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	 The main focus of this work is to identify and predict whether individuals experiencing 
a mental disorder have pursued treatment. This has been examined, trained, and tested using a 
survey dataset of common people with different age groups, gender, and working status. Here 
we combine predictive analytics, classification, and statistical summaries of patients who 
have undergone treatment for mental illness using various machine learning algorithms and 
predictive models. Mental illness does not have a single cause. Several factors contribute to 
mental illness, such major challenging factors considered in this work are employment status, 
age and gender. Patients those who have informed about mental health disorder, diagnostic 
models separating BD - Bipolar Disorder against MDD - Mental Depressive Disorder are trained 
and validated using machine learning algorithm named extreme gradient boosting with nested 
cross-validation. Core predictors included elevated treatment taken or not, age, and gender. 
Additional validation in participants with family history, work interface, interviews attended 
and so many other prediction factors.

Keywords: Bipolar disorder; Mental depressive disorder; Family history;
Random Forest; Linear regression.

	 This paper explores the stress patterns of 
individuals, particularly working professionals, 
using machine learning to identify key factors 
contributing to stress and the need for mental 
health treatment.  Mental health, defined as 
emotional, psychological, and social well-being, 
is crucial for individuals to function effectively 
and reach their full potential.  Despite growing 
awareness and workplace wellness programs, 
stress remains a significant issue, especially in 
today’s fast-paced work environments.  This 
study analyzes real-time data, including physical 
and physiological indicators, to understand these 
stress patterns.  After cleaning and preparing the 

data, various machine learning models, including 
boosting, were trained and evaluated. Boosting 
achieved the highest accuracy.  Regression 
Trees identified gender, family history, and 
access to workplace health benefits as significant 
predictors of stress levels.  These findings can 
help organizations develop targeted interventions 
to reduce workplace stress and promote employee 
well-being. Ultimately, public health departments 
can develop psychological intervention strategies 
for healthcare professionals using the survey of 
mental health treatment taken up by people and 
their predictions. An ML model is roughly defined 
as a mathematical representation of a real-world 
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process. The ML model can be compared to a 
function that generates an output from certain 
input data.1,2 Utilizing evaluation parameters 
like accuracy or precision & recall, each model’s 
performance is assessed.
	 Various Machine learning models for 
forecasting treatment for mental health for which 
Logistic Regression, K- Nearest Neighbours 
Classifier, Random Forest method and Tree 
Classifier were employed.3 Also, found that the 
feature age, gender, family history, work profile and 
ML are what determine the dependent variable. The 
results from the Random Forest model were the best 
of all the experiments. Data for the survey of people 
with mental health conditions is obtained from the 
KAGGLE repository, AI techniques are used to pre-
process the data. Following pre-processing, feature 
engineering is applied to choose the characteristics. 
The dataset is divided into train and test datasets, 
with training using around 80% of the total data 
and remaining is used for testing. The test dataset 
is used to assess the regression models, whereas 
the training dataset is used to develop a model that 
predicts the therapy. Categorical categories are 
subsequently transformed into numerical values for 
regression analysis of the dataset. The neglect of 
mental health issues can seriously affect the local 
economy, job market, public safety, homelessness 
rates, and poverty levels. They might affect the 
yield of nearby enterprises and health care costs, 
impede the scholastic progress of young people, 
and destabilize families and communities. Machine 
learning is a strong tool that can address a wide 
range of real-world issues. To use this “hammer,” 
we would need to find the “correct” nail (use- case 
or problem), much like we would do with any 
other software tool (machine learning algorithms). 
Prediction is unreliable and does not cater to any 
specific group of people, thus it should not be the 
sole factor considered when choosing a mental 
health treatment. Additionally, it can offer insight 
into getting the right care and subsequent analysis 
based on care for mental health from the survey 
collected. 4,5

	 However, it might be challenging to 
forecast medical costs because the majority of 
funding comes from people with unusual illnesses. 
Data prediction uses a variety of machine learning 
algorithms and deep learning techniques for which 
two variables accuracy and training time are 

examined. The majority of such algorithms don’t 
need a lot of training time and hence the results of 
these approaches’ predictions are not particularly 
accurate, though. Deep learning models enable the 
discovery of hidden patterns but do not possibly 
allow usage of these models.6,7

	 The hesitation of individuals to talk about 
their problems creates obstacles in diagnosing 
mental health conditions accurately. So, the main 
intension of this research is to use techniques 
of machine learning, its models and identify if 
a common person suffering from mental illness 
has been treated or not, to provide an estimation 
survey of details of the patients suffering the illness. 
The data source, feature extraction process, and 
classifier performance using machine learning 
approaches are all examined in this investigation. 
We also look into the suitability of this pre-mental 
health detection by describing the data analysis 
technique, comparison, difficulties, and constraints. 
We provide a visual representation of the patient 
details compared to their gender and age group 
they fall into in context when compared with the 
treatment that they have taken. Few comparative 
visual representations that have been included in 
this project provide clear analysis for the medical 
team from the survey dataset from Kaggle.8 This 
gives clinicians a platform to examine a lot of 
patient data and develop individualized treatment 
plans for each patient based on their specific 
medical needs.9-14

 Machine learning models 
driven by extensive survey data enable clinicians 
to process large volumes of patient-reported 
information and tailor mental health interventions 
to each individual’s unique needs. Advanced 
ensemble and deep learning methods enhance 
decision-support by integrating diverse risk factors, 
facilitating personalized treatment strategies based 
on real-world population insights.15,16

	 This paper is organized as follows. 
Common challenges in mental health treatments 
and the main objective of the project to overcome 
those specified challenges are discussed given 
machine learning in chapter one. Loading dataset, 
variability comparison between categories of 
variables, the non-functional requirements, and 
overall architecture are discussed in section two. 
Features Scaling and fitting the model is done, 
and further evaluating models using various 
classification models in ML are specified in 
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section three. Various test results sought by using 
classification models on evaluation is shown 
pictorially along with the appropriate test results 
and cross-validation of those are in section four. 
Finally, the implementation of the final output and 
accuracy of the finest models used to get the desired 
output is proved in section five.

Materials and Methods

Dataset Description
	 A dataset in machine learning is essentially 
a compilation of data points that can be processed 
by a computer as one cohesive entity for analysis 
and forecasting. This implies that the collected 
data must be standardized and comprehensible 
for a machine, which interprets data differently 
than humans. The dataset utilized in my project is 
sourced from Kaggle. The acquired survey dataset 
comprises details of patients experiencing mental 
illness. The parameters consist of age, gender, 
work interface, family history, timestamp, country, 

and various other characteristics of the patient. 
Correlating the parameters is important to identify 
which of the variables is mostly influencing the 
treatment for mental health. This correlation value 
also defines the relation between two parameters. 
The correlation between the parameters is shown 
in Figure 1.
Methodology
	 This paper leverages machine learning to 
analyze stress patterns, particularly among working 
professionals, and identify the factors driving the 
need for mental health treatment. 
	 Mental health, encompassing emotional, 
psychological, and social well-being, is essential 
for optimal functioning and reaching one’s full 
potential. Despite increasing awareness and 
workplace wellness initiatives, stress remains a 
pervasive issue, especially in today’s demanding 
work environments. This study utilizes real-time 
data, incorporating physical and physiological 
indicators, to understand these stress patterns. After 
data cleaning and preprocessing, several machine 

Fig. 1. Heatmap for the selected attributes
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Fig. 2. Working methodology of mental health prediction system

learning models, including boosting, were trained 
and evaluated, with boosting demonstrating the 
highest accuracy. Regression Trees pinpointed 
gender, family history, and workplace health 
benefits as significant predictors of stress levels. 
These findings empower organizations to develop 
targeted interventions to mitigate workplace stress 
and enhance employee well-being. Furthermore, 
machine learning-based mental health prediction, 
as illustrated in Figure 2, utilizes algorithms to 
analyze diverse data sources and forecast an 
individual’s mental health status. This proposed 
methodology follows a similar approach, employing 
machine learning to analyze various data sources 
and predict mental health status, contributing to 
a more proactive and personalized approach to 
mental healthcare. Addressing this reluctance can 
facilitate timely interventions and better support for 
individuals struggling with stress and other mental 
health challenges.
	 Relevant data is collected from various 
sources, including demographic information, 
medical records, behavioral patterns, and social 

media activity. This data gives important inputs to 
monitor the health state of a patient. The next step is 
to apply preprocessing techniques like tokenization, 
stop word removal, and feature extraction once the 
data collection process gets over. This step aids in 
cleaning and converting the data into an appropriate 
format for analysis. Regression models, including 
logistic regression, decision tree regression, or 
support vector regression, are developed using the 
chosen features and related mental health labels. 
The models learn the relationships between the 
features and mental health outcomes. The trained 
models undergo rigorous evaluation using a 
suite of metrics, including accuracy, precision, 
recall, and the F1-score. This helps to predict the 
models’ performance and reliability, ensuring they 
generalize well to unseen data. Accuracy measures 
the overall correctness of the model’s predictions, 
while precision focuses on the accuracy of positive 
predictions. Recall quantifies the model’s ability 
to identify all actual positive cases, and the F1-
score provides a balanced measure considering 
both precision and recall. These metrics provide 
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Fig. 3. Proposed System Architecture

Fig. 4. Treatment vs Gender

a comprehensive understanding of the models’ 
strengths and weaknesses. Following training and 
evaluation, these models can be deployed to predict 
the mental health status of new individuals. By 
inputting relevant features, such as demographic 
information, lifestyle factors, or responses to 

psychological assessments, the models generate 
a predicted mental health outcome, which can be 
used to inform further assessment and intervention. 
This predictive capability shall be a valuable 
method in proactively identifying the persons who 
are at the risk for mental health challenges. The 
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Fig. 5. Probability of mental health vs Age group distribution

Fig. 6. Probability of mental health vs work interface

predicted mental health outcomes shall be applied 
to give personalized care to the individual persons. 
Mental health professionals can tailor treatment 
plans and interventions based on the predicted 
outcomes, improving the effectiveness of care.
	 The different regression methods adopted 
for mental health professionals are shown in  
Figure 3.

Results

	 Data preprocessing, the initial and pivotal 
stage in preparing raw data for machine learning 

models, involves rectifying imperfections within 
real-world datasets, ensuring their compatibility 
with machine learning algorithms. Typically, such 
datasets harbor noise, null values, and extraneous 
data, rendering them unsuitable for immediate 
utilization by machine learning models. Thus, data 
preprocessing shows a crucial place in purging 
noise and irrelevant information. This process 
involves replacing missing values with specified 
alternatives, trimming unnecessary columns and 
rows, and segregating the dataset into distinct 
training and testing sets for subsequent analysis. 
Furthermore, categorical values transform into 
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Fig. 7. Feature importance score

numerical representations, facilitating their 
integration into machine learning algorithms. The 
dataset components and significance are visualized 
by bar chart. Treatment vs Gender - a nested bar 
plot to show probabilities for class and sex in  
Figure 4.
	 The probability of mental health vs Age 
group distribution is shown in Figure 5. With 
the growing age, the mental health of males is 
consistent and for transgender and female is 
comparatively more compared to male’s mental 
health condition.
	 Figure 6 illustrates the distribution of 
mental health probability concerning the work 
interface. The influence of work interface on mental 
health conditions is notably higher for those who 
frequently encounter it, followed by individuals 
who encounter it sometimes and rarely.
	 Figure 7 displays the plot depicting feature 
importance. Age emerges as the most significant 
feature, surpassing all others in importance. 
Following age, gender, family history, benefits, 
care options, anonymity, leave, and finally, the 
work interface, are ranked in descending order of 
importance.

Logistic Regression
	 Logistic regression, a commonly used 
supervised learning technique, excels at predicting 
the probability of a binary outcome. A key 
application of this method is estimating the 
likelihood of someone seeking treatment for a 
mental health disorder. While LR determines 
continuous values, logistic regression is mainly 
tailored for binary outcomes, such as whether or 
not an individual has a particular mental health 
condition. By modeling the relationship between 
various factors (independent variables) and 
the probability of that binary outcome, logistic 
regression gives the influences on mental health. 
Figure 8 showcases the performance of the logistic 
regression classifier.
KNN Classifier 
	 KNN, short for “K-Nearest Neighbor,” 
refers to the closest neighboring data points. It 
represents an algorithm employed in supervised 
machine learning. Tasks related to classification 
and regression alike can be addressed through this 
technique. By considering the nearest neighbors, 
KNN can predict or classify a new unknown 
variable. KNN classification has been applied 
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Fig. 8. Performance of Logistic Regression Classifier

in mental health disorder prediction to analyze 
various factors and their impact on the likelihood 
of developing specific disorders. Applying the 
proximity of data points and their class labels, 
KNN classification provides a straightforward and 
interpretable approach to mental health disorder 
prediction. The performance of the KNN classifier 
is shown in Figure 9.
Tree Classifier
	 A widely utilized supervised learning 
technique, a decision tree, solves classification 
and regression problems. Its popularity stems from 
its inherent suitability for such tasks. Essentially, 
a decision tree functions as a tree-structured 
classifier, with its internal nodes representing 

features present in the dataset. Through a series 
of decision-making processes represented by 
branches, it navigates down the tree, eventually 
reaching leaf nodes, which signify the classification 
result. This hierarchical structure lends itself well 
to organizing and interpreting complex datasets, 
making decision trees a preferred choice for 
various machine learning. By constructing a 
tree-like model, decision tree classifiers provide 
interpretable predictions and insights into the factors 
contributing to mental health outcomes. While 
decision tree classifiers offer valuable predictive 
capabilities, it’s important to acknowledge their 
findings and challenges, including the risks of 
overfitting and difficulties in managing imbalanced 
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Fig. 9. Performance of the KNN Classifier

datasets. The performance of the Tree classifier 
is shown in Figure 10. The histogram and ROC 
curve is mentioned. The histogram showing the 
predicted probabilities of receiving treatment. 
Most predictions are clustered around low (0–0.2) 
and high (0.6–0.8) probabilities, indicating strong 
model confidence in its predictions. The ROC 
curve, which evaluates the classifier’s ability to 
distinguish between treated and non-treated cases. 
An AUC value of 0.88 indicates excellent model 
performance, as it is close to 1.The curve stays 
well above the diagonal reference line, suggesting 
that the model has high sensitivity and specificity. 
Thus, the figure provides clear evidence that the 
classifier performs effectively on the given dataset.

Random Forest 
	 Random Forest, a supervised machine 
learning method, operates by constructing an 
ensemble of decision trees, effectively creating 
a “forest.” This technique, readily implemented 
in Python, shall be applied for both classification 
and regression problems for which the algorithm 
introduces further randomness during the creation 
of each individual tree within the forest. Figure 11 
illustrates the results obtained from the Random 
Forest classifier. The histogram displays the 
predicted probabilities for treatment, showing that 
the model confidently predicts many samples either 
at very low or very high probabilities. There is a 
notable concentration of predictions near 0.0 (no 
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Fig. 10. Performance of the Tree Classifier

treatment) and 0.8 (treatment), indicating strong 
model certainty. The ROC curve evaluates the 
model’s classification performance, where an AUC 
value of 0.90 suggests excellent discrimination 
between treated and non-treated cases. The ROC 
curve lies well above the diagonal baseline, 
confirming high sensitivity and specificity. Thus, 
Figure 11 demonstrates that the model provides 
reliable predictions and achieves strong overall 
classification accuracy.

Discussion

	 A confusion matrix is employed to 
evaluate the performance of models on a given 
survey dataset of test data. It is determined if true 

values for test dataset is known. Is helps to find 
the performance metrics. The confusion matrix of 
various classifiers are shown in Table 1.
	 In the process of cross-validation, multiple 
machine learning models are trained on specific 
subsets of the input data and then evaluated on 
complementary data subsets. This approach aids 
in identifying overfitting, where models fail to 
generalize patterns effectively. Notably, the random 
forest model demonstrated the highest accuracy 
among the anticipated outcomes. Additionally, 
other regression models yielded predictions with 
commendable accuracy levels. The boosting model 
emerged as the top performer, achieving the highest 
accuracy rate when utilizing all four attributes. This 
paper showcases the effective utilization of data for 
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Table 1. Classifier Confusion Matrix

S.No	 Evaluating models	 TP	 TN	 FP	 FN

1.	 Logistic regression	 141	 161	 50	 26
2.	 KNN	 135	 169	 56	 18
3.	 Tree classifier	 130	 175	 61	 12
4.	 Random forest classifier	 133	 174	 58	 13

Table 2. Performance metrics of classifiers

Classifier	 Accuracy	 Classification Error	 Precision	 AUC Score

Logistic regression	 0.79	 0.203	 0.76	 0.764
KNN	 0.79	 0.201	 0.75	 0.799
Tree classifier	 0.81	 0.193	 0.741	 0.808
Random Forest	 0.812	 0.187	 0.75	 0.813

Fig. 11. Performance of the Random Forest Classifier



1936 Retnaswamy et al., Biomed. & Pharmacol. J,  Vol. 18(3), 1925-1937 (2025)

testing and training, enabling accurate estimation of 
model performance through comparative analysis.
	
	 Precision=  TP/(TP+P)
	 ...(1)
	 Precision measures how accurate a 
model’s positive predictions are.  It’s calculated by 
dividing the number of correctly predicted positive 
cases (true positives) by the total number of cases 
predicted as positive (true positives plus false 
positives).  In simpler terms, it tells us how many 
of the positive predictions were actually correct. A 
sort of measurement error called classification error 
occurs when a respondent does not give a genuine 
response to a survey question.
  

	     ...(2)
	 The Area Under the Curve (AUC) is 
calculated by comparing the rankings of positive 
and negative cases.  When a positive case is ranked 
higher than a negative case, it contributes a score 
of 1 to the AUC.  Conversely, if a negative case 
outranks a positive case, the contribution is 0.  In 
situations where positive and negative cases have 
the same rank (a tie), a score of 0.5 is assigned. The 
performance metrics of the proposed classifiers are 
presented in Table 2. Compared to other classifiers 
random forest gave the best result.
	 The table summarizes the performance 
of four classifiers based on key evaluation 
metrics. From the result, it is concluded that all 
the classifiers predicted the mental health order 
effectively. Random Forest achieved the highest 
accuracy 81.2% and the lowest classification error 
(18.7%), indicating better overall performance. The 
Decision Tree classifier also performed well with 
81% accuracy and a slightly higher error rate. KNN 
and Logistic Regression models showed similar 
accuracy 79% but slightly differed in AUC and 
precision scores.Overall, Random Forest provided 
the best balance between precision, accuracy, and 
AUC among all models. However, the tree-based 
classification outperforms in terms of accuracy.

Conclusion

	 This study evaluated four classifiers—
Logistic Regression, K-Nearest Neighbors, 
Decision Tree, and Random Forest—for predicting 

the need for mental health treatment using survey 
data. The Random Forest model delivered the 
strongest performance, with an accuracy of 81.2% 
and an AUC of 0.813, closely followed by the 
Decision Tree (accuracy 81.0%, AUC 0.808). Both 
KNN and Logistic Regression achieved 79.0% 
accuracy, with KNN yielding an AUC of 0.799 
and Logistic Regression an AUC of 0.764.These 
results demonstrate that tree-based methods offer 
superior discrimination between treatment and non-
treatment cases, while simpler models still provide 
respectable predictive power. Surveys remain a 
rapid, cost-effective means to collect large datasets, 
enabling machine learning models to achieve high 
accuracy in mental health treatment prediction at 
the population level.
	 However, our conclusions are drawn from 
a limited set of attributes and four classification 
algorithms. Future research should incorporate 
additional features, larger and more diverse 
datasets, and advanced ensemble or deep-learning 
approaches to further improve model robustness 
and generalizability.
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