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ABSTRACT 

This study investigates the longitudinal robustness of mental health prediction models using three years of 

data from the Healthy Minds Study, comprising 265,870 college students surveyed between 2022 and 2025. 

Multiple statistical techniques were applied to assess data drift, while three Machine Learning (ML) 

algorithms, namely Logistic Regression (LR), Random Forest (RF), and XGBoost, were evaluated under 

several temporal modeling strategies. Mental health risk was defined as the presence of moderate-to-severe 

depression or anxiety symptoms. Although statistically significant distributional changes were observed 

across variables, effect sizes remained small, indicating limited practical drift. Model performance 

remained strong over time (mean F1-score = 0.71, mean AUROC = 0.80), with minimal temporal 

degradation (1.8%). Well-being emerged as the most influential predictor, accounting for the dominant 

share of feature importance. These findings suggest that mental health prediction models can be reliably 

deployed when temporal stability is present and highlight the crucial role of well-being in mental health 

risk prediction. 

Keywords-machine learning; mental health; temporal validation; data drift; college students; depression; 

anxiety; well-being 

I. INTRODUCTION  

National longitudinal data indicate that the mental health 
burden among college students is clinically substantial. 
Specifically, the 2024-2025 Healthy Minds Study (HMS), 
conducted across 135 U.S. institutions with over 84,000 
respondents, revealed that 37% of students reported moderate-
to-severe depressive symptoms, whereas 32% reported 
moderate-to-severe anxiety [1]. Although these figures 

represent a third consecutive year of decline from pandemic-era 
peaks (44% and 37%, respectively), they remain significantly 
elevated compared to pre-pandemic baselines [2]. 

Traditional mental health care in college settings relies 
primarily on self-referral. However, this reactive model fails to 
reach most students who need help, with only 20-40% of those 
experiencing mental health problems actually seeking 
treatment [3, 4]. This gap between need and care has motivated 
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the interest in proactive screening approaches, with Machine 
Learning (ML) being a potentially scalable solution [5, 6]. 

The transition from promising research results to reliable 
real-world deployment faces a significant challenge that has 
received little attention: temporal data drift [7, 8]. Data drift 
refers to systematic changes in data distributions over time; that 
is, shifts that can silently degrade model performance if left 
unaddressed. In healthcare, drift may be induced by shifting 
demographics, changing measurement protocols, evolving 
awareness of symptoms, or major societal events [9, 10]. The 
COVID-19 pandemic, for example, altered mental health 
patterns across populations [11, 12]. The post-pandemic 
recovery period has introduced its own distinct dynamic: as 
acute crisis conditions have receded, students are navigating a 
gradual rebuilding of social connectedness and well-being, yet 
resilience trajectories vary substantially across demographic 
groups and institutional contexts. 

These shifts in well-being and resilience during recovery 
represent a meaningful source of distributional change that ML 
models trained on pre- or early-pandemic data may not 
adequately capture. Beyond large-scale disruptions, even subtle 
year-to-year shifts in student demographics, institutional 
composition, or societal stressors can progressively erode 
model reliability, often without triggering obvious performance 
alerts. This makes prospective drift monitoring not merely a 
methodological refinement, but an operational necessity for any 
deployed screening system. 

Despite the potential importance of temporal drift, most 
mental health ML studies evaluate models using cross-sectional 
data or report performance on held-out test sets from the same 
time period as training data [13, 14]. While these approaches 
establish that models can learn meaningful patterns, they 
provide limited insights into whether models maintain 
performance over time, a significant requirement for 
operational deployment. 

The present study addresses this gap by comprehensively 
validating ML models using three consecutive years of HMS 
data (2022-2025). Three key objectives were investigated: (1) 
to what extent does practical data drift occur in longitudinal 
college mental health data, as measured through effect-size-
based metrics, (2) how does temporal drift impact the 
predictive performance of ML models when deployed across 
different time periods, and (3) what modeling strategies 
maintain stability in the presence of temporal changes. 

Unlike prior ML studies in college mental health that relied 
primarily on cross-sectional validation or random train-test 
splits within a single cohort [13, 14], the present study 
performs explicit multi-year temporal validation across 
independent annual samples. By integrating formal drift 
detection techniques, including effect size interpretation, 
Population Stability Index (PSI) assessment, and correlation 
stability analysis, with cross-year predictive evaluation, this 
research directly examines real-world deployment robustness 
rather than isolated predictive accuracy. This distinction is 
essential for translating ML research into sustainable 
operational systems. 

II. METHODS 

A. Data Source and Participants 

Data from the HMS, an annual web-based survey that 
assesses mental health, service utilization, and related factors 
among college students at participating U.S. institutions, were 
analyzed in this study [1]. HMS employs stratified random 
sampling within institutions, drawing a random sample of 
enrolled students from institutional registries and inviting them 
via email. Participation is voluntary and anonymous, with 
typical response rates between 15-30%, consistent with norms 
for institutional web-based surveys. The HMS sampling frame 
spans both two-year and four-year institutions, though four-
year research universities constitute the majority of 
participating institutions. Inclusion criteria for the present 
analysis were: (1) currently enrolled undergraduate or graduate 
students at a participating U.S. institution; (2) valid responses 
on at least the PHQ-9, GAD-7, and Flourishing Scale; and (3) 
survey completion in one of the three target academic years 
(2022-2023, 2023-2024, or 2024-2025). Students with entirely 
missing outcome data were excluded prior to analysis. The 
combined analytic sample included 265,870 students across 
three consecutive academic years: 76,406 students in 2022-
2023 (28.7%), 104,729 students in 2023-2024 (39.4%), and 
84,735 students in 2024-2025 (31.9%). These data span 
approximately 200 institutions across all major U.S. geographic 
regions (Northeast, Southeast, Midwest, Southwest, and West), 
including public and private institutions of varying size and 
selectivity, providing a nationally representative sample of U.S. 
college students. 

B.  Mental Health Measures 

Mental health risk was operationalized as the presence of 
moderate-to-severe symptoms of depression or anxiety -
symptom levels that typically warrant clinical intervention [15, 
16]. Depression was assessed using the Patient Health 
Questionnaire-9 (PHQ-9), a well-validated 9-item instrument 
that measures depressive symptoms over the past two weeks 
[15]. Scores ranged from 0 to 27, with values ≥ 10 indicating 
moderate-to-severe depression. On the other hand, anxiety was 
measured using the Generalized Anxiety Disorder-7 (GAD-7), 
which is a 7-item scale assessing anxiety symptoms over the 
past two weeks [16]. Scores varied from 0 to 21, with values ≥ 
10 showing moderate-to-severe anxiety. A student was 
classified as high risk (Positive class, label = 1) if PHQ-9 ≥ 10 
or GAD-7 ≥ 10. In the analytic sample of 234,544 students, 
111,449 (47.5%) were Positive and 123,095 (52.5%) were 
Negative, reflecting a near-balanced class distribution that 
required no oversampling or class-weight correction. 

Well-being was assessed using the Flourishing Scale, an 8-
item measure of psychological well-being covering domains 
including purpose, relationships, engagement, and self-
acceptance [17]. Scores ranged from 8 to 56, with higher values 
indicating greater well-being. Predictor selection was 
constrained by missingness patterns in the data. To ensure that 
the models could be applied reliably in practice, the predictors 
were limited to those with less than 30% missing data. This 
resulted in six predictors: Flourishing Scale total score 
(continuous, 1.35% missing), loneliness (binary: yes/no, 1.43% 
missing), age (continuous, no missing data), food insecurity 
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worry (3-point ordinal scale, 0.95% missing), housing 
insecurity worry (3-point ordinal scale, 0.12% missing), and 
international student status (binary, no missing data). 

The 30% missingness threshold was selected to balance 
predictor completeness with retention of an adequate sample 
size for stable model estimation. Given the large overall sample 
(N > 250,000), prioritizing predictors with higher completeness 
minimized potential bias introduced by extensive imputation 
procedures and reflected realistic deployment conditions in 
which complex imputation pipelines may not be operationally 
feasible. 

TABLE I.  PREDICTOR VARIABLES AND MISSINGNESS 

Predictor Type Missing (%) 

Flourishing Scale (total score) Continuous 1.35 
Loneliness Binary 1.43 

Age Continuous 0.0 
Food insecurity worry Ordinal (1-3) 0.95 

Housing insecurity worry Ordinal (1-3) 0.12 
International student status Binary 0.0 

 

C. Drift Detection Methods 

In order to detect temporal drift, multiple complementary 
approaches were employed, with a focus on the effect sizes 
rather than p-values, as due to the large sample, there is a 
statistical power to detect extraordinarily small differences 
(differences that may be statistically significant but practically 
meaningless) [18]. For continuous variables, two-sample 
Kolmogorov-Smirnov (K-S) tests were applied to detect 
distributional differences between year pairs [19]. These tests 
were complemented with Cohen's d effect sizes for mean 
differences, using established interpretation guidelines: d < 
0.20 as trivial effects, 0.20-0.50 as medium effects, and > 0.50 
as large effects [20]. 

PSI quantifies distributional shift by comparing the 
distribution of a variable across discrete bins [21]. Its 0.10 
threshold for stability is widely adopted in credit risk modeling 
and ML deployment monitoring [21]. Specifically, values < 
0.10 indicate distributions stable enough that models require no 
immediate recalibration; values of 0.10-0.25 suggest that 
monitoring is needed, and values > 0.25 indicate significant 
drift warranting model retraining or recalibration. For 
categorical variables, chi-square tests combined with Cramér's 
V effect sizes were utilized. Except for these, correlation 
matrices were examined across years to assess whether 
relationships among predictors remained stable, flagging 
changes of 0.10 or more in absolute correlation as potentially 
meaningful, consistent with guidelines for practical 
significance in psychological measurement research. 

D. Machine Learning Models 

Three ML algorithms were evaluated, representing different 
modeling approaches. Logistic Regression (LR) with L2 
regularization provided an interpretable baseline, Random 
Forest (RF) with 100 trees and a maximum depth of 10 
captured nonlinear relationships, while XGBoost with 100 
boosting rounds, a maximum depth of 6, and a learning rate of 
0.1 represented a state-of-the-art gradient boosting approach 
[22, 23]. Missing values were imputed using median 

imputation for continuous variables and mode imputation for 
categorical ones. Median/mode imputation was selected as a 
conservative and reproducible approach suitable for large-scale 
deployment settings. Although more complex imputation 
strategies may be appropriate under certain assumptions about 
missingness, they introduce additional modeling complexity 
that may not be necessary in high-sample contexts. Continuous 
features were standardized before model training. To prevent 
data leakage, all preprocessing steps, including imputation and 
standardization, were encapsulated within scikit-learn 
pipelines, fitted exclusively on training data, and applied 
independently to each test set. Hyperparameters were selected 
using standard default configurations without extensive grid 
search optimization, as the primary objective of this study was 
to assess temporal robustness rather than maximize peak 
predictive performance. Table II summarizes the 
hyperparameter configurations used in all models. 

TABLE II.  HYPERPARAMETER CONFIGURATIONS 

Model Key hyperparameters Tuning strategy 

LR L2 regularization, C = 1.0 Default configuration 

RF 
n_estimators = 100, 

max_depth = 10, min_samples_split 
= 2, min_samples_leaf = 1 

Default configuration 

XGBoost 
n_estimators = 100, max_depth = 6, 

learning_rate = 0.1, subsample = 
0.8, colsample_bytree = 0.8 

Default configuration 

 

Four temporal modeling strategies were compared in order 
to identify approaches that maintain performance across time. 
Strategy 1 (Baseline) trained separate models for each year 
using 80/20 train-test splits within that year. Strategy 2 (Cross-
Year Validation) trained models on one year and tested on all 
three years, directly quantifying temporal performance 
degradation. Strategy 3 (Pooled Model) trained a single model 
on combined data from all three years. Strategy 4 (Temporal 
Feature Model) extended the pooled model by including 
academic year as an explicit predictor. 

Model performance was evaluated using three metrics. F1 
score served as the primary metric because it balances concerns 
about false positives and false negatives. AUC-ROC assessed 
discrimination ability across classification thresholds. Accuracy 
provided an overall performance measure. All analyses were 
conducted using Python 3.10 with scikit-learn, XGBoost, 
SciPy, and visualization libraries. 

III. RESULTS 

A. Sample Characteristics and Trends 

The initial sample comprised 265,870 students across three 
academic years. After excluding 31,326 respondents (11.8%) 
with missing outcome data, the final sample contained 234,544 
students (67,961 in 2022-2023, 94,086 in 2023-2024, and 
72,497 in 2024-2025). The sample was predominantly female 
(68%) with a mean age of 23.7 years (SD = 7.6), distributed 
across 176 participating institutions. International students 
made up approximately 7-8% of the sample, and approximately 
50-55% of students reported experiencing loneliness, with rates 
declining across the three years. 
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TABLE III.  MENTAL HEALTH TRENDS ACROSS THREE 
ACADEMIC YEARS 

Measure 2022-2023 2023-2024 2024-2025 Cohen's d 

Depression 
(PHQ-9) 

9.05 (6.40) 8.89 (6.30) 8.36 (6.19) -0.111 

Moderate + 
Depression 

(%) 
40.7 40.0 36.8 - 

Anxiety 
(GAD-7) 

8.14 (5.87) 7.95 (5.87) 7.53 (5.77) -0.105 

Moderate + 
Anxiety (%) 

37.1 35.6 33.4 - 

Well-Being 
43.06 
(9.00)  

43.22 
(9.00) 

43.53 
(9.03)  

+0.053 

 

Mental health trends during the post-pandemic period were 
generally favorable, though the overall prevalence of clinically 
significant symptoms remained high. Specifically, depression 
scores (PHQ-9) dropped from 9.05 in 2022-2023 to 8.36 in 
2024-2025, with moderate-to-severe depression prevalence 

declining from 40.7% to 36.8%. Similarly, anxiety scores 
(GAD-7) decreased from 8.14 to 7.53, with moderate-to-severe 
anxiety prevalence decreasing from 37.1% to 33.4% over the 
same period. Well-being scores presented modest 
improvement, increasing from 43.06 to 43.53. Table III 
summarizes these trends across all three academic years. 

B. Drift Detection Results 

Drift testing showed a clear pattern with statistical tests 
detecting substantial differences in distributions. However, the 
effect sizes remained at minimal levels. Every K-S test, which 
compared data from 2022-2023 with data from 2024-2025, 
produced p-values under 0.001, while Cohen's d effect sizes 
only ranged from 0.001 to 0.115, which are below the 0.20 
level that researchers consider to be significant. PSI values 
demonstrated distributional stability as they remained below 
the 0.10 threshold. Correlation matrices across academic years 
further confirmed the stability of the relationships among 
predictors (Figure 1). 

 

 
Fig. 1.  Correlation matrices across academic years (2022–2025) showing stability of relationships among predictors. Values represent Pearson correlation 
coefficients. 

The maximum absolute change in any pairwise correlation 
was 0.041, which is below the pre-specified threshold of 0.10. 
These patterns indicated that not only did individual variable 
distributions remain stable, but the underlying relationships 
among predictors also stayed consistent. For instance, the 
negative correlation between flourishing and loneliness did not 
change (-0.39 ≤ r ≤ -0.41), while the correlation between food 
and housing insecurity worry varied only slightly (0.43 ≤ r ≤ 
0.50). Table IV summarizes drift detection results. 

TABLE IV.  DRIFT DETECTION SUMMARY 

Variable K-S Test Effect Size PSI 

PHQ-9 p < 0.001 d = -0.111 0.013 
GAD-7 p < 0.001 d = -0.105 0.012 

Flourishing p < 0.001 d = +0.053 0.005 
Age p < 0.001 d = +0.115 0.015 

Food worry p = 1.000 d = -0.001 0.000 
Housing worry p = 0.475 d = +0.012 0.000 

Loneliness p < 0.001 V = 0.040 0.000 

C. Machine Learning Model Performance 

ML models achieved strong performance that remained 
stable across all three years. RF emerged as the top performer, 
achieving a mean F1 score of 0.708 across the three years, with 
AUC values averaging 0.801. XGBoost performed nearly 
identically, also achieving F1 = 0.711. The year-to-year 
variability in F1 scores was remarkably small, with a range of 
only 0.033. LR reached respectable but noticeably lower 
performance (F1 = 0.680 – 0.7130, AUC =0.784 - 0.796 across 
baseline per-year evaluations), suggesting that the relationships 
between predictors and mental health risk involve nonlinear 
patterns that linear models cannot fully capture. The stability of 
model performance across years is particularly noteworthy 
given the substantial sample sizes involved. With over 76,000 
students in the smallest annual cohort and over 104,000 in the 
largest, random fluctuations in model performance would be 
minimal, making the observed consistency even more 
meaningful. The negligible difference between RF and 
XGBoost performance (RF: F1 = 0.708, XGB: F1 = 0.711) 
suggests that the underlying patterns in data are robust enough 
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that different modeling approaches converge to similar 
solutions. This finding has practical implications: organizations 
can select models based on operational considerations, such as 
interpretability and computational efficiency, rather than 
pursuing marginal performance gains through algorithmic 
complexity. The superior performance of tree-based ensemble 
methods (RF, XGBoost) compared to LR points to important 
nonlinearities in the relationships between predictors and 
mental health risk. These nonlinearities likely reflect 
interaction effects. For example, the protective effect of well-
being may vary depending on the presence or absence of 

loneliness, or the impact of housing insecurity may differ 
across age groups. Cross-year validation provided the most 
direct test of temporal robustness. When RF models were 
trained on one year and tested on different years, the 
performance degradation was minimal. Models tested on their 
training year achieved an F1 score equal to 0.724, while when 
tested on different years, they reached F1 = 0.711 - a 
degradation of only 1.8%. This strong temporal stability 
indicates that patterns learned from one year's data generalize 
well to subsequent years (Figure 2).

 

 
Fig. 2.  Cross-year validation results showing F1 scores by training and test year for LR, RF, and XGBoost models. Diagonal cells (red outline) represent 
same-year validation; off-diagonal cells reflect cross-year generalization performance. 

The baseline model performance across all three academic 
years is displayed in Figure 3. RF and XGBoost demonstrated 
consistently high performance across all metrics, with F1 
scores of 0.69-0.73 and AUC-ROC values of 0.79-0.81 in 
every year. LR showed noticeably lower performance, 
particularly for AUC-ROC (0.784-0.796), highlighting the 
importance of nonlinear modeling approaches for capturing 
complex relationships between predictors and mental health 

outcomes. The stability of performance metrics across years 
further confirmed the temporal robustness observed in cross-
year validation analyses. This consistency was maintained 
despite the declining prevalence of high-risk cases from 49.5% 
in 2022-2023 to 45.2% in 2024-2025, suggesting that models 
trained on earlier cohorts remain well-calibrated for more 
recent populations. 

 

 
Fig. 3.  Baseline model performance across academic years comparing LR, RF, and XGBoost using Accuracy, F1 Score, and AUC-ROC. 

Table V presents the detailed performance results across all 
temporal validation strategies. Confusion matrices for all three 

models evaluated on the pooled test set are reported in Table 
VI. 
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TABLE V.  MODEL PERFORMANCE ACROSS TEMPORAL 
STRATEGIES 

Strategy Model F1 Score AUC-ROC 

Baseline (per-year) RF 0.708 0.801 
Baseline (per-year) XGBoost 0.711 0.802 
Cross-year (same) RF 0.724 — 

Cross-year (different) RF 0.711 — 
Pooled model RF 0.717 0.807 
Pooled + year RF 0.716 0.807 

TABLE VI.  CONFUSION MATRICES - POOLED TEST SET 
(N = 46,909; POSITIVE = 22,290; NEGATIVE = 24,619) 

Model TP FP FN TN Sensitivity Specificity 

LR 15,653 6,286 6,637 18,333 0.702 0.745 
RF 15,826 6,058 6,464 18,561 0.710 0.754 

XGBoost 15,803 5,959 6,487 18,660 0.709 0.758 
 

D. Feature Importance Analysis 

Feature importance analysis revealed a striking dominance 
of well-being in predicting mental health risk. The Flourishing 
Scale accounted for 54.30% of the total feature importance 
(Figure 4) in the RF model - approximately 1.9 times more 
important than loneliness. Loneliness ranked second at 28.56%, 
followed by food insecurity worry (8.70%), age (4.18%), 
housing insecurity worry (3.74%), and international student 
status (0.52%). 

 

 
Fig. 4.  Feature importance for mental health risk prediction based on 
mean decrease in Gini impurity (RF, pooled sample). The Flourishing score 
demonstrates a dominant predictive contribution. 

IV. DISCUSSION 

The present findings advanced the understanding of ML 
deployment in mental health contexts along two 
complementary dimensions: the characterization of temporal 
data drift and the evaluation of predictive robustness across 
independent annual cohorts. Considering both of them 
indicates that well-constructed ML models, trained on 
longitudinal college mental health data, can maintain strong 
performance without frequent retraining, provided that 
distributional monitoring is in place. 

A. Statistical Versus Practical Significance 

Perhaps the most important methodological finding is the 
stark disconnect between statistical and practical importance in 
large samples. Every drift detection test achieved p-values 
below 0.001, yet effect sizes told a completely different story: 
all fell below 0.15, and PSI values remained well below the 
0.10 stability threshold. With 265,870 participants, this 
research possessed sufficient statistical power to detect truly 
minuscule effects - so small differences that would have no 
practical consequence for model performance. This enormous 
power renders p-values nearly useless for assessing practical 
importance [18]. Consequently, in large sample studies, effect 
size reporting is essential for distinguishing signal from noise 
[24]. 

B. Implications for Model Deployment 

The minimal practical drift that was observed has direct 
implications of how mental health prediction models should be 
deployed. Organizations can use simple static models trained 
on historical data without implementing complex continuous 
retraining systems. Pooled training across multiple time periods 
maximizes sample size and statistical stability while 
maintaining operational simplicity. Models trained on 2022-
2023 data performed nearly identically when applied to 2024-
2025 data, suggesting that annual retraining may be 
unnecessary if monitoring confirms ongoing stability [25]. 
However, continuous monitoring remains essential even when 
historical data show stability [26]. The minimal temporal 
degradation observed (1.80%) indicated that, under conditions 
of limited practical drift, periodic monitoring of distributional 
metrics may be sufficient to maintain model reliability. In such 
contexts, continuous large-scale retraining might not be 
necessary, reducing operational complexity while preserving 
predictive stability. 

C. Generalizability and Response Bias 

The 15-30% response rates in HMS raise important 
questions about selection bias and model fairness. Students 
experiencing severe mental health crises may be systematically 
less likely to complete surveys, potentially leading to under-
representation of the most vulnerable population. This could 
affect model calibration in several ways. First, if the training 
data under-represent students with severe symptoms, these 
models might be less accurate for precisely those students most 
in need of intervention. Second, the protective effect of well-
being that was observed might be even stronger in the full 
population if students with very low well-being are under-
represented in the sample. Third, socioeconomic factors, 
including food and housing insecurity, might show different 
patterns in a more representative sample. 

Applying these models outside the U.S. four-year 
institution context requires careful consideration. Community 
colleges and minority-serving institutions may serve student 
populations with different demographic compositions, stress 
profiles, and mental health trajectories than the predominantly 
four-year institutions in HMS. Before deployment in these 
contexts, models should undergo institution-specific validation 
and potential recalibration. Response bias patterns might also 
differ across institutional types - for instance, commuter 
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students at community colleges might have different survey 
completion rates than residential students at four-year 
institutions. Despite these limitations, the finding of minimal 
practical drift within the HMS sample provides encouraging 
evidence that temporal stability is achievable when monitoring 
confirms distributional consistency. 

D. Well-Being as a Dominant Protective Factor 

The striking dominance of well-being in the current models 
(54.30% of feature importance) carried important messages for 
intervention design. Traditional mental health approaches 
emphasize symptom reduction - treating depression, reducing 
anxiety. These findings suggested a complementary 
framework: promoting positive mental health [17]. Students 
with high well-being are dramatically less likely to experience 
clinically significant depression or anxiety. This has practical 
implications: universal well-being programs that reach all 
students may be as important as targeted interventions for high-
risk individuals [27]. 

E. Limitations 

Several limitations should be considered. First, the 
predictor set was constrained by missing data patterns. While 
the six-predictor model achieved strong performance, the 
inclusion of additional variables with lower missingness could 
potentially improve predictive accuracy. Second, the HMS 
response rates of 15-30% introduced potential selection bias, 
including possible overrepresentation of female students and 
individuals more willing to disclose mental health experiences. 
Although HMS employed stratified sampling procedures, 
prevalence estimates and model performance may differ in 
subpopulations less likely to participate in survey research. 
From a fairness perspective, systematic under-representation of 
certain demographic groups - such as students of color, first-
generation students, or those with lower socioeconomic status - 
could lead to differential model performance across subgroups. 
Future work should explicitly audit model performance across 
demographic levels to identify potential disparities before 
operational deployment. Third, the three-year observation 
window captured a specific post-pandemic recovery period. 
Longer time horizons are needed to determine whether 
temporal stability persists under different social or institutional 
conditions [28]. Finally, while HMS includes a diverse set of 
U.S. institutions, findings may not generalize to non-U.S. 
educational systems, community colleges, or institutions with 
substantially different demographic or cultural contexts. True 
external validation requires testing on independent institutional 
samples to assess broader generalizability [29]. 

V. CONCLUSION 

Temporal validation of Machine Learning (ML) models for 
college mental health prediction remains an underexplored 
prerequisite for real-world deployment. Across three 
consecutive academic years (2022-2025), this study 
demonstrated that distributional changes in key predictors were 
statistically detectable but practically negligible with small 
effect sizes (all d < 0.15) and stable PSI values (< 0.10). 
Predictive performance remained consistently strong (mean F1 
≈ 0.71; AUC ≈ 0.80) with minimal temporal degradation 
(1.8%) under cross-year validation. 

These results support the feasibility of deploying static ML-
based screening systems in college mental health contexts, 
contingent on ongoing distributional monitoring. The 
negligible performance difference between Random Forest 
(RF) and XGBoost further suggests that robust predictive 
patterns can be captured without reliance on highly complex 
modeling approaches, while the lower performance of Logistic 
Regression (LR) highlights the importance of nonlinear 
relationships. Well-being emerged as the dominant protective 
factor, accounting for 54.30% of predictive importance. For 
researchers, these findings underscore the importance of 
temporal validation and effect size reporting. For practitioners, 
the results indicate that ML-based mental health screening is 
feasible and can be implemented using simple modeling 
approaches when temporal stability exists. 

Future research should focus on longer-term studies 
spanning five or more years or external validation across 
diverse institutional contexts, including community colleges, 
minority-serving institutions, and international universities. 
Additionally, methodological advances in handling missing 
data could enable the inclusion of additional predictors that 
were excluded from the current analysis due to missingness 
constraints, potentially further improving model performance. 
Besides these, prospective studies examining whether ML-
based screening actually improves student outcomes through 
earlier intervention would provide crucial evidence for 
implementation decisions. Finally, research exploring how to 
operationalize well-being interventions at scale, given its 
dominant protective role, represents a particularly promising 
avenue for translating these findings into practice. 
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