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Abstract: This review paper examines the role of machine learning algorithms in predicting and differentiating mental health conditions,
specifically depression, anxiety, and stress. Traditional diagnostic approaches face limitations in subjectivity and resource constraints,
prompting the exploration of machine learning as a tool for early detection and intervention.

Following the PRISMA protocol, our methodology involves meticulous source identification from authoritative journals and conferences,
repository selection from reputable publishers, and strategic queries to navigate vast information. The performance assessment phase
scrutinizes the efficacy of machine learning approaches in diagnosing mental health problems.

Results from prominent research papers demonstrate the application of various machine learning algorithms, including tree-based models,
artificial neural networks, random forests, support vector machines, CatBoost, and XGBoost.

This review contributes to the ongoing effort to enhance mental health diagnosis, treatment, and intervention, emphasizing the significance
of machine learning advancements in addressing global mental health challenges.

Index Terms - Mental Health, Mental Health Analysis Disorder, Anxiety, Depression, Stress, F1 score, Machine Learning
Algorithms.

l. INTRODUCTION

The impact of mental health conditions, including depression, anxiety, and stress, has gained significant attention in recent years. These
conditions affect millions of people worldwide, leading to substantial personal suffering, impaired quality of life, and increased healthcare
costs. Early detection, accurate diagnosis, and timely intervention are vital for effective management and treatment of these mental health
disorders. However, traditional diagnostic approaches often rely on subjective assessments and limited clinical resources, which can lead
to delays in diagnosis and inadequate personalized treatment g

In recent years, the field of mental health research has witnessed the emergence of machine learning algorithms as promising tools for
analysing and predicting mental health conditions. Machine learning techniques leverage large datasets and computational power to uncover
complex patterns and relationships within the data, enabling the development of predictive models that can assist in the early detection and
differentiation of mental health disorders. This approach holds the potential to transform mental healthcare by providing objective and data-
driven insights.

This review paper aims to provide a comprehensive analysis of mental health conditions such as depression, anxiety, and stress using
machine learning algorithms. By surveying the existing literature, we will explore the application of various machine learning techniques
and data sources in the prediction and differentiation of these mental health disorders [29; The primary objective is to evaluate the efficacy
and limitations of machine learning algorithms in accurately identifying and distinguishing between depression, anxiety, and stress.

The paper will delve into the diverse range of data sources that have been utilized in mental health analysis, including self-reported surveys,
physiological signals, social media data, electronic health records, and other relevant sources.

Furthermore, we will investigate the performance of different machine learning algorithms, such as support vector machines, random
forests, deep learning models, and ensemble methods, in the context of mental health prediction and classification.

Moreover, this paper will explore potential future directions for advancing the analysis of mental health conditions using machine learning
algorithms.

By providing a comprehensive analysis of the current state of research, challenges, and future directions, this review paper aims to
contribute to the growing body of knowledge on using machine learning algorithms for mental health analysis.

Ultimately, the goal is to pave the way for more effective and personalized approaches to mental health diagnosis, treatment, and
intervention, thereby improving the lives of individuals affected by depression, anxiety, and stress.

This flowchart serves as a visual roadmap, guiding researchers and enthusiasts through the rich landscape of machine-learning algorithms
featured in prominent research papers.

By providing a structured overview, it encourages a deeper understanding of the algorithmic choices made in the pursuit of knowledge,
innovation, and scientific advancement.
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. NEED OF STUDY

The exploration of mental health conditions, including depression, anxiety, and stress, through the lens of machine learning algorithms
holds paramount significance for various compelling reasons. Firstly, these algorithms excel in efficiently analysing extensive datasets,
facilitating the early detection of mental health conditions. This early identification, in turn, enables timely intervention and support,
potentially averting the escalation of mental health issues. Moreover, machine learning provides an objective and data-driven approach to
mental health assessment, offering a valuable complement to traditional subjective evaluations and reducing the risk of bias. By scrutinizing
patterns in mental health data, machine learning contributes to the creation of personalized treatment plans, tailoring interventions to
individual needs and thereby enhancing the overall effectiveness of mental health care. Additionally, these algorithms play a pivotal role
in resource optimization by identifying high-risk individuals and prioritizing interventions, especially vital in healthcare environments with
limited resources. The objective, data-driven nature of machine learning assessments also contributes to reducing the stigma associated
with mental health conditions, encouraging individuals to seek help without fear of judgment. Furthermore, machine learning's ability to
discern complex relationships and patterns aids in a more profound understanding of risk factors linked to mental health conditions,
informing preventive measures and public health strategies. Large-scale analysis of mental health data using machine learning provides
valuable insights into the prevalence and distribution of these conditions within populations, informing public health planning and policy
development. The continuous monitoring capabilities of machine learning offer a dynamic view of individuals' mental health status,
facilitating ongoing support and adjustment of treatment plans as needed. Finally, the application of machine learning to mental health
research fosters advancements in the field, providing researchers with deeper insights into the complexities of mental health conditions and
paving the way for innovative diagnostic tools and therapeutic approaches. In summation, the study of mental health conditions through
machine learning is indispensable for advancing understanding, improving early intervention, and ultimately enhancing the overall quality
of mental health care.

1. RESEARCH METHODOLOGY

The research methodology for exploring the use of machine learning in predicting mental health problems is based on a meticulous and
systematic approach, guided by the PRISMA protocol.jzq The carefully selected authoritative sources such as journals and conferences and
utilized renowned repositories to ensure reliability. The exploration involved strategic queries and performance assessment of machine
learning approaches in diagnosing and predicting mental health problems.

2.1 Planning Phase:

Source ldentification: Careful selection of respected journals and conferences, including the Journal of Psychiatric Research and the
International Conference on Computational Intelligence and Data Science.

Repository Selection: Ensured reliability through renowned publishers

Searching and Analysis Exploration: Initiated a knowledge quest through in-depth exploration of targeted publishers' websites.

Strategic Queries: Employed strategic queries like "Machine Learning Algorithms in Mental Health" to navigate through a vast sea of
chronic disease-related disability g

Performance Assessment: Study the performance of machine learning approaches, with a specific focus on diagnosing and predicting
mental health problems.

3.2 Data Collection Phase:

Data collection is a crucial part of the research as the machine learning models are trained on the data, inconsistencies in data might lead
to incorrect results. This process includes the selection of sources, collecting data, removing errors and inconsistencies, and making data
suitable for machine learning models.

There are four types of data collection in the field of psychology to analyse mental health issues, they are as follows:

2.2.1 Clinical Data: This data is collected by healthcare professionals in professional settings.

2.2.2 Behavioural Data: Behavioural data refers to the actions/behaviour of an individual in a particular setting 25

2.2.3 Neuroimaging Data: It refers to structural and functional data of the brain gathered through imaging devices.

2.2.4 Biomarker Data: This data refers to the genes and genetics of an individual.

Source Data Examples Advantages Limitations
Electronic Health Clinical notes, diagnoses,  Rich clinical data, longitudinal ~ Privacy concerns, data
Records (EHRS) medication information records. quality inconsistencies

Wearable Devices = Heart rate, sleep patterns,  Real-time physiological data, = Limited data types, user
& Sensors activity levels objective measurements compliance
Language patterns, Insights into mood, behavior Ethical considerations, data
Social Media Data sentiment analysis changes bias
Self-Reported Symptom assessments, Standardized data collection,
Surveys questionnaires individual perspectives Subjectivity, potential bias

Table no-1: data collection table

2.3 Discussion Phase

Categorization: Systematically broke down mental health problems into distinct categories, setting the stage for a comprehensive
discussion.

Algorithmic Insights: Examined the machine learning algorithms employed by researchers, revealing their roles in predicting various facets
of mental health.

IJNRD2312244

International Journal of Novel Research and Development (www.ijnrd.org)



http://www.ijrti.org/

© 2023 IJNRD | Volume 8, Issue 12 December 2023 | ISSN: 2456-4184 | JNRD.ORG

Performance Evaluation: Meticulously described and analysed each algorithm's performance.

Metric Definition Importance

Accuracy Proportion of correct predictions Overall performance measure
Precision Proportion of true positives among all positive predictions ~ Measures specificity

Recall Proportion of true positives among all actual positive cases  Measures sensitivity

Fl-score Harmonic mean of precision and recall Balanced measure of performance

Table no-2: metrices of comparison
2.4 Conclusions
Topic-Centric Conclusions: Drew nuanced conclusions, weaving together findings and discussions related to predicting mental health
problems using machine learning.
Generalization: Provided a holistic summary, offering a bird's-eye view of the predictive capabilities of machine learning in the realm of
mental health.
PRISMA Protocol: The Gold Standard pzq
Database Exploration: Following the PRISMA protocol (s, meticulously curated research articles and papers through database searching.
Screening and Inclusion: Rigorously removed duplicate records, ensuring the inclusion of only the most relevant and high-quality studies.
Eligibility Evaluation: Evaluated full-text articles for eligibility, with stringent criteria ensuring the inclusion of studies meeting appropriate
conditions.
Final Inclusion: A total of meticulously chosen research studies found their place in this paper, enriching it with diverse perspectives.
Conclusion: In conclusion, this methodology serves as a guiding framework, systematically navigating readers through the complex
landscape of machine learning in mental health prediction, providing a nuanced understanding of the state of the art in this dynamic field.

METHODOLOGIES
STEP BY STEP

PLANNING

PHASE EXPLORATION

SOURCE
IDENTIFICATION

PERFORMANCE

ASSESSMENT

Fig. 1. Steps followed in methodology
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METHODOLOGIES
STEP BY STEP

PERFORMANCE
EVALUATION

GENERALIZATION

STEP 6

ELIGIBILITY

EVALUATION

Fig. 2. Steps followed in methodology

. Depression

Depression is a mood disorder that causes
a persistent feeling of sadness and loss of
interest.

Anxiety bl

Anxiety is a natural emotion. However,
it can also cause physical symptoms,
such as shaking and sweating.

Stress

Stress can be defined as a state of
worry or mental tension caused by a
difficult situation

34%

Others

Other Diseases than depression,
anxiety and stress

Fig. 3. Pie chart of percentage of covered mental health illnesses

19%

V. RESULTS AND DISCUSSION
Title Mental Health Data Method data Performance
issue Measure

Predicting  Barriers  to | Depression 2008-2014 U.S. National | tree-based machine learning | accuracy=70.6%z.9%
Treatment for Depression Survey on Drug Use and | algorithm p<.001; AUC=.79
in a U.S. National Sample: Health (N=391,753)
A Cross-Sectional, Proof-
of-Concept Study
An integrated system based | Anxiety Emotion elicitation | Artificial Neural Networks, | Accuracy:
on physiological signals for experiment based on the | Random Forests, Support | Fischer Projection: 81.0,
the assessment of affective International ~ Affective | Vector Machines, and a | ANN: 84.1,

states in patients with

anxiety disorders

Picture System. Neuro-Fuzzy System

ANN:96.0/89.9,

SVM:61.8, Canonical
Correlation Analysis:
85.3,

SVM:79.3,
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using Machine Learning
Algorithms

Forms completed by 349
participants from various
parts of north India 1101

nearest neighbour (LNN),
multilayer perceptron
(MLP), radial basis function
network (RBFN), random
forest (RF) and J48

Anxiety: 82.75%
Depression: 96.55%
Stress: 89.65%

NFS: 84.3

Screening of anxiety and | Depression and | 470 seafarers interviewed | CatBoost, Logistic | CatBoost accuracy:82.6%
depression among seafarers | anxiety at Haldia Dock Complex, | Regression, Naive Bayes, | and precision: 84.1%,
using machine learning Random Forest, and Support
technology Vector Machine
Predictive modeling of | Depression and | Health assessment of | XGBoost, Random Forest, | AUC for
depression and anxiety | anxiety French university students | Support Vector Machine, K- | MDD:
using electronic  health and risk factors associated | nearest-neighbor, neural | 0.70, 0.67
records and a novel with  mental health | network AUC for
machine learning approach disorders GAD:0.70, 0.73.
with artificial intelligence
[23]

Anxiety, depression | 348  participants  via | Decision Tree, Random | Accuracy:
Predicting anxiety, | and stress Google forms Forest Tree, Naive Bayes, | Naive Bayes:
depression and stress in Support Vector Machine and | Anxiety- 0.733
modern life using machine KNN Depression- 0.855
learning algorithms Stress- 0.742
Using machine learning- | Depression and | 125 participants were | Bagging Decision Tree, | Accuracy:
based analysis for | anxiety recruited from the | Random Forest Tree. HD group- 68%
behavioral differentiation University of Haifa and and HA group-74%.
between  anxiety and divided into 2 groups HD
depression group and HA group.
Assessment of Anxiety, | Anxiety, depression | DASS21 data  was | naive Bayes (NB), Bayes | Accuracy:
Depression, and  Stress | and stress collected through Google | network (BN), k-star, Local | RBFN:

Prevalence of Depression,
Anxiety and Stress among
Adult Population: Results
of Yazd Health Study

Anxiety, depression
and stress

9965 residents of Yazd
Greater Area participated.
Data were collected using
a questionnaire.

2-stage cluster

process

sampling

Accuracy:
Cluster
Depression- 29%
Anxiety- 32.2%
Stress- 34.8%

sampling:

Mental Health Analysis of
Employees using Machine
Learning Techniques

Personality
Disorder,
Disorder,
Psychotic
disorders,
Depression,
stress

Anxiety
Phobias,

and

Data collected among the
employees (tech and non-
tech) from Open Sourcing
Mental Illness (OSMI)
Mental Health in Tech
Survey.pz

Logistic Regression, KNN,

Decision Trees, Random
Forest, Naive Bayes,
Support  Vector Machine,

Ada Boost, SDG Classifier,
Gradient Boost, XG Boost
and Light GBM

Accuracy:
KNN as 84.23%.

Comparative Analysis of
Mental Health disorder in
Higher Education Students
using Predictive
Algorithms

Anxiety, depression
and stress

Collecting data from

students jg

Decision Tree (DT),
Logistic Regression (LR),
Support  Vector Machine
(SVM) and Neive Bayes
(NB).

Accuracy:
Logistic
88.76%.

regression

Table 3: Representation of Performance Measure Accuracy of different papers from the result table.

In a series of diverse studies aimed at understanding and predicting mental health issues using machine learning, Study 1 focuses on predicting
barriers to treatment for depression. Utilizing a tree-based machine learning algorithm, the study achieved an accuracy of 70.6% * 0.9% and
an area under the curve (AUC) of 0.79 2 Study 2, addressing affective states in patients with anxiety disorders, employs various machine
learning algorithms, reporting varied accuracies for methods like Fischer Projection, Artificial Neural Networks (ANN), Support Vector
Machines (SVM), Canonical Correlation Analysis, and Neuro-Fuzzy System (NFS).2g In Study 3, screening seafarers for anxiety and
depression involves methods such as CatBoost, Logistic Regression, Naive Bayes, Random Forest, and SVM, achieving a CatBoost accuracy
of 82.6% with a precision of 84.1%.22; Study 4 utilizes XGBoost, Random Forest, SVM, K-nearest-neighbor, and neural networks to predict
depression and anxiety based on electronic health records, measuring success through the area under the curve for Major Depressive Disorder

IJNRD2312244

International Journal of Novel Research and Development (www.ijnrd.org)



http://www.ijrti.org/

© 2023 IJNRD | Volume 8, Issue 12 December 2023 | ISSN: 2456-4184 | JNRD.ORG

(MDD) and Generalized Anxiety Disorder (GAD).[23 Study 5 predicts anxiety, depression, and stress in modern life using Decision Trees,
Random Forests, Naive Bayes, SVM, and KNN, evaluating accuracy for each category 24 In Study 6, behavioral differentiation between
anxiety and depression is explored, achieving accuracies of 68% for the HD group and 74% for the HA group using Bagging Decision Trees
and Random Forests. 25 Study 7 assesses anxiety, depression, and stress through various algorithms, reporting accuracy for each category using
Radial Basis Function Networks (RBFN).2s) Study 8 investigates the prevalence of anxiety, depression, and stress among adults using a 2-
stage cluster sampling process, measuring accuracy through the cluster sampling method 27 Study 9 analyzes mental health issues among
employees, employing multiple algorithms such as Logistic Regression, KNN, Decision Trees, and Random Forest, with KNN achieving an
accuracy of 84.23%.5 Lastly, Study 10 conducts a comparative analysis of mental health disorders in higher education students, using Decision
Trees, Logistic Regression, SVM, and Naive Bayes, with Logistic Regression achieving an accuracy of 88.76%. These studies collectively
showcase the diverse approaches and successes in applying machine learning to mental health prediction and assessment. 21

Random Tree

K-star )
Support Vector = Gradient Boosting

Machine

Logistic Regression W SUPERVISED

UNSUPERVISED

Linear Discriminant Analysis

Bayesian Network
Neural Networks and

Neighbour Deep Learning

Artificial Neuro

Neuro Fuzzy System Networks

Convolutional Neural

Artificial Neuro
Network

Networks

Multilayer Perception

Fig.4 Different Machine Learning Algorithms Used in Paper
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Algorithm Task Focus Strengths Limitations
Binary classification (e.qg., May struggle with complex
Support Vector Machines presence/absence of High accuracy, efficient data, interpretability
(SVMs) depression) for smaller datasets challenges
Robust to noise, feature  Can be computationally
Random Forests Classification, regression importance analysis  expensive, black-box nature

Adaptability to diverse
Complex prediction tasks, = data, feature learning Requires large datasets,
Neural Networks pattern recognition capabilities prone to overfitting

Useful for exploratory  Difficulty defining optimal
Unsupervised learning,  data analysis, subgroup cluster number, sensitive to

Clustering (e.g., K-means) = identifying data patterns discovery outliers

Dimensionality Reduction

(e.g., Principal Component Reducing data complexity,  Improves efficiency, Can lose information,
Analysis) identifying key features visualization potential data distortion

Table no-4: Model Selection and training

V. CONCLUSION

In summary, this review systematically investigated the use of machine learning (ML) algorithms in predicting and distinguishing
depression, anxiety, and stress. Traditional diagnostic methods face limitations, prompting the exploration of ML for early detection.
Following the PRISMA protocol 3g, our methodology involved source selection from reputable journals and conferences, repository
choices, and strategic queries. The performance assessment demonstrated the efficacy of diverse ML approaches, including tree-based
models, neural networks, and ensemble methods.

Results from prominent research papers showcased the application of ML algorithms, such as tree-based algorithms achieving 70.6%
accuracy in predicting depression and integrated systems using physiological signals achieving accuracies ranging from 61.8% to 96.0%
for anxiety. The paper explored various data sources, including surveys and health records, and discussed the performance of ML
algorithms, emphasizing their roles in mental health prediction.

The review highlighted potential future directions for advancing ML-based mental health analysis, contributing to the ongoing efforts to
enhance global mental health diagnosis and intervention. By adhering to the PRISMA protocol [z, this paper offers a nuanced
understanding of the current state of research and encourages continued innovation in leveraging ML for mental health challenges.

In essence, this review aims to guide stakeholders through the complex landscape of ML algorithms in mental health prediction, paving
the way for more effective and personalized approaches to diagnosis, treatment, and intervention. The work underscores the importance of
ML advancements in addressing global mental health challenges and promotes ongoing research in this critical field.

VI DRAWBACKS

These common points highlight the multidimensional challenges in implementing machine learning-based approaches for predicting mental
health conditions or behaviours in various contexts. Addressing these drawbacks is essential to ensure responsible, ethical, and effective
utilization of predictive algorithms in healthcare and educational settings.

5.1 Generalization Issues:
The reliance on machine learning may lead to challenges in generalizing findings to diverse populations, affecting tool effectiveness across
different demographic groups or healthcare settings.

5.2 Ethical Concerns:
Privacy, informed consent, and data security issues arise, posing ethical challenges related to the responsible handling of sensitive health
data.

5.3 Resource Intensiveness:
Implementing real-time pre-emptive tools in healthcare or educational settings may require significant resources, both in terms of
technology infrastructure and personnel training.

5.4 Subjectivity and Bias:
Relying on self-reported or biased data introduces subjectivity and potential bias, impacting the accuracy of predictions and risking the
misinterpretation of motivations or barriers.
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5.5 Dynamic Nature:
Predictive models may struggle to capture the dynamic nature of mental health conditions, missing evolving barriers or changes in patients'
or students' circumstances.

5.6 Interpretability:
Complex machine learning models, perceived as "black boxes," pose challenges in understanding and interpreting predictions, impacting
trust among users, clinicians, or educators.

5.7. Limited Understanding of Mental Health:

The subjective and nuanced nature of mental health may not be fully captured by predictive algorithms, necessitating a more holistic
approach.

5.8 Unintended Consequences:

Implementing predictive efforts may lead to unintended consequences, such as overburdening certain groups, neglecting unique
circumstances, or contributing to the medicalization of normal variations in mental health.

5.9 False Positives and Negatives:
Predictive algorithms are prone to errors, including false positives (incorrectly identifying issues) or false negatives (missing issues), with
potentially significant consequences.

5.10 Access and Equity:
Disparities in access to interventions identified by predictive algorithms can exacerbate existing inequalities among individuals or students.

5.11 Legal and Regulatory Compliance:
Compliance with legal and regulatory standards, including data protection laws, is crucial to avoid legal consequences and maintain
institutional reputation.

5.12 Human Interaction and Support:
Lack of human interaction in mental health analyses may miss the empathetic and supportive aspects, necessitating a balanced approach
combining algorithmic insights with human interventions.

VIL. FUTURE SCOPE

The future scope of analysis of mental health illnesses is vast and boundless. Due to the ever-evolving nature of technology, there are
endless possibilities for the development of more efficient algorithms, data collection techniques, and different approaches. Machine
learning can also help in the development of new therapies, medication, self-help devices, applications, etc.

After conscientious study and research, we can conclude the future scope of this research through the following key points.

6.1 Timely detection and assessment of mental health conditions:

The machine learning algorithms can be used to recognize and identify changes in behavioural patterns, social media contribution, and
other activities to identify possible mental health conditions, suicidal and self-harm tendencies, etc. Which can allow early and timely
detection.

6.2 Forecasting treatment outcomes:
Machine learning algorithms can be trained and fed through data and then can be used for predicting possible outcomes and understanding
how a patient might respond to a treatment/procedure.

6.3 Formulation of New Treatments:
The ability to predict machine learning algorithms can be used in the development of new drugs, medications, and other possible treatments.

6.4 Technology-enabled monitoring of mental health:
The technological advancements can be utilized in the development of tech-enabled applications that monitor the mental health of an
individual periodically, which can be further used by mental health experts for a better understanding of mental health conditions.

6.5 Virtual mental health care/Online therapy and counselling:

The development of virtual platforms provides a more accessible, economical, healthy, and safe environment for users and also works
towards reducing stigma towards mental health illnesses.

Other than these future developments, more work also needs to be performed on the existing methods and techniques, which includes:
better data collection, data organization, working on current algorithms, a better understanding of medical and technical terms, and
standardization at different levels for comparison.

VIIl. IMPROVISATIONS

7.1. The data set that is used in the generation of the machine learning model should take into account the various diverse backgrounds so
that the results are more effective and fulfil the real-world requirements.

7.2. The data collection and storage system should be secure because the personal data gathered from the patient raises a high concern for
privacy and confidentiality so that mis usage can be avoided.
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7.3. It is vital to promote and train psychologists/mental health experts in the field of technology in order to lead to the integration of
technological advancements in the study of psychology.

7.4. Development of models that understand the complex nature of mental health illnesses, and give accurate results including the subtypes
to prevent misdiagnoses.

7.5. Working on the development of trust of both patients and medical professions in technology, and providing an accessible and
trustworthy environment to increase participation.

7.6. Working towards establishing a standardized data collection and storing system/format in order to avoid inconsistencies and incomplete
and sparse data.

7.7. It is predominant to integrate the new models with traditional approaches, although we can rely on machine learning models for
diagnosis in the future it is important to seek help from mental health professionals, this advancement is focused on making the diagnosis
process easier and not to replace the professionals.

7.8. Working towards removing machine biases, since the model works on the data it is fed upon, it may lead to biased results or
misdiagnosis.
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