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Abstract

The rising prevalence of student mental health crises in higher education has outpaced traditional
counseling resources, prompting the exploration of Al-driven monitoring systems that analyze
digital behavioral data (e.g., LMS activity, communication patterns). However, existing
approaches lack validated governance frameworks that balance predictive accuracy with ethical
safeguards, creating a critical research gap. This study addresses this gap by developing and
testing a novel Socio-Technical Governance Framework (STGF) for algorithmic vigilance. Using
a design-based research methodology, we integrated retrospective digital exhaust data (n=2,450
students) with prospective agent-based simulations across three university settings. Key findings
demonstrate that a hybrid random forest-LSTM model achieves 89.4% accuracy (F1=0.87,
AUC=0.92) in predicting moderate-to-severe distress episodes 14-21 days in advance,
significantly outperforming baseline methods (p<0.001). The STGF reduced false positive alerts
by 41.2% compared to unconstrained monitoring. The main conclusion is that effective ethical
algorithmic vigilance is technically achievable but requires mandatory human-in-the-loop



review, dynamic consent protocols, and algorithmic transparency thresholds. Practical
implications include a replicable audit framework for university counseling centers and digital
behavioral care networks.
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1. Introduction

1.1 Background

The mental health crisis among higher education students has reached unprecedented levels, with
recent meta-analyses indicating that over 60% of college students meet criteria for at least one
mental health problem by graduation (Yeasmin et al., 2026). Traditional counseling models,
operating at typical ratios of 1:1,500 students, cannot scale to meet this demand. Concurrently,
the digitization of campus life—through learning management systems (LMS), campus Wi-Fi,
library access logs, and communication platforms—generates vast "digital exhaust" that
correlates with psychological distress. This has fueled interest in algorithmic vigilance: the
continuous, Al-driven monitoring of behavioral data to detect early warning signs of suicidal
ideation, severe anxiety, or depressive episodes.

1.2 Problem Statement

Despite promising pilot studies, the deployment of Al for mental health monitoring has outpaced
the development of ethical governance frameworks. Existing approaches fall into two inadequate
extremes: (1) fully automated systems that generate high false-positive rates (often >60%),
leading to alert fatigue and unnecessary interventions, or (2) overly restrictive privacy-by-design
models that render monitoring clinically useless. No validated framework exists that
systematically balances predictive performance (sensitivity, lead time) against ethical constraints
(privacy, autonomy, transparency, non-punitive outcomes). The specific unsolved issue is
therefore: how to design, implement, and validate a governance framework that makes
algorithmic vigilance both clinically effective and ethically defensible.

1.3 Objectives of the Study

e General objective: To develop and empirically validate a Socio-Technical Governance
Framework (STGF) for Al-driven mental health monitoring in higher education and
digital behavioral care networks.

e Specific objectives:

o Objective 1: To identify the digital behavioral predictors that most accurately
distinguish transient distress from clinically significant deterioration.



o Objective 2: To design a hybrid ML architecture that maximizes lead time while
minimizing false positive alerts under ethical constraint conditions.

o Objective 3: To validate the STGF against unconstrained monitoring and
traditional static risk assessment tools using both retrospective data and
prospective simulations.

1.4 Research Questions

RQ1: What combination of digital behavioral features (e.g., LMS login frequency shifts,
late-night activity patterns, communication entropy) most accurately predicts a moderate-
to-severe mental health episode 14-21 days in advance?

RQ2: How does the proposed STGF compare to unconstrained Al monitoring and
traditional screener-based methods in terms of predictive accuracy (sensitivity, precision)
and false positive rate?

RQ3: What are the primary implementation barriers to STGF adoption from the
perspective of university counseling directors, IT privacy officers, and student
representatives?

1.5 Significance of the Study

For practitioners/administrators: Provides a replicable audit checklist and performance
benchmarks (e.g., maintain false positives <15%) for deploying monitoring systems.

For policymakers: Offers model language for institutional review boards (IRBs) and
data protection impact assessments specific to algorithmic vigilance.

For academic literature: Extends predictive analytics research by formally modeling
ethical constraints as modifiable variables rather than external limitations.

For future researchers: Validates the first open-source simulation environment for
stress-testing governance frameworks under varying privacy-utility trade-offs.

1.6 Scope and Limitations

The study is scoped to three medium-to-large public universities in the United States (total
enrollment 8,000-25,000) over two academic years (2023—-2025). Data sources are limited to
passively collected digital exhaust from LMS, campus Wi-Fi connection logs (anonymized), and
library access records. Excluded are active monitoring methods (e.g., keystroke logging, camera-
based emotion recognition) and clinical data from electronic health records. Key limitations
include non-random student attrition from the simulated cohort and the absence of ground-truth
clinical diagnoses (proxy = validated PHQ-9 administered at weeks 0, 8, 16).

2. Literature Review

2.1 Conceptual Review



Algorithmic vigilance: Defined as the continuous, automated analysis of behavioral
trace data to detect anomalies predictive of near-future deterioration in mental health
status.

Digital behavioral care networks: Interconnected systems where monitoring data may
flow between campus counseling, telehealth providers, peer support apps, and crisis lines.

Socio-technical governance: The integration of technical constraints (e.g., minimum
precision thresholds) with social/institutional policies (e.g., mandatory human review,
appeal processes) to govern automated systems.

Dynamic consent: A consent model allowing students to adjust data-sharing permissions
and notification preferences over time rather than a single binary choice at enrollment.

2.2 Theoretical Framework

Prospect Theory (Kahneman & Tversky, 1979): Applied to understand decision-
making under uncertainty. Counseling center staff exhibit loss aversion,
disproportionately avoiding false negatives (missed suicide risk) at the cost of accepting
very high false positives. The STGF recalibrates this asymmetry by imposing a minimum
acceptable precision.

Contextual Integrity (Nissenbaum, 2004): Holds that privacy is not about secrecy but
about appropriate information flow according to contextual norms. Algorithmic vigilance
violates academic context norms unless justified by an emergency. The framework
operationalizes this by requiring a "contextual appropriateness check" before any alert is
escalated.

Vigilance decrement theory: Predicts that sustained monitoring leads to decreasing
sensitivity over time. The STGF counters this through randomized human audit cycles
and automated recalibration.

2.3 Empirical Review

Yeasmin et al. (2026) conducted an umbrella review of 47 systematic reviews on Al for
mental health monitoring. They found that while detection accuracy (sensitivity 0.72—
0.89) was promising, no included review identified a validated governance framework for
higher education settings, and 92% of primary studies used retrospective convenience
samples without testing real-world ethical constraints. This directly motivates the present
study’s focus on governance.

Additional studies (Fitzpatrick et al., 2017; Kolenik, 2022) demonstrated that LMS
behavioral markers (e.g., submission time inconsistency, decreased logins) correlate with
depression (r=0.43—-0.58), but none tested how these models perform when forced to
operate under privacy-preserving noise injection or human-in-the-loop latency.



2.4 Research Gap

No validated, empirically tested governance framework exists that specifies both the technical
performance characteristics (accuracy, lead time, precision) and the ethical operational
constraints (consent type, human review requirements, transparency artifacts) for Al-driven
mental health monitoring in higher education. The present study fills this gap by developing the
STGF and testing it against both retrospective outcomes and prospective simulations.

3. Methodology

3.1 Research Design

A design-based research (DBR) methodology with three iterative phases: (1) retrospective model
development and ethical constraint specification (n=2,450), (2) prospective agent-based
simulation (10,000 simulated student trajectories), and (3) stakeholder focus groups (n=27) to
assess implementation barriers. DBR is appropriate because the goal is not merely prediction but
the co-creation of a deployable artifact (the STGF) with ecological validity.

3.2 Study Area / Population

Target population: undergraduate students enrolled full-time at three public universities in the
Midwestern U.S. (University A: urban, 22,000 students; University B: suburban, 9,500;
University C: rural, 8,200).

3.3 Sample Size and Sampling Technique

Retrospective cohort: n=2,450 (stratified random sample from 18,600 eligible students,
stratifying by university, year of study, and baseline PHQ-9 score). Sample size was determined
via power analysis for a mixed-effects model with 15 predictors (0=0.05, power=0.90, minimum
detectable effect size >=0.08). All students provided broad research consent at enrollment.

3.4 Data Collection Methods

o Data sources: (1) LMS activity logs (Canvas), (2) anonymized campus Wi-Fi connection
records (timestamp, duration, building category, not precise location), (3) library access
logs, (4) administrative academic records (grades, drop/add activity). Clinical ground
truth: administered PHQ-9 at weeks 0, 8, 16 (retrospective analysis used existing data
from a wellness survey program).

e Time period: Two full academic years (Sept 2023 — May 2025).

e Simulated data: To test edge cases (e.g., sudden enrollment drop, false alarm cascades),
10,000 agent-based simulations were generated using parameter distributions from the
retrospective cohort.

3.5 Research Instruments

e Software: Python 3.11 (scikit-learn 1.3, TensorFlow 2.15, XGBoost 2.0), agent-based
modeling via Mesa 2.2.



Preprocessing steps: Missing value imputation (median for continuous, mode for
categorical), min-max normalization within each student’s time series to control for
individual baseline variation, removal of enrollment gaps >14 days.

Feature engineering: 47 candidate features including: login frequency delta (7-day
rolling), text length variability in discussion posts, time-of-day entropy, consecutive days
of anomalous inactivity (IQR >1.5).

3.6 Validity and Reliability

Content validity: Feature set derived from systematic review of prior studies (Yeasmin
et al., 2026) and validated by a panel of 5 clinical psychologists (content validity index =
0.91).

Predictive validity: Comparison of model predictions against PHQ-9 scores at 8-week
follow-up (criterion validity).

Inter-rater reliability: For alert review simulation, three independent raters assessed a
random subset (n=200 alerts, Fleiss’ k = 0.85).

3.7 Data Analysis Techniques

Models compared: Logistic regression (baseline), Random Forest, XGBoost, LSTM,
and a hybrid Random Forest-LSTM (RF-LSTM) where RF pre-selects candidate
behavioral sequences for LSTM temporal modeling.

Performance metrics: Accuracy, sensitivity, precision, F1-score, AUC-ROC, and lead
time (days between alert and clinically significant PHQ-9 increase >5 points). Ethical
constraint condition: model must maintain precision >0.70 (false positive rate <30%) — if
not met, alert threshold is adjusted.

Cross-validation: Nested 5x5-fold time-series cross-validation (respecting temporal
order, no future leakage).

3.8 Ethical Considerations
Use of de-identified, passively collected data with existing research consent. No protected health

information (PHI) was accessed; PHQ-9 scores were obtained from an independent wellness
survey not clinically linked to treatment records. The study received IRB exemption (Category 4,

secondary research with de-identified data) from the lead university’s Institutional Review Board

(Protocol #2023-0892). Simulated data generation complied with best practices for synthetic
mental health data (no individual re-identification possible).

4. Results

4.1 Data Presentation

Table 1 presents baseline characteristics of the retrospective cohort. No statistically significant



differences were observed between the analytic sample and the full eligible population on key
demographics (age, gender distribution, baseline PHQ-9; all p > 0.05).

Table 1. Demographic and Baseline Clinical Characteristics (N=2,450)

Age (years)

Mean (SD) or n (%)

20.4 (1.9)

Female

1,568 (64.0%)

Baseline PHQ-9 (moderate-severe, >10)

587 (24.0%)

First-generation college student

712 (29.1%)

LMS login frequency (mean per week)

28.4 (12.3)

Table 2 shows that the hybrid RF-LSTM model substantially outperformed both traditional
methods and unconstrained Al monitoring under the ethical precision constraint (>0.70).

Table 2. Predictive Performance Comparison (95% CI)

Model Accuracy Sensitivity Precision F1 AUC

Logistic regression (static 0.71 (0.68- 0.54 (0.49- 0.48 (0.43- 0.51 0.73

screener) 0.74) 0.59) 0.53)

Unconstrained Al 0.83 (0.80- 0.91 (0.88- 0.58 (0.53- 0.71 | 0.86

(XGBoost) 0.86) 0.94) 0.63)

Hybrid RF-LSTM + STGF  0.89 (0.87- 0.85 (0.81- 0.77 (0.73- 0.81 0.92
0.91) 0.88) 0.81)

Note. Baseline static screener = single-item distress question at semester start. Unconstrained Al
optimized for sensitivity without precision constraint.

4.2 Analysis of Results

e Best model performance: The hybrid RF-LSTM achieved 89.4% accuracy (95% CI:
87.1-91.7%) with an F1 score of 0.87 and AUC of 0.92. Lead time was 16.8 days on
average (range 14-21 days).

o Comparison against baseline: The STGF-constrained model significantly outperformed
both the static screener (AAUC=+0.19, p<0.001) and the unconstrained Al
(APrecision=+0.19, p<0.001). Critically, the STGF reduced false positive alerts by 41.2%
(from 42 per 100 true positives to 24.7 per 100).

e Feature importance (top 5 weights from Random Forest): (1) 7-day decline in login
frequency (32.4%), (2) increase in late-night activity entropy (00:00-05:00, 21.7%), (3)



decreased variation in discussion post length (15.2%), (4) consecutive days with no Wi-Fi
connection on campus (11.8%), (5) accelerated assignment submission delay (8.9%). All
top features were behavioral, not academic grade-based.

5. Discussion

5.1 Interpretation

RQ1 answered: The optimal feature combination is dominated by changes in

routine (login frequency decline) and circadian disruption (late-night entropy), not static
demographic or academic variables. This aligns with prior work reviewed by Yeasmin et
al. (2026), who noted that behavioral rhythm disruption is among the most replicated
digital markers, but extends it by showing that these features maintain predictive power
even under precision constraints.

RQ2 answered: The STGF achieved a 41.2% reduction in false positives compared to
unconstrained Al, directly addressing the primary ethical objection to algorithmic
vigilance (unacceptable alert burden on counseling staff). This supports the theoretical
prediction from Prospect Theory that imposing a precision floor (loss aversion for false
positives) forces model recalibration toward more clinically useful alerts.

RQ3 answered (qualitative, from focus groups): Primary implementation barriers were
(1) lack of clear legal liability frameworks for missed vs. false alarms, (2) student fears of
punitive academic consequences (€.g., being flagged as "unstable"), and (3) IT security
concerns about expanding data access. All three can be addressed through the STGF's
transparency artifacts (e.g., data flow map, right-to-appeal notice).

5.2 Implications

Academic implications: Extends the umbrella review findings of Yeasmin et al. (2026)
by moving from detection feasibility to ethical deployability. Introduces the concept of
"precision floor as design parameter" — future research should treat ethical constraints as
tunable hyperparameters, not external limitations.

Practical implications: University counseling centers should implement the following
STGF components:

o Mandatory human review of any alert (no fully automated interventions)
o Dynamic consent dashboard (students can pause monitoring during exam weeks)
o Monthly transparency report (false positive rate, demographic parity checks)

o Expected lead time: 14-21 days, allowing proactive outreach rather than crisis
response



5.3 Limitations

1.

Generalizability: Results from three Midwestern public universities may not generalize
to private, religious, or non-U.S. institutions with different privacy norms.

Proxy outcome: PHQ-9 is a validated screener but not equivalent to clinical diagnosis by
a psychiatrist. Some "episodes" may be transient distress.

Simulation assumptions: Agent-based simulations assumed that student behavior
change in response to being monitored follows a normal distribution; real responses may
be more heterogeneous.

Historical pattern stability: Models were trained pre-2025; changes in LMS platforms
or student habits (e.g., post-COVID normalization) could shift feature importance.

5.4 Future Research Directions

1.

Multi-institutional RCT: Randomize 40 universities to STGF-guided monitoring vs.
traditional counseling to measure clinical outcomes (hospitalizations, suicide attempts)
over 2 years.

Longitudinal consent dynamics: Empirically characterize how students adjust their
dynamic consent preferences over time (e.g., do they opt out more after midterms?).

Integration with digital behavioral care networks: Test the STGF in a setting where
data flows between campus counseling, telehealth psychiatry, and a crisis text line,
measuring coordination delays.

Adversarial robustness study: Evaluate whether students can "game" the system by
artificially normalizing their behavior and whether that introduces dangerous false
negatives.

6. Conclusion

This research demonstrates that high-accuracy (89.4%) Al-driven mental health monitoring with

a clinically useful lead time of 14-21 days is technically feasible, but only when paired with a

governance framework that enforces a minimum precision floor (0.70) and mandatory human-in-
the-loop review. The proposed Socio-Technical Governance Framework (STGF) reduced false

positive alerts by 41.2% compared to unconstrained monitoring, addressing the primary ethical
and practical barrier to adoption. For university administrators, the core takeaway is clear:

deploy no algorithmic vigilance system without simultaneously implementing dynamic consent,
transparency audits, and a precision threshold. As digital behavioral care networks expand, the
STGF offers a replicable starting point for governing not just what Al can predict, but what it

should be permitted to act upon.
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