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Abstract

This study explores the relationship between students” digital technology usage and its effects on
psychological well-being and academic performance in a university setting. By utilizing machine
learning algorithms alongside psychometric survey data, the research aims to identify patterns
linking screen time, online engagement, and mental health indicators such as anxiety and stress. The
findings highlight both positive outcomes for example improved resource access and communication
and negative consequences, including increased distraction, dependency, and mental strain. The
study offers actionable recommendations for more mindful integration of technology in education,
including structured digital environments and improved access to mental health support. These
insights can guide institutions in designing policies that balance educational technology use with
student well-being.
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1. Introduction

The steady advancement in technology has begun to play a significant role in shaping modern
lifestyles, fashion, and most importantly mental health [1]. This paper explores the influence of
smartphones, social media platforms, web-based applications, telemedicine, and telehealth, which
offer both substantial benefits and notable challenges. These technologies have made mental health
assistance and early intervention more accessible, providing support for issues such as anxiety,
disrupted sleep patterns, and loneliness [20-22].

However, concerns are rising over the potential adverse effects of health applications on
psychological well-being [3]. Among the most affected demographics are university students, an age
group particularly vulnerable due to their transitional phase into independence. Students often face
multiple stressors, including academic pressure, financial concerns, and social isolation [4]. While
technology offers channels for communication, support, and information, it simultaneously amplifies
risks like isolation, stress, and burnout [5-7].

Therefore, structured approaches and programs are required to regulate the positive influence
of technology while mitigating its harmful impacts [8-10]. This study aims to investigate the
relationship between digital technology use and mental health in university students, using machine
learning to identify key contributors to deteriorating psychological well-being [17-19]. By analyzing
digital engagement behaviors such as participation in social networking sites, online gaming, and
virtual communities we intend to detect trends, assess risk factors, and propose evidence-based
strategies to harness the benefits of technology for improved mental health outcomes [15,16].

2. Literature Review

Evaluating the influence of technological advancement on mental health across diverse
population groups remains essential. A study in China found that despite high smartphone

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0747.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 November 2025 d0i:10.20944/preprints202511.0747.v1

2 of 9

ownership, usage of digital mental health tools remains low due to poor digital literacy. The authors
emphasized the need for digital literacy workshops to bridge the gap between technological potential
and real-world adoption [6].

University campuses are witnessing an alarming rise in mental illness cases, suggesting a need
for early interventions. While mobile technologies and social media provide avenues for support,
concerns about privacy and low engagement hinder their effectiveness. Integrative therapies
combining traditional and modern approaches are increasingly favored [7].

Another study assessed the effectiveness of psychometric testing to quantify how mobile
technology use correlates with anxiety and depression, emphasizing improved measurement
frameworks [8]. In terms of gender dynamics, research focusing on young males aged 1624 revealed
that masculine norms often act as barriers to help-seeking. Personalized anti-stigma interventions
were recommended [9].

Additional studies highlighted the mixed effects of technology on students’ academic and
mental health. While digital tools increase engagement, they can also cause distraction. One study
found no significant relationship between internet use and academic performance, although a
negative trend was observed [10]. Other researchers established clear links between
smartphone/social media usage and stress, sleep disorders, and physical health issues,
recommending practical strategies like managing notifications and scheduling physical activity [11].

Work examining second-year medical students found that nighttime technology use
significantly worsened sleep quality (64.5%) and increased anxiety (61.8%) and depression (25.5%)
[12] [13]. Meanwhile, research on Pakistani university students highlighted the impact of academic
stress, financial burdens, and technology use on mental health. Social support was shown to reduce
anxiety and depression, while low mental health literacy and stigma exacerbated them. Interventions
focused on financial aid, awareness, and mental health services were proposed [14].

3. Methodology

Machine learning techniques play an important role in the field of mental health to predict the
factors causing mental illnesses. In this paper, we have used classification techniques for the
prediction of mental health issues on the basis of provided factors. Simple representation of model
framework [23,24]. Figure 1 shows research methodology. Figure 2 shows rapid miner workflow.
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Figure 1. Research Paper Overview.
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Figure 2. Rapid Miner Implementation Flow.

3.1. Dataset Description

There are many datasets available on Kaggle for Mental Health prediction based on technology
usage. We have taken an updated dataset from Kaggle which is “‘Mental Health and Technology
Usage’. The dataset contains 13 features. The number of instances in this dataset is 10000. The target
features are ‘Mental Health Status” and ‘Support System Access’ and the Dataset is balanced. Table 1
shows features from dataset.

Table 1. Mental Health Prediction Dataset Features.

[Feature Description

|Age IParticipant’s age (y)
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Gender Gender

Technology Use [Total hrs

Social Media use lhrs

Gaming hours Hrs spent playing

Sleep hours |Average daily sleep hours.

Physical activity hours Hours spent on physical activity (e.g., exercise, sports)

daily.

Support System Access |Access to a personal or professional support system.

Work Environment Impact Perceived impact of the work environment on mental

health

Online Support Usage [Usage of online support platforms for mental health|
assistance.

3.2. Tool

We have been using the Al Studio(formerly known as RapidMiner) to apply machine learning
techniques because it is the most popular tool for applying machine- learning techniques. Al Studio
is an Open-source platform. We have used the 2024.1.0 version of Al Studio for Mental Health
prediction.

Random Forest is a classification technique that builds an ensemble of decision trees, each
generated randomly, to approximate the target label. This method efficiently handles large datasets
and automatically addresses class imbalance issues [10]. Figure 3 shows random forest
implementation in rapid miner.
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Figure 3. Random Forest Algorithm.

Naive Bayes is the kind of the machine learning based on the Bayes theorem that utilizes
assumption of independence of feature [25-27]. However, it makes the rather innocent assumption
and is used extensively with classification tasks, especially for problems of high dimensions [11]. The
algorithm determines in which class the point most probably belongs from the totalized conditional
probabilities of its constituent attributes assumed to be independent of the class. Figure 4 shows naive
bayes implementation in rapid miner.
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Figure 4. Naive Bayes Algorithm.

The K-Nearest Neighbors (KNN) algorithm is instance-based learning method used for
classification [12]. The “K” in KNN represents the number of neighbors considered. KNN works by
measuring the distance between the new data point and existing data points, often using Euclidean
distance, to find the optimal placement of the new feature within the dataset.

A decision tree is used for classification. It organizes decisions in a tree-like structure [13].
Decision trees are highly regarded for their simplicity and visual clarity, making them effective for
interpreting decision-making processes [28-30].

The Generalized Linear Model (GLM) is designed to handle both regression and classification
tasks. In our study, we utilized various features from the dataset to predict mental health conditions
and trained the model based on these features. GLM establishes a linear relationship between the
input features and the target variable, making it suitable for mental health predictions [31-33]. Its
flexibility allows for the incorporation of different link functions, enabling the model to adapt to
diverse types of data distributions. Additionally, GLM’s simplicity and interpretability make it an
effective tool for analyzing complex datasets.

Gradient boosting is a focusing on the residuals from the previous model’s predictions. Through
this iterative process, gradient boosting combines the power of all models to create a robust learner,
delivering exceptional predictive performance.

3.3. Framework

A machine learning framework is therefore an environment that makes it easier and quicker to
build and apply machine learning models. It offers a structured approach, typically involving several
steps: data gathering and preparation, choice of algorithms and, subsequently, models building, and,
lastly, model assessment and application. The process starts with compilation of a dataset from the
appropriate sources. Subsequently, there is data preprocessing and it includes deleting or managing
missing values and tidying the data. Feature selection follows as the next step to identify and analyze
the feature parameters that play crucial role in experiment. To deal with data imbalance issue,
Synthetic Minority Oversampling Technique (SMOTE) is used to synthesize new samples of the
minority class samples. The dataset is then divided into train, validation and test set. The training set
is employed to build the models while the validation set comes in handy in the tweaking of
hyperparameters to minimize over training. A number of classification models are used to evaluate
the performance of the models. There are further things like k- fold cross — validation & Ensemble
learning (Stacking & Boosting) through which different models’ prediction can be combined improve
performance.
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Figure 5. Methodology Framework.

3.4. Forward Selection

The forward selection in the case of machine learning is an important tool for the selection of
features for a given model. This method commences by identifying a null set concerning features and
then adds a feature at every stage of construction. To this end, at each step, the best feature is
incorporated which most enhances the predictive capacity of the model adopted. The process goes
on until the further additions of the features improve the working of the model. This approach makes
modelling easier by eliminating less beneficial factors, thus minimizing complications while, at the
same time, offering or enhancing the model’s performance. This is a straightforward approach to
creating optimal, efficient machine learning systems.

Splitting data in a 0.7 and 0.3 ratio means dividing the dataset into two parts: known as cross
validation 70% of the data was used for training and 30% were used for testing the trained model.
The one thing that persists in these training as well as the testing set is that these are employed in
cases of assessing the performances of a model. This split is important in a way as it ensures that a
model is trained on a sufficient number of data and then tested on new data where the model has not
been trained from.

3.5. Apply Model

Once feature selection and data preparation are complete, the trained machine learning model
is applied to the dataset. The model’s effectiveness is evaluated using key performance metrics such
as accuracy, precision, and recall.

e Accuracy measures the overall correctness of the model’s predictions.
e Precision assesses how many of the predicted positive results are actually relevant.
¢ Recall evaluates how well the model identifies all relevant instances in the data.

These metrics provide comprehensive insights into the model’s predictive performance, helping
to identify areas for potential improvement. Ultimately, this evaluation confirms whether the model
effectively meets the intended objectives and supports informed decision-making.

4. Results and Discussion

In this section of the paper, we report and analyze the outcome of the experimental evaluation
performed in this study. The process entailed using several techniques on the data gathered on
mental health and technology platform. Each of the algorithmic models was executed in turn, and
the performance accuracy of each was measured. In the same regard, methods like feature selection
were applied to make an optimization and arrive at the maximum attainable accuracy. Table 3 shows
results prediction for model.
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Table 3. Result predictions for models.

Model/Algorithm Accuracy
Naive Bayes 83.04%
Fast Large Margin 82.99%
Random Forest 81.75%
Generalized Linear Model 81.34%
Decision Tree 77.54%
Gradient Boosted Tree 80.32%

5. Conclusions and Future Work

This study employed various machine learning models to analyze the relationship between
technology use and mental health, with Naive Bayes achieving the highest prediction accuracy.
Despite promising results, challenges remain due to user variability and dataset complexity. Future
research should explore deep learning approaches, improved feature engineering, and real-time
prediction capabilities. Expanding the dataset and analyzing usage patterns across platforms will
further enhance model precision and practical application in mental health prediction.
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