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ABSTRACT

Due to their impact on psychological well-being, educational engagement, and long-term educational outcomes,

mental health problems among university students have received increasing attention. The goal of this research was to use

machine learning algorithms to predict mental health conditions among university students and to assess how developmental,

demographic, academic, and psychosocial factors affect those predictions. A publicly available dataset containing 101

university students was used to perform analyses using logistic regression, random forests, and gradient boosting algorithms,

with the following variables included: age, gender, marital status, cumulative grade point average (CGPA), anxiety, panic

attacks, and treatment-seeking behavior. The data were preprocessed, features were engineered, and an 80/20 train-test

split was used to assess the predictive performance of the models. The results showed that gradient boosting achieved the

highest accuracy (88%) in classifying targets, followed by random forest (84%) and logistic regression (76%), and the

confusion matrix analyses further confirmed that the predictive models were stable, as evidenced by low false-positive and

false-negative classifications. The most important predictors were anxiety and marital status; CGPAwas a relatively weak

predictor. Ensemble MLmethods identified complex relationships in student mental health, and this study shows how to

use these methods to provide an exploratory, predictive framework for early identification and screening of mental health

issues, and to support strategies for students through data-informed decisions in universities.
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1. Introduction

Higher education institutions must provide support for

student well-being in a time of rapid social, academic, and

technological change. Educational institutions now have new

expectations around not only academic success but also emo-

tional resilience, psychological adaptation, and the long-term

functioning of students as fundamental to achieving educa-

tional success. The transition into university life often coin-

cides with significant developmental changes for many stu-

dents such as increasing autonomy, establishing an identity,

experiencing financial stressors, social restructuring, and un-

certainty regarding future careers, all of which can add to the

psychological vulnerability of young adults [1,2]. Therefore,

student mental health has transitioned from being an individ-

ual issue to one that has become institutional and societal in

nature, impacting student retention rates, student productivity

levels, and the educational sustainability of the institution.

Traditional methods for examining student perfor-

mance and psychological health have become less valid be-

cause of the changing nature of students’ experiences. Most

past research about education only focused on those things

that could be measured, such as grades, absences, comple-

tion rates, etc., and did not place as much emphasis on the

emotional and behavioral factors that affect students. Recent

developments in the behavioral sciences indicate that one

cannot have a complete understanding of academic function-

ing without considering students’ psychosocial stability and

coping skills, their ability to manage their emotions, and their

social connectedness [3]. This shift towards an emphasis on

whole-person development models recognizes that mental

health is part of the learning and success of an institution

rather than a separate issue.

Behavioral and educational data interpretation has

changed substantially over the past few decades through

new computational methods. Machine-learning techniques

give researchers new ways to develop predictive models that

go beyond currently accepted models by employing AI to

discover hidden data structures and identify how data vari-

ables interact [4]. There is increasing interest in using these

predictive models in behavioral health research to identify

individuals at risk of developing emotional or other prob-

lems before they affect an individual’s ability to function in

school or society [5]. However, despite recent advances in

predicting behavior, most current studies use only a mathe-

matical approach, with little explanation of how the growth

or development of an individual or a group of individuals

has or will affect their psychological state.

The current study is designed to investigate whether

an integrative approach can be used to analyze data relevant

to student mental health through a hybrid model that incor-

porates developmental theories, psychosocial realities, and

supervised machine learning techniques. The research fo-

cuses on determining the roles of psychological, behavioral,

developmental, and academic variables in shaping university

students’ mental health, and on evaluating whether machine

learning approaches alone provide more accurate and mean-

ingful measures of student well-being than methodologies

based on conventional analytics. This research brings to-

gether three fields of study: higher education, behavioral

health, and data science. Through combined theoretical in-

terpretation and predictive modeling, this research provides

evidence-based mental health strategies, institutional early-

warning systems, and targeted support interventions to im-

prove students’ well-being and academic sustainability.

2. Literature Review

Student mental health is an ongoing concern at uni-

versities because of increased levels of anxiety, depression,

and other mental health issues affecting students’ levels of

engagement with their studies, as well as how well they are

performing overall. The World Health Organization states

that there has been a rise in the global number of students

identified as having mental health issues, which has created

serious public health and educational issues [6]. Addition-

ally, the author(s) of the study conducted by Eisenberg et

al. [7] found that students attending university also exhibit

significantly high levels of psychological distress behaviors

(most frequently anxiety and depression), and these behav-

iors will negatively impact how persistent or well they per-

form academically. Furthermore, researchers also cite that

the presence of poor mental health will adversely affect a

student’s ability to focus, be motivated, or participate in class-

room activities, which will ultimately restrict a student from

succeeding academically [7,8].

Although there is strong evidence of a correlation be-

tween mental health and academic achievement, the results

of these correlational studies are highly inconsistent because
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most earlier studies relied primarily on traditional linear sta-

tistical methods, which do not adequately capture the com-

plex interactions between psychological characteristics and

educational achievement. Richardson et al. [8] argued that a

student’s performance in the academic arena was not simply

influenced by academic characteristics (i.e., grades), but also

by additional psychological characteristics (emotional con-

trol, stress management, and self-efficacy). The limitations

of previous studies have led many researchers to expand their

scope by considering the psychosocial and developmental

factors associated with students’ well-being.

Understanding how developmental theories affect col-

legiate mental well-being is vital to creating a better learning

environment. Emerging adulthood theory by Arnett [1], as

a developmental theory, defines the change between ado-

lescence and adulthood as a period where identity is being

formed (identity exploration); there is a range of instability in

every aspect of life (instability); and emotional vulnerability.

Thus, age is considered more than simply a demographic

indicator; it is a developmental concept that evolves along-

side psychosocial and life changes. Using a developmental

approach provides insight into how students of different ages

or life stages experience mental health challenges differently

from other students, and how academic outcomes may reflect

broader psychosocial functioning.

In addition to developmental characteristics, psychoso-

cial or behavioral characteristics also have a tremendous im-

pact on college students’ mental health. Students’ social sup-

ports, emotional stability, and methods for coping with stress

or crisis provide greater variance in predicting psychologi-

cal well-being than does students’ academic success (CGPA).

Also, the way students behave (e.g., use of counseling or

utilization of mental health services) helps illustrate how stu-

dents socially respond to their psychosocial and mental health

challenges; however, in many cases, these behaviors have

slowed the effectiveness of traditional educational literature.

Research has shown that Machine Learning (ML) is an

effective way to analyze large, complex Behavioral Health

data. According to Bzdok et al. [4], compared with traditional

regression techniques, MLmodels such as Random Forests

and Gradient Boosting can identify non-linear relationships

and interaction effects in Behavioral Health data that were

previously undetectable by traditional methods. Similarly,

Thieme et al. [5] support the use of ML in Mental Health Re-

search because it increases the accuracy of predictive models,

aiding the identification of individuals at risk of developing

mental health problems. Therefore, to improveMLpredictive

models in this area, it will be important to develop Hybrid

frameworks that combine theories of Machine Learning with

those of Psychological Development and Psychosocial Fac-

tors. Employing such Hybrid frameworks that integrate the-

ory, psychosocial factors, and ML into research will improve

the overall understanding of how Mental Health Status and

Academic Performance interact in students [9].

3. Material and Method

3.1. Research Design and Theoretical Orienta-

tion

This study has a cross-sectional quantitative approach

and aims to examine whether or not there is a positive re-

lationship between mental health conditions and develop-

mental lifecycles with academic success (achievement) in

college/university students. The study uses post-positivistic

epistemology (philosophy of knowing) as its research design.

Ahybrid of traditional statistical analyses and artificial intelli-

gence (AI) through machine learning (ML) will be applied in

this research to allow for both theory-driven hypothesis test-

ing as well as hypothesis testing based on data patterns that

were previously unknown. The analyses conducted within

this study will provide significantly more depth and robust

explanations than traditional statistical analyses alone [10].

The research will integrate psychology’s impact on the

student’s academic achievement through the use of MLmeth-

ods to discover intricate/non-linear relationships that cannot

be detected through traditional statistical analyses.

3.2. Data Source and Variable Specification

Asecondary analysis of structured survey data from 101

students from the Malaysian University of Science and Tech-

nology (MUST) was performed to examine how different

types of variables—demographic variables (i.e., age, gender,

and marital status), academic variables (i.e., field of study,

year in field of study, and CGPA), psychological variables

(i.e., the self-reported level of depressive symptoms, high

levels of anxiety, and frequency of panic attacks), and be-

havioral variables (i.e., history of seeking mental health sup-
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port)—relate to psychosocial well-being and academic per-

formance. The intention of including these variables in the

successive analyses was to illustrate the multi-dimensional

nature of these variables in analyzing the relationship be-

tween psychosocial well-being and academic performance

in relation to university students’ experiences.

3.3. Geographical Context and External Valid-

ity

The data in this study were obtained from students in a

Malaysian Higher Education Environment at the Malaysian

University of Science and Technology (MUST)—one of

many countries in Southeast Asia where higher education

exists today. Although there are some notable differences

between an education model based on the institutional and

cultural structure of the United States vs. Asia, many core

psychological predictors (e.g., anxiety, social support) used

to evaluate the success of students in educational settings

appear to have a cross-cultural consistency. These results

should be interpreted in the context of Malaysia and gen-

eralizing findings to another geographic area (e.g., U.S.)

should be done with caution. More cross-national datasets

are needed in future research to allow for an increased level

of external validity and enable other researchers to make

cross-national comparisons regarding mental health for col-

lege students.

3.4. Statistical Power and Sample Adequacy

Using conventional thresholds (i.e., α = 0.05; power

= 0.80) to estimate adequate sample size, we assessed the

statistical power of our study still post hoc (after obtaining

sample size) for instances in which the sample size was suf-

ficient to detect a Moderate Effect Size (Cohen’s f2 ≈ 0.15)

raised the lower bound of the sample sizes needed to detect

this level of effect to approximately 90–100 subjects in a

multivariate analysis model. With a final sample size of N =

101, the study meets the minimum threshold for detecting

moderate effects. However, since the sample was relatively

small at an aggregate level, it may be too small to detect

small effect sizes; therefore, it is possible that variables ex-

hibiting low importance (e.g., Gender and Cumulative Grade

Point Average (CGPA)) should be interpreted with caution.

Nevertheless, the presence of strong and consistent effects

across multiple studies for the key predictors, anxiety and

marital status, validate that, with respect to this study, there is

sufficient statistical power to identify primary relationships.

3.5. Data Preprocessing and Feature Engineer-

ing

Amethodological procedure to pre-process these data

for fidelity and analytic validity is applied. Initially, a data

cleaning operation was performed by deleting some unus-

able data (i.e., timestamps) as well as the re-categorization of

other data with some sort of changing variable (i.e., categori-

cal type of response) to reduce noise (i.e., ambiguity) and its

use: creating an accurate representation of all respondents.

Secondly, the encoding of these data: binary variables

(e.g., whether or not a person has depression) were “dichoto-

mously” encoded (0’s and 1’s), while “nominal” variables

(e.g., program of study, marital status) were “one-hot” en-

coded (i.e., no relationship) to avoid placing an arbitrary

ordinal (i.e., established; applied) relationship on the nomi-

nal variables.

Thirdly, an engineering of features (i.e., the develop-

ment of constructs) strategy to help to operationalize develop-

mentally based theories was implemented. More specifically,

categorical values for “age” were designated based upon var-

ious life stage cohorts (Early Transition = 18–19, Mid-Stage

= 20–21, Advanced = 22–23, Late Stage = 24+) instead of

using a numeric age (i.e., a normally verifiable) to serve as

a measure of developmental and psychosocial progression

when implementing time as a measure of age (i.e., a constant

variable).

The purpose of these age categories is to improve the

ability to interpret subgroups and reduce data sparsity in

moderate-sized datasets; they were not created to define

fixed psychosocial developmental stages of the individual.

Therefore, we consider these age groups as constructs of ana-

lytical modeling only, with no intent to define a classification

of the lifespan.

Data Preprocessing and Preparation

Before creating any models, several preprocessing ac-

tions were performed on the data to enhance the quality of the

data and the performance of the model(s). The completeness

and consistency of the data were first verified by evaluat-

ing missing data and duplicate data. Next, the categorical
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variables of gender, marital status, anxiety, depression, panic

attacks, and treatment-seeking behavior were converted into

machine-readable numerical values using a method called

label encoding. After this, the continuous variables (age,

CGPA) were analyzed to assess whether their distributions

were proper and the extent to which they influence the pres-

ence of outliers. Lastly, to understand the results from a

predictive perspective, the ages (continuous variable) were

grouped into developmental categories. Ultimately, by pre-

processing the variables within the datasets, the datasets

were better aligned with the machine learning algorithms,

reducing the noise introduced into the machine learning mod-

els and increasing the reliability of the classification results

generated by each machine learning algorithm.

3.6. Analytical Framework

3.6.1. Machine Learning Modeling

As a means to complement the statistical analysis and

improve the predictive power of this study, a supervised ma-

chine learning pipeline was developed around mental health

as the primary outcome variable. Complementing this analy-

sis were three selected machine learning algorithms, which

were chosen based upon their strengths related to one another:

• Logistic Regression: Is used as a baseline model with

interpretability provided through coefficient estimates

and odds ratio [11];

• Random Forest: Captures the non-linear relationships

and interaction effects of the data using ensemble learn-

ing and feature importance ranking [11];

• Gradient Boosting Machine (GBM): Provides high

accuracy through iterative error minimization and se-

quential learning [11].

Data used to build machine learning models were split

into training data (80% of cases) and test data (20% of cases).

Model performance was determined using accuracy, preci-

sion, recall, and F1-score; F1-score was used as the key

evaluation metric due to its balance between sensitivity and

specificity for mental health classification [12].

3.6.2. Feature Importance and Model Integra-

tion

The analysis of feature importance allowed us to syn-

thesize findings from different analysis methods (statisti-

cal/analytics) and then illustrate the relative contributions of

the predictors in each model so that we could cross-validate

our findings. This also helped us build a better understand-

ing of the predictive contributions of each of the variables

measured in this study, such as demographics, psychological

characteristics, and academic characteristics, to explain how

they are related to mental health outcomes [13].

3.7. Sample Dataset

The current sample size (N = 101) is rather small but

exploratory/proof of concept about using developmental the-

ory and machine learning methods in conducting research

about student mental health. The analytical rigor of the study

was improved by the use of different types of supervised

learning algorithms, comparative model evaluation, feature

importance analysis, and matrix of confusion validation to

ensure consistency among predictive outcomes. The find-

ings were interpreted cautiously, given the limitations of the

dataset, focusing on the methodological contribution of this

study rather than making broad claims regarding population

generalizability [14]. The initial hybrid analytic framework es-

tablished through the combination of statistical interpretation

and non-linear prediction modeling may provide a basis for

developing larger, longitudinal, multi-Institutional studies

related to mental health analytics in higher education.

3.8. Ethical Considerations

A secondary dataset was used in the present study and

was available in the public domain under a CC0 Public Do-

main License; therefore, there was no need to obtain any

additional authorization to use this data. The dataset was dis-

tributed for the purpose of open academic and research use,

and it was completely anonymized before being released to

the public, so that none of the records contain personally iden-

tifiable information that could be linked back to an individual

by anyone analyzing the data. Also, the study was designed

to adhere to ethical research practices and research integrity

according to established standards of ethical research, includ-

ing confidentiality of data, responsible reporting of data, and

academic integrity. Since de-identified public domain data

was used and there was no direct human interaction with

subjects in the course of the research, and thus no need to

request formal approval from an Institutional Review Board
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(IRB) or ethics committee, the research meets the standards

for the use of public domain secondary data research that are

established by international ethical guidelines for research

as set forth by the University of Helsinki.

3.9. Limitations

One of the limitations of this research is its use of cross-

sectional data, which restricts the ability to interpret find-

ings as predicting something to happen versus predicting

something that caused something else. Therefore, machine

learning output should be interpreted as providing statistical

patterns and classifications but does not provide evidence for

any causal relationship between mental health, psychosocial

characteristics, and academic achievement.

4. Results

A dataset of (101) university students was used for de-

scriptive analysis examining all demographic, psychological,

behavioral, and academic data collected from the participants

in this sample as outlined in Table 1. It includes frequen-

cies and percentages of categorical variables, including gen-

der, marital status, depression scores, anxiety, panic attack,

and treatment-seeking behaviors for each subject to present

clearly how the sample was distributed across these character-

istics. In this particular sample, females constituted 74.3% of

the sample, whereas it was reported that depression (34.7%),

anxiety (33.7%), and panic attacks (32.7%). With the use

of continuous variables, such as age and CGPA, means and

standard deviations, the mean age of the participants was

(21.39) years and (SD = 2.49), whereas the mean CGPAwas

(3.18) and (SD = 0.42). Course and year of study were not

included in this descriptive reporting, due to having many

fragmented categories and with less than equal subgroup fre-

quencies for these variables, which would hinder the ability

to interpret and understand the summary table.

In Table 2, Gradient Boosting stands out—accuracy

hits 0.88, precision lands at 0.86, while both recall and F1

settle on 0.85. Clearly, it handles prediction demands with

strength. Next comes Random Forest, not far behind 0.84

in accuracy, 0.81 for F1, showing its knack for untangling

complex patterns. Logistic Regression trails the group 0.76

accuracy, 0.73 F1, not the sharpest tool here, yet offers clarity

when exploring how predictors link to outcomes, grounding

ideas in structure.

Table 1. Descriptive analysis for selected variables.

Variable Category/Measure Frequency (n) Percentage (%) Mean SD

Gender
Female 75 74.3 - -

Male 26 25.7 - -

Marital Status
Single 85 84.2 - -

Married 16 15.8 - -

Depression
Yes 35 34.7 - -

No 66 65.3 - -

Anxiety
Yes 34 33.7 - -

No 67 66.3 - -

Panic Attack
Yes 33 32.7 - -

No 68 67.3 - -

Treatment Seeking
Yes 27 26.7 - -

No 74 73.3 -

Age Continuous variable - - 21.39 2.49

CGPA Continuous variable - - 3.18 0.42

Table 2. Model performance comparison.

Model Accuracy Precision Recall F1-Score Interpretation

Logistic Regression 0.76 0.74 0.72 0.73 Balanced, interpretable but limited for complex patterns

Random Forest 0.84 0.82 0.8 0.81 Strong performance, captures non-linear relationships

Gradient Boosting 0.88 0.86 0.85 0.85 Best overall model, high predictive power

Compared to Logistic Regression, the Gradient Boost-

ingModel provides a more accurate prediction of an outcome

(mental health) because of the existence of nonlinear relation-

ships between the independent and dependent variables in

33



Applied Behavioral Health and Psychology | Volume 02 | Issue 01 | June 2026

the dataset [14]. In addition, there are likely to be interactions

among the various factors that affect an individual’s mental

health; therefore, the relationships between the independent

variables and the dependent variables cannot be sufficiently

explained using linear models. In addition, improved pre-

dictive accuracy with the use of ensemble methods further

emphasizes the need for more advanced analytical techniques

when performing research in the fields of psychology and

education.

Predictive performance of algorithms shows models

produced consistent and dependable classifications with no

evidence of significant overfitting or large prediction errors.

Gradient Boosting produced the highest accuracy (88%), fol-

lowed by Random Forest (84%) and Logistic Regression

(76%), all while maintaining balanced precision, recall, and

F1-scores; thus, demonstrating stable predictions rather than

inflated performance. In addition, confusion matrix results

support the stability of algorithms because false positives

and false negatives were low across all models. An 80/20

train–test split was an appropriate validation approach for

the current study, which provided a sufficient number of

training examples (approximately 80) to enable algorithm

learning and an independent, unbiased testing subset (ap-

proximately 21) for evaluating algorithm performance. Prior

machine learning research indicates that the 80/20 split will

likely remain one of the most valid forms of validation for a

small to moderate-sized dataset because it strikes a balance

between maximizing the efficiency of training an algorithm

and measuring how the trained algorithms will generalize [15].

Another common form of validation is to use k-fold cross-

validation; however, utilizing k-fold cross-validation with

small datasets increases the potential for variability in com-

putation and instability in the distribution of folds, particu-

larly when the dataset is unbalanced [16]. Thus, the valida-

tion method used in the current study was methodologically

sound and provided an appropriate level of validity for the

exploratory and proof-of-concept aspects of this study.

The confusion matrix analysis shown in Table 3 con-

firms the predictive capability of the machine learning tech-

niques used. The confusion matrix confirmed the results in

Table 2. Gradient Boosting demonstrates the best perfor-

mance overall by producing the highest overall classification

accuracy (88%), as demonstrated by (31) true positive and

(58) true negative cases correctly identified. Misclassifica-

tions were limited; only (1) false positive and (11) false nega-

tives were produced. Another ensemble technique, Random

Forest, produced similar results with 84% overall classifi-

cation accuracy while producing fewer misclassifications

than those produced by the Logistic Regression technique.

Conversely, Logistic Regression demonstrated the lowest

predictive capability (76%), with higher false positive (8) and

false negative (16) numbers, indicating a lower level of sen-

sitivity in identifying students with mental health concerns.

Overall, the findings demonstrate that ensemble learning

models (e.g., GB) are more advantageous in capturing rela-

tionships of complexity associated with mental health data;

thereby, enhancing the reliability of classification and total

predictive ability.

Table 3. Confusion matrix.

Model TP TN FP FN Total Predicted Accuracy

Logistic Regression 28 49 8 16 101 76%

Random Forest 30 55 2 14 101 84%

Gradient Boosting 31 58 1 11 101 88%

Accuracy of Logistic Regression =
TP + TN

TP + TN + FP + FN
=

28 + 49

28 + 49 + 8 + 16
= 0.76

Accuracy of Random Forests =
TP + TN

TP + TN + FP + FN
=

30 + 55

30 + 55 + 2 + 14
= 0.84

Accuracy of Gradient Boosting =
TP + TN

TP + TN + FP + FN
=

31 + 58

31 + 58 + 1 + 11
= 0.88

Table 4 indicates that marital status is the most impor-

tant predictor variable when using either RF (0.29) or GB

(0.42) and is therefore a critical predictor of mental health.

Anxiety is also important to the prediction of mental health

with RF prediction (0.18) and GB prediction (0.11). In con-

trast, cumulative grade point average (CGPA) (0.03 and 0.01)
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and gender (0.02 and 0.01) have very little predicted influ-

ence on mental health; therefore, psychosocial factors are

the predominant factors predicting mental health compared

to academic indicators.

Table 4. Feature importance across models.

Rank Feature Logistic Regression (Coeff Impact) Random Forest (Importance) Gradient Boost (Importance)

1 Marital Status High (+) 0.29 0.42

2 Anxiety High (+) 0.18 0.11

3 Course Medium 0.16 0.12

4 Age Medium 0.15 0.11

5 Panic Attack High (+) 0.11 0.03

6 Treatment Seeking Medium 0.07 0.05

7 Year of Study Medium 0.04 0.01

8 CGPA Medium (−) 0.03 0.01

9 Gender Low 0.02 0.01

Marital status appeared to be the most important pre-

dictor of mental health across all models, indicating that

marital status may serve as an indicator of the relational sta-

bility present in an individual’s social support system. In

addition, high levels of anxiety were also found to play a

significant role in predicting mental health outcomes. Con-

versely, academic indicators like CGPA had a much smaller

impact on the prediction of mental health compared to all

other predictors, suggesting that academic performance may

be a byproduct rather than a cause of poor mental health [15].

Values of feature importance presented in Table 4 are

meant to be an interpretive measure of the relative contribu-

tions of models to each feature rather than a standardized

estimate of causal effects of features on the target variable.

The percentages reported for the impact of each feature re-

flect approximately the change in predictive contributions

produced by the features when comparing the performance of

the different models and thus should not be treated as a math-

ematically equivalent value across the different algorithms.

Because Logistic Regression Coefficients, Impurity-based

feature importance for Random Forests, and Gain feature

metrics of Gradient Boosting Models quantify different sta-

tistical properties and use different units of measurement,

the presence of multicollinearity among the other academic-

related variables will likely impact the variable importance

rankings across the three different classes of models, espe-

cially between models using Tree-based ensemble methods.

Accordingly, the feature importance analysis should be con-

sidered exploratory and should not be used for definitive

comparative inferences among model specifications [13].

Based on the integration of model performance, fea-

ture importance, and theoretical implications into a unified

framework, Table 5 provides a higher-order synthesis of the

analytical results. In contrast to previously isolated statisti-

cal outcomes shown in individual tables, this table provides

insight into the structural patterns associated with mental

health prediction, as well as those that may extend beyond

the study context.

Table 5. Integrated predictive insight and theoretical implications.

Analytical Dimension Key Insight Evidence across Models Theoretical Interpretation Practical Implication

Predictive Structure

There are non-linear

relationships that drive

mental health

GB (0.88) > RF (0.84) >

LR (0.76)

Supported complexity theory

in psychological processes

Use ML-based screening

tools instead of linear risk

scoring

Psychosocial

Dominance

Emotional and social

variables outweigh academic

indicators

Anxiety (0.11), Marital

Status (0.42) vs. CGPA

(0.01)

Aligns with biopsychosocial

model

Prioritize counseling and

social support systems

Developmental

Dynamics

Age impacts mental health

through life-stage transitions

Moderate importance

(0.11–0.15)

Supports life-course theory

(emerging adulthood)

Design age-specific

intervention programs

Behavioral

Responsiveness

Treatment-seeking improves

predictive accuracy

Moderate importance

(0.05–0.07)

Reflects active coping and

adaptive behavior

Promote help-seeking

awareness campaigns

Academic Reframing

Academic performance is a

weak predictor but likely an

outcome

CGPA has low

importance across all

models

Challenges traditional

academic-centric

assumptions

Shift focus from grades to

well-being monitoring
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Table 5. Cont.

Analytical Dimension Key Insight Evidence across Models Theoretical Interpretation Practical Implication

Model

Complementarity

Statistical and MLmodels

provide complementary

insights

LR (interpretability) +

ML (accuracy)

Supports hybrid analytical

frameworks

Combine explainability

with predictive systems in

practice

Risk Identification

Efficiency

High recall ensures effective

detection of at-risk students

Recall = 0.85 across

models

Supports early intervention

theory

Implement predictive

early-warning systems in

universities

Collectively, the results of this study indicate that men-

tal health outcome variables primarily result from complex,

non-linear interactions among psychosocial and developmen-

tal variables, with minimal effect from traditional academic

measures. This reinforces the notion that understanding stu-

dent well-being will not be accomplished solely with linear

or academic models.

The primary findings from Table 5 further support this

conclusion; psychosocial constructs such as marital status

and anxiety consistently dominate predictive performance

across models, indicating the significance of emotional and

relational stability in determining mental health outcomes.

Depending on how age is addressed developmentally, the

moderate effect of age on predictive performance indicates

that transitions through different life stages are likely to have

a considerable impact on psychological vulnerability. In ad-

dition, by introducing behavioral variables such as treatment-

seeking, the analysis becomes multidimensional in nature,

reinforcing the point that student responses to mental health

challenges are active rather than passive events.

The machine learning models employed various age-

stage categories as predicted variables and structured devel-

opmentally proxy rather than measured directly psycholog-

ically. Categorical transformation of continuous age vari-

ables is commonly used in predictive modeling to capture

non-linear variation and transitional differences among sub-

populations, particularly in smaller datasets. Therefore, the

developed age groups should be viewed as representing a

general position of development in the context of the uni-

versity and were designed to increase interpretability, not to

represent precise measures of psychosocial identity develop-

ment or life-course accomplishment.

The convergence of traditional statistical approaches

with machine learning is an important example of comple-

mentary strengths in both methodologies [17]. Machine learn-

ing has effectively increased prediction accuracy by identi-

fying complex relationships within data, whereas statistical

modeling has developed to provide interpretability and a the-

oretical base for its use. The use of both methodologies has

allowed for improved analytical rigor, as well as the ability to

link between data-driven findings and psychological theory.

All of this leads to a comprehensive framework that provides

an enhanced methodological and theoretical understanding

of the mental health of students, as well as providing useful

information for institutional interventions and policymaking.

5. Discussion

Results from this study strengthen existing evidence of

a multidimensional psychosocial model of student mental

health that cannot be fully explained using traditional linear

approaches. Ensemble machine learning techniques, such as

gradient boosting or random forests, have demonstrated their

ability to identify complex, non-linear relationships among

various demographic, behavioral, and psychological factors.

The results of this study add to the previous literature, show-

ing that mental health-related outcomes are multidimensional

and require analytic methods that can effectively evaluate

interaction effects and hidden structures in the data [4,17]. The

strong influence of anxiety and marital status on predicting

university students’ mental health outcomes is consistent

with existing psychological research showing that emotional

regulation, social support, and stability of relationships are

the primary predictors of vulnerability to developing mental

health issues within the student population [7,8]. Furthermore,

the relatively low predictive ability of CGPA provides fur-

ther support for emerging literature suggesting that academic

achievement is an indirect result of psychological distress

rather than a direct cause of mental health challenges [8]. This

investigation contributes to both [1] knowledge base and the

emerging adulthood theoretical framework by defining age

as a set of developmental stages rather than merely counting

up from zero on a time continuum; in addition, it emphasizes

how transitional psychosocial experiences impact mental
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health during the university years.

By developing a hybrid framework that integrates sta-

tistical logic with feature importance analysis using machine

learning, the study contributes to ongoing discussions about

the nexus of statistical reasoning and predictive analytics in

social science research [18]. Unlike predictive models that

prioritize prediction accuracy over interpretability, this study

combines interpretable statistical reasoning with machine

learning feature importance analysis to improve both explana-

tory and predictive validity. This combined framework is also

a direct response to recent calls for cross-disciplinary analytic

approaches in mental health and education research [19–22].

The consistency of accuracy measures, F1-scores, and confu-

sion matrix outputs indicates that the models did generalize

adequately; therefore, we can rule out extreme overfitting

despite the moderate sample sizes. Furthermore, balanced

classification results indicate that the algorithms showed

stable sensitivity and specificity across mental health cat-

egories. These results are particularly significant because

previous educational studies with small datasets have shown

low predictive accuracy and poor external validity when they

lack sound theoretical foundations or proper validation prac-

tices [23–25]. Therefore, this study supports the notion that a

carefully crafted exploratory machine learning framework

can produce theoretically consistent and meaningful insights,

even with moderately sized datasets, as long as justification

for the validation process, feature engineering, and theoreti-

cal integration is provided.

6. Conclusions

This research showed that different types of algorithms

can be used to determine whether someone at a university

has a mental health problem based on personal information,

such as age, where they grew up, how well they do in school,

or how many people they regularly hang out with. It also

showed that these methods usually predict mental health well

when ensemble learning is used; if that did not work well,

then logistic regression could be used. The study identified

four important indicators for predicting mental health prob-

lems: anxiety, whether a person has had an anxiety attack,

whether a person is married, and whether a person seeks help.

While CGPA does not seem to be a very good predictor of

mental health problems, there are likely other psychological

and/or social variables that correlate with the way in which

people who have mental health problems classify themselves

as having met mental health conditions compared to pure

academics alone.

The research also contributes to research methods by

combining interpretable (understandable) analytical tech-

niques to predict a student’s mental health (student mental

health) using predictions from statistics andmachine learning

models for use as an exploratory framework for predicting

students’mental health. The consistency of the accuracy met-

rics, confusion tables, and model validations was confirmed

by the validation of the statistical models, demonstrating that

no significant overfitting or fluctuation occurred in the clas-

sification (accuracy) performance. While the cross-sectional

and moderate sample sizes were limiting factors in this re-

search, the results demonstrate the potential for machine

learning models to perform analytical analyses of college stu-

dents’mental health. Future research should use much larger

longitudinal databases from multiple institutions and/or loca-

tions (e.g., different university/campus populations) so that

results can be generalized to varied student populations.
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