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Abstract: Adolescent depression and anxiety are growing mental health concerns that affect emotional stability, academic

performance, social relationships, and overall quality of life. Early detection is essential because untreated symptoms may
lead to severe psychological, behavioral, and social consequences. This study focuses on the use of machine learning for the
early prediction of depression and anxiety risks among adolescents by analyzing psychological, behavioral, academic,
demographic, lifestyle, and digital indicators. The research highlights key predictive factors such as stress level, sleep quality,
screen time, academic pressure, social withdrawal, emotional symptoms, and family-related influences. Various machine
learning models, including Logistic Regression, Support Vector Machine, Artificial Neural Network, Random Forest,
XGBoost, Naive Bayes, and K-Means Clustering, are reviewed and compared in terms of prediction performance, strengths,
and limitations. The comparative analysis shows that traditional models are useful for baseline prediction, while advanced
models perform better in capturing complex and nonlinear mental health risk patterns. Machine learning-based systems can
support counselors, educators, healthcare professionals, and policymakers by providing decision-support tools for early
screening, counseling prioritization, and preventive intervention planning. However, the study also identifies important
challenges, including dataset limitations, self-reported data bias, limited clinical validation, model complexity, privacy
concerns, interpretability issues, and generalizability constraints. Overall, the study emphasizes that machine learning has
strong potential to improve adolescent mental health prediction, but future research should focus on larger and more diverse
datasets, ethical data handling, explainable Al, clinical validation, and real-world implementation.
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[. INTRODUCTION social media exposure, and lifestyle changes (Sharma,

2023). If not identified at an early stage, depression
Adolescence is a crucial developmental stage marked and anxiety can negatively affect academic
by rapid physical, emotional, psychological, and performance, social interaction, emotional stability,
social changes. During this period, individuals and overall quality of life. Traditional detection
become more vulnerable to mental health problems, methods, such as clinical interviews and
such as depression and anxiety, due to academic questionnaires, are useful but may be time-

pressure, peer relationships, family expectations,
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consuming, subjective, and limited by underreporting
or stigma (Harrison et al., 2020).

Machine learning provides a promising approach for
the early detection of depression and anxiety in
adolescents by analyzing complex patterns from
behavioral, psychological, academic, demographic,
lifestyle, and digital data. Models, such as logistic
regression, support vector machine, artificial neural
network, random forest, and XGBoost, can classify
adolescents into risk and non-risk categories using
predictive features, such as stress level, sleep quality,
screen time, academic pressure, emotional symptoms,
and social withdrawal (Kalaiselvi et al., 2024).
Advanced models, particularly XGBoost—ReLU,
improve prediction by capturing
relationships and hidden risk patterns. Therefore,
machine learning can support counsellors, healthcare
professionals, and educators in early screening, timely
intervention, and preventive mental health care
(Theeng Tamang et al., 2025).

nonlinear

II. BACKGROUND

Adolescent  depression  and  anxiety  are
multidimensional conditions influenced by biological,
psychological, social, and environmental factors.
Biological factors include hormonal changes, genetic
predisposition, neurotransmitter imbalances, and
brain development during puberty. Psychological
factors include low self-esteem, negative thinking
patterns, rumination, emotional instability, and poor
coping abilities. Social and environmental factors
include family conflict, academic pressure, bullying,
peer rejection, cyberbullying, socioeconomic stress,
and excessive digital exposure (Ghosh & Kumar,
2024).

Depression and anxiety often overlap. Adolescents
with anxiety may develop depressive symptoms due
to persistent fear, avoidance, and emotional
exhaustion. Similarly, adolescents with depression
may experience anxiety due to low self-confidence,
social withdrawal, or fear of failure. This comorbidity
makes prediction more complex and requires models
that can handle multiple interacting variables
(Cummings et al., 2014).

Early detection is essential because timely
counselling, school-based mental health programs,
family support, cognitive behavioral therapy, lifestyle

modification, and clinical referrals can reduce the
severity of symptoms. Machine learning-based
prediction systems can support this process by
identifying high-risk adolescents before the symptoms
become severe. These systems should not replace
mental health professionals but can function as
decision-support tools for screening and prioritization
(Haroon et al., 2023).

III. ROLE OF MACHINE LEARNING IN MENTAL
HEALTH PREDICTION

Machine learning is a branch of artificial intelligence
that enables computer systems to learn patterns from
data and make predictions without being explicitly
programmed for each decision. In mental health
prediction, machine learning models can classify
adolescents into categories such as at-risk and not-at-
risk or depression-risk, anxiety-risk, and low-risk
groups (Tate et al., 2020).

The use of machine learning to predict adolescent
mental health is important because mental health risk
factors are often complex, overlapping, and nonlinear.
For example, poor sleep alone may not always
indicate depression; however, poor sleep combined
with academic pressure, social withdrawal, excessive
screen time, and low emotional stability may indicate
a higher risk. Machine-learning models can detect
such hidden patterns more efficiently than traditional
manual assessments (Haroon et al., 2023).

The methodology described in the uploaded research
includes data collection, preprocessing, feature
engineering, model development, model evaluation,
and interpretation. The study considers clinical data,
self-report media data, and
physiological data. It also uses preprocessing steps,
such as missing value handling, normalization,
categorical encoding, tokenization, feature extraction,
and train—test splitting (Devi & Gari Manikanta,
2025).

surveys, social

IV. RESEARCH GAP

The research gap based on existing work can be
identified as follows:

e Existing studies on adolescent depression
and anxiety mainly depend on traditional
clinical  assessments, surveys, and
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questionnaires, which may be subjective, .

time-consuming,

and

affected

by

underreporting or stigma (Siddhanta et al.,

2025).

e Many previous prediction models focus on

single-source

data, whereas

adolescent o

mental health is influenced by multiple
factors, such as academic pressure, sleep

disturbance, screen time, social isolation,

family stress, and emotional symptoms .

(Senior et al., 2021).
e Conventional statistical and linear models

have limited ability to capture the complex

nonlinear
depression

relationships
and  anxiety

(Mccormick, 2024).

e  Limited

studies have

involved

explored hybrid

in N
prediction

machine learning approaches, especially
models such as XGBoost with ReLU-based
feature transformation, to improve prediction
accuracy (Arif Ali et al., 2023).

V. RESEARCH OBJECTIVES

The research objectives are as follows:

ISSN: 2582-8150

To study the major psychological, behavioral,
academic, demographic, and lifestyle factors
associated with adolescent depression and
anxiety.

To develop a machine learning-based
prediction model for identifying adolescents
at risk of depression and anxiety.

To compare the performance of models such
as Logistic Regression, SVM, ANN, Random
Forest, and XGBoost—ReLU.

model

To evaluate performance using

accuracy, precision, recall, and F1-score.

To analyze the effectiveness of ReLU-based
feature learning in improving prediction
performance.

To support early detection, counseling
prioritization, and preventive mental health
intervention strategies.

VI. COMPARATIVE STUDY

Table 1: Comparative Study of Different Prediction Models for Adolescent Depression and Anxiety

Prediction | Outcome / Performance | Pros Cons References
Model
Logistic Achieved 78.20% | Simple to implement, | Limited ability to | Deb et al
Regression | accuracy, 76.40% | easy to interpret, useful | capture complex non- | (2023); Haroon
/ Linear | precision, 74.80% | as a baseline model, | linear  relationships; | et al. (2023);
Regression | recall, and 75.59% F1- | requires less | may underperform | uploaded results
score. It showed the | computational power. | when mental health | chapter.
lowest performance risk factors interact in
among compared complex ways.
models.
Support Achieved 84.60% | Effective in high- | Sensitive to kernel | K. Remya & P.
Vector accuracy, 83.20% | dimensional  spaces, | selection and | Ranjana (2025);
Machine precision, 82.50% | suitable for text-based | hyperparameter tuning; | Malaquias et al.
(SVM) recall, and 82.85% F1- | and structured | computationally (2019);  study
score. It performed | datasets, good | expensive for large | methodology.
better than regression | classification datasets; less
models. capability. interpretable.
Artificial Achieved 87.90% | Strong ability to learn | Requires larger | Madhu et al.
Neural accuracy, 86.70% | non-linear datasets, careful | (2023); Lewin et
Network precision, 88.10% | relationships; suitable | tuning, and more | al. (2025);
(ANN) recall, and 87.39% F1- | for complex and | computational uploaded
score. It  captured | multidimensional resources; less | methodology
complex non-linear | mental health data;

IJSMRT|Sep-2025

www.ijsmrt.com

Page 16


http://www.ijsmrt.com/

m International Journal of Scientific Modern Research and Technology ISSN: 2582-8150
3 >.& - (Volume: 20, Issue: 3, Number: 3) Paper ID: [JSMRT- 25080303
B
patterns  better than | ReLU improves | interpretable than | and results
SVM and regression | learning speed and | traditional models. chapters.
models. reduces vanishing
gradient issues.
Random Achieved 89.30% | Handles numerical and | Less interpretable than | Abdelminaam et
Forest accuracy, 88.90% | categorical data, robust | a single decision tree; | al. (2025);
precision, 89.70% | to  noise, reduces | may require more | Malaquias et al.
recall, and 89.30% F1- | overfitting, provides | memory and | (2019);
score. It showed strong | feature  importance, | computation; uploaded results

and stable prediction | captures

complex | performance depends | chapter.
performance. interactions.

on number of trees and
feature selection.

XGBoost Standard XGBoost | High
showed strong | accuracy,
performance due to | complex

proposed  XGBoost— | performs

overall results.

boosting and non-linear | interactions,
decision-tree learning. | regularization,
In the study, the | for feature

predictive | Requires careful | Haroon et al.
handles | hyperparameter tuning; | (2023); Tate et
feature | can overfit if not | al. (2020);
supports | regularized; less | uploaded results
useful | transparent than | and conclusion
ranking, | simpler models. chapters.
well on

ReLU achieved the best | structured datasets.

on quality of text
preprocessing and
feature extraction.

Naive Useful for text-based | Fast, simple, efficient | Assumes feature | Samanvitha et
Bayes depression/anxiety for text classification, | independence, which | al. (2021);
classification, works well with small | may not hold in | Malaquias et al.
especially when | datasets and NLP | complex mental health | (2019).
features are | features. data; may
independent. underperform
Performance  depends compared with

ensemble and deep
learning models.

K-Means Helps identify hidden | Useful for exploratory | Does not directly | Z. Liu et al.

Clustering | subgroups or  risk | analysis, does not | predict (2024); Al-Okbi
patterns when labeled | require labeled data, | depression/anxiety et al. (2025).
data are unavailable. can reveal hidden | labels; sensitive to

behavioral clusters. number of clusters and

feature scaling; limited
clinical interpretability.

The above comparative analysis table 1 shows that
traditional models such as Logistic Regression are
useful as baseline methods, but they have limited
predictive capability for complex adolescent mental
health data. SVM, ANN, and Random Forest provide
improved performance by capturing high-dimensional
and non-linear patterns. This supports its use as a
decision-support model for counseling, screening, and
preventive intervention planning.

VII. CHALLENGES AND LIMITATIONS

Dataset limitations: The study may be limited by the
size, quality, and diversity of the dataset. If the dataset
does not represent adolescents from different age
groups, genders, socioeconomic backgrounds, school
types, and geographic regions, the model may not fully
capture real-world mental health variations.

Self-reported data bias: Depression, anxiety, stress,
sleep quality, emotional symptoms, and social
behavior are often collected through questionnaires or
self-reported responses. Such data may be affected by
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underreporting, overreporting,
misunderstanding of questions.

stigma, fear, or

Limited clinical validation: Machine learning models
can support early screening, but they cannot replace
diagnosis by psychologists, psychiatrists, or trained
counselors. The prediction system should be used only
as a decision-support tool.

Model complexity: Advanced models such as
XGBoost—ReLU may provide high accuracy, but they
require careful preprocessing, feature selection,
hyperparameter tuning, and validation. Poor tuning
may lead to overfitting or reduced performance on new

data.

Generalizability issues: A model trained on one
population may not perform equally well in another
cultural, regional, educational, or socioeconomic
context. Therefore, external validation is necessary
before real-world implementation.

Privacy and ethical concerns: Mental health data are
highly sensitive. The use of clinical, behavioral, social
media, or digital activity data requires informed
consent, confidentiality, secure storage, and ethical
approval.

Interpretability limitations: Some machine learning
models are difficult to interpret. In mental health
prediction, explainability is important so that
counselors and clinicians can understand why a student
is classified as at risk.

Implementation challenges: Schools and healthcare
institutions may lack technical infrastructure, trained
staff, funding, or data management systems to deploy
Al-based mental health screening tools effectively.

Overall, these limitations indicate that although
machine learning shows strong potential for predicting
adolescent depression and anxiety, future studies must
focus on larger datasets, clinical validation,
explainable Al, ethical safeguards, and real-world
testing.

VIII. EXPECTED OUTCOMES

The study is expected to develop an effective machine
learning-based prediction system for identifying
adolescents at risk of depression and anxiety. The
model is expected to improve early detection by

ISSN: 2582-8150

demographic, and lifestyle-related factors. It may help
recognize hidden patterns associated with stress, sleep
disturbance, screen time, social isolation, emotional
symptoms, and academic pressure. The expected
outcome is a reliable decision-support framework that
can assist counselors, educators, healthcare
professionals, and policymakers in early screening,
counseling prioritization, preventive intervention, and
mental health support planning for adolescents.
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