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Abstract: A global challenge continues to increase with the rise of mental health conditions, therefore a reliable and 
accessible screening tool to detect mental illness earlier in an individual's process of seeking professional services must be 
developed. Typical ways of diagnosing mental illness are subjective and may depend on self-report surveys or clinical 
assessments which may depend upon availability, stigma or inconsistencies when reporting symptoms. This paper describes 
a machine-learning classification system for mental health using structured survey data with; demographic, behavioural, 
psychological, and workplace indicators. The data set underwent systematic pre-processing through; data cleaning, 
numerical encoding, normalisation, and exploratory correlation before being used as a high-quality and interpretable input 
for creating the ML models. Supervised learning algorithms were used to train and evaluate each of the algorithms to 
determine predictive performance. The results indicate that ensemble models widely outperformed all of the other 
algorithms with respect to their resistance to noise and ability to identify complex feature inter-actions. All performance 
metrics such as accuracy, precision, recall, and F1-score confirm that the models were stable across data splits. Exploratory 
analysis also supported a coherent relationship between identifying psychological characteristics and the models developed 
from surveys to predict mental health. Overall, the proposed framework offers a practical, adaptable, and scalable approach 
to early mental-health screening, supporting data-driven decision-making in organizational and community well-being 
initiatives. 
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1. Introduction 
Mental health is a critical global public health concern that 
impacts people from a variety of demographic and 
occupational groups. Early identification of mental illness 
risk is essential to minimize long-term psychological, 
social, and economic consequences. However, traditional 
diagnostic approaches based on self-reporting and clinician 
judgment are often influenced by stigma, subjectivity, and 
inconsistencies in symptom interpretation. These 
limitations have encouraged the adoption of machine-
learning (ML) techniques for scalable and objective mental 
health screening. 
 
Early research established the feasibility of computational 
methods for identifying mental states using neuroimaging 
and behavioral data1. Machine-learning models 

subsequently demonstrated strong performance in 
structured healthcare domains, including disease detection 
and clinical decision support2. Advances in deep learning 
further improved diagnostic accuracy in medical imaging 
applications, reinforcing confidence in ML-based 
healthcare analytics3. To support clinical adoption, 
explainable ML approaches were introduced to improve 
model transparency and interpretability4. 
 
With the expansion of digital data sources, ML techniques 
were applied to large-scale behavioral datasets to predict 
mental health risks. Studies utilizing social-media and user-
generated content showed that linguistic and behavioral 
patterns could indicate depression and future mental 
illness5, 6. Deep-learning models were also applied to 
neuropsychiatric and personality assessment tasks, 
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demonstrating robustness across mental health conditions7, 

8. The COVID-19 pandemic further accelerated the use of 
ML in healthcare prediction and monitoring, highlighting 
the adaptability of structured ML frameworks9, 10. 
 
2. Literature Review 
Structured surveys and surveys with quantitative data for 
mental health assessment have received a growing level of 
attention in recent years. Many scaling and individual 
studies on structured survey data have established that 
machine-learning-based artificial intelligence effectively 
classifies and distinguishes between various mental health 
states such as Major Depressive Disorder and Generalized 
Anxiety Disorder based upon standardized psychometric 
indicators and/or behavioral indicators11. The validity of 
multi-class deep-learning methods for differentiating 
between multiple classes of mental health status has also 
been established, although, like other machine-learning 
models, challenges related to generalization from datasets 
that are imbalanced continue12, 13. 
 
As the field matured, emphasis shifted toward 
interpretability and clinical applicability. Explainable 
artificial intelligence (XAI) techniques were introduced to 
clarify decision-making processes in mental health 
screening models, improving transparency and trust14. 
These approaches have been successfully applied to autism 
spectrum disorder detection, early diagnosis of mental 
illnesses, and structured healthcare analytics, demonstrating 
the clinical relevance of interpretable ML systems15, 16, 17. 
 
More recent studies explored advanced deep-learning, 
ensemble, and transformer-based frameworks to enhance 
predictive performance in mental health assessment18, 19. 
Research on depression severity detection and multi-
disorder classification showed that multi-class models can 
effectively capture varying mental health states when 
trained on large  
datasets20, 21. Public datasets and explainable deep-learning 
approaches further supported transparency and 
reproducibility in mental health prediction tasks22, 23. 
Several studies emphasized the importance of interpretable 
risk-prediction frameworks and multimodal learning to 
integrate behavioral and activity-based indicators24, 25, 26, 27. 
However, many approaches remain dataset-dependent, 
limiting generalizability, which highlights the need for 
reproducible and scalable benchmarking frameworks based 
on structured survey data for real-world mental health 
screening applications28, 29, 30. 
 
Table 1: Summary of Selected Literature on AI-Based 

Mental Health Classification 

 
Autho
rs / 
Year 

Data 
Type 

Method 
Used 

Target 
Disord
er(s) 

Key 
Contribu
tion 

Sharm
a & 
Chariar 
(2024)[
11] 

Survey, 
bibliomet
ric data 

ML 
review 
& 
mapping 

Multipl
e 
mental 
disorder
s 

Comprehe
nsive 
review 
and 
bibliometr
ic analysis 
of ML-
based 
mental 
disorder 
diagnosis 

Bende
bane et 
al. 
(2023)[
12] 

Twitter 
text data 

Multi-
class 
deep 
learning 

Depress
ion, 
Anxiety 

Early 
detection 
of 
depressio
n and 
anxiety 
using 
social 
media 
data 

Thoma
s 
(2025)[
13] 

Administr
ative 
health 
records 

Machine 
learning 
models 

Cogniti
ve 
disorder
s 

ML-based 
cognitive 
disorder 
detection 
using 
structured 
health 
data 

Tutun 
et al. 
(2024)[
14] 

Structure
d 
screening 
data 

Explaina
ble AI 
(XAI) 

General 
mental 
disorder
s 

XAI 
framewor
k for 
transparen
t mental 
disorder 
screening 

Vimbi 
et al. 
(2025)[
15] 

Clinical 
& 
behaviora
l data 

Explaina
ble deep 
learning 

Autism 
Spectru
m 
Disorde
r 

Applicatio
n of XAI 
for autism 
detection 

Baran 
& 
Cetin 
(2025)[
16] 

Clinical 
datasets 

AI-
driven 
ML 
models 

Specific 
mental 
disorder
s 

Early 
diagnosis 
using AI-
based 
predictive 
models 
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Aggar
wal et 
al. 
(2025)[
17] 

Medical 
image 
data 

Explaina
ble DL 

Multipl
e 
disorder
s 

Real-time 
healthcare 
analysis 
using 
XAI-
driven 
image 
processin
g 

Hussai
n et al. 
(2025)[
18] 

Text & 
behaviora
l data 

Deep 
transfor
mers 

Depress
ion 
(severit
y 
levels) 

Multi-
level 
depressio
n severity 
detection 
framewor
k 

Kumar
i et al. 
(2025)[
19] 

Mixed 
datasets 
(survey & 
text) 

ML & 
DL 
survey 

Depress
ion 

Survey of 
ML/DL 
technique
s for 
depressio
n 
detection 

Herma
wan et 
al. 
(2025)[
20] 

Survey & 
clinical 
data 

Machine 
learning 
models 

General 
mental 
disorder
s 

Practical 
ML 
framewor
k for early 
mental 
health 
screening 

Kaggle 
CID00
7 
(2021)[
21] 

Structure
d survey 
data 

Benchm
ark ML 
models 

Multipl
e 
mental 
disorder
s 

Publicly 
available 
dataset for 
mental 
disorder 
classificat
ion 

Hu & 
Sokolo
va 
(2021)[
22] 

Structure
d 
COVID-
19 mental 
health 
data 

Explaina
ble ML 

Multipl
e 
mental 
states 

Explainab
le multi-
class 
classificat
ion 
framewor
k 

Wang 
et al. 
(2021)[
23] 

Environm
ental & 
health 
data 

Explaina
ble deep 
learning 

Mental 
disorder 
risk 

Risk 
prediction 
with 
model 
interpreta
bility 

Misgar 
& 
Bhatia 
(2024)[
24] 

Time-
series 
motor 
activity 
data 

Explaina
ble DL 

Psychot
ic 
disorder
s 

Interpreta
ble deep 
learning 
for 
psychotic 
pattern 
analysis 

Ahmed 
et al. 
(2025)[
25] 

Activity 
& 
behaviora
l data 

XAI 
with 
SHAP/L
IME 

Depress
ion 

Explainab
le 
framewor
k for 
depressio
n 
detection 
and 
severity 
classificat
ion 

Islam 
et al. 
(2025)[
26] 

Text data Transfor
mer 
(RoBER
Ta) 

Multipl
e 
mental 
disorder
s 

Fine-
tuned 
multi-
class 
transform
er model 

De 
Souza 
et al. 
(2022)[
27] 

Reddit 
text data 

Deep 
ensembl
e 
learning 

Anxiety
, 
Depress
ion 

Ensemble
-based 
classificat
ion of 
comorbid 
mental 
disorders 

Bin 
Saeed 
& Cha 
(2025)[
28] 

Multimod
al social 
media 
data 

Attentio
n-based 
BiLST
M 

General 
mental 
health 
issues 

Multimod
al early 
detection 
framewor
k 

Islam 
et al. 
(2025)[
29] 

Healthcar
e datasets 

Explaina
ble ML 
(SHAP, 
LIME) 

Chronic 
& 
mental 
disorder
s 

Interpreta
ble ML 
using 
advanced 
explainabi
lity 
technique
s 

Kasann
eni et 
al. 
(2024)[
30] 

Social 
media 
conversat
ions 

ML & 
DL 
compari
son 

Mental 
health 
disorder
s 

Comparati
ve 
evaluation 
of ML/DL 
methods 
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Table 1 shows AI-based mental-health studies, showing the 
evolution from traditional ML to deep, transformer, and 
explainable models and positioning this work within that 
progression. 
 
3. Methodology 
This study develops a machine-learning framework for 
mental-health classification  
using a structured survey dataset containing a demographic, 
workplace, behavioral, and psychological indicators. 
 
3.1 Dataset 
The study will use 1,250 anonymized survey responses 
from participants on 26 structured variables concerning 
demographics, working conditions, behaviour, emotional 
health, mental health status, and a target variable showing 
whether participants have received mental health treatment 
containing both categorical and numerical elements. The 
dataset has a class imbalance but does not contain missing 
data, and any incomplete submissions have been removed. 
An 80/20 training/testing split will be implemented with 
1,000 responses in training set and 250 responses in testing 
set. The dataset is publicly available, fully anonymized, and 
published under the terms of an open research license, 
therefore additional ethical clearance is not required. 
 
3.2 Data Preprocessing 
A systematic approach to pre-processing was developed for 
analysing, identifying and correcting inconsistencies, 
missing values and format problems throughout a dataset. 
Missing entries in a dataset were met with either imputed 
appropriate methods or was deleted. Categorical variables 
were transformed into numerical representations to allow 
the use of machine learning interpretability, and continuous 
variables were normalized to increase convergence and 
eliminate dominance over other features. The final dataset 
had class labels checked for validity; duplicate records 
removed; class labels had been fully verified; and was 
subsequently constructed in a fully numerical array for 
model training and evaluation. 
 
3.3 Exploratory Data Analysis 
Following preprocessing, an exploratory data analysis 
(EDA) was performed on all features to explore the features' 
distributions and relationships across variables. Descriptive 
statistics and information visualizations such as histograms, 
bar charts, and correlation heat maps were utilized for the 
purpose of discovering trends, feature interaction, and class 
imbalances. The EDA platform was also used to identify the 
most appropriate methods for selecting features, managing 
outliers and evaluating models, while confirming that there 

is enough variation among features to allow for successful 
classification using machine-learning algorithms. 
 

 
 

Figure 1: Correlation Heatmap showing correlation 
between all the attributes of dataset 

 
Figure 1 shows the correlation heatmap of survey features, 
indicating mostly weak to moderate relationships and 
minimal multicollinearity. A few stronger correlations 
reflect meaningful workplace and behavioral patterns, 
while overall feature independence supports stable model 
training and informed feature engineering. 
 
3.4 Feature Engineering 
Prior to training the models an extensive amount of 
engineering was carried out in order to improve the 
representation of the data for each model. Using the 
exploratory data analysis results, appropriate features were 
selected and irrelevant features were eliminated. The 
encoded categorical variables were double checked to 
ensure that numerical values were accurately mapped, and 
new derived features were produced through the merging of 
associated indicators in order to maximize the ability for 
disambiguating classes. All of the selected features were 
merged into one input matrix, arranged in the same way for 
all machine learning algorithms. 
 
3.5 Model Development 
The authors used various classification techniques Logistic 
Regression, Decision Trees, Random Forests, Support 
Vector Machines, and KNN to create a machine-learning 
system that predicts mental health disorders. Supervised 
learning was utilized to train the models built on the pre-
processed feature matrix and utilized hyperparameter 
tuning to provide an unbiased measure of how well the 
systems perform and to reduce the likelihood that they 
would overfit. 
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3.6 Training Strategy and Evaluation 
In order to determine generalization, the training and testing 
datasets were separated based on train/test patterns. The 
features after preprocessing were trained on separate 
optimized parameters from each of the model algorithms 
using minimization of the Loss Function for parameter 
selection. The results were evaluated by Accuracy, 
Precision, Recall, F1-Score, and Confusion Matrix. In 
addition to comparing the classifiers, the comparative 
analysis also included a misclassification analysis of the 
classifiers to confirm the reliability and consistency of the 
performance of the classifier on the schizophrenia/mood 
disorder prediction. 
 
3.7 Prediction Pipeline 
When a machine-learning model is ready to classify new 
instances of mental health, the model has been trained on 
structured features developed from user survey responses. 
Prior to this stage, the collected data will go through pre-
processing and feature engineering. Once the clean data has 
been pre-processed, the cleaned data can be entered into the 
predictive model to produce a prediction for a given user in 
the form of class label or probability based on their mental 
health classifications as outputted by the predictive model. 
Figure 2 illustrates the end-to-end machine-learning 
pipeline for survey-based mental-health classification. The 
system architecture for this prediction stage is defined in the 
workflow charts. 

 
Figure 2: System Flow 

4. Experiment 
This section offers a thorough summary of our suggested 
experiments, along with thorough evaluation findings and 
an analysis of them. 
 
4.1 Implementation Details 
We conducted all our experiments in a python environment 
using scientific libraries for the purpose of conducting our 
analysis. Once we evaluated the structure, type and 
distribution of our dataset, we began the preprocessing of 
our dataset and created a training and testing dataset with 
untested records. We trained and tested several supervised 
classifiers including Logistic Regression, Random Forest, 
Decision Tree, K-Nearest Neighbors, Support Vector 
Machines and Naive Bayes using the scikit-learn library. 
Feature normalization was accomplished using Standard 
Scaler and categorical variables were encoded using Label 
Encoder. Our results are reproducible because our 
preprocessing was controlled and we utilized fixed random 
seeds in our experiments. 
 
4.2 Result Analysis 
The assessment of Machine Learning Models was 
completed using the test dataset. Assessment of 
performance metrics included Accuracy, Precision, Recall 
and F1-Score to provide a comprehensive view of Classifier 
Ability. Prior to the training of ML Models, a Correlation 
Heatmap and various EDA Visualizations were assessed to 
understand feature relationships and variable importance; 
this analysis guided the Feature Selection Process and Pre-
Processing Steps used to determine Final Performance. As 
a result, these results showed Moderate Correlation 
between certain Psychosocial Attributes and Workplace 
Characteristics with the Target Labels (i.e., the potential 
predictive value). 
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Figure 3: Confusion matrix of all applied models 

 
Confusion matrices of Logistic Regression, Naïve Bayes, 
SVM, and Random Forest models are depicted on Figure 3. 
The confusion matrices show how well the algorithms 
classified mental health treatments. The algorithms with the 
highest and most consistent classification performance 
were Logistic Regression and Random Forests, as opposed 
to SVM and the Naïve Bayes, which resulted in higher 
levels of misclassification.  
 

Table 2: Model Performance Comparison 
 

Model Accuracy Precision Recall F1-Score AUROC 

Logistic Regression 0.73 0.793 0.681 0.733 0.784 

Random Forest 0.732 0.793 0.681 0.733 0.798 

SVM 0.696 0.752 0.652 0.698 0.757 

Naive Bayes 0.692 0.75 0.644 0.693 0.778 

Decision Tree 0.632 0.672 0.622 0.646 0.633 

KNN 0.64 0.742 0.511 0.605 0.663 

 
As indicated in Table 2, the performance results from six 
different types of machine-learning algorithms were 
evaluated on the Mental Health Classification Data Set.  
 

 
 

Figure 4: ROC Curve of Random Forest Model 
 

Figure 4 shows the ROC curve of the Random Forest 
model, demonstrating strong class discrimination across 
different thresholds.  
 
4.3 Performance of Machine Learning Models 
Evaluation of the models indicates considerable variation in 
model performance due to the differing structures of the 
models. Logistic Regression created an effective and stable 
base level of results while Decision Tree and KNN captured 
non-linear structures but were greatly impacted by noise. 
Random Forest produced stable and reliable results through 
the use of ensemble methods. Support Vector Machine 
produced good results but required feature scaling. Based 
on these results, Random Forest and SVM were the two 
highest performing models, indicating that the use of 
ensemble and margin-based classifiers is most effective for 
mental-health datasets. 
 
5. Discussion 
Structured survey data is an appropriate input for machine-
learning algorithms, which provide significant potential for 
assessing participants' individual mental health. Random 
Forest and other tree-based machine-learning models 
performed significantly better than SVM and KNN models 
due to the superior ability of tree-based algorithms to 
identify and model complex non-linear relationships while 
also reducing noise. In addition to workplace comfort as a 
major predictor of mental health, exploratory analyses 
showed that anxiety and emotional wellness were also 
strong predictors of each individual's mental health. The 
reliability of using machine learning to predict individual 
mental health depends on the accuracy of survey responses; 
thus, such applications should be viewed as complementary 
tools that will require frequent and extensive validation, 
retraining, and professional supervision prior to being 
utilized in practice. 
 
6. Conclusion and Future Work 
The results of this research support that using a machine 
learning approach with a systematic workflow for creating 
and utilizing the results of mental health surveys allows us 
to accurately identify individuals at risk for mental health 
disorders. Models that utilize ensemble methods produced 
better results due to their ability to model the intricate 
connections between workplace and behavioral factors, and 
demonstrated the potential for using organized 
questionnaires to perform automated screening for mental 
health disorders. Future efforts will concentrate on the 
development of a larger and more diverse dataset to allow 
for the integration of multiple data sources into future work; 
and on the development and application of large-scale 
learning and hybrid-domain, deep-learning based models to 
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enhance the ability to generalize across a spectral range of 
patient populations and enable broader application in 
clinical practice. 
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