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Abstract: In today’s rapidly evolving technological era, the IT industry has emerged as one of the most in-demand sectors among
students. Students in IT faculties face significant academic pressure, leading to an increase in mental health problems. This research is
related to the prediction of IT students’ mental health status by means of machine learning (ML) approaches and explainableAI for early
prevention and diagnosis. The proposed approach involves preprocessing the dataset, circumscribing various parameters of IT students
and IT education. The primary objective of this research is to determine the factors that have a comparatively greater influence on
the depression of students. Upon employing several ML models for outcome explanation, such as Random Forest Regressor, Gradient
Boosting Regressor, AdaBoost Regressor, Linear Regression (LR), and Histogram-based Gradient Boosting Regressor, the best result
was obtained from the LR with R² = 0.581867, mean squared error = 0.025011, and mean absolute error = 0.1197, which was later
cross-verified using 10-fold results. After the cross-validation, LR obtained the mean R² value of 0.6008. Additionally, applying K-means
clustering, a positive relationship was visualized between anxiety and depression, suggesting a proportional relationship between them.
Lastly, Local Interpretable Model-agnostic Explanations and Shapley Additive Explanations were used for the outcome explanation to
provide insights into the decisions of the models. These findings highlight the important aspects that influence the depression level of
IT students, so that proper initiatives can be taken to improve the overall mental condition.
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1. Introduction

Globally, approximately 5% of graduates from tertiary edu-
cation are from an IT background [1]. Among South Asian
countries, India alone produces 550,000 graduates each year,
making it the highest in the world [2]. It is worth mention-
ing that the number is increasing over the years. In Pakistan,
more than 1 million students are enrolled in STEM programs
[3]. In Bangladesh, the IT industry currently supports more than
1 million jobs [4]. Despite the sector’s global advancement, con-
cerns have emerged regarding their mental well-being. Statistics
show that more than 75% of Bangladeshi university students
experienced mental health problems due to academic pressure
in the post-COVID-19 period; 34% reported suicidal thoughts,
and 2.44% had attempted suicide [5]. The bar chart below
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visualizes the statistics on mental health problems among
Bangladeshi students.

Systematic reviews show high levels of anxiety and depres-
sion among computer science and computing students across the
education pipeline, including undergraduate and doctoral levels
[6]. In the current situation, students’ mental health in the educa-
tion sector is an exacerbated issue due to academic stress, financial
worries, and prospects of their future. Furthermore, the area that
is most in demand for the (tech) industry has become one of the
most preferred fields for students and their parents. Depression
among IT students is a spectrum, and it can have a negative effect
on their studies and their general condition. Early and precise
prediction of depression severity is critical for timely support and
intervention of depression.

Over the years, research has been carried out to iden-
tify the main cause of mental health issues among individuals.
Madububambachu’s study [7] focused on reviewing the machine
learning (ML) techniques that were used for predicting mental
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health diagnoses; moreover, his paper highlighted the com-
monly used algorithms, datasets, and performance challenges.
Mutalib et al. [8] aimed to develop and evaluate the ML-based
mental health prediction models specifically within higher edu-
cation institutions to support early student intervention. Besides,
Abdur Rahman’s paper emphasized assessing mental well-being
from a psychological and clinical perspective by examining
the key indicators of mental health [9]. Furthermore, Pathak’s
review [10] investigated the pervasive effects of psychological dis-
tress on the general public and caregivers, emphasizing social,
emotional, and caregiving burdens that were associated with
mental illness. This narrative review considers a focused set of
recent studies (2020–2025) on mental health analysis and predic-
tion, considering both ML-based approaches and psychological
assessment perspectives. Moreover, the review emphasizes the
mental-healthcare sector and predictive modeling techniques to
enhance interpretability. Although a significant number of studies
addressed the issue of mental health, explicit research regarding
mental health among IT students is still limited. Additionally, the
implementation of explainable AI (XAI) provides insights for par-
ents, teachers, students, and mental health practitioners, which is
still sparse.

Motivated by the need for early identification and interven-
tion of mental health conditions among IT students, the proposed
system develops a method with a dataset of 1977 students encom-
passing 39 features in the IT sector. The dataset went through initial
preprocessing and feature selection, which reduced the student enti-
ties from1977 to 1906 and features from39 to 7,making the dataset
more compatible and lighter for further analysis and explana-
tions. Several models were utilized; among them, Random Forest
Regressor (RFR), Gradient Boosting Regressor (GBR), AdaBoost
Regressor (ABR), Linear Regression (LR), and the Histogram-
basedGradient Boosting Regressor (HGBR) were significant, with
LR performing the best. Interpretable AI methods, such as Local
Interpretable Model-agnostic Explanations (LIME) and Shapley
Additive Explanations (SHAP), demonstrated that anxiety is the
most important predictor for patients’ level of depression, followed
by stress value, current CGPA, age, and gender.

Major objectives of this research can be summarized as
follows:

• Depression severity level prediction using ML models.
• Identifying the most accurate regression model (RFR, GBR,

ABR, LR, HGBR) upon comparison.
• Identification of key mental health indicators by applying XAI

(LIME, SHAP).

Scope: The study focuses on predicting mental health conditions
of IT students using supervised ML regression models.

2. Materials and Methods

In recent years, various ML techniques have been devel-
oped to predict and analyze mental health conditions of students.
Madububambachu et al. [7] applied regression models for the pre-
diction of mental health effects, without using XAI. S Mutalib
et al. [8] undertook an extensive survey of mental health mod-
els looking at their conceptual frameworks but used only logistic
regression. Abdul Rahman et al. [9] analyzed mental well-being
via surveys and psychological assessments, with measurement
rather than predictive modeling being the focus. Pathak et al.
[10] discussed the use of ML for mental health more generally,
which focused on psychological distress in the general public. The
papers mainly focused on college and university students. How-
ever, studies specifically targeting IT students were absent. The
proposed method overcomes the limitation of predicting mental
health conditions of IT students and analyzes the performance
using a regression method.

2.1. Methodology

The main aim of this study was to examine and evaluate
several socio-economic and academic variables on the mental
health of IT students. Prediction using ML algorithms and the
application of XAI are the primary focus in the overall research
framework. The research focuses on predicting the depression
level of IT students based on various socio-economic factors.

Figure 1. Mental health issues among Bangladeshi University students (post-COVID-19 period)
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Table 1. Comparative illustration of literature review

Author(s) Focus area Method used Key findings Target population

Madububambachu
et al. [7]

Prediction of
mental health
outcomes

Systematic literature
review

Summarized ML-based
prediction techniques;
highlighted regression
(logistic) and other ML
methods for mental health
classification

General students

Mutalib et al. [8] Mental health pre-
diction models in
higher education

ML modeling (Decision
Tree, SVM, Neural
Network, Naïve Bayes,
logistic regression)

Applied multiple ML clas-
sifiers to predict stress,
depression, and anxiety
levels; logistic regression
used for classification

Higher education
students

Abdul Rahman et al. [9] Assessment of
well-being

Surveys and psy-
chological
assessments

Measured mental well-
being; focused on
assessment rather than
predictive modeling

General students

Pathak [10] Psychological
distress in care-
givers and
general public

Literature review/gen-
eral discussion of ML
applications

Provided broad overview of
psychological distress and
potential ML approaches
for prediction

General public
and caregivers
of persons with
mental illness

Figure 2. Detailed overview of the proposed research framework illustrating the machine learning pipeline and explainable AI integration
for depression level regression in IT students

The steps include the collection of data from Kaggle, perform-
ing data analysis for visualization, and preprocessing the data to
ensure compatibility for model training. A brief description of the
research architecture is shown in Figure 2.

The figure shows the steps that are included in the data
analysis. The steps include data collection, visual analysis,
dataset preprocessing, model construction, training and testing,
evaluation and selection, and lastly, outcome explanation.

2.1.1. Dataset
The dataset, which was used in this study, is publicly available

on Kaggle under the title “University Students Mental Health”
[11]. An external dataset used for validation is also publicly acces-
sible on Kaggle under the title “Student Mental Health Survey”
[12]. Personal identifiers were not accessed. Furthermore, the data
were used in accordance with the platform’s usage policies. The
primary dataset consists of 1977 data samples and 39 features.
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Among all features, depression is used as the target variable.
Table 2 provides a concise summary of the dataset used.

2.1.2. Data examination and visual analysis
Among all the features, age, anxiety value, stress value,

depression value, current CGPA, and gender (male and female)
were finally selected for the data analysis as all non-numeric sur-
vey questions were excluded. Subsequently, the features are scaled
using min-max scaling.

Xscaled = (X −Xmin)/(Xmax−Xmin) (1)

Visual analysis was performed to analyze the distribution of data.
Visual analysis covered illustration through violin plot, box plot,
and heat map. Figure 3 is a neat visualization for the distribu-
tion of data across the features using a violin plot and a box
plot. A correlation heat map is a graphical representation of the
correlation matrix. Correlation value varies from −1 (strong nega-
tive) to +1 (strong positive), with 0 indicating no correlation [13].
Figure 4 shows the correlation heat map.

2.1.3. Data preprocessing
In data preprocessing, the primary concern was to prepare

the data to apply ML models. The data preprocessing phase
included dropping incompatible columns like recreational activi-
ties that did not have binary classification, and due to overlapping,
one-hot encoding was also not found to be effective. In the fea-
tures like universities, major subjects, and sports engagement
activities, one-hot encoding was applied. Boolean values were
converted to binary, and a small number of data points were elim-

AQ4inated due to missing values. Finally, to decrease dimensionality
and considering the feature importance with respect to depression
value, 7 features were selected along with the depression value
for the subsequent steps. The significant features are shown in
Figure 5. The figure represents all the six features along with
their importance in the dataset, keeping the depression value
as the target column. The important features are explained in
Table 3.

2.1.4. Model construction
In the present study, regression equations were developed to

predict the continuous dependent variable. To make predictions,
both linear and ensemble approaches were used. These models

Table 2. Concise summary of the dataset used for analysis

Category Feature type Description No. of features

Demographic
information

Age, gender, university, depart-
ment, academic year, CGPA,
scholarship/waiver

Basic background information about the
student

7

Anxiety indicators Anxiety Q1–Q7 Questions measuring academic anxiety
symptoms during a semester

7

Anxiety outcome Anxiety value, anxiety label Numerical anxiety score and severity
category

2

Stress indicators Stress Q1–Q10 Questions measuring academic stress and
coping ability

10

Stress outcome Stress value, stress label Calculated stress score and classification 2

Depression indicators Depression Q1–Q9 Questions assessing depressive symptoms
(interest, mood, sleep, energy, etc.)

9

Depression outcome Depression value, depression label Final depression score and severity level 2

Figure 3. Violin plot and box plot illustrating the concentration and outlier range of dataset, respectively
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Figure 4. The heatmap illustrates the strength and direction of relationships among the features, with colors indicating the intensity of
correlation

Figure 5. The bar diagram shows the relative importance of each feature in the dataset, with taller bars indicating higher influence on
the target variable
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Table 3. Summary of the selected features used for analysis

Feature Type Description/notes Value distribution/stats

Age Numeric/categorical Age of participants, grouped in
ranges

18–22: 64%, 23–26: 34%, Other: 2%

Gender Categorical Gender of participants Male: 69%, female: 30%, other: 1%

Current CGPA Numeric/categorical Current academic performance
(GPA)

3.00–3.39: 29%, 3.40–3.79: 28%, other: 43%

Anxiety value Numeric Anxiety score derived from survey 0–4: 6, 4–8: 10, 8–12: 42, . . . (bins given in
the dataset)

Stress value Numeric Stress score derived from survey 0–2.7: 76, 2.7–5.4: 97, . . . (bins given in the
dataset)

Depression value Numeric Depression score derived from
survey

0–2.1: 100, 2.1–4.2: 58, . . . (bins given in the
dataset)

were chosen because they are widely established for capturing
various patterns and relationships in data.

Linear Regression (LR) [14]: This models the relationship
between input features and target variable using a straight-line
equation. The basic equation of LR, where y is the dependent
variable and X is the independent variable, is

Y = mX + C (2)

Random Forest Regressor (RFR) [15]: RFR uses an ensemble of
decision trees (uses a tree-like model for making decisions and
predicting outcomes). To make predictions by averaging outputs.
In the equation, g(x) represents the final predicted value, M is the
total number of decision trees, and rm(x) is the prediction of the
m-th individual decision tree.

g(x) = (1/M) × Σ[m = 1 to M] rm(x) (3)

Gradient Boosting Regressor (GBR) [16]: Builds sequential trees
where each new tree corrects errors of previous ones. In this algo-
rithm, decision trees are built successively. Each successive tree
is used to correct the errors made by the previous trees in the
sequence. Predictions are made by summing the contributions of
all the trees after training all the trees. The final prediction is given
by the formula:

ypred = y1 + 𝜂 · r1 + 𝜂 · r2 + · · · + 𝜂 · rN (4)

AdaBoost Regressor (ABR) [17]: This model uses a sequential
combination of multiple weak learners, giving higher weight to
instances mis-predicted by earlier models. It is based on a loss
function and re-weights the training data at each iteration. The
equation represents the final predicted value. Here, y(x) is the final
prediction after M iterations, which is determined by the weighted
median of the individual weak learner predictions fm (x).

y(x) = Weighted Median({f1(x), . . . , fM(x)};{log(1/𝛽1), . . . , log(1/𝛽M)}) (5)

Histogram-based Gradient Boosting Regressor (HGBR)
[18]: This model uses a faster gradient boosting variant that bins
the continuous features into histograms for efficient training. This
algorithm does regression over negative gradients. The equation
of HGBR is stated below, where M is the total number of trees
and the learning rate is represented by 𝜂.

Prediction = mean + 𝜂(Tree1 + Tree2 +⋯+ TreeM) (6)

2.1.5. Testing and training
To evaluate the models, the following performance met-

rics were used: mean squared error (MSE), mean absolute error
(MAE), coefficient of determination (R²), confidence interval
(CI), and standard deviation (SD). R2 depicts how well a model
explains variance in the target, whereas prediction errors are mea-
sured by MSE and MAE. Additionally, CI provides a range of
values within which the true parameter or estimate is expected to
lie with a certain level of confidence, typically 95%. CI reflects the
reliability of model predictions and statistical estimates, indicat-
ing the degree of uncertainty and helping to quantify the precision
of the results. Lastly, SD determines the dissemination of data
points around the mean. Lower SD indicates stability of the result,
whereas higher SD indicates more variance. These quantities yield
information regarding the reliability, stability, and resilience of
the model predictions.

After testing all models with the aforementioned perfor-
mance metrics (MSE, MAE, R²), it has been observed that LR
provided the best outcome compared to the other regression
methods. It worked well as the data are simple, linear, and low-
noise. Finally, K-means clustering will be used for exploratory
analysis to examine the relationship between anxiety and depres-
sion across different datasets, as anxiety appears to be the most
significant feature that affects the change in depression level from
the feature importance bar graph.

K-means clustering: This technique is an unsupervised ML
algorithm that groups similar data into clusters, where each cluster
is represented by a centroid. Figure 6 illustrates that the relation-
ship between anxiety and depression is positive in the current
dataset, indicating a proportional relationship between the two
variables.

Anxiety: Anxiety is represented by tremendous fear and
worry. It can also include heightened physiological arousal,
accompanied by restlessness. Additionally, this phenomenon
causes increased heart rate and difficulty concentrating. When
these symptoms continue and become incongruent to real threats,
they may illustrate an anxiety disorder [20].

Depression: Depression can be defined as a mood disorder,
which is indicated by continuous sadness, loss of interest in usual
activities, and reduced energy. According to the WHO, this can
further lead to impaired concentration and significant changes in
sleep or appetite, which ultimately affects daily functioning as well
as psychological well-being.

A similar pattern was also observed between anxiety and
depression when the evaluation was carried out using an exter-

Pdf_Fol io:606



Medinformatics Vol. 00 Iss. 00 2026

Figure 6. Visualization of the relationship between anxiety and depression using K-means clustering analysis in the current and external
dataset

Pdf_Fol io:7 07



Medinformatics Vol. 00 Iss. 00 2026

Table 4. Some important metrics for evaluation with their
formulas [19]

Metrics Measurement
Preferred

value

MSE
1
n

n∑
i=1

(Yi − Ŷi)2 Lower

MAE
1
n

n∑
i=1

||Yi − Ŷi|| Lower

R2 value 1 − ∑n
i=1 (Yi − Ŷi)2∑n
i=1 (Yi − Yi)2 Closer to 1

CI Sample-mean ± margin of error Higher

SD √∑n
i=1(xi − x̂)2
n − 1

Lower

nal dataset that constitutes data of 88 students across various
universities in Pakistan, resembling a coherent result across the
subcontinent.

2.1.6. Outcome explanation
To further elucidate the best-performing regression model,

XAI approaches were applied to analyze the impact of single fea-
tures on the model output response. This interpretability is very
attractive as it adds transparency to the prediction, and it makes
the output more credible.

SHAP values (reflect from cooperative game theory) quan-
tify the degree to which each feature impacts the prediction for
both overall and individual instances [21]. Furthermore, local
explainability techniques such as LIME are used in XAI to
interpret individual predictions of complex ML models [22, 23].
For better assimilation of the model, SHAP and LIME were
implemented for the explainability of the outcome.

3. Results and Discussion

Table 5 represents the overall performance of the models. This
table shows that LR has the lowest MSE, MAE, and highest R2 of
0.025011, 0.119797, and 0.581867, respectively. All the evaluation
metrics have been explained in Section II (F). Furthermore, fold-
wise performance of LR was evaluated for better accuracy, which
is illustrated in Table 6. It was observed that Fold 10 came out
with the best results.

The 95% CI for the R² value helps avoid interpreting the
result using just a single value and provides an understanding
of the model’s reliability across a range of values. This out-
come shows the range within which the true performance of the

Table 5. Performance evaluation of all the models

Model MSE MAE R2

Random Forest Regressor 0.031727 0.136562 0.469594

Gradient Boosting Regressor 0.025700 0.121302 0.570365

AdaBoost Regressor 0.026890 0.128368 0.550463

Linear Regression 0.025011 0.119797 0.581867

Histogram-based Gradient
Boosting Regressor

0.029318 0.131097 0.509878

Table 6. 10-fold results of Linear Regressor

Fold/metric MSE MAE RMSE R²

1 0.0208 0.1149 0.1442 0.6163
2 0.0292 0.1208 0.1709 0.5232
3 0.0254 0.1249 0.1595 0.5978
4 0.0209 0.1156 0.1444 0.6261
5 0.0226 0.1175 0.1503 0.6050
6 0.0300 0.1276 0.1732 0.5388
7 0.0239 0.1224 0.1547 0.5960
8 0.0249 0.1238 0.1578 0.5702
9 0.0223 0.1231 0.1493 0.6266
10 0.0196 0.1121 0.1401 0.7078
Mean 0.0240 0.1203 0.1544 0.6008
SD 0.0035 0.0050 0.0111 0.0515

95% CI (L) 0.0215 0.1167 0.1465 0.5640

95% CI (U) 0.0265 0.1238 0.1624 0.6376

model is likely to fall. This means the model is not performing
by chance but is performing consistently, with its accuracy within
a definite range. If this range is narrow, it indicates that the
model is consistent and stable, whereas a wider range would
suggest more uncertainty. Therefore, the CI makes it easier to
interpret how much we can trust the model’s predictions in prac-
tical situations. The model predicted a mean value of R² as
0.6008 with a 95% CI of 0.5640–0.6376; thus, 95% CI(L) =
0.5640 and 95% CI(U) = 0.6376, meaning that it is 95% con-
fident that the value of R² lies between 0.5640 and 0.6376. On
the other hand, SD indicated that R² values vary on average
by ±0.0515 from the mean value of 0.6008, which reflects the
stability and reliability of the prediction. The R² value of approx-
imately 0.6008 reflects a satisfactory level of explanatory power.
Unlike categorical classification approaches, the regression model
captures the continuous variation in depression levels, providing
a more precise and realistic representation of patient condition,
which may also contribute to the moderate R² value. As a result,
the model preserves the granularity of depression severity rather
than categorical segregation. From a clinical perspective, this
approach can provide valuable support to medical practitioners
by enabling them to monitor subtle changes in depression sever-
ity with respect to the change in psychological factors such as
anxiety as well as academic and social factors like CGPA, gender
and age, these findings will help to identify early risk trends, and
make more informed decisions regarding intervention and treat-
ment planning, thereby complementing traditional assessments
and enhancing personalized patient care.

XAI plays a vital role in the overall framework of the dataset
that helps interpret model predictions through training and
testing. Using the LR model, XAI shows the impact of anxiety,
stress, gender, age, and CGPA in fluctuating the depression level
compared to other features. SHAP and LIME were used as XAI
techniques, where SHAP explains the overall effect of the features
across the dataset while LIME explains feature significance for
individual cases. Figure 7 represents the LIME and SHAP plot
for the model.

The SHAP and LIME analyses indicate that anxiety is the
most influential factor, followed by stress, in driving variations
in depression levels. Overall, it was observed that psychological
factors have more influence in causing depression.

This research not only studies the use of ML models and
XAI but also dives into the psychiatry domain of medical science,
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education, and current psychological and social conditions of
IT students. By enhancing the predictive capabilities, significant
steps can be taken toward improving the mental health conditions
of IT students and the education curriculum in IT sectors. The
methodology demonstrates promising results in predictive capa-
bility, with LR emerging as the most accurate model. Moreover,
this study presents a proof-of-concept framework demonstrat-
ing the potential of integrating ML and XAI for depression
prediction. Since the dataset consists mainly of universities in
Bangladesh, this prediction might not be similar in all regions
of the world, leading to potential biases in the dataset. Besides,
the findings are illustrative and require further validation using
larger and more diverse datasets. Despite the aforesaid limitations,
the result will serve well in predicting the mental health condi-
tion of the people of South Asia. Feature optimization techniques
like principal component analysis can be implemented to further

enhance the accuracy of the results in the future. Table 7 pro-
vides a comparison between the proposed methods and existing
methods.

In the above table, it can be illustrated that the proposed
method describes the IT students’ mental health condition by
using the regression method and XAI, which is not present
in related studies. Most of the papers used classification and
measured performance using accuracy; thus, R² remained absent.

The identification of anxiety, stress, gender, age, and CGPA
as key contributors to depression among IT students aligns
with earlier research on student mental health, while extend-
ing insights through the use of XAI. However, unlike previous
studies, which were based on classification models, this research
is a combination of regression with interpretable ML techniques.
The results obtained from the research underscore the importance
of targeted interventions in higher education, enabling universi-

Figure 7. Relative contribution and impact of each feature on the final model prediction demonstrated by SHAP and LIME plot

Table 7. Comparison between the proposed method and existing methods

Study (short) IT students Regression XAI R²

Madububambachu et al. [7] No No No N/A

Mutalib et al. [8] Yes Yes (logistic regression) No N/A

Abdul Rahman et al. [9] Yes No No N/A

Pathak [10] No No No N/A

Proposed method Yes Yes Yes 0.6008 (after cross-validation)
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ties, guardians, and mental health practitioners to address critical
stressors and promote well-being in IT-focused learning environ-
ments. Overall, this research provides a combined, explainable
outlook of the factors affecting mental health.

4. Conclusion

The paper successfully combines ML and XAI in predicting
mental health conditions of IT students. Furthermore, the paper
demonstrates promising results in predicting mental health condi-
tions among IT students. The paper highlighted the main reasons
for depression among IT students, as identified by SHAP inter-
pretation of the LR model, where anxiety and stress are identified
as the main reasons. This finding underscores the need of univer-
sities and guardians to remain attentive to students regarding their
mental condition and well-being in order to maintain a healthy
environment in the IT-education domain. The method used a
dataset of 1977 students, which was further reduced to 1906 in
the data preprocessing stage. Upon applying feature extraction,
a total of 7 features including the target feature depression were
selected from 39 features based on the impact and suitability of
the prediction. Among all the models, LR came out as the best
performer, achieving an R² of 0.581867. This model was further
evaluated by a 10-fold cross-verification, which resulted in achiev-
ing an R² of 0.6008. Lastly, SHAP and LIME plots were used as
a part of XAI to explain the outcome of the result.
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