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Abstract—Mental health disorders, including depression, anx-
iety, and post-traumatic stress disorder, affect over 1 billion
people globally, contributing significantly to the global burden of
disease and socio-economic challenges. Early identification and
intervention are critical to mitigate the long-term consequences
of these conditions; however, conventional screening methods
often rely on self-reporting or limited clinical assessments, which
can delay timely care. In recent years, emotion recognition has
emerged as a promising approach to facilitate early intervention
by analyzing behavioral and physiological indicators to detect
subtle changes in mental states. This review examines the role of
artificial intelligence (AI) techniques, including machine learning
and deep learning, in processing multimodal data such as textual
communication, vocal tone, facial expressions, and physiologi-
cal signals for emotion detection. We summarize state-of-the-
art models, including convolutional neural networks, recurrent
neural networks, and transformer-based architectures, and dis-
cuss their effectiveness in real-world mental health applications.
Additionally, the paper addresses key challenges, including data
privacy, ethical considerations, cultural and language biases,
and the interpretability of AI models. Future directions for
research are highlighted, emphasizing the integration of wearable
devices, multimodal fusion, and human-centered AI frameworks
to enhance accessibility and reliability. By synthesizing recent
advances, this review underscores the potential of AI-driven
emotion recognition systems to support proactive mental health
care, reduce stigma, and improve societal well-being through
timely, personalized interventions.
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I. INTRODUCTION

Mental health disorders, including depression, anxiety, and
post-traumatic stress disorder (PTSD), are recognized as lead-
ing causes of disability worldwide, affecting over 1 billion
individuals across all age groups [1]. According to the World
Health Organization (WHO), nearly 800,000 people die by
suicide annually, and the economic burden of mental illness
is estimated at over US$2.5 trillion globally, with projections
to reach US$6 trillion by 2030 [2]. Beyond economic costs,
untreated mental health issues lead to significant social conse-
quences, including reduced productivity, strained interpersonal
relationships, and stigma within communities [3]. Figure 1 il-
lustrates the global prevalence of major mental health disorders
based on recent WHO reports.

The limitations of traditional mental health assessments,
which largely depend on patient self-reporting and infrequent
clinical evaluations, create an urgent need for automated,
scalable solutions [4]. Al-based emotion recognition systems
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Fig. 1: Global distribution of major mental health disorders
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have emerged as a promising approach for early detection
by analyzing behavioral and physiological cues indicative
of mental states [5]. Emotions, such as sadness, anxiety,
or frustration, often precede clinically detectable symptoms,
making emotion recognition an effective predictor for early
intervention [6].

A. Motivation for Al-Based Early Detection

The motivation for integrating Al in mental health monitor-
ing lies in its ability to process **multimodal data streams**
in real time. These include text from social media posts or
chat conversations, speech features like pitch and tone, facial
expressions captured via computer vision, and physiological
signals such as heart rate variability and galvanic skin response
[7]. Figure 2 presents a typical Al-driven emotion recognition
pipeline used for mental health prediction.

B. Importance of Emotion Recognition

Emotion recognition serves as a critical tool in mental health
management because emotional states can indicate underlying
psychological conditions before they manifest behaviorally or
physiologically [8]. Multimodal AI systems combining facial
expressions, speech, and text have been shown to improve pre-
dictive accuracy compared to unimodal approaches [9]. Table I
summarizes representative Al models for emotion recognition
and their effectiveness in mental health applications.

C. Objectives of the Review Paper

The primary objectives of this review are:

o To summarize the current Al approaches for emotion
recognition relevant to mental health.
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TABLE I: Comparison of Al Models for Emotion Recognition in Mental Health

Model Data Modality Accuracy (%) | Reference
CNN Facial Expressions 87 [5]
LSTM Speech 83 [7]
Transformer Text 85 [6]
Multimodal Fusion | Text + Speech + Face 91 [9]

Multimodal Data Input

|

|Preprocessing & Feature Extraction|

| AI Model (ML/DL) |

| Emotion Prediction |

| Early Intervention Recommendation |

Fig. 2: Al-driven emotion recognition pipeline for early mental
health intervention.

« To compare the effectiveness of multimodal versus uni-
modal systems.

o To discuss societal implications, including ethical and
privacy concerns in Al-driven mental health interventions.

II. BACKGROUND AND RELATED WORK

A. Mental Health Challenges and Early Intervention

Mental health disorders, such as depression, anxiety, and
post-traumatic stress disorder (PTSD), represent some of the
most pressing public health challenges globally [11]. De-
pression affects approximately 280 million people worldwide,
while anxiety disorders impact over 260 million individuals
[12]. PTSD, often triggered by traumatic events, has long-
term consequences including chronic stress, impaired cogni-
tive function, and social withdrawal [13]. Delayed diagnosis
and insufficient intervention exacerbate these effects, leading
to decreased productivity, impaired social relationships, and
increased mortality due to self-harm or comorbid conditions
[14].

Figure 3 illustrates the cascade of consequences caused by
untreated mental health disorders and highlights the impor-
tance of early detection.

Early intervention has been shown to significantly improve
treatment outcomes and reduce long-term societal and eco-
nomic costs [15]. Screening tools, digital assessments, and
Al-driven monitoring systems are increasingly being adopted
to identify at-risk individuals before conditions become severe
[16].

B. Emotion Recognition in Mental Health

Emotion recognition refers to the computational detection
and interpretation of human affective states based on observ-
able signals [17]. Emotional states, including sadness, anxiety,
or irritability, often precede overt behavioral symptoms, mak-
ing them useful early indicators for mental health assessment.

Behavioral and physiological signals commonly used for
emotion recognition include:

« Speech tone and prosody: Pitch, energy, and intonation
variations convey emotional states [18].

« Facial microexpressions: Subtle muscle movements in-
dicate underlying emotions, captured using computer
vision techniques [19].

« Text sentiment: Social media posts, messages, or diaries
can be analyzed via natural language processing (NLP)
to detect mood trends [20].

« Physiological signals: EEG, heart rate variability (HRV),
and galvanic skin response (GSR) provide insight into
stress and affective states [21].

Figure 4 summarizes the main modalities used for emotion
recognition in mental health applications.

C. Existing Al Approaches

Al techniques for emotion recognition in mental health can
be categorized into traditional machine learning (ML) and
modern deep learning (DL) approaches.

1) Machine Learning Approaches: Classical ML methods
such as Support Vector Machines (SVM), Random Forest,
and k-Nearest Neighbors (k-NN) rely on engineered features
extracted from text, speech, and facial data [22]. These ap-
proaches often perform well for unimodal datasets but struggle
with complex multimodal patterns.

2) Deep Learning Approaches: Deep learning models, in-
cluding Convolutional Neural Networks (CNNs) for facial
analysis, Long Short-Term Memory (LSTM) networks for
temporal speech/text sequences, and Transformers for con-
textual understanding, have significantly improved emotion
recognition performance [23], [24].

3) Multimodal Fusion Approaches: Combining multiple
modalities—text, speech, and video—has been shown to
enhance predictive accuracy and robustness [25]. Table II
presents a summary of recent Al-based multimodal emotion
recognition studies in mental health.

Despite advances, several gaps remain in current literature:

« Limited real-world deployment of Al systems in clinical
or community settings [26].

o Cultural and language biases affecting model generaliz-
ability [27].
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Fig. 3: Consequences of delayed diagnosis in mental health disorders.
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Fig. 4: Multimodal inputs for Al-driven emotion recognition in mental health.

TABLE II: Representative Multimodal AI Approaches for Emotion Recognition

Study

Data Modalities

Majumder et al., 2021
Li et al., 2022
Zhang et al., 2021
Smith et al., 2021
Poria et al., 2017

Text + Speech

Speech
Text + Video

Text + Speech + Face

Facial Expressions

Al Technique Accuracy (%)
Multimodal Fusion 91
Transformer 88
CNN 87
LSTM 83
Multimodal Ensemble 85

o Scarcity of large, annotated, multimodal mental health
datasets [28].

III. METHODOLOGY OF LITERATURE REVIEW

The literature review was conducted systematically to iden-
tify recent advances in Al-driven emotion recognition sys-
tems for early mental health intervention. The search strategy
focused on multiple academic databases, including PubMed,
IEEE Xplore, Scopus, and Google Scholar, to ensure a com-
prehensive coverage of interdisciplinary research spanning
computer science, psychology, and healthcare technology.

A set of carefully selected keywords was used to retrieve rel-
evant publications, including “emotion recognition,” “mental
health AL “early intervention,” “multimodal affective com-
puting,” “deep learning for emotion detection,” and “mental
health monitoring systems.” Boolean operators and filters were

applied to combine keywords effectively and refine search
results.
The inclusion criteria for the review were:
« Publications from the last 5-7 years to capture the most
recent technological developments.
o Peer-reviewed journal articles, conference proceedings,
and practical implementation studies.
« Research demonstrating real-world applicability, such as
clinical trials, pilot studies, or software prototypes.
The exclusion criteria included:
o Purely theoretical or conceptual studies without experi-
mental validation.
« Non-English language publications.
« Studies focusing on general Al applications unrelated to
emotion recognition or mental health.
The selection process of the literature is illustrated in
Figure 5, modeled after the PRISMA (Preferred Reporting

@ nttps://jsiar.com
¥ editor@isiar.com

© 2026 JSIAR



Journal of Scientific Innovation and Advanced Research (JSIAR) 2025

(Database search: PubMed, IEEE

Identification

Xplore, Scopus, Google Scholar)

~

-

(Remove duplicate

Screening

s, review abstracts)

~

-

Eligibility Assessment
(Check inclusion/exclusion criteria)

~

-

Included

(Final selected studies)

in Review

Fig. 5: PRISMA-style flowchart illustrating the systematic literature selection process.

Items for Systematic Reviews and Meta-Analyses) framework.
Initially, thousands of articles were retrieved from databases
based on keyword search. After removing duplicates and
screening abstracts, the remaining studies were assessed for
eligibility based on inclusion and exclusion criteria. Finally,
a curated set of high-quality studies was selected for detailed
analysis and synthesis.

This methodology ensured that the review was rigorous, re-
producible, and focused on studies with practical implications,
providing a solid foundation for subsequent analysis of Al
techniques, multimodal systems, and real-world applications
in emotion recognition for mental health.

IV. AI TECHNIQUES FOR EMOTION RECOGNITION

Emotion recognition in mental health relies on multiple data
modalities and Al techniques to accurately detect affective
states. Modern approaches combine traditional machine learn-
ing with deep learning models to process complex, multimodal
data.

A. Data Modalities

The primary data modalities utilized for emotion recognition
include:

o Text: Social media posts, self-reported journals, and
chat conversations are analyzed using natural language
processing (NLP) techniques to detect sentiment trends
and emotional cues [29].

Speech/Voice: Audio signals capture tone, pitch, inten-
sity, and prosody variations, which are strong indicators
of affective states [30].

Facial Expressions: Micro-expressions and facial action
units provide nonverbal information about underlying
emotions, often captured via computer vision [31].
Physiological Signals: Electroencephalogram (EEG),
heart rate variability (HRV), and galvanic skin response

(GSR) offer direct insight into stress and affective re-
sponses [32].
Figure 6 illustrates the different modalities and their contri-
butions to emotion recognition.

B. Machine Learning Methods

Traditional machine learning methods rely on carefully
engineered features extracted from the above modalities. Com-
mon classifiers include Support Vector Machines (SVM),
Random Forests, and Decision Trees [33]. For text, features
such as bag-of-words, TF-IDF vectors, or sentiment scores are
used. Speech features often include Mel-Frequency Cepstral
Coefficients (MFCCs), pitch, and energy. Facial expressions
are analyzed using geometric or appearance-based features,
while physiological signals are summarized using statistical or
frequency-domain measures. Although effective for unimodal
datasets, traditional ML methods often struggle with high-
dimensional or multimodal data.

C. Deep Learning Methods

Deep learning models have significantly advanced emotion
recognition, particularly for complex or sequential data. Con-
volutional Neural Networks (CNNs) are widely used for facial
expression detection, capturing spatial patterns and micro-
expression features [31]. Recurrent networks such as LSTM
and GRU are applied to speech and text sequences, effectively
modeling temporal dependencies in emotional expression [34].
Transformers have recently enabled multimodal fusion by
jointly processing text, audio, and visual cues, improving both
accuracy and robustness in predicting affective states [35].

D. Multimodal Emotion Recognition Systems

Multimodal systems integrate text, speech, facial expres-
sions, and physiological signals to leverage complementary
information from different channels. Studies have shown that
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Fig. 6: Data modalities and their contributions to Al-driven emotion recognition.

TABLE III: Comparison of Al Techniques for Emotion Recognition

Key Features

Performance Metric

Al Technique Data Modality
SVM Text
Random Forest Speech
CNN Facial Expressions
LSTM/GRU Speech + Text
Transformer Multimodal Fusion

TF-IDF, Sentiment Score
MFCC, Pitch
Spatial Patterns
Temporal Sequences
Text + Audio + Video

82% Accuracy
80% Accuracy
87% Accuracy
85% Accuracy
91% Accuracy / Fl-score 0.89

multimodal fusion improves classification accuracy and F1-
score compared to unimodal approaches [29], [35]. Table III
provides a comparative overview of representative Al models
for emotion recognition.

The combination of multiple modalities with advanced deep
learning techniques provides the most reliable approach for
emotion recognition in mental health, offering high predictive
accuracy and enabling early intervention.

V. APPLICATIONS IN EARLY MENTAL HEALTH
INTERVENTION

Al-driven emotion recognition systems have been increas-
ingly applied to enhance early mental health interventions.
These applications leverage multimodal data to provide real-
time monitoring, personalized support, and predictive alerts for
individuals at risk of developing or worsening mental health
conditions.

A. Real-Time Monitoring Applications

Smartphone and wearable-based applications allow contin-
uous monitoring of emotional and physiological states. These
apps collect data from text interactions, voice recordings,
facial expressions captured through the device camera, and
physiological sensors such as heart rate and galvanic skin

response. Figure 7 illustrates the architecture of a typical real-
time monitoring system.

These systems enable timely detection of emotional devia-
tions, providing early warning signals to users or caregivers
before symptoms escalate.

B. Al Chatbots and Virtual Counselors

Al-powered chatbots and virtual counselors provide ac-
cessible mental health support, particularly in contexts with
limited access to human therapists. These systems use natural
language processing and emotion recognition to engage in
empathetic conversations, detect signs of stress or depression,
and provide guidance, coping strategies, or referrals for pro-
fessional care. The chatbot pipeline is shown in Figure 8.

C. Risk Assessment and Predictive Alerts

Al systems analyze historical and real-time emotional and
physiological data to assess mental health risk levels. Predic-
tive models can detect early signs of anxiety, depression, or
stress-related episodes, providing alerts to users, caregivers,
or clinicians. Table IV summarizes the main functionalities of
Al-based predictive mental health interventions.

D. Case Studies and Pilot Deployments

Several pilot deployments highlight the practical benefits of
Al-driven emotion recognition. In a university mental health
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(Patient & Clinician View)

h
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Fig. 7: Architecture of real-time Al-driven mental health monitoring system.

User Input
(Text/Voice)

h

NLP & Emotion Recognition

|

Response Generation

(Empathetic & Personalized) )

(Adjust Model with User Interaction)

Feedback Loop

Fig. 8: Workflow of AI chatbot and virtual counselor for mental health support.

TABLE IV: Al-Based Risk Assessment and Predictive Alert Functionalities

Functionality

Input Data

Output/Action

Mood Deviation Detection
Stress Level Monitoring
Suicidal Ideation Risk

Behavioral Pattern Analysis

Text, Voice, Facial Expressions
HRV, GSR, EEG
Social Media
App Usage, Activity Logs

Early Alert to User
Personalized Intervention Suggestions
Notification to Clinician/Caregiver
Predictive Alert for Follow-Up

program, wearable devices and mobile apps were used to
monitor student stress levels. Early alerts triggered timely
counseling sessions, reducing anxiety and improving aca-
demic engagement. In community health centers, Al chatbots
provided initial screening and psychoeducation, significantly
increasing access to mental health resources while reducing
the burden on human therapists. Figure 9 presents a general
workflow for such human-centric deployments.

These examples demonstrate that Al-driven systems can
provide scalable, real-time, and human-centered solutions for
early mental health intervention, reducing risks, improving
accessibility, and complementing traditional therapeutic ap-
proaches.

VI. CHALLENGES AND LIMITATIONS

While Al-driven emotion recognition systems offer signifi-
cant potential for early mental health intervention, several chal-
lenges and limitations must be addressed to ensure effective
and ethical deployment.

A. Data Availability and Quality

High-quality, large-scale, and annotated datasets are es-
sential for training robust Al models. However, collecting
multimodal data such as speech, facial expressions, text, and
physiological signals is often challenging due to privacy con-
cerns, participant reluctance, and high resource requirements.
Limited dataset diversity can lead to overfitting and reduced
generalizability across different populations and real-world
scenarios. Figure 10 illustrates common data-related issues in
emotion recognition systems.
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Al Analysis of Emotion and Stress Levels

Predictive Alerts
(User/Caregiver/Clinician)

Early Intervention
(Counseling, Recommendations)

Fig. 9: Workflow for human-centric pilot deployments of Al-based mental health interventions.

Limited Data Availability

Sampling Bias

Data Quality Issues
(Noise, Missing Values)

Reduced Model Performance

(Unequal Demographics)

and Generalizability

Fig. 10: Challenges related to data availability and quality in Al-based emotion recognition systems.

B. Privacy, Ethical, and Consent Issues

Collecting sensitive personal information, such as phys-
iological signals, social media text, and facial data, raises
privacy and ethical concerns. Users may be uncomfortable
sharing such information, and inadequate consent mecha-
nisms can lead to misuse or unintended exposure. Ensuring
compliance with privacy regulations and implementing robust
anonymization strategies are critical for maintaining trust in
these systems.

C. Cultural and Language Biases

Emotion recognition models often exhibit biases due to
cultural or language differences. Facial expressions, vocal
patterns, and textual sentiment can vary significantly across
regions and social groups, leading to reduced accuracy for
underrepresented populations. Models trained on limited cul-
tural contexts may fail to generalize globally, potentially
exacerbating inequities in mental health support.

D. Model Interpretability and Explainability

Deep learning models, particularly those used in multimodal
emotion recognition, are often treated as black boxes. Limited
interpretability can reduce clinician and user trust, making it
difficult to validate predictions or understand the reasoning
behind alerts. Developing explainable Al techniques and vi-
sualizations to convey model decisions is crucial for adoption
in clinical and real-world settings.

E. Hardware and Computational Constraints

Real-time monitoring and multimodal fusion require sub-
stantial computational resources, including high-performance
processors, GPU acceleration, and reliable sensor integration.
Resource-constrained devices such as smartphones or wear-
ables may struggle to process complex models in real time,
affecting the timeliness and accuracy of emotion recognition.
Table V summarizes the key computational challenges in
deployment.

Thus, addressing these challenges is essential for developing
ethical, reliable, and effective Al systems for early mental
health intervention. Solutions must balance technological fea-
sibility, user privacy, cultural sensitivity, and interpretability
while ensuring real-time performance in practical deploy-
ments.

VII. FUTURE DIRECTIONS

The field of Al-driven emotion recognition for early mental
health intervention is rapidly evolving. Future research and
development efforts should focus on several key directions to
enhance effectiveness, inclusivity, and ethical deployment.

A. Personalized Emotion Recognition Models

Current models often adopt a generalized approach, which
may not account for individual differences in emotional ex-
pression. Future systems should incorporate personalization
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TABLE V: Hardware and Computational Constraints in Real-Time Emotion Recognition

Constraint

Impact

Limited Processing Power
Memory Limitations
Battery Consumption

Sensor Integration
Scalability

Slower inference, reduced real-time performance
Difficulty storing multimodal features and models
Shorter device operation for continuous monitoring
Challenges in synchronizing audio, video, and physiological inputs
Difficulty supporting large numbers of concurrent users

Wearable Devices
(HR, GSR, EEG)

h'd

IoT Sensors
(Environmental, Behavioral)

Al Emotion Recognition Model
(Personalized, Multimodal)

h'd

Real-Time Alerts & Recommendations

Fig. 11: Conceptual framework for integrating Al emotion recognition with wearable devices and IoT for real-time mental

health intervention.

mechanisms, adapting to each user’s unique emotional base-
line, communication style, and physiological patterns. Person-
alized models are expected to improve prediction accuracy and
user engagement.

B. Cross-Cultural and Multilingual Datasets

To ensure global applicability, Al systems must be trained
and validated on diverse datasets covering multiple cultures,
languages, and demographics. Expanding datasets in these
dimensions will mitigate cultural biases, enhance fairness,
and enable accurate emotion recognition across heterogeneous
populations.

C. Federated Learning for Privacy-Preserving Solutions

Federated learning can address privacy concerns by allowing
Al models to be trained across distributed devices without
centralizing sensitive user data. This approach reduces the
risk of data breaches while maintaining model performance,
enabling scalable deployment in real-world applications, such
as mobile apps and wearable devices.

D. Integration with Wearable Devices and IoT

Wearables and Internet of Things (IoT) devices provide
continuous streams of physiological and behavioral data. In-
tegrating emotion recognition systems with these devices can
enable real-time monitoring, early intervention, and person-
alized recommendations. Figure 11 illustrates a conceptual
framework for such integration.

E. Policy and Ethical Guidelines for Clinical Deployment

The successful adoption of Al-based emotion recognition
in clinical and community settings requires clear policy
frameworks and ethical guidelines. This includes protocols
for informed consent, data privacy, algorithm transparency,
accountability, and equitable access. Establishing standardized
practices will ensure safe, responsible, and socially acceptable
deployment of these technologies.

Overall, the future of Al-driven emotion recognition lies in
personalization, inclusivity, privacy-preserving learning, IoT
integration, and ethical governance. These directions aim to
enhance the reliability, societal impact, and global applica-
bility of early mental health intervention systems, ultimately
contributing to improved mental well-being at scale.

VIII. CONCLUSION

Al-driven emotion recognition systems hold substantial
promise in addressing the growing global mental health crisis.
By leveraging multimodal data, including text, speech, facial
expressions, and physiological signals, these systems can de-
tect early emotional changes and provide timely interventions.
The societal impact of such technologies is profound, as
they offer scalable, accessible, and personalized support to
individuals who might otherwise face barriers to mental health
care.

Early detection enabled by AI models can reduce the
severity of mental health episodes, facilitate proactive thera-
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peutic measures, and improve overall quality of life. Real-time
monitoring applications, Al-powered chatbots, and predictive
alert systems demonstrate the potential for human-centered
solutions that complement traditional clinical practices. More-
over, integrating these systems with wearable devices and
IoT infrastructure further enhances their applicability and
responsiveness in everyday settings.

Despite these benefits, the development and deployment
of emotion recognition Al require careful consideration of
ethical, interpretability, and privacy concerns. Ensuring fair-
ness across diverse populations, protecting sensitive user data,
and providing transparent, explainable models are crucial for
building trust among users and clinicians. Future research
should prioritize personalization, cultural inclusivity, privacy-
preserving methods, and responsible policy frameworks to
maximize the positive impact of these technologies.

In conclusion, Al-driven emotion recognition represents a
transformative tool for early mental health intervention. When
implemented thoughtfully, with a focus on human-centered
design and ethical safeguards, these systems have the potential
to significantly enhance mental well-being, reduce healthcare
disparities, and support society in addressing one of the most
pressing health challenges of our time.
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