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SUMMARY

The human mental sensation is important for overall moral health and affects our social lives,
our daily activities, and the quality of our lives. Since depression, anxiety, and chronic stress
are becoming more commonly discussed worldwide, there is an urgent need for models
that can quickly, precisely, and easily help predict them. Most traditional ways of diagnosing
involve subjective views and clinicians’ intuition, and these can lead to inconsistency, slow
results, and be out of reach for many communities. Because of machine learning (ML), it
is now possible to examine complex data from many sources, such as information shared
on questionnaires, worn sensors and devices, observed online activity, and various therapy
platforms. This work examines the latest advances in using machine learning for predicting
mental well-being. The research looks at many types of algorithms, including Support Vec-
tor Machines, Random Forests, and deep learning models, which have helped to spot early
signals of mental struggles. Subsequently, the work’s major focus is given to the kind of data
processed, significant performance factors, and the results observed with a model. Along
with the paper, emphasis areas such as blending context-specific and user-adapted models
were introduced as likely approaches for boosting accuracy and relevance. Apart from re-
viewing technical aspects, the paper looks at ethical and practical issues that cover privacy
of data, discrepancies in algorithms, making sense of the data, and obeying regulations. The
paper aims to bring together new studies, point out promising developments, and identify
missing elements that must be handled for ML to succeed in mental health care. The informa-
tion in this research can act as a reference for researchers, practitioners, and policymakers.

Key words: mental health prediction, machine learning, deep learning, mental well-being,
data privacy, artificial intelligence, behavioral analytics

Introduction

Mental well-being, which refers to a healthy and balanced mind, is con-
sidered a top priority in public health '. Many people globally suffer from
depression, anxiety, and prolonged stress, leading to serious burdens ec-
onomically and to health 2. Older methods for discovering mental health
problems mostly depend on therapist discussions, close observations,
and patient-reported questionnaires ®*. Even though these are clinically
important, they usually take much time, produce inconsistent results, and
are not available to most patients. The introduction of machine learning
has made it possible to use real-time data more effectively to find and
respond to mental health crises earlier than traditional models have °.
Machine learning allows us to spot complicated relationships between
several mental health indicators using information taken from mobile ap-
ps, social media, biometric devices, and electronic records ©. Logistic
regression, Random Forest, clustering models, and deep learning net-
works have all shown that they can detect emotions and future mental



health concerns with excellent accuracy ’. If trained and
updated with personal information, these models make
it easier to identify mental distress without needing the
user to give regular feedback é.

Technological progress today allows us to measure and
assess a lot of behavioral and physiological data in real
time °. Today’s devices and applications produce data
on topics such as how well a person sleeps, activities
they attempt, screen time, interactions with others, and
their communication tone °. These streams allow mental
health to be checked passively, making it easier when
traditional in-person assessments cannot be used .
Furthermore, because of machine learning, systems are
able to predict needs and preferences for an individual
user '2. Personalized ML models work better than those
that treat different users the same way, as they learn from
user-specific data and try to match every user’s normal
action . In mental health, symptoms and pressures can
be very different for people from different groups, cul-
tures, or age ranges . Using personalized methods al-
lows support to be provided just when it is most urgent.
Even so, major issues do not have easy solutions; prob-
lems with data accuracy and abundance, unclear algo-
rithms, and the threat of bias in ML models can stop a
model from being applied in real life '°. Ensuring user
consent, who owns the data, and that privacy protec-
tion happens should be carefully handled, most impor-
tantly with sensitive mental health data 6. Consequently,
combining ML with mental health care needs attention
to moral values so that technology remains beneficial
for mental health and does not damage people’s rights.

Literature review:

In the last few years, machine learning (ML) has at-
tracted significant attention in the field of predicting
mental health issues, due to rising concerns about
mental health worldwide and more digital health data
being collected . With traditional diagnostics, people
depend on their own opinions to find mental disorders,
but ML uses hard data and automation to detect them
more quickly and easily '®. Many approaches are taken
in the literature here, from basic methods to advanced
programs, all focused on spotting individuals at risk of
mental health problems using different kinds of data .
This review gathers the main findings from research stud-
ies to present an in-depth explanation of predicting mental
health outcomes using ML 2. Important subjects in this
area include what types of ML models are chosen, the
data sources involved, the conditions predicted (including
anxiety, depression, or PTSD), the metrics to show per-
formance, and the ethical and practical problems discov-
ered 2", All of these research projects give us a clear pic-
ture of the present implementation, pointing out the places
where we can still improve and set common rules 2.
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ML algorithms and strategies

Machine learning models used for predicting mental
health problems are either classical or deep learning
techniques. Because of their ease of use and simple
explanations, RF, LR, DT, SVM, and KNN are used ex-
tensively among classical methods. Uddin et al, and
Dhariwal et al. 224 examined LR, KNN, and RF by ap-
plying them to a public mental health survey dataset 2,
It was found that the Random Forest model, optimized
with RandomizedSearchCV, performed best and gave
an accuracy of 83.23% and an F1 score of 83.53%.
Deep learning has shown great value, mainly for work-
ing with data forms such as voice recordings, written
text, and physical signals 2. According to the review,
CNNs, RNNs, and DNNs have recently become key
methods for diagnosing bipolar disorder, autism, and
PTSD 2. Among many models, CNNs were shown to
perform best in diagnostic accuracy owing to their ex-
cellent feature extraction abilities and adaptability.

Data sources and feature engineering

The effectiveness of an ML model often depends on the
amount and diversity of data used. Examples of sources
that contain mental health data include patient records
(EHRs), social media interactions, information from self-
administered tests (PHQ-9, OSMI), fitness tracker read-
ings (steps taken, heart rate, sleep), and standard imag-
ing procedures. (MRI scans) 2. Showed how mixing sur-
vey data with MRI analysis using ML can boost accuracy
in the detection of Alzheimer’'s and similar disorders.
Includes applications of ML for schizophrenia, anxiety,
depression, and PTSD, focusing on how data from dif-
ferent sources is utilized 2°. It was also highlighted that
managing a wide range of mental health features and
taking into account patients’ characteristics improves
prediction.

Applications and Performances Assessed

Most of the research centers on the identification of dis-
ease, reactions to treatment, and measuring stress lev-
els. According to 0, 3" a system can be built to analyze
live data from wearables using RF, SVM, and XGBoost
as ensemble models. The system gave immediate re-
sults on stress, with good predictions that could be
used for constant mental health surveillance *.

Existing researchers combined Random Forest and a
large language model (LLM) to create a process that
predicts mental health states from user information.
Contextual feedback and explanation became possible
when a language model was added to the system, al-
lowing it to match predictions with personal insights .
These are typically found through the performances, in-
cluding accuracy, precision, recall, F1-score, and AUC-
ROC. Research shows that ensemble and deep models
work better than simpler classifiers, mainly when they
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are trained using big datasets **. Regardless, a number
of models have problems with overfitting, being unable
to generalize, and having no cross-validation.

Although the numbers look good, many difficulties re-
main. Providing sufficient and reliable mental health
data is still difficult, mainly because of concern for pri-
vacy. If the training data used is biased, it may cause
algorithms to practice discrimination regarding people’s
age, gender, and ethnicity % point out that using fair-
ness-aware models and a range of data is essential in
mental health research.

Understanding the results is a major issue as well. While
it's true that complex models perform well, it can be
hard to explain what they do. This can stand in the way
of use in clinics, as clear reporting and accountability
are necessary there. Yeasmin ' described the need for
transparent Al algorithms in mental health, which would
increase clinician confidence and help gain needed ap-
proval.

Investigation of prior work

Many studies in ML for predicting mental health are part
of a fast-developing area that involves the combination
of data science with psychiatry, behavioral science, and
digital health. The studies considered differ greatly with
regard to target consumers, data available, how difficult
the algorithms are, and how the research is applied clin-
ically. While these models were created years ago, they
are still popular because they work well and are easy to
interpret with structured data. Due to being transparent
and having a low computational cost, models such as
those used by % and ™ are valuable in research using
health data and reviewing clinical documents.
Recently, DL and mixed models have been used more
often to handle the masses of unorganized data found
on social media, in free-text therapy notes, and in read-
ings from medical wearables. Research groups such
as #and " made use of LSTM networks and CNN-LSTM
hybrids to detect both depressive symptoms and emo-
tional distress with high reliability (over 90%). By under-
standing time and context well, these models managed
to find hidden signs of psychological risk in the every-
day actions of people outside the clinic.

Many recent studies have noted that researchers are re-
lying more on digital phenotyping to collect information
about behavior using smartphones and wearables. The
inputs used are measures of heart rate variability, rou-
tines related to sleep, the amount of screen time, and
habitual social interaction. According to ¢ and °, these
behavioral signals are capable of assessing student
well-being or launching personalized mental health as-
sistance in a timely way. Having adaptive systems within
these applications signals that mental health monitoring
and interventions are now happening in the background
and are customizable to users.
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Nevertheless, several issues consistently appear in the
research literature. Dataset imbalance, standardization
problems, and privacy, as well as explainability con-
cerns, are generally recognized by the field. Most tra-
ditional models explain how they work, but black boxes
are a challenge in using deep learning for patient care.
Models like SHAP and LIME are currently being used
to give explanations after the model has been run, but
XAl still requires much stronger frameworks, studies
show. If data is biased by culture and demographics, it
cannot be generalized, so fairness-friendly studies and
modeling approaches are important. Table | provides a
comparative analysis of previous works.

In general, machine learning could greatly help in-
crease and personalize mental health prediction and
care. Classical models keep things stable, while deep
learning helps study behavior. Break line patterns are
found in big and unstructured information. All the re-
viewed papers agree that ML-based approaches can
be applied for early screening, individual tracking, and
mental health programs. This field must ensure it ad-
dresses ethics, bias, explainability, and how the tech-
nology will work outside research by continuing to deal
with these issues.

Reevaluation of key studies

Mental health prediction based on machine learn-
ing (ML) is developing quickly as researchers study
many types of models and data for clinical purposes.
Analyzing recent influential studies again shows some
strengths and some weaknesses of modern techniques.
According to 3, Random Forests were able to correctly
predict the outcomes of mental illness in surveyed in-
dividuals with an accuracy of 87%. Figure 1 describes
the comparative performance of machine learning tech-
niques in mental health prediction.

On the other side, deep learning and hybrid systems
have proven able to recognize complex details in lan-
guage and behavior from unstructured materials like
text, speech, and social media posts. Using two ML
algorithms, CNN and LSTM 2 and ®° can identify de-
pression expression in over 93% of the Twitter mes-
sages they processed. Similarly, 2 posted for depres-
sive symptoms using LSTM networks and obtained high
F1 scores, which highlights deep learning’s usefulness
for mental health prediction in social media messages.
They are valuable for both real-time and flexible appli-
cations due to the way they can handle and respond to
new incoming data.

In addition, ® and ' focused on developing personal-
ized and adaptive models. Due to contextual and life-
style info on sleep, exercise, and eating habits, such
systems can make more personalized predictions. Such
methods are related to personalized medicine and en-
courage users by making things more meaningful to
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TABLE I. Comparative study table.

Data Source

Model/Approach

Prediction

Key Findings

Chung & Teo
(2022)5

Abdul Rahman
et al. (2023) ©

Rayan & Ala-
nazi (2023) 2

Vaishnavi et
al.,, (2022) 8

Garriga et al.,
(2022) &

Oyebode et
al., (2023) 1

Al Banna et al.
(2023) 2

Kaushik et al.
(2022) 7

Aleem et al.,
(2022) &

Squires et al.
(2023) ™

Nijhawan et al.
(2022) 5

Rosaline et al.,
(2022) 20

Uddin et al.
(2022)

Ameer et al.,
(2022)

Kour & Gupta
(2022) 20

Literature review

Student  lifestyle
behaviour data

Survey and behav-
ioral data

Structured mental
health survey

Electronic Health
Records (EHRs)

Wearables and

mobile usage

Social media (Twit-
ter)

Health insurance
databases
Clinical records

and surveys

Meta-analysis

Text from chats
and forums

IT employee data

Reddit mental
health communi-
ties

Social media text

Tweets

Taxonomy and ML map-
ping

Deep Neural Networks

(DNN)
XGBoost with feature se-
lection

RF, SVM, KNN

Ensemble ML (RF, GB)

Personalized ML systems

CNN + LSTM (hybrid)

Regression-based ML

SVM, NB, Decision Trees

Survey of DL/ML for psy-
chiatry

NLP + ML (SVM, NB)

Modified Deep Learning
NN

LSTM on a large text data-
set

Transfer Learning (BERT)

CNN + BIiLSTM hybrid

Focus

Various
mental
health condi-
tions

Well-being
among uni-
versity  stu-
dents

General
mental well-
being
Mental ill-
ness classi-
fication

Crisis detec-
tion in psy-
chiatric pa-
tients

Adaptive
health moni-
toring

COVID-19
mental
health im-
pact

Predicting
premiums
(well-being
proxy)

Depression
diagnosis

Depression
detection
and treat-
ment

Stress clas-
sification via
language
Melancholy/
depression
risk
Depressive
symptoms
detection
Mental ill-

ness classi-
fication

Depression
prediction

Arranged models based on their use and the
type of data; highlighted what is meant by a
model taxonomy.

Accuracy was as high as 85% when | used
activity, sleep, and nutrition inputs.

An accuracy level of 92.3% was possible by
using structured questionnaire information.

Among the techniques, Random Forest had
the greatest accuracy at 87%.

Detected 58% of the cases correctly, and
85% of the time, it showed specific accuracy.

Widely recognized the importance of person-
alization and modelling based on the situa-
tion.

The accuracy for finding depression-related
expressions reached 93.1%.

The economic stressors route (the indirect
prediction) is available.

Recorded outstanding F1-scores; however,
it was suggested that the cause for ML use
should be further explained.

Reinforced the actual problems that come
with applying ML in clinical situations.

Successfully achieved 89% accuracy with
both linguistic and sentiment features used.

The DL model reached an accuracy of 91.2%.

Scored an F1 of 0.89; works well on a mas-
sive scale with millions of posts.

This achieved an accuracy of 91% using
models that had already been trained.

The hybrid deep model reached 94.5% ac-
curacy owing to good feature extraction in
space and time.
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Comparative Performance of ML Techniques in Mental Health Prediction

Vaishnavi et al. (2022)

Rayan & Alanazi (2023)

Al Banna et al. (2023)

Ameer et al. (2022)

Study

Uddin et al. (2022)

Rosaline et al. (2022)

Oyebode et al. (2023)

Kour & Gupta (2022)

-}
-]

8
8

Technique
== RF, SVM, LR
wsm RF, SVM, XGBoost
mmm CNN-LSTM Hybrid
mmm BERT (Transfer Learning)
s LSTM
Modified DL NN
Personalized ML
mmm CNN + BILSTM

87.0%

91.2%

85.0%

94.5%

Performance Metric (Accuracy or F1-score %)

FIGURE 1. Comparative performance of ML techniques in mental health prediction.

them. Even so, these kinds of approaches must collect
information regularly with sensors or wearables, which
raises questions about battery usage, user agreement,
and data protection.

Clinical integration is now attracting more attention. Gar-
riga & built a model from electronic health records to fore-
see psychiatric crises. Because the system worked well
and was based on all features, it was put to use in hospi-
tals for identifying mental health emergencies. But such
findings also reveal that making ML models consistent
for every clinical setting is hard because of inconsisten-
cies in record-keeping and data used . In addition, there
are many technically strong studies, but few are tested
over enough time to be useful in translational research.
It is still very difficult to show how DL models reach their
results. Conventional algorithms explain their outcomes
simply, but with DL models, it is usually more compli-
cated. They recommended that XAl tools be used in
mental health, such as SHAP and LIME, to clarify why
a computer-tested model predicts a high-risk result for
a patient *. Because data privacy is vital in testing and
treatment, people in healthcare trust this transparency.
On the other hand, very few studies include these tools
in their deployment process, so they rarely reach clini-
cal use.

All'in all, the literature suggests that many studies show
that each methodology has its own benefits and weak-
nesses ¥. With classical models, it's easy to understand
what’s happening; deep learning enables growth and
wide application; personalized systems give high ac-
curacy; and clinical tests confirm their usefulness in
practice. Yet, several key points arise repeatedly in the
academic literature: transparency, variety in data, and
responsibility to ethics .
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Methodology

This study reviews knowledge about mental health pre-
diction and machine learning by using a planned, open,
and orderly process. The paper based the process on
the PRISMA guidelines, involving the steps of identifi-
cation, screening, assessing eligibility, and eventually
including only relevant studies (Quazi, S) *. Research
articles for this study were taken from reliable sources
such as IEEE Xplore, MDPI, Elsevier, Springer, Wiley,
and Frontiers. The chosen studies were studied using
their research methods, choice of machine learning
techniques, kinds of data, targeted mental health prob-
lems, the criteria for review, and their influence on the
field 0. By using this methodology, the review illustrates
all the key updates in the field while remaining fair and
honest. Figure 2 describes the diagrammatic represen-
tation of the research work.

In this review, the methodological framework is illus-
trated in Figure 2, which provides an end-to-end view
of the machine learning (ML) pipeline for mental well-
being prediction. The process begins with data acquisi-
tion from diverse sources such as surveys, social me-
dia platforms, wearable sensors, and electronic health
records (EHRs). These raw inputs undergo essential
preprocessing steps, including cleaning, tokenization,
and missing value imputation, to ensure consistency
and quality.

Subsequently, feature extraction techniques are applied
to transform the raw data into structured representa-
tions, for example, natural language processing (NLP)
embeddings for text, statistical summaries for survey
data, and deep learning—derived feature maps for sen-
sor signals. This is followed by feature selection, where
relevant variables are isolated using methods like re-
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Prediction of Mental Welkbeing using ML
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Conclusion

ML shows promise for predicing mental welk-being, but
ethical, techmical, and clinical gaps remain

FIGURE 2. Diagrammatic Summarization of the research.

cursive feature elimination (RFE) or tree-based ranking.
The selected features are then fed into classification
models such as Support Vector Machines (SVM), Ran-
dom Forests, Long Short-Term Memory (LSTM) net-
works, or transformer-based architectures (e.g., BERT)
to predict the user's mental health status. Performance
is assessed through evaluation metrics including ac-
curacy, F1-score, and AUC-ROC, which help verify the
effectiveness and robustness of the models.

At the bottom of the framework, key discussion areas
are highlighted, such as the need for diverse data,
model interpretability, and ethical considerations. These
emphasize future directions like explainable Al, person-
alization, and real-world applicability, ensuring that ML
systems remain technically robust, ethically sound, and
clinically relevant. In addition, clear inclusion and exclu-
sion criteria were applied: only original research articles
(2018-2025) written in English, reporting ML-based
prediction of mental health outcomes with performance
metrics, were included; review papers, opinion pieces,
low-quality studies, and those lacking sufficient meth-
odological detail were excluded. This ensures transpar-

ency and replicability of the review process.

Following this methodological pipeline, Figure 3 pre-
sents the PRISMA flow diagram, which outlines the sys-
tematic process of identifying, screening, and selecting
the studies included in this review.

This review follows the PRISMA guidelines to ensure
methodological transparency. Articles were retrieved
from IEEE, MDPI, Elsevier, Springer, Wiley, Frontiers,
and other databases. The search was limited to Eng-
lish-language original research published between
2018 and 2025. Studies were included if they reported
ML-based mental health prediction with performance
metrics, while reviews, opinion pieces, low-quality stud-
ies, and those lacking sufficient methodological detalil
were excluded. Study quality was assessed based on
methodological rigor and completeness. The PRISMA
flow diagram illustrates this process: 880 records were
identified, 365 duplicates removed, 515 screened by
title and abstract, 113 full texts assessed, and 50 high-
quality studies included. This structured approach en-
sures completeness, rigor, and replicability of the evi-
dence base.
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FIGURE 3. PRISMA flow diagram.

Data Collection

A strong mental health prediction system is depend-
ent on good data collection. If the data is poor, the fi-
nal model cannot be accurate, useful, or ethical. There
are many places where we can gather data related
to mental health, and each has its own set of positive
and negative aspects #'. Traditional questionnaires, for
example, PHQ-9, GAD-7, and OSMI, allow for the col-
lection of labeled and organized data that is crucial for
certain artificial intelligence (Al) algorithms. Surveys of
this type are approved and applied by clinicians eve-
rywhere, providing information on demographics, emo-
tions, and work stress, all of which are suitable for initial
design of a model #2,

In addition to surveys, today’s machine learning models
usually include data from wearables and phones that
track activity and behavior. Using these tools, we are
able to track in real time key measures like heart rate
variability, time spent sleeping, how much you exercise,
and the level of sweat on your skin 3. Since these met-
rics connect to anxiety, stress, or depression, they let us
observe fine data changes that may be tough to pick
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up with other procedures. When an individual has very
little physical activity and irregular sleep, it might often
point to depressive episodes. Social media use, app
activities, and monitoring smartphone activity can give
information about a person’s emotional health 4. They
become very valuable as they are gentle on the body
and can always be monitored without disturbing the
user’s regular schedule.

Furthermore, EHRs and recordings of voice, expres-
sions, and regular therapy conversations have come
to play a bigger role in collecting information “5. Due
to EHR records, models can include a patient’s medi-
cal history, treatments, co-existing diseases, and medi-
cation usage over many years. Analyzing images and
videos allows you to hear speech changes, hesitations,
and notice signs of potential cognitive or emotional
problems. Even so, assembling this information can be
difficult, mainly due to matters related to privacy, con-
sent, and how the data is managed 6. Effective encryp-
tion, the right kinds of anonymization protocols, and
sticking to privacy guidelines such as HIPAA and GDPR
are required to look after sensitive mental health data.



Data Preprocessing

The next step is to rigorously process the data to make
sure itis reliable, as it should be, and ready for machine
learning #*. Often, missing data, excess background
noise, and inconsistencies in survey, wearable, and
digital data can make predictions inaccurate. A variety
of technological methods, including mean/mode impu-
tation, KNN imputation, and advanced model-based
techniques, are used to solve the issue of missing en-
tries *. To make categorical variables (such as gen-
der or educational level) usable by machines, they are
encoded with one-hot or label encoding. Data is com-
monly standardized before SVM or KNN, which are both
distance-based approaches #°. When working with data
from therapy transcripts or social media, the first step is
to use tokenization, stemming, or lemmatization, get rid
of stop words, and arrange it into TF-IDF or Word2Vec
embeddings.

Many sensors (like EEG and heart rate) use preproc-
essing with style, including cutting their data into parts
(time-series), eliminating noise (moving averages or
wavelet transforms), and looking at features (temporal
or frequency). The performance and reliability of any
downstream analysis will be affected by the effective
performance of the preprocessing method *°. With syn-
thetic oversampling (such as SMOTE), data augmenta-
tion techniques are put into place to close the gap when
certain mental health conditions are less common. The
objective of preprocessing is to organize the data so
that it suits both the real-life situation and the used ma-
chine learning technique.

Feature Engineering and the Process of Selection

To create new inputs, engineers use feature engineer-
ing, while feature selection is about discovering the
most helpful variables for forecasts %'. Because much
psychological data can be high-dimensional and noisy,
following these steps is very important in mental health.
Because of domain knowledge, sleep disruption, re-
ported fatigue, and voice pitch variations can be made
into composite features in psychology . If digital phe-
notyping includes measuring screen time along with so-
cial interactions, it can show features that go along with
feelings of isolation or sadness. Using engineered data
can improve a model’s ability to predict.

To make sure the model does not fit the data too closely
and works on different data, select the most important
features. Chi-square tests, mutual information, and
ANOVA are used to numerically assess the importance
of each feature 53. People often use techniques such
as Recursive Feature Elimination (RFE), LASSO (Least
Absolute Shrinkage and Selection Operator), or tree-
based feature importance from Random Forest or XG-
Boost. Principal Component Analysis (PCA) and t-SNE
are methods that can lower computation time and main-

Mental health prediction in the era of Al:
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tain performance %. All in all, using these ways, models
can spot meaningful relationships and make it easy for
medical staff to understand and trust.

Model Selection

What matters most is finding the best model that is im-
pacted by both your data and the type of task you are
trying to solve. To predict mental health outcomes, algo-
rithms frequently separate patients into groups consid-
ered at risk or healthy. LR is preferred because it is easy
to understand and use when data is limited %°. While
Support Vector Machines are strong with multidimen-
sional data, Decision Trees and Random Forests are
known for their strong ability to handle overfitting. Be-
cause of ensemble learning, models like XGBoost and
LightGBM give high accuracy and are commonly used
in top solutions ¢,

If you need to understand emotions from what people
say or write or want to forecast their emotional states,
deep learning is the best approach %. CNNs and RNNs
make analyzing EEG patterns or voice spectrograms,
both types of sequential or spatial data, easier. Trans-
former-based LLMs such as BERT and GPT are now
used by some researchers to review transcripts or chats
from therapy talks or online conversations 8. In reality,
researchers run several models and use basic evalu-
ation metrics before choosing the one that provides a
good balance among accuracy, how easy it is to ex-
plain, and resource needs.

Training and Validation Models

Using old data, we train models to spot patterns that
can be used for new, untested information. Most of the
time, the data is separated into training, validation, and
testing, using training on 70-80% of the data and saving
the other 20-30% for evaluation %. K-fold cross-valida-
tion is used widely to prevent the model from overfitting
and ensure it does well on all parts of the data. While
training, algorithms set their internal values so as to de-
crease a loss function such as binary cross-entropy for
classification and mean squared error for regression .
Adam and SGD optimizers are commonly chosen for
deep learning, and they are usually used together with
learning rate schedules and dropout.

The process of finding the ideal hyperparameters along-
side training is very important. Some settings, such as
the depth of trees in Random Forest and the number
of neural nodes, must be adjusted to achieve better
outcomes 2. People typically use grid search, random
search, or Bayesian optimization to accomplish this task.
Moreover, for problems with small severe depression
cases, techniques such as SMOTE, under-sampling, or
using weighted loss functions are commonly used 2. Be-
cause of these methods, the model is both correct and
able to understand and predict for different people.
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Performance Evaluation

Following training, the model is now evaluated to as-
sess its ability to predict mental health outcomes. In
many cases, people use accuracy, precision, recall,
and the F1-score to evaluate their results. The paper
needs to be specific so that people are not incorrect-
ly placed in at-risk groups, and you need to catch (or
recall) as many cases as possible, as missing an im-
portant mental health situation can cause harm °. This
metric merges the two by giving one overall number to
measure the result. AUC-ROC allows us to view the re-
lationship between the true positive and false positive
rates at every decision threshold.

Confusion matrices are an extra tool that allows us to
see how distinctly the model classes are identified.
RMSE and MAE are the usual metrics applied in regres-
sion-based tasks. Checking if a model’s predictions
can truly be used in healthcare is necessary ©. Later,
experts may check the results or use predicted scores
to predict the impact of interventions before actually
performing them. And also examine the performance of
the models amongst various subgroups (such as age,
gender, and ethnicity) to support fairness and spot any
possible differences.

Ease of Interpretation

It is important that mental health machine learning mod-
els can be interpreted rather than only being available
when convenient. When a model’s results are used to
decide on treatment or diagnosis, everyone involved
should be able to explain why that happened é. Be-
cause they are based on clear math, Logistic Regres-
sion and Decision Trees are naturally understandable.
Even though explaining simple models is straightfor-
ward, medium and complex models have unique ways
to explain their results.

Many are turning to SHAP and LIME to see which fea-
tures contributed most to a prediction and to explain that
prediction in a way people can easily grasp '°. They can
show that having less good sleep and checking digital
screens more often led to a greater risk of depression.
The method of saliency maps is applied in CNNs to
underline the most essential features observed in EEG
data or images 2. By combining these techniques, one
can increase trust and help debug, validate, and fulfill
regulations required in healthcare.

Process of deploying and integration

Moving machine learning models into actual usage re-
quires engineers to account for more technical and ethi-
cal points ', Trained models are usually made into APIs
using Flask or FastAPI, helping them be used in mobile
apps, smart watches, and digital therapy gadgets ™.
With these systems, ongoing behavioral and physiologi-
cal data can be observed and actions taken or alerts
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sent based on what has been predicted . Someone
whose wearable data suggests stress could automati-
cally get self-care advice or might be prompted to reach
out to a therapist.

Integration requires performance checks, since this will
tell if the model needs revision, should use fresh data, or
if there is feedback from users 7. Because data can be
handled locally and privately, edge computing and fed-
erated learning are growing in popularity for predicting
mental health. All information sent through the system
should be protected by means of security and adher-
ence to the necessary rules regarding privacy (such
as GDPR and HIPAA) €. For a deployment to be suc-
cessful, it should combine technological expertise and
oversight by ethicists and clinicians so that the system
always benefits patients and is both secure and practi-
cal for professionals.

Analysis and discussion

Here, the work reviews in detail the approaches, con-
cepts, and achievements reported by the studies that
analyzed mental health using machine learning. The
paper attempts to point out patterns and both strengths
and weaknesses in existing research by combining
insights gained from preprocessing, feature engineer-
ing, model architectures, and evaluation metrics. By
comparing different choices in the machine learning
pipeline, it is revealed how these decisions may affect
accuracy, understanding, and usefulness in everyday
situations 2°. To bring more clarity to the subject, this
chapter reviews important problems such as diversity in
data, the ethics involved, and issues related to deploy-
ment. This section aims to combine theoretical experi-
ments with usable knowledge, making what is learned
here practical and useful for future steps in research
and practice.

Comparative study analysis of pre-processing
techniques:

Carrying out preprocessing is fundamental in machine
learning tasks because it shapes how accurately and
well a model performs. Raw mental health prediction
data gathered from surveys, social media, or sensors
is very often noisy, incomplete, or unshaped. Table |
reveals that preprocessing has been customized for
each data type used in the different studies. Research
by 2 and 2" demonstrates how tokenization, lemmati-
zation, and Word2Vec, as well as BERT, are applied to
Reddit comments and Twitter posts. Abdul Rahman 8,
discovered that structured survey data needed to be
normalized, dealt with missing values, and converted
categorical features to one-hot encodings. Table Il pro-
vides the comparative study analysis of pre-processing
techniques.



A key part of the preprocessing technique in sensor-
based research 2 involved removing noise, making the
signals look more seamless, and doing segmentation,
which are vital for dealing with time-series physiological
data. Generally, despite the many differences in prepro-
cessing, all these techniques are used to prepare the
data for model training. Picking the correct preprocess-
ing methods depends on the data and learning algo-
rithm to make sure the model remains robust and reli-
able, and it follows ethical guidelines in mental health
modeling.

Comparative study analysis of feature extraction
techniques

Raw data is translated into useful information, helping
machine learning learn, through feature extraction. For
prediction in mental health care, behavioral, physiologi-
cal, and linguistic information is translated into helpful
numerical values. Different methods for extracting fea-
tures are shown in Table Il based on the type of data
used. As an illustration, Kour and Gupta %, 23, and °
applied both CNN and LSTM models to extract textu-
al and timing patterns from tweets and internet forum
posts, respectively, and '° collected statistical data such
as heart rate variability from wearables. Table Il below
provides the comparative study analysis of feature ex-
traction techniques.

It is obvious that manual and automatic techniques give
different results. Deep learning models depend on hav-

TABLE Il. Comparative study analysis of pre-processing tech-
niques.

Data
source
Category

Preprocessing

Methods Observations

Study

Ameer Twitter BERT embed- Optimized for
etal., data dings, punctuation sentiment-rich
(2022) cleaning, and short texts
emoji stripping
Uddin Reddit Tokenization, Handled noisy
etal. text stopword removal, textual data
(2022) = lemmatization, from forums
Word2Vec
Rosaline  Sensor Filtering, artifact Time-series
etal, (EEG) removal, segmen- cleaning for DL
(2022) 20 tation input
Aleem Clinical One-hot encod- Traditional pre-
et al., forms ing, median impu-  processing for
(2022) ® tation EHR data
Abdul Survey + Missing value im-  Structured nu-
Rahman lifestyle putation, normali- merical & cat-
etal. zation egorical data
(2023) &
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TABLE Ill. Comparative study analysis of feature extraction
techniques.

Data
source
Mode

Feature
Extraction
Method

Exiting Observations

strategies

Uddin LSTM token Reddit Capturedsequen-
etal, encoding posts tial patterns of de-
(2022) = pressive terms
Kour & CNN + BiL- Tweets Captured tempo-
Gupta STM embed- ral & spatial lin-
(2022) * dings guistic features

Al Banna CNN for im- Social Multimodal repre-
etal., age/text fea- media sentation (text +
(2023) 2 tures activity)

Abdul Rah- Manually engi- Health Included diet, ex-
man et al., neered behav- data ercise, and sleep
(2023) & ioral features indicators
Oyebode Sensor signal Weara- Extracted stress
etal, stats (mean, bles markers from
(2023) © HRV) time-series

ing many layers for training, compared to structured
data which uses knowledge from the domain and man-
ual method to determine useful features. Additionally, '
showed how using different data such as text and imag-
es helps identify more complex mental health patterns.
In multi-modal or large-scale datasets, feature extrac-
tion greatly influences how well your model performs,
so it is very important in the machine learning workflow.

Comparative study analysis of feature selection
strategies

Reducing the complexity of your model, making it easi-
er to understand and avoiding overfitting are all reasons
to practice feature selection, especially when working
with big or noisy datasets. The reviewed studies used
a variety of feature selection strategies and these are
discussed in Table IV. To keep the most predictive vari-
ables, the authors used Recursive Feature Elimination
which is reported by  and mutual information scoring
based on work from Rayan & Alanazi 2. Relying on em-
bedded methods within Random Forest ® made it easier
to select the needed features automatically as the mod-
el was trained.

The success of choosing features depends in part on
how relevant they are in real life as well as how signifi-
cant they appear statistically. By connecting correlation
matrices to the thinking of expert clinicians, ¢ was able
to choose features that matter both analytically and
clinically. It appears that choosing the right features im-
proves the model's accuracy and ensures that its ac-
tions are interpretable to medical professionals.
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TABLE IV. Comparative study analysis of feature selection

Strategies.
Feature Se- Conse-
lection Tech-  Justification
s quence
nique
Aleem Information Selected high- Reduced
etal.,, Gain, Chi- variance de- training time
(2022) '®  Square pression mark-
ers

Vaishnavi  Recursive Reduced overfit-  Improved
etal., Feature Elimi- ting from high- ~ SVM accu-
(2022) 3 nation (RFE)  dim survey data racy
Rayan &  Mutual Infor-  Evaluated non-  Enhanced
Alanazi mation Score linear feature model inter-
(2023) 2 relationships pretability
Abdul Correlation Combined sta-  Enhanced
Rahman Matrix + Ex- tistical and clini- relevance of
et al. pert Review cal insight features
(2023) ©
Garriga Embedded Native to the RF  Built-in im-
et al., (Tree-based model portance
(2022) 8 feature rank- weights

ing)

Comparative study analysis of classification algorithm
Mental health prediction systems depend on classifica-
tion algorithms which use the processed and selected
traits as input to make helpful predictions. Table V com-
pares the performance of various classifiers among
the studies included. Many healthcare professionals
choose these models due to their interpretable nature
and resilience.

Deep learning models LSTM and hybrid CNN-LSTM de-

TABLE V. Comparative study analysis of the classification al-

gorithm.
Prior works Classifier(s) e ST ETTE
mance Prototypical
Vaishnavi et RF, SVM, LR 87% Accu- RF
al., (2022) 8 racy
Rayan & RF, SVM, XG- 92.3% Ac- XGBoost
Alanazi Boost curacy
(2023) 2
Al Banna et Hybrid CNN-  Accuracy: CNN-LSTM
al,, (2023) 2 LSTM 93.1%
Ameer et Transfer F1-score: BERT
al.,, (2022) 2 Learning 0.91
(BERT)
Uddinetal.,, LSTM F1-score: LSTM
(2022) = 0.89
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livered better results than traditional classifiers on data
that comes in a sequence. According to 2 and 2, these
approaches work better and give better results on so-
cial media text and mixed-media inputs. Also, recent
studies that use BERT, for example, demonstrate how it
effectively picks up on details in language #'. It is clear
from the comparison that data type, task complexity,
target variable and both performance and interpretabil-
ity should determine the chosen model.

Research gap

While improvements in using machine learning (ML)
for mental health prediction have been made, there is
still a major lack of properly diverse and representa-
tive data 2'. The findings from these studies can't easily
be applied to people outside of the study population
because they use data collected only from university
students or social media users in Western countries 2.
The fact that certain populations are usually overlooked
means it's hard to roll out these models everywhere or
use them reliably with people from different walks of life.
Until now, there are no wide-scale, standardized data-
sets available to realistically show the variety of mental
health experiences of different cultures.

Experts point out that dealing with mental health disor-
ders that overlap or occur together remains an impor-
tant gap in research 26. A lot of models are set up to
detect just depression or anxiety, but this doesn't reflect
that many people present with both disorders com-
bined. Focusing exclusively on one approach without
sharing data oversimplifies mental health and could
cause important distinctions in patient profiles to be
overlooked #. Little research has been done on instru-
ments that simultaneously predict several conditions
and are able to consider how they work together.
Longer-term studies and models that account for
changes through time are badly needed in mental
health ML. Most current models use data from a single
time point and believe mental states do not change over
time, which isn't true for mental health ¢”. A lack of re-
current inputs and special architectures prevents mod-
els from accurately monitoring symptoms or the risks of
relapse . More realistic and actionable predictions in
mental health can be made by combining longitudinal
observation, sequential learning, and data showing be-
havior changes over time.

In addition, the mysterious way some deep learning ap-
proaches work limits how doctors trust and use them.
When you want a model to be accurate, it often turns
out to be less interpretable. In healthcare, it becomes
vital that all predictions are open and justified since de-
cisions are based on them. SHAP and LIME tools are
starting to emerge, yet most studies still do not use ex-
plainability as an important principle in their designs #°.
So far, not many XAl methods have been designed for



situations in psychology, where subjective and sensitive
variables exist.

On another note, there are unnoticed social, legal, and
ethical issues related to ML in mental health care . Lit-
tle attention is given in studies to informed consent, who
owns data, security issues with surveillance, and forms
of algorithmic bias. Because personal information about
mental health is sensitive and can be stigmatized, it is
very important to develop solutions that are both good
at their job and respect user rights . There is still not
much research available on using ethical questions in
model design, testing, and deployment.

While it's true that papers show that these systems
work in laboratories, only a few have been used in real
clinical or digital health environments 3. Clinical use of
medical technologies is rarely discussed, and there is
little attention given to testing how easy they are to use,
what clinicians think, or continuous tracking. As a con-
sequence, a lot of good models are not put to proper
use 3. To improve, future efforts must check prototypes
in the field, get feedback from all stakeholders during
development, and ensure they are useful in actual men-
tal health support.

Discussion and implications

The use of ML is transforming the way depression, anxi-
ety, and stress are detected and managed. Classical al-
gorithms such as RF, LR, and SVM remain valuable for
structured datasets due to their interpretability and reli-
ability, whereas deep learning approaches like CNNSs,
LSTMs, and their hybrids excel with unstructured in-
puts such as social media posts, spoken language, and
wearable sensor data *°. Together, these complementary
strengths suggest that ML will play a central role in the
future of diagnosis and treatment in mental health care.
A consistent lesson from the reviewed studies is the
importance of data diversity and representation. Many
investigations rely heavily on narrow populations—such
as university students or English-language tweets—
which limits generalizability '. Such practices risk em-
bedding bias into models, making them less effective
for culturally diverse or underserved groups. Address-
ing fairness and inclusivity is therefore essential to en-
sure that ML-driven mental health solutions are globally
relevant and equitable.

Personalized approaches are emerging as another
critical direction. By leveraging digital phenotypes and
adaptive technologies, tailored ML models can align
predictions and interventions with an individual’s life-
style and behavior patterns *. This personalization of-
fers promise for preventive care, enabling early inter-
vention before symptoms escalate. However, it simul-
taneously raises concerns regarding privacy and data
protection, given the sensitive and continuous nature of
behavioral data collection.

Mental health prediction in the era of Al:
the review of machine learning techniques and ethical concerns

Despite encouraging results, translating ML models into
clinical practice remains challenging. Reported issues
include limited interpretability, poor clinician trust, and a
lack of long-term, real-world validation ¥”. To be clinically
adopted, systems must comply with regulations such as
GDPR and HIPAA while maintaining transparency. Ex-
plainability tools like SHAP and LIME are promising but
remain underutilized and are not yet tailored for clinical
psychology.

Beyond established frameworks such as GDPR and
HIPAA, more recent regulatory developments are also
shaping the landscape of Al in healthcare. The forth-
coming EU Al Act introduces a risk-based framework
that classifies clinical decision-support and predictive
tools as high-risk Al systems. These systems must com-
ply with strict obligations, including risk management,
high-quality data governance, technical documentation
and record-keeping, human oversight, robustness and
cybersecurity safeguards, transparency to deployers,
and post-market monitoring. For mental-health ML, this
implies documenting the provenance and representa-
tiveness of training data, monitoring bias and subgroup
performance, enforcing model change-control proce-
dures, and maintaining clear human-in-the-loop escala-
tion pathways in clinical practice. Aligning model de-
velopment with harmonized standards such as ISO/IEC
42001 (Al management systems), ISO/IEC 23894 (Al
risk management), and the NIST Al RMF 1.0 will further
operationalize compliance across the model lifecycle.
Importantly, EU Al Act compliance complements but
does not replace health-data and privacy regulations
such as GDPR, which remain central to protecting sen-
sitive mental-health data.

However, there are still ongoing ethical issues. The
examined literature seldom addresses topics like al-
gorithmic fairness, data ownership, transparency, and
informed permission 2. Given that mental health data
is both highly sensitive and stigmatized, even small
errors can lead to serious consequences. To mitigate
these risks, future research must embed ethical design
principles from the outset and maintain them through-
out deployment, ensuring that technological innovation
progresses hand in hand with patient rights and societal
trust.

Finally, significant methodological gaps are evident.
Most ML systems are not equipped to handle comor-
bid or longitudinally evolving conditions (Quazi,) *.
Many models rely on single time-point data, which fails
to capture the dynamic nature of mental health. More
advanced sequential modeling, together with real-time
data from digital platforms, could enable more realistic
and clinically actionable predictions.

Performance reporting across studies also reveals con-
siderable heterogeneity. Some models trained on small,

157



D.R. Deshmukh, S. Kasar

homogeneous samples achieved very high accuracy
but risk overfitting, while others using multi-source data-
sets with independent validation achieved more moder-
ate yet reliable outcomes. Differences in validation strat-
egies, ranging from simple train-test splits to rigorous
k-fold cross-validation, further complicate comparison.
Moreover, demographic factors such as age, gender,
and cultural background are rarely analyzed despite
their potential influence on prediction accuracy. This
raises the risk of algorithmic bias, with models perform-
ing well on majority groups but poorly on marginalized
populations.

Taken together, these findings show that reported per-
formance metrics alone are not sufficient indicators of
clinical readiness. Without addressing heterogeneity,
validation rigor, population fairness, and ethical consid-
erations, even the most accurate ML models risk failing
when deployed in real-world healthcare environments.

Conclusion

The analysis has systematically addressed the use of
ML for monitoring and predicting various mental health
conditions, pointing out the main achievements as well
as enduring issues. With an increase in global mental
health problems, there is a strong need for helpful tools
and approaches that complement traditional mental
health diagnosis. ML offers a good solution, as it can
find useful patterns in complex data such as question-
naire responses, biological information, health records,
and online talks. Automated detection of depression,
anxiety, and stress in these models allows for faster and
more consistent identification of risk, which cannot be
done as effectively using other approaches. One major
observation from this study is the maturing suitability of
ML algorithms used in classical and deep learning. RF,
SVM, and LR are known to work well on structured data
and are appreciated for their clear and simple way of
working as well as being easy to compute. Likewise, on
unstructured and multimodal data such as material from
social networks and physiological signals gathered over
time, CNNs, RNNs, and matching hybrid CNN-LSTM
models have demonstrated exceptional performance.
Likewise, these results prove that ML can handle multi-
ple kinds of data in research on mental health.

Even so, there are big gaps that need to be filled. Most
of the studies reviewed are held back by datasets made
up mostly of individuals from a single type of popula-
tion. Due to this issue, the usefulness of the models is
harmed, and the risk exists that biases would continue
to disadvantage already marginalized populations. Al-
so, a few models are set up to notice comorbidities or
look at mental health changes over a period, although
mental ilinesses tend to overlap and change with time.
Future models are badly needed that can continuously
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adapt depending on how the user is doing. For clini-
cal use, interpreting complex models is still a problem.
Although these systems often work very well, little is
known about how and why they decide. As treatment
decisions in mental healthcare must be simple and logi-
cal, this difficulty with interpretability makes it hard to
add the Al to regular workflows. SHAP (SHapley Addi-
tive exPlanations) and LIME (Local Interpretable Model-
agnostic Explanations) are helpful, but they should be
adapted more often for healthcare applications to be
meaningful.

At the same time, what to do with mental health infor-
mation is guided by both ethical and legal concerns.
Privacy, deciding on informed consent, owning your
data, fair use of algorithms, and possible surveillance
must be handled through clear rules. To respect both a
person’s right and dignity, we need to design predictive
technologies for mental health so that they are very ac-
curate and secure. Principles of ethics need to be part
of how data is collected, models are built, systems are
used, and feedback is given to maintain both personal
freedom and social trust. In summary, machine learn-
ing could change mental health prediction and care
a lot if future research made inclusivity, transparency,
interpretability, and ethical integrity a priority. Together,
people from different fields, including technology, men-
tal health, ethics, and policies, should join forces to
produce tools that are both sound and helpful. Facing
these many issues will allow us to come closer to offer-
ing prompt, personal, and open mental health care for
everyone.
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