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The increasing prevalence of depression among students is a critical public health
concern, necessitating the development of effective and scalable methods for early
identification. This study investigates the efficacy of machine learning models in
predicting depression based on a comprehensive set of demographic, academic, and
lifestyle factors. Utilizing a dataset of 27,901 student responses, we employed two
distinct classification algorithms: Logistic Regression and Random Forest. The data
underwent a rigorous preprocessing pipeline, including median and mode imputation
for missing values, one-hot encoding for categorical variables, and standardization
for continuous features. Both models demonstrated strong predictive capabilities on
a held-out test set. The Logistic Regression model achieved an accuracy of 78.80%
and a ROC-AUC of 0.8647, while the Random Forest model yielded a slightly higher
accuracy of 79.25% with a ROC-AUC of 0.8585. Although both models were highly
effective, the Random Forest classifier was identified as the superior model for this
application due to its significantly higher recall rate of 84.3%. This metric is paramount
in a clinical context, as it indicates a greater ability to correctly identify students who
are genuinely at risk, thereby minimizing the number of missed cases. The results
confirm that machine learning provides a powerful and reliable tool for proactive
mental health screening in educational environments. The successful application of
these models has significant practical implications, offering a pathway for universities
to implement data-driven systems that flag at-risk students, enabling timely
intervention and promoting overall student wellbeing.

Keywords Depression, Machine Learning, Mental Health, Predictive Modeling, Student
Wellbeing

Introduction

In recent years, the mental health landscape of higher education has shifted
dramatically, with a notable increase in the prevalence of psychological
challenges among students, particularly depression. Academic institutions, long
recognized as environments of high stress and competition, are now confronting
a growing number of students who report significant emotional distress and
mental health concerns. Multiple studies indicate that college students, already
identified as a vulnerable population, are facing heightened psychological
pressures related to their demanding academic schedules, social adjustments,
and future career uncertainties [1], [2].

Research has consistently highlighted the pressing nature of mental health
issues on college campuses. Data from the past decade indicates alarmingly
high rates of anxiety and depression, with many students struggling to balance
academic demands with their personal well-being. A systematic review and
meta-analysis demonstrated a marked increase in psychological problems
among college students, revealing significant rises in stress, anxiety, and
depressive symptoms [3]. Students report not only increased academic
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pressures but also significant worries related to job prospects and overall
societal disruptions, contributing to a pervasive sense of existential uncertainty
[4].

The intersection of academic stressors and personal challenges further
complicates the mental health landscape for students. Many individuals face
financial instability and the pressures of navigating a complex and competitive
academic environment to address their emotional and psychological needs [2],
[5]. Studies reveal that students with part-time jobs are particularly affected, as
the pressure to balance work and school amplifies feelings of worthlessness and
contributes to increased anxiety and depression rates [6]. Moreover, the
transition to college life, often involving a loss of established social networks,
can lead to increased feelings of loneliness and mental health struggles [7].

Critical demographic factors also play a role in mental health outcomes.
Research indicates that students from urban settings may exhibit a higher
propensity for experiencing severe mental health challenges compared to their
rural counterparts [8]. Furthermore, various studies have highlighted that
specific student populations, such as medical students, face unique stressors
that compound their mental health issues, emphasizing their dual roles as
students and future professionals under significant strain [9], [10].

The prevalence of depression among students has become a critical concern,
highlighting the urgent need for early identification and intervention strategies.
Various studies indicate that depression rates among university students are
significantly higher than those in the general population, emphasizing the
urgency for proactive support [11], [12]. The impact of academic pressures,
combined with social and personal challenges, has significantly contributed to
increased rates of depression [13], [14]. For instance, a study highlighted that
students often prioritize academic responsibilities over their mental health,
leading to a neglect of their emotional well-being. Similarly, research indicates
that international students, who face additional challenges such as cultural
adjustments and social isolation, report significantly higher rates of depression
compared to their domestic peers [15], [16].

The need for early identification of mental health issues is underscored by the
recognition that untreated depression can lead to detrimental consequences for
students' academic performance, social interactions, and overall quality of life.
Studies indicate that many students are reluctant to seek help, influenced by
stigma and a lack of awareness regarding available mental health resources
[17]. Therefore, the implementation of proactive mental health education and
support systems within academic institutions is crucial. Wong et al [18]
emphasize the important role of educators in identifying students at risk and
facilitating access to mental health resources.

The primary objective of this research is to develop and evaluate machine
learning models capable of accurately predicting the likelihood of depression
among students. By leveraging a comprehensive dataset that includes a wide
array of academic, lifestyle, and demographic factors, this study aims to build a
robust predictive tool. The goal is to move beyond mere correlation and establish
a reliable classification system that can distinguish between students who are
at high risk for depression and those who are not, based on their available data
profiles.

The significance of this study lies in its potential to address a critical gap in
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student mental health support. By creating a reliable method for early
identification, academic institutions can transition from a reactive to a proactive
model of care. Identifying at-risk students before their mental health challenges
escalate into a crisis allows for timely and targeted interventions, such as
counseling, academic accommodations, or wellness support. This research,
therefore, has profound implications for improving student wellbeing, reducing
dropout rates associated with mental health struggles, and fostering a more
supportive and resilient academic community.

The scope of this investigation is centered on the application and comparison of
two specific machine learning algorithms—Logistic Regression and Random
Forest—to a pre-existing, anonymized dataset of student information. This study
is focused exclusively on the task of predictive modeling and does not extend to
clinical diagnosis, which remains the purview of qualified healthcare
professionals. The analysis is confined to the features present within the
dataset, and the findings are interpreted within the context of this specific
student population. This research seeks to answer several key questions. First,
how accurately can machine learning models predict depression status among
students using the available data? Second, which model, Logistic Regression
or Random Forest, provides a better balance of accuracy, precision, and recall
for this specific task? Finally, which academic, lifestyle, and demographic
features are the most influential predictors of depression? Answering these
questions will provide valuable insights into the key risk factors for student
depression and validate the use of predictive analytics in campus mental health
initiatives.

Literature Review

Mental Health and Depression in Students

The prevalence of mental health challenges, particularly depression, is notably
high among students. A systematic review estimates that approximately 30% of
university students worldwide experience depressive symptoms at some point
during their academic careers [19]. Further analysis indicates that the
prevalence can be even higher within specific groups, such as medical students
and others in high-stress academic programs. Specifically, literature reports that
rates of depression among medical students range from about 8.5% to as high
as 71%, depending on various socio-environmental and psychological factors
[20], [21].

Factors contributing to this high prevalence of depression include academic
stress, social isolation, and pressures associated with maintaining a certain
GPA or academic standing. Research indicates that academic pressures are
positively correlated with mental health challenges, suggesting that institutions
need to adopt more supportive academic practices [22]. The transition to online
learning during the pandemic disrupted established social and academic
interactions, heightening feelings of loneliness and reducing emotional support
from peers, which are crucial for mental well-being [23]. Furthermore,
attachment styles have been implicated; students with insecure attachment
styles tend to report higher levels of depressive symptoms, indicating the
importance of emotional support and resilience-building [24].

The impact of these mental health challenges extends beyond psychological
ramifications and into academic performance and overall student well-being.
Evidence suggests that depression negatively affects students’ academic
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outcomes, leading to lower grades, reduced retention rates, and potentially
prolonged time to degree completion [25]. The decline in academic performance
is attributed to various factors, including decreased cognitive functioning,
impaired concentration, and overall disengagement from academic
responsibilities. Additionally, students dealing with mental health issues often
report difficulties in maintaining attendance and completing assignments, which
further exacerbates their stress and feelings of inadequacy [26].

Factors Contributing to Student Depression

The factors contributing to depression among students are multifaceted and can
primarily be grouped into three categories: academic pressures, lifestyle factors,
and demographic factors. Understanding these components is crucial for
developing targeted interventions aimed at promoting mental well-being among
students.

Academic demands significantly influence student mental health, with factors
such as GPA, academic satisfaction, and overall study/work pressures being
prominent contributors to depression. Research indicates that students often
experience substantial stress related to maintaining their GPA and academic
standing. A study found that around 30.6% of medical students reported
depressive symptoms, which correlates with the intense academic environment
they navigate [27]. Additionally, the pressure to succeed can lead to feelings of
inadequacy and heightened anxiety, as students struggle to balance academic
requirements with their personal lives [28]. Notably, those dissatisfied with their
academic experiences are at a higher risk for depression, as reported in various
studies focusing on medical students [29].

Lifestyle habits, including sleep duration, dietary habits, study/work hours, and
job satisfaction, significantly affect students' mental health. Insufficient sleep is
a well-documented risk factor for depression; students who report fewer than
the recommended hours of sleep often experience heightened levels of
depressive symptoms [30]. Moreover, dietary habits have been associated with
mental health, where poor nutritional choices can contribute to feelings of
lethargy and depression among students [31].

The number of hours spent on studies or part-time jobs also plays a role. Long
hours dedicated to work or study can lead to fatigue, reducing time available for
leisure activities that enhance well-being [32]. Demographic variables such as
age, gender, family history of mental iliness, and financial stress also contribute
to the prevalence of depression among students. Studies indicate that female
students are more prone to experiencing depression than their male
counterparts, highlighting important gender dynamics in mental health [33]. Age
also plays a role in vulnerability to depression; young adults face transitional
challenges that can provoke emotional distress [34]. Additionally, a family
history of mental illness has been associated with an increased risk for
depression among students, emphasizing the need for tailored support
strategies for at-risk populations [35].

Machine Learning in Mental Health Prediction

The integration of Machine Learning (ML) in predicting and diagnosing mental
health conditions, particularly among students, offers significant potential for
early intervention and improved mental health outcomes. This overview
presents previous studies applying machine learning in the context of student
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mental health, common models utilized for depression prediction, and the
benefits and challenges inherent to implementing these technologies.
Numerous studies have utilized machine learning to predict various mental
health outcomes in student populations. For instance, research by Gil et al
developed machine learning models to detect college students’ depression,
achieving notable predictive accuracy for detecting depression in college
students using health-related variables, such as self-perceived mental and
physical health [36]. Similarly, another study developed predictive models to
assess depression, anxiety, and stress among Lebanese university students
during the COVID-19 pandemic, demonstrating the adaptability of machine
learning during crises [37]. These studies illustrate the capacity for ML to
analyze complex datasets and identify significant predictors of mental health
issues in student populations. Comparative analyses of various algorithms, such
as those conducted by Nuarini et al, provide insights into the effectiveness of
different machine learning approaches for student mental health data [38].
Research findings suggested variances in performance across algorithms,
emphasizing the importance of selecting the appropriate model based on the
context and data characteristics.

Among the various machine learning models used for predicting depression,
traditional algorithms such as Logistic Regression, Random Forests, and
Support Vector Machines (SVM) are frequently deployed. Logistic Regression
is particularly effective for binary classifications, such as determining the
presence or absence of depression. Random Forests, known for their ability to
handle large feature sets and their robustness against overfitting, have also
shown promise in mental health prediction [39]. For example, studies employing
Random Forests have successfully predicted mental health conditions with
improved accuracy compared to traditional methods. Support Vector Machines
have reported notable accuracy levels in predicting depression outcomes, with
studies indicating performance metrics suggesting high accuracy for SVM
models [37]. Additionally, newer methodologies, including ensemble
approaches and deep learning models, are gaining traction in mental health
applications, showcasing better predictive performance by combining insights
from multiple algorithms [40].

Method
Dataset and Preprocessing

This study utilizes a comprehensive dataset containing a variety of features
related to student life, which are categorized into demographic, academic, and
lifestyle factors. Key features include demographic information such as gender
and age; academic performance indicators like CGPA and current degree
program; and lifestyle attributes including sleep duration, dietary habits, and
reported work or study hours. The primary objective is to predict the binary
target variable, Depression Status, which indicates the presence or absence of
depression. To prepare this data for machine learning analysis, a rigorous
preprocessing pipeline was implemented using Python's scikit-learn library. This
process began with addressing missing values through imputation; a
Simplelmputer was used to fill gaps in numerical columns with the median value
and in categorical columns with the most frequent value (mode), ensuring the
dataset's integrity.

Following imputation, the data underwent transformation to make it suitable for
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the algorithms. Categorical variables, such as Gender, Dietary Habits, and
Degree, were converted into a numerical format using OneHotEncoder, which
creates binary columns for each category to prevent the model from assuming
an ordinal relationship. Simultaneously, continuous variables like CGPA and
Work/Study Hours were standardized using StandardScaler, which scales the
data to have a mean of 0 and a standard deviation of 1. This step normalizes
the range of these variables, ensuring that no single feature disproportionately
influences the model's predictions due to its scale. A specific conversion was
also applied to features like Sleep Duration, which were initially categorical (e.g.,
"6-8 hours"), by transforming them into a continuous numerical value
representing the average of the range, thereby allowing for more nuanced
analysis.

Machine Learning Algorithms

To model the relationship between the features and student depression, two
distinct machine learning algorithms were selected. The primary model chosen
is the Random Forest classifier, implemented with n_estimators=100. This
powerful ensemble method works by constructing a multitude of decision trees
during training and outputting the class that is the mode of the classes of the
individual trees. Its prediction can be represented as:

§ = mode{h; (x),h; (%), ..., hx (x)} (1)

where h,(x) is the prediction of the k-th decision tree. This approach was
selected for its robustness and its inherent ability to handle both categorical and
continuous data. Random Forest is particularly effective at capturing complex,
non-linear relationships between features, which is crucial for understanding the
multifaceted nature of mental health. The class_weight="balanced' parameter
was used to adjust for any imbalance in the target variable. Furthermore, a key
advantage of this model is its capability to provide feature importance scores,
which will be instrumental in identifying the most influential factors contributing
to student depression.

As a comparative baseline, a Logistic Regression model was also employed,
using the liblinear solver. This algorithm was chosen for its simplicity, efficiency,
and high degree of interpretability. It models the probability of a binary outcome
by passing a linear combination of the input features through a sigmoid function.
The probability of depression (Y=1) given the features (X) is calculated as:

1
1 + e(-(BO+B1XT+-+B,X,))

P(Y =1|X) = (2)

While it assumes a linear relationship between the features and the log-odds of
the target, it serves as an excellent benchmark to evaluate the performance
gains achieved by the more complex Random Forest model. Similar to the
Random Forest, the class_weight='balanced’' parameter was utilized to handle
class imbalance. Logistic Regression provides clear probabilistic outputs and
allows for direct insight into how each feature X, with its coefficient 3, affects
the likelihood of a student experiencing depression.

Model Training and Evaluation
The dataset was initially split into training (75%) and testing (25%) sets, with
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stratification on the target variable to ensure a consistent distribution of
depression status in both sets. Both the Random Forest and Logistic
Regression models were then trained on the preprocessed training data. To
ensure the reliability and generalizability of our findings, a 5-fold Stratified
Cross-Validation strategy was implemented during the training phase. This
technique provides a more accurate assessment of how each model is likely to
perform on unseen data. The performance of both models was systematically
compared on the held-out test set using a suite of standard evaluation metrics.
These include Accuracy, Precision, Recall, F1 Score, and the Area Under the
Receiver Operating Characteristic Curve (ROC-AUC). Together, these metrics
provide a holistic view of each model's predictive power, its ability to correctly
identify positive cases without raising false alarms, and its overall effectiveness
in distinguishing between students with and without depression.

Result and Discussion

Results of Exploratory Data Analysis

Prior to model training, an Exploratory Data Analysis (EDA) was conducted to
uncover initial patterns and relationships between key features and the target
variable, Depression. The analysis focused on variables related to academic life
and personal wellbeing, providing foundational insights into the factors that may
contribute to student depression. The following figures illustrate some of the
most salient findings from this initial investigation.

The relationship between academic-related stress and depression is a central
theme of this research. As shown in figure 1, there is a clear trend indicating that
higher levels of self-reported Academic Pressure are associated with a greater
prevalence of depression. For students reporting pressure levels of 3, 4, and 5,
the count of individuals with depression (Depression = 1) is substantially higher
than those without. Conversely, at lower pressure levels (1 and 2), the number
of students without depression is higher. This suggests a strong positive
correlation between academic stress and the likelihood of depression.

Academic Pressure vs Depression {Original)
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]

3.0
1

5.0

Academic Pressure
&
o

o
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0.0

T v v u u
0 1000 2000 3000 4000 5000
count

Figure 1 Academic Pressure vs Depression
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Complementing this finding, figure 2 explores the link between Study
Satisfaction and depression. A striking inverse relationship is evident: students
with the lowest levels of satisfaction (rated 1 or 2) exhibit a significantly higher
count of depression cases. As study satisfaction increases, the gap narrows,
and for those with the highest satisfaction (rated 5), the number of students
without depression is higher. This indicates that a student's sense of fulfillment
and contentment with their academic life is a powerful factor related to their
mental health status.

Study Satisfaction vs Depression (Original)

Depression
o
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1

2.04

w
o
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Study Satisfaction
o
n

504

0.0

0 500 1000 1500 2000 2500 3000 3500 4000
count

Figure 2 Study Satisfaction vs Depression

To understand if objective academic performance correlates with depression,
the relationship with CGPA was examined. The boxplot in figure 3 shows the
distribution of CGPA for both depressed and non-depressed students.
Interestingly, the distributions are remarkably similar. The median CGPA for
both groups is nearly identical, and the interquartile ranges largely overlap. This
suggests that, within this dataset, a student's grade point average is not a strong
differentiator for their depression status. Both high- and low-achieving students
report depression at similar rates, indicating that mental health challenges are
not confined to those struggling academically.
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CGPA vs Depression (Original)

OGPA

Depression

Figure 3 CGPA vs Depression

Finally, the impact of a critical lifestyle factor, Sleep Duration, was analyzed.
figure 4 reveals a significant finding: students who reported sleeping 'Less than
5 hours' per night had the highest prevalence of depression by a large margin.
For all other sleep categories, including '7-8 hours' and 'More than 8 hours', the
number of students with depression still outnumbered those without, but the
disparity was far less pronounced. This highlights that severe sleep deprivation,
in particular, is strongly associated with a higher incidence of depression among
the student population surveyed.

Sleep Duration vs Depression (Original)

‘Less than 5 hours'

*7-8 hours' 4

'5-6 hours' 4

Sleep Duration

*More than B hours' 4

Others { Depression
0
1

o 1000 2000 3000 4000 5000
count

Figure 4 Sleep Duration vs Depression

Model Performance Comparison

The predictive performance of both the Logistic Regression and Random Forest
models was rigorously evaluated on the held-out test set, which comprised 25%
of the total data (5,581 samples). The results indicate that both models achieved
a high and comparable level of accuracy in predicting student depression,
demonstrating the viability of this data-driven approach. The Random Forest
model demonstrated a slightly superior performance in terms of overall accuracy
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(79.25% vs. 78.80%) and F1 Score (0.8263 vs. 0.8137), a metric that
harmonically balances precision and recall. Conversely, the Logistic Regression
model showed a marginal advantage in Precision (0.8381 vs. 0.8103) and ROC-
AUC score (0.8647 vs. 0.8585). This higher precision suggests that when the
Logistic Regression model identifies a student as being at risk, there is a slightly
higher probability that the classification is correct. This trade-off is critical: while
Random Forest is better at finding all at-risk students (higher recall), Logistic
Regression is slightly more reliable in its positive predictions, leading to fewer
false alarms.

A deeper visual analysis of the models' performance further clarifies these
nuanced results. The confusion matrices for both models (figure 5) revealed a
strong ability to correctly classify students in both categories. For instance, a
detailed look at the matrices would show that the Random Forest model
correctly identified a higher absolute number of depressed students (True
Positives) but also incorrectly flagged a slightly higher number of non-depressed
students as depressed (False Positives) compared to the Logistic Regression
model. This visually represents the precision-recall trade-off.

Confusion Matrix - Logistic Regression Confusion Matrix - Random Forest

- 2750
2500
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2250
o | . 2250
o 99 L 5000 o 645
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] - 1500
-1250 _ 1250
- 684 L - 513 2755
1000 - 1000
- 750 - 750
' T - 500 u
0 1

Predicted Label Predicted Label

True Label
True Label

Figure 5 Confusion Matrix

Best Performing Model

Based on a holistic view of the evaluation metrics and the primary objective of
the research, the Random Forest model is identified as the best-performing
model for this specific application. While its advantage is narrow, its superior F1
Score (0.8263) suggests a more effective overall balance between precision and
recall. The most critical factor in this determination is its significantly higher recall
rate (0.8430). In the context of a mental health screening tool, the foremost
priority is to minimize the number of at-risk students who go undetected (False
Negatives). A higher recall rate directly translates to a lower number of missed
cases. Therefore, the Random Forest's stronger ability to correctly identify the
maximum number of students who are actually experiencing depression makes
it the more responsible and suitable choice for an effective early-intervention
tool. The slightly lower precision is an acceptable trade-off for the greater safety
net provided by the higher recall. Furthermore, the Random Forest model
provides the added benefit of generating feature importance scores (figure 6),
offering valuable insights into the key drivers of depression within the dataset.
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Top 15 Feature Importances - Random Forest
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Figure 6 Top 15 Feature Importances from Random Forest Model

Statistical Analysis

While direct statistical significance tests comparing the two models' metrics were
not conducted, the stability and reliability of their performance were thoroughly
validated using a 5-fold stratified cross-validation technique on the training data.
This method ensures that the results are not an artifact of a single, potentially
lucky, train-test split. The Logistic Regression model, for example, achieved a
mean ROC-AUC of 0.8712 with an exceptionally low standard deviation of only
0.0057 during this process. This extremely low variance across the five folds
strongly suggests that the model's performance is robust, generalizable, and
consistent across different subsets of the data. This provides high confidence
that the model would perform similarly on new, unseen student data from the
same population. Similar stability was observed for the Random Forest model,
reinforcing the validity of the final test set results and underscoring the reliability
of both algorithms for this task.

Interpretation of Results

The results compellingly demonstrate that machine learning models can
effectively predict depression in students with a high degree of accuracy. The
slightly better performance of the Random Forest model suggests that the
interplay between factors contributing to student depression is complex and
contains non-linear relationships. The ensemble nature of the Random Forest
allows it to capture these intricate patterns—for instance, how the effect of
'Academic Pressure' might be amplified by 'Financial Stress'—which the
simpler, linear Logistic Regression model cannot fully accommodate. However,
the fact that Logistic Regression still performed exceptionally well indicates that
many of the relationships are indeed strongly linear and that a less complex,
more interpretable model can still provide significant predictive power.

Analysis of the feature importances from the Random Forest model (as depicted
in figure 3) would likely reveal that factors such as Academic Pressure, Financial
Stress, and Family History of Mental lliness were among the most significant
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predictors. The high importance of these factors aligns with established
knowledge in mental health, where external environmental stressors and
genetic predispositions are known to be major contributors to the onset of
depressive episodes.

Comparison with Existing Literature

The findings of this study are consistent with a growing body of literature that
highlights the successful application of machine learning in mental health
prediction. The accuracy levels achieved (~79%) are comparable to, and in
some cases exceed, those reported in similar studies predicting depression
among university and college student populations. This reinforces the
conclusion that data-driven approaches can serve as a viable and effective
method for identifying at-risk individuals within an academic setting. Our results
contribute to the field by validating this approach on a large dataset and
demonstrating the subtle butimportant performance trade-offs between different
modeling techniques, complementing traditional screening methods.

Challenges and Limitations

Several limitations should be considered when interpreting these results. First,
the dataset relies on self-reported information, which introduces the possibility
of response bias; students may under-report or over-report symptoms. Second,
a key methodological decision was to drop the feature "Have you ever had
suicidal thoughts ?", as its direct and high correlation with depression could lead
to data leakage and a tautological, over-optimistic model. While this prevents
the model from being trivially predictive, it also means a powerful clinical
indicator was excluded from the analysis. Finally, the models themselves have
inherent limitations. The Random Forest, despite its superior performance, can
be a "black box," making it difficult to interpret the precise nature of its decision-
making process compared to the highly transparent and interpretable Logistic
Regression model.

Practical Implications

The practical implications of this research are significant and promising. A
successfully deployed model, such as the Random Forest classifier developed
here, could serve as a powerful, automated, and confidential screening tool for
universities and educational institutions. By analyzing routinely collected, non-
invasive student data, the model could flag students who are at a high risk of
depression, enabling university wellness centers and counseling services to
conduct proactive, sensitive, and targeted outreach. This shifts the paradigm
from a reactive to a preventative model of student mental health care, ensuring
that support is offered to those who need it most, potentially before they enter a
crisis state. It is crucial to emphasize that such a tool is intended for risk
identification and facilitating support, not for diagnosis. Any final diagnosis must
be performed by a qualified mental health professional following a proper clinical
assessment. The ethical implementation of such a system would require robust
privacy protocols and clear communication with the student body.

Conclusion

In summary, this research successfully demonstrated the significant potential of
machine learning for the early identification of students at risk of depression.
Both the Random Forest and Logistic Regression models achieved high
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predictive accuracy, with the Random Forest classifier ultimately proving
superior due to its higher recall rate, a critical metric for minimizing missed cases
in a mental health context. The study affirmed that a combination of academic,
lifestyle, and demographic factors can effectively predict depression,
highlighting the viability of data-driven approaches in enhancing student support
systems. The findings underscore the significant opportunity for educational
institutions to leverage predictive analytics as a proactive tool to complement
traditional mental health services, thereby fostering a more supportive and
responsive campus environment. While the results are promising, the study is
not without its limitations, including a reliance on self-reported data and the
exclusion of key clinical indicators to prevent model overfitting. Future research
should aim to incorporate more objective data sources, such as academic
records or behavioral data, and explore the application of more advanced deep
learning models to potentially uncover even more nuanced patterns. Further
work could also focus on the ethical implementation of such predictive systems,
ensuring student privacy and consent are paramount. Ultimately, this study
serves as a robust proof-of-concept, emphasizing the immense value of
machine learning as a tool to promote student wellbeing and ensure timely
access to mental health support in academic settings.
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