.

e Support Vector Machine (SVM): This model works by
finding the hyperplane that best separates the classes. It
is highly effective in high-dimensional spaces and works
well with limited but clean data.

o XGBoost: A powerful boosting algorithm known for its
high performance on structured data. It helps in
enhancing model accuracy through iterative corrections
of weak predictions.

e Logistic Regression (LR): A simple yet effective
classification model that is often used as a baseline for
binary classification problems. It models the probability
that a given instance belongs to a particular class.

E. Voting Classifier (Ensemble Learning):

The outputs of the individual classifiers are combined
using a majority voting mechanism, forming an ensemble
model. The Voting Classifier takes advantage of the
strengths of each model, improving the overall prediction
accuracy. In this way, the system achieves higher robustness
and reduces the likelihood of incorrect predictions by relying
on consensus among the classifiers.

F. Performance Evaluation:

After training, the system is tested on unseen test data.
Performance evaluation is conducted using a variety of
metrics including accuracy, precision, recall, F1-score, and
ROC-AUC curve. The results are compared to determine the
most effective model, and the overall system's effectiveness
is assessed based on how well the ensemble model performs.

V. EXPECTED RESULTS

The proposed system is expected to achieve high
accuracy in predicting mental health outcomes based on the
wearable device data. By combining multiple machine
learning models into an ensemble through the Voting
Classifier, the system should improve prediction reliability
and accuracy over individual models. It is anticipated that
the model will:

e Achieve an accuracy of over 90% in identifying
individuals with mental health issues.

e Provide early warnings and continuous monitoring
capabilities, allowing for proactive interventions.

o Perform well in detecting patterns in physiological and
behavioral data that are indicative of mental health
conditions.

o Be scalable and adaptable to different wearable devices
and mental health conditions.

NISRT21MARS587

International Journal of Innovative Science and Research Technology

https://doi.org/10.38124/ijisrt/lJISRT21MAR587

By Employing wearable technology and machine
learning, this system has the potential to transform how
mental health conditions are monitored and predicted,
offering a real-time, data-driven approach to mental health
care.

V. CONCLUSION & FUTURE SCOPE

In this paper, we have proposed a system for predicting
mental health outcomes using wearable device data and
machine learning techniques. Although the system is
currently in the design phase and has not been implemented,
it is expected to provide an accurate and reliable method for
identifying potential mental health issues. By incorporating
multiple classification models into an ensemble through a
voting classifier, the system aims to achieve higher accuracy
compared to individual models. The expected results point
toward the potential of wearable data to enable real-time
mental health monitoring, which could lead to earlier
detection and proactive interventions. This system, once
developed, has the potential to contribute significantly to
mental health care by offering continuous and non-invasive
monitoring solutions.

Since the proposed system has not yet been
implemented, future work will focus on the actual
development and validation of the system using real-world
data. Once implemented, the system's performance can be
rigorously tested, and improvements can be made by refining
the machine learning models or introducing additional data
types. Incorporating deep learning techniques or exploring
multimodal approaches that combine physiological,
behavioral, and environmental data could further enhance
prediction accuracy. Future research may also explore the
personalization of mental health predictions for specific
conditions like depression, anxiety, or stress. Additionally,
addressing the challenges of scalability across different
wearable devices and user populations will be critical for
widespread adoption. Ethical considerations, including data
privacy and security, will also need to be carefully managed
to ensure the responsible and safe use of sensitive health data
in real-world applications.
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