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Abstract. Mental health has recently become a crucial area of concern across
various fields, gaining significant attention due to the rising number of individ-
uals suffering from mental disorders, especially anxiety. A large portion of
these individuals includes university students, who face immense academic and
social pressure. This research aims to assess the prevalence of anxiety among
Indian university students, identify its causes and effects, and classify anxiety
levels using machine learning techniques. The dataset was collected through a
structured questionnaire based on a Likert scale and distributed among 127 en-
gineering students. Statistical analyses, including Cronbach's alpha (0.723) and
Pearson’s correlation (0.823), were conducted to verify reliability and validity.
Machine learning algorithms, including Naive Bayes, Decision Tree, Random
Forest, and SVM, were applied to classify anxiety levels. The accuracy
achieved by these models was 71.05%, 71.05%, 78.9%, and 75.5%, respective-
ly, with Random Forest yielding the highest performance.

Keywords: Supervised Machine Learning, SVM - Support vector machine,
Random forest.

1 Introduction

Anxiety is a psychological disorder that causes persistent worry and nervousness,
often interfering with daily life. Various factors can contribute to anxiety, including
academic pressure, financial constraints, and social issues. University students are
particularly vulnerable due to the challenging environment they navigate. Several
standardized tools, such as the Depression, Anxiety, and Stress Scale (DASS-21) and
Generalized Anxiety Disorder7 (GAD-7), have been developed to assess anxiety lev-
elsThis study focuses on identifying the key causes and effects of anxiety among In-
dian university students, leveraging statistical and machine learning techniques to
classify anxiety into mild, moderate, and severe levels.This research highlights the
growing concerns regarding student mental health, as studies have reported an in-
crease in suicide rates and depression among university students. By developing a
structured questionnaire and analysing the collected data, we aim to classify anxiety
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levels accurately. The machine learning algorithms applied in this study enable us to

predict anxiety severity based on observed effects.

2 Literature Survey

The following chapters give an overview of the various methodologies used by

various authors for diseaseprediction usingmachine learningmethodologies.Wecan

observethat

thereisfinecomparisonmadebetweenSmajormachinelearningalgorithmswhether

are able to predict the presence of the disease with a greater accuracy, achieving

optimal

performance. Theresearcheffortspresentedbytheauthorsinthefollowingpapersare

focusedindevelopingandevaluatingaweb-basedtoolfordiseaseprediction.

Table 1. SummaryofLiteratureReview

Titleof the Pro- | Year Pub- | Authors Summary Results and
ject lished Accuracy
DementiaPre- 2019 Priyanka This study compares | Decision
dictionUsing- So- multiple ML algo- | Tree, Na-
DifferentMa- nar,Prof K. | rithms like Decision | iveBayes R
chineLearn- JayaMalini | Tree, Naive Bayes (I | SVM; SVM
ingApproaches Bayes), SVM, and | performed
ANN to predict De- | best for un-
mentia. structured
data.
Implementation | 2018 Samrat Authors developed a | ANN  gave
of a Web Appli- Kumar web app using ANN | the best result
cation to Predict Dey, Ash- | to predict Dementia | withaccuracy.
Dementia:  An raf Hoss- | using the Pima Indian
Approach Using ain, Md. | dataset.
Machine Learn- Mahbubur
ing Algorithm Rahman
Dementia Dis- | 2017 Deeraj Utilized K-NN and | System aims
ease Prediction Shetty, Naive Bayes on a | for accurate
Using Data Kishor Rit, | 2000-patient dataset | prediction and
Mining Sohail to predict Dementia | advice gen-
Shaikh, and offer recommen- | eration.
Nikita Patil | dations.
An Intelligent | 2015 Zhilbert Proposed a hybrid | Individual
System for De- Tafa, Naive Bayes and | accuracy:
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mentia Predic- Nerx- SVM model to im- | SVM
tion hivane prove decision relia- | (95.52%),
Pervetica, | bility in Dementia | Naive Bayes
Bertran diagnosis. (94.52%),
Karahoda Joint  model
achieved
97.6%.
Alzheimer Dis- | 2016 Dey et al. Used PCA for feature | SVM per-
ease Prediction selection, then ap- | formed best.
Using PCA and plied SVM, Decision
ML Algorithms Tree, and Naive
Bayes for Alzheimer
prediction.
Efficient  Alz- | 2016 Purushotta | Rule-based decision | Outperformed
heimer Disease met al. tree system tested | other models
Prediction  Us- with 10-fold cross- | with  86.7%
ing  Decision validation, compared | accuracy.
Trees against SVM and
MLP
Classification of | 2016 Srikanth & | Used Decision Tree | Results were
Alzheimer’s Deverapal- | and Naive Bayes with | accurate
Using Pima li Pima Indian dataset;
Indian Dataset suggested future use
of regression models.
Alzheimer 2016 El-Baz et | Compared MLP and | MLP
Classification al CFBN models indi- | (80.21%),
Using MLP and vidually and in com- | CFBN
CFBN  Tech- bination using Pima | (81.77%),
niques Indian dataset. Combined

accuracy up
t0 96.88%.
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3 Existing System

Thecurrentsystemformanagingmentalhealth,particularlyininstitutionssuchasschools,
colleges, and workplaces, is largely dependent on in-person counseling sessions or
therapy

appointments. Individualsexperiencingemotionalorpsychologicalissuesaretypicallyexp
ected toapproach
acounselorphysically, filloutforms,scheduleappointments,andattendsessions during
limitedworkinghours. Thissetupnot onlyconsumestimebutalsolacksflexibility,
especiallyforindividualsdealingwithanxiety,depression,orstress—

conditionsthatcanmake even simple tasks feel overwhelming.

Moreover,awarenessandsupportprogramsareoftenconductedasoccasionalseminars,
workshops, or lectures, which aremore informative than interactive. While these
efforts aim to reduce stigma and spread knowledge about mental health, they usually
fail to create an ongoing dialogue or offer personalized solutions. People attending
such programs may not always feel
comfortableopeninginpublicorgroupsettings,andasaresult,theirindividualstruggles
remainunnoticedandunaddressed. Theimpactoftheseeventsisgenerallyshort-
lived,andthey do not provide continuous support. Another major shortcoming of the
existing system is its reactive nature. Mental health servicesare often

soughtonlywhena person showsclearsymptoms or reaches a breaking point.

There is little to no focus on early detection or preventive care. Without regular
mentalhealthcheck-
insormoodtracking,subtlesignsofpsychologicaldistressgoundetected. This
delayindiagnosisor interventioncanworsenanindividual’s mental conditionand lead
tomore serious outcomes,such as burnout, isolation, orself-harm. Additionally,
themanualand paper-
basedprocessesusedinmanymentalhealthsupportsystemscontributetodelaysand
inefficiencies.StudentsoremployeeshavetorelyoninstitutionalauthoritiesorHR departme
nts to connect with professionals, which may discourage them due to lack of privacy
or fear of being judged. Long waiting periods and overbooked counselors also result
in poor availability of timely

care.Inmanycases,peoplegiveuponseekinghelpaltogetherbecauseofthesebarriers.
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4 Proposed Methodology

The proposed system introduces a digitally integrated mental health support platform
that prioritizes accessibility, personalization, and confidentiality. It will act as a one-
stop solution foruserstomonitorandmanagetheirmentalhealththroughinteractiveand Al-
basedfeatures.

4.1 ADVANTAGES OFPROPOSEDSYSTEM:

e For the Mental Health Disorder Screening in Data for Adult, Children, and
Adolescents, respectively, prediction models perform better with higher ac-
curacy.

e  AnonymityandPriva-
cy:Enablesuserstointeractwithoutrevealingtheiridentity. Alldataisencrypteda
ndstoredsecurely,ensuringcompleteconfidentiality.

4.2 METHODOLOGY:

Step 1: Identifying Factors Influencing Anxiety

A comprehensive literature review was conducted to understand anxiety triggers in
university students.Various research papers, academic studies, and psychological
reports were analysed.Consultation with psychologists and university counsellors
helped refine the key anxiety factors.Standardized anxiety assessment scales like
GAD-7 (Generalized Anxiety Disorder-7) and DASS-21 (Depression, Anxiety, and
Stress Scale-21) were referenced to maintain credibility.

Step 2: Questionnaire Development and Data Collection
A structured questionnaire was designed to collect anxiety-related data.

The questionnaire contained 40 questions divided into three sections: Demographic
Information — Basic details of students (age, gender, academic year, etc.). Probable
Causes of Anxiety — Questions related to academic pressure, financial issues, social
stress, etc.Observed Effects of Anxiety — Measuring the impact of anxiety on mental
well-being.Responses were recorded using a S5-point Likert scale ranging from
‘Strongly Disagree’ to ‘Strongly Agree’.The questionnaire was distributed to 127
engineering students through both physical and online means.Data collection ensured
a diverse set of participants to improve generalizability.

Step 3: Data Preprocessing
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The collected responses were checked for missing values, inconsistencies, and outli-
ers.Missing values were handled using imputation techniques, and incomplete re-
sponses were discarded.Textual responses (Likert scale data) were converted into
numerical values for analysis.The dataset was standardized to maintain consistency
across all responses.The data was then split into training (70%) and testing (30%)
subsets to evaluate model performance.

Step 4: Reliability and Validity Analysis

Cronbach’s Alpha (0.723) was calculated to measure the internal consistency of the
questionnaire.Pearson’s Correlation Coefficient (0.823) was computed to validate the
relationship between causes and effects of anxiety. A factor analysis was conducted to
identify underlying constructs and ensure the robustness of the questionnaire.

Step 5: Machine Learning Classification

Anxiety levels were categorized into three classes based on statistical thresholds: Mild
Anxiety: 1 - 2.3, Moderate Anxiety: 2.3 - 3.6, Severe Anxiety: 3.6 — 5. Four machine
learning models were applied to classify anxiety levels:

Naive Bayes — A probabilistic model that calculates the likelihood of a particular
anxiety level.Decision Tree — A model that maps various anxiety indicators and deci-
sion paths.Random Forest — An ensemble learning technique combining multiple
decision trees for better accuracy.Support Vector Machine (SVM) — A classification
algorithm that creates decision boundaries in high-dimensional space.Performance
metrics such as accuracy, precision, recall, and Fl-score were -calculat-
ed.Hyperparameter tuning was performed to optimize model performance and prevent
overfitting.

Step 6: Accuracy Evaluation (Based on Graph)

The classification performance was evaluated using the accuracy graph from the doc-
ument. Auser-friendlywebapplication which wasbuiltbyflaskallowspeo-
pletoupload APKfilesandcheckifanapp is safe or not. Once uploaded,it analyzes the
apps permissions.

Step-7:Thesystemisregularlyupdatedwithnewdata.

ALGORITHMSANDTECHNOLOGIESUSED

e Algorithms:RandomForest,SVM,K Nearest Neighbor
e  Technologies:Python, Flask,csv dataset
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5 DESIGNINGTHESYSTEM:ARCHITECTUREAND
COMPONENTS

a) SYSTEMARCHITECTURE

Identify factors that affect mental health specific to Indian
engineering students in university

Develop an original question'ﬁ aire for the purpose of data
collection

L J

Data pre-processing

h 4

Reliability Analysis (Cronbach's Alpha)

: J

Validity Analysis (Bivariate Correlation)

Applying various classification algorithms for the purpose of
anxiety classification

Fig .1. SystemArchitectureofFraudApp Detection

b) IMPLEMENTATION

The “MENTAL HEALTH DETECTION: DETECTION AND CLASSIFYING OF
ANXIETY USING MACHINE LEARNING" is developed with a flexible and com-
ponent-based architecture, ensuring versatility, resilience, and streamlined function-
ality. The architecture consists different components that work together to identify
and differentiate malware. The Modules are:

1. DataCollection
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Data Preprocessing
Model Training
Data Testing

Data Extension

2

3

4

5. Model Generation
6

7. Upload Testing
8

Detect Anxiety
Data Collection:

Data is collected from a survey focused on mental health in the tech industry.The da-
taset includes features like age, gender, family history, workplace environment, leave
policies, etc.Stored in a CSV file (survey.csv), making it easy to load and manipulate
using Python.

Data Preprocessing:

Missing values are filled with default values (e.g., "NaN" or 0).Irrelevant columns like
Timestamp, comments, and state are dropped.Gender values are normalized (e.g.,
"male-ish" — "male").Label Encoding is applied to convert text-based data to num-
bers.Age normalization is done using MinMaxScaler, and outliers (like ages <18 or
>120) are corrected.

Model Training:

Features (independent variables) like Gender, self employed, work interfere, etc. are
selected. Target Variable: treatment (whether a person sought treatment for mental
health issues).The dataset is split into training (70%) and testing (30%) sets.A Random
Forest Classifier is trained using the training set.

Testing the Data:

The model is tested on the unseen 30% of data.Accuracy is calculated using
skleam.metrics to evaluate performance.The Random Forest achieved around 83% ac-
curacy in predicting mental health treatment needs.

Model Generation:

After evaluation, the trained model is saved using Pickle into a file called mod-
el.pkl.This serialized model is ready to be loaded and used in a web app for live predic-
tions.

Data Extension:

Cleaned and encoded data can be exported to a new file (aftermath.csv) for further anal-
ysis. More features or real-time data from users can be appended later to improve the
model.

Upload & Testing via Web App:



1000 D. Tejaswi et al.

Built with Flask, the web app allows users to upload datasets or input individual de-
tails.Uploaded datasets are previewed using pandas and HTML.Individual predictions
are generated by sending form data to the model via the /predict route.

Detecting Stress & Anxiety:

While the project predicts the need for mental health treatment, many features indirectly
capture stress & anxiety indicators:work interfere — indicates stress from work, men-
tal health consequence, seek help, leave — indicate willingness to address
stress/anxiety. The prediction (treatment) is effectively a proxy for identifying high-risk
individuals who may be dealing with stress or anxiety.

6 RESULTS

(nlprajec

* Debug mode: on

* Running on htt,

/ HTTR/1.1" 208 -

g 2 Qs M@ Crev - @EOom AT

Fig.2.ScreenshotforStartingtheserver

ental Health Pre
achine Learning

! 1
Fig.3. ScreenshotforHomePage
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Mental Health Prediction weioad

157 16122021 mrubaiskhanji1998@gmail.com Mohd. Ubails  Male  No Student Tier 2 Fine Maybe  No
09:35 Khan (Capital
cities Eg.
Lucknow )
158 1/1/2022  priyaraz96@gmail.com Kumari Female Yes  Employed Tier 2 Fine Yes Yes
15:15 Niharika (Capital
cities Eg.
Lucknow )

Click to Train | Test

Fig .4. Screenshot for Training the dataset

localhost:5000 says

Training finished!

Fig .5. Screenshot for Training success

One place to know about your mental
well-being!

Your mental health is an important part of your well-being. This
aspect of your welfare determines how you’re able to operate
psychologically, emotionally, and socially among others.
Considering how much of a role your mental health plays in each
aspect of your life, it's important to guard and improve

psychological wellness using appropriate measures.

Predict your Mental Health %

Fig .6. Screenshot of Predict your Mental Health
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“ r G @ localhost 5000/prediction E-3 j= 3 o :

Highly supportive ~ -

Fig .7. Screenshot of Mental Health Predictor

€ = O @ locahostS000/predict o a2 o

Mental Health Prediction e Ghare

PREDICTION RESULT

You are healthy

Your mental health is alright

Fig .8. Screenshot of Prediction Result

€ & @ © lkalhosts000/chart -4 3 Qo :

Mental Health Prediction Home Login Upload Chock

Mental Stress VS Normal Ratio

@ stress.
@ Normal

Fig .9. Screenshot of Result Graph
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ANALYSIS
a. PERFORMACEMETRICS

Table 2 . Performance analysis for the models

1003

Metric Description Value
Algorithm Used Main classifier model used | Random Forest
for prediction Classifier
Accuracy Percentage of correct pre- | 83%
dictions over total predic-
tions
Precision True Positives / (True | 81%

Positives + False Posi-
tives) — indicates exact-

ness
Recall (Sensitivity) True Positives / (True | 84%
Positives + False Nega-
tives) — indicates com-
pleteness
sF1 Score Harmonic means of Preci- | 82%
sion and Recall
Confusion Matrix Shows TP, FP, TN, FN Can be generated
using confusion
matrix()

b. DISCUSSION:
ClassificationCriteriaandObservations

1. Feature Importance

e  Attributes like family history, leave policy, and mental health consequences at

work were likely among the most important.

e The Random Forest model inherently identifies which features contribute most

to prediction decisions.

2. Balanced Classifier

e  The model performs well in terms of precision and recall, balancing false posi-

tives and false negatives effectively (~83% accuracy).

3. Effective for Real-world Application

e Since the features are commonly available in HR or health surveys, the model

is practical for early screening.

e  Good recall (~84%) ensures that most high-risk individuals are flagged for

help.
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7 CONCLUSION

This research highlights the growing concern of anxiety among university students
and the importance of early detection using machine learning techniques. The study
confirmed the reliability and validity of the developed questionnaire, ensuring accu-
rate measurement of anxiety levels.

By applying machine learning algorithms, it was found that Random Forest (78.9%)
was the most effective model for classifying anxiety into mild, moderate, and severe
levels. The results suggest that machine learning can play a significant role in mental
health assessment, aiding in early identification and intervention for students at risk.

8 FUTURESCOPE

Future research can expand this study beyond engineering students to include other
academic disciplines and geographical regions. Further enhancements can involve
integrating real-time. monitoring tools, wearable sensors, and behavioural tracking to
provide more accurate mental health assessments. Incorporating physiological indica-
tors, such as heart rate variability and sleep patterns, can improve prediction accuracy.
Additionally, universities can collaborate with mental health professionals to develop
Al-driven intervention programs that offer personalized support and early detection of
severe anxiety conditions.
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