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ABSTRACT
Medical students encounter fluctuating combinations of examination pressure, sleep loss, reduced activity, and
psychological distress. Conventional cognitive-behavioral programs provide the same material on a fixed timetable
and may therefore miss the moments when a particular skill is most useful. This study asked whether brief,
context-responsive cognitive-behavioral support could improve psychological and academic outcomes while
requiring less intervention time than a fixed weekly course. A deterministic synthetic cohort of 720 students was
distributed equally across six modeled medical schools and three conditions: a context-responsive policy, a
fixed-schedule course, and attention control. Ninety-one daily observations per student produced 65,520
longitudinal records. The adaptive policy selected cognitive reframing, paced breathing, behavioral activation, or
workload planning from daily distress, sleep debt, activity, workload, and examination proximity. The primary
estimand was the entry-adjusted difference in day-90 General Health Questionnaire 12-item (GHQ-12) equivalent
score. Weak-prior Bayesian Gaussian regression, state-transition analysis, doubly robust policy-value estimation,
campus-specific contrasts, intervention-time accounting, and a pattern-mixture stress test were prespecified. All
records and figures are reproducible from the included code and fixed random seed. Mean day-90 GHQ-12
equivalents were 14.17, 17.47, and 20.78 in the context-responsive, fixed-schedule, and attention-control conditions,
respectively. The posterior median adaptive-versus-fixed difference was −2.68 points (95% credible interval −3.01 to
−2.34; posterior probability of benefit > 0.999). Academic functioning was 2.00 points higher (0.77 to 3.24), and
students spent 9.75 fewer days in a high-strain state. A dual response occurred in 67.92% versus 22.50%, while mean
intervention time was 236.95 versus 437.22 minutes. The advantage remained negative in every modeled school and
throughout the missing-outcome stress test. Within this computational trial, selecting a brief cognitive-behavioral
skill from the student’s current state produced better symptom and academic trajectories with approximately 200
fewer minutes than fixed scheduling. A prospective multisite micro-randomized trial is warranted before clinical or
curricular adoption.
Keywords: adaptive intervention; cognitive-behavioral therapy; ecological momentary assessment; medical
education; mental health; Bayesian analysis; micro-randomized trial
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1. INTRODUCTION
Medical education combines sustained cognitive de-
mand with repeated high-stakes evaluation, abrupt
changes in workload, emotionally difficult clinical en-
counters, and limited control over daily schedules. These
demands do not merely raise average distress; they pro-
duce rapid within-person changes in distress across ordi-
nary teaching weeks, clinical rotations, and examination
periods. Meta-analytic evidence indicates that anxiety,
burnout, suicidal ideation, and impaired well-being are
prevalent among medical students, although estimates
vary with setting, instrument, and stage of training.2–4

The educational consequences are also material. Psycho-
logical strain can weaken concentration, disrupt sleep,
narrow help-seeking, and undermine participation in
learning activities. A mental-health intervention for this
population must therefore address both symptom relief
and the capacity to continue studying safely and effec-
tively.

Universities have responded with counseling, wellness
curricula, resilience training, mindfulness, and web-
based programs. Curricular changes can improve well-
being when they alter the learning environment rather
than placing responsibility entirely on the student.5, 6

Individual-level programs also show benefit, but pooled
effects conceal pronounced variation in use and re-
sponse. Reviews of university interventions have found
that cognitive-behavioral, mindfulness, and skills-based
approaches can reduce distress, yet engagement often
declines once an initial crisis passes or academic pres-
sure increases.7, 8 This tension is especially important in
medicine: the weeks in which support may be most valu-
able are often the weeks in which attendance at a long
session is least feasible.

Digital delivery reduces travel, scheduling, and stigma-
related barriers. Meta-analyses of internet and mobile
interventions for university populations report improve-
ments in depression, anxiety, and well-being.9–12 Compa-
rable findings have been reported for internet-delivered
psychological treatment and smartphone-supported in-
terventions across adult populations.13–15 Access alone,
however, is insufficient. Digital programs commonly ex-
perience steep attrition, and raw registration counts can
exaggerate meaningful exposure.16, 17 A fixed sequence
also assumes that the same lesson is appropriate regard-
less of whether today’s difficulty is anticipatory anxiety,
sleep debt, inactivity, rumination, or an overloaded study
plan. Such a sequence can deliver the correct skill at the
wrong time.

Digital mental-health support is also a service arrange-
ment, not merely content placed on a screen. Its effect de-
pends on the relationship among the student, the inter-
vention component, the delivery technology, and the hu-
man services available when automated support is insuf-
ficient. Behavioral intervention technologies have there-
fore been described in terms of both therapeutic aims
and the technical features that enable them.40 Later cri-

tiques emphasized that rapid product cycles, weak com-
parison conditions, and limited replication can make
digital evidence difficult to interpret.37 The field now in-
cludes apps, conversational systems, social platforms,
and virtual environments, but breadth of format does
not remove the need for clinical governance or compar-
ative evidence.41 Mobile delivery also challenges theo-
ries developed for stable, infrequent encounters because
behavior, receptivity, and environmental demand can
change within hours.38 For medical students, a defen-
sible digital intervention should therefore specify the
decision point, the information available at that point,
the actions that may be selected, the proximal response,
and the route to human care. These elements make the
policy inspectable and permit a trial to determine why it
succeeds or fails.

Context-responsive intervention offers a different propo-
sition. Rather than prescribing an identical weekly unit
to every student, it selects a brief action from obser-
vations that are proximal to the decision. Just-in-time
adaptive interventions were developed to provide the
type and intensity of support most likely to help at the
moment of need while limiting unnecessary burden.18

Micro-randomized designs permit repeated randomiza-
tion among available actions and support estimation of
proximal effects that change with context.19–21 The result-
ing decision rules extend the logic of dynamic treatment
regimes from a few clinical stages to many low-burden
decisions distributed over daily life.22, 23 This approach
is particularly suitable for medical training because ex-
amination proximity, sleep, workload, and distress vary
substantially within the same person.

An adaptive policy should be built in stages rather than
optimized as an indivisible package. The multiphase op-
timization strategy separates candidate components, ex-
amines their individual and combined contribution, and
then evaluates the assembled intervention.39 Applied
here, that logic distinguishes four questions: whether a
prompt should be offered, whether the student is avail-
able, which skill should be selected, and whether the
selected skill produces short-term relief without exces-
sive interruption. A favorable final score cannot identify
which of these decisions was responsible. Conversely, a
weak component need not invalidate the entire delivery
policy if timing or another component remains useful.
The computational design preserves these distinctions
by storing every prompt occasion, known action proba-
bility, immediate response, and daily state transition.

Measurement must be equally responsive. End-point
questionnaires can determine whether symptoms
changed over a term but cannot identify when deteriora-
tion occurred or which action preceded recovery. Ecolog-
ical momentary assessment reduces reliance on distant
recall and captures experience in the settings where it
unfolds.24, 25 Short daily observations also allow strain to
be represented as a changing state rather than a fixed stu-
dent characteristic. Repeated measurement introduces
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its own burden and missingness, so the assessment must
be short, interpretable, and linked to a specific decision.
Collecting information that does not change support
would be difficult to justify.

Personalization also raises methodological and ethical
questions. A policy may appear effective because it was
used more often in contexts that were already likely to
improve. Estimating the value of an alternative alloca-
tion therefore requires adjustment for action probability
and outcome prediction; doubly robust estimators retain
consistency when either component is correctly spec-
ified.27 Campus composition may influence apparent
benefit, making site-specific contrasts essential. Missing
outcomes may differ systematically by current distress,
so sensitivity analysis should determine how severe an
unobserved disadvantage would need to be before the
conclusion changes.28, 29 Finally, a policy that produces
small symptom gains through frequent interruptions
may be unacceptable even if the symptom estimate is
favorable. Time burden and academic functioning must
be treated as outcomes rather than implementation foot-
notes.

The present study evaluates a context-responsive
cognitive-behavioral policy in a fully reproducible com-
putational trial. The research question is: among a mul-
tisite synthetic cohort of medical students followed for
90 days, does daily selection among cognitive reframing,
paced breathing, behavioral activation, and workload
planning produce lower day-90 psychological distress,
better academic functioning, fewer high-strain days, and
lower intervention time than a fixed weekly cognitive-
behavioral course? Three hypotheses were specified.
First, the context-responsive condition would yield lower
entry-adjusted GHQ-12 equivalent scores than both com-
parison conditions. Second, its benefit would be accom-
panied by better academic functioning and shorter resi-
dence in a high-strain state. Third, its intervention time
would be lower than the fixed course because support
would be delivered only on decision occasions. The study
is computational rather than clinical; it tests the internal
behavior, estimands, and practical demands of the policy
before exposing students to an unverified allocation rule.

2. METHODS

2.1. Design and empirical calibration
The study was a 90-day, three-condition computational
trial with balanced assignment within six modeled med-
ical schools. It was designed to determine whether a
context-responsive allocation rule could outperform
fixed delivery under plausible variation in symptoms,
workload, and adherence. Published values from a Pales-
tinian medical-student investigation were used once to
delimit plausible GHQ-12 entry levels and intervention
contrasts. The article’s screening, lifestyle, and treatment
tables indicated 329 screened students, a 28% preva-
lence above its mental-health threshold, associations
with physical activity, sleep, and entertainment time, and

34 versus 32 analyzed students in the treatment compar-
ison. The GHQ-12 values used for numerical calibration
are summarized in Table 1. No person-level observations
from that investigation were available to or processed by
the present study.

2.2. Synthetic cohort and daily observations
The cohort comprised 720 synthetic students, with 120
assigned to each medical school and 240 assigned to
each study condition. Assignment was balanced within
school: 40 students per condition at each site. Sex was
generated as woman or man with probability 0.58 and
0.42, respectively, and academic year was sampled uni-
formly from years one through six. Entry GHQ-12 equiv-
alents were sampled from a truncated Gaussian distri-
bution spanning 12 to 34. The mean depended weakly
on school, sex, and academic year, creating realistic co-
variate variation without confounding allocation. Entry
academic functioning ranged from 25 to 82 on a 0–100
scale and was inversely related to entry distress.

Each student contributed observations on days 0
through 90. The daily record contained GHQ-12 equiv-
alent distress, a 0–10 momentary distress rating, sleep
duration, a 0–10 workload rating, activity minutes, exam-
ination proximity, and a high-strain indicator. Examina-
tion demand was generated as three smooth peaks cen-
tered on days 28, 60, and 84. Sleep decreased with work-
load and distress, while activity decreased with distress
and workload. Autoregressive error introduced temporal
continuity, and a person-specific random term created
heterogeneity in change. These relations were encoded
before condition comparisons were calculated. The re-
sulting dataset contained 65,520 daily records.

The high-strain state was defined by momentary distress
above 6.3, sleep below 6 hours, or workload above 7.6.
This operational definition intentionally combined af-
fective and functional precursors. A student could move
into high strain before the GHQ-12 equivalent reached
its maximum, allowing the allocation policy to respond
before sustained deterioration. Consecutive-day transi-
tions were retained for the state analysis.

2.3. Study conditions
The context-responsive condition offered four brief
cognitive-behavioral components. Cognitive reframing
used a concise evidence-for/evidence-against exercise
for a current automatic thought. Paced breathing used an
eight-minute guided cycle emphasizing a slower exhala-
tion. Behavioral activation selected a feasible 12-minute
activity that could be completed between academic com-
mitments. Workload planning divided the next study
block into one priority task, one deferrable task, and
a stopping rule. The actions were chosen because they
target distinct, observable combinations of rumination,
arousal, inactivity, and task overload. They did not consti-
tute diagnostic treatment and were paired with a safety
notice directing severe or escalating symptoms to quali-

Context-responsive cognitive-behavioral micro-interventions Psilogos • pp 23–34

www.psilogos.press 25 2022(1), 23-34

www.psilogos.press


Table 1. Published quantities used for calibration.1

Quantity Group or characteristic Entry value Eight-week value

Students screened Medical students 329; 28% above the stated threshold
GHQ-12 total Cognitive-behavioral group (n = 34) 20.7 ± 6.4 11.4 ± 6.7
GHQ-12 total Comparison group (n = 32) 22.5 ± 6.4 22.1 ± 6.2
Lifestyle correlates Physical activity, sleep, entertainment Associations reported at p < 0.05
Values define plausible ranges for the probability model; no individual record was available or used.

fied care.
A prompt opportunity was generated from current dis-
tress and examination proximity. On those occasions,
the policy assigned probabilities to the four actions from
distress, workload, sleep debt, activity, and examina-
tion proximity. Thirty percent of the probability mass
remained uniform to preserve exploration; 70% favored
the actions with larger predicted proximal relief. Thus,
every available action retained a nonzero probability. Im-
mediate relief was recorded on a bounded scale after
completion and used only for policy-value estimation,
not to regenerate the final symptom outcome.
The fixed-schedule condition received an eight-week
cognitive-behavioral course with one nominal 60-
minute session per week. It contained the same four com-
ponent families but presented them in a predetermined
sequence. Attendance variation produced a mean expo-
sure below the maximum 480 minutes. The attention-
control condition received brief weekly educational ma-
terial about student well-being and campus support. Its
mean exposure was approximately one hour over the
study. The three conditions differed in delivery timing
and selection logic; the content families available to the
two active conditions remained comparable.
The participant-facing sequence is depicted in Figure 1.
The visual order is descriptive rather than causal: a brief
check-in supplies the state variables, the policy can be
inspected by a clinician or trial monitor, and the selected
skill is completed in an ordinary campus setting. The
absence of an intervention on some days is intentional.
A context-responsive design is not a high-frequency mes-
saging system; it is a decision rule that can choose not to
interrupt.

2.4. Outcomes and estimands
The primary outcome was day-90 GHQ-12 equivalent
score. The primary estimand was the entry-adjusted
mean difference between context-responsive and fixed-
schedule conditions, averaged over schools, sex, and
academic year. A second contrast compared context-
responsive support with attention control. Lower values
indicated better psychological health. The term “equiva-
lent” distinguishes the generated continuous outcome
from responses completed by a person on the validated
questionnaire.
Secondary outcomes were day-90 academic functioning,
number of days in the high-strain state, dual response,

intervention minutes, observed day-90 status, and im-
mediate relief after prompted actions. Dual response
required both a reduction of at least five GHQ-12 equiv-
alent points and a day-90 value no higher than 17. This
conjunctive definition prevented a large change from
being counted when the final value remained high and
prevented a low final value from being counted when it
merely reflected a low entry value. Intervention minutes
were summed from completed actions in the adaptive
condition and attended material in the other conditions.

The action-level estimand compared the expected im-
mediate relief under the adaptive probabilities with ex-
pected relief under equal probabilities for the four ac-
tions, conditional on a prompt having occurred. This es-
timand concerns action selection, not the effect of send-
ing a prompt versus withholding one. Campus-specific
estimands compared change in GHQ-12 equivalents be-
tween the two active conditions within each school.

2.5. Statistical analysis
The primary analysis used a Gaussian regression for day-
90 GHQ-12 equivalent score with entry GHQ-12, condi-
tion, school, sex, and academic year as covariates. Weak
normal priors and a scale prior equivalent to the stan-
dard conjugate Gaussian model yielded multivariate-t
posterior draws. The reported estimate is the posterior
median, accompanied by the central 95% credible in-
terval and the posterior probability that the adaptive-
minus-fixed contrast was below zero. Academic function-
ing used the same specification with day-90 functioning
as the dependent variable and entry functioning retained
through the common design matrix. Bayesian estimates
are interpreted as conditional probability statements
about the model parameters, not repeated-sampling re-
jection decisions.30 Exact estimates and uncertainty in-
tervals were retained instead of converting every com-
parison into a binary label, consistent with recommen-
dations on interval interpretation.31, 32

Dual-response risk differences were estimated with 2,500
nonparametric bootstrap draws within condition. State
residence was summarized as the mean number of high-
strain days per student. The state sequence was exam-
ined for condition differences in persistence and recov-
ery, with emphasis on time spent in strain rather than
the number of isolated threshold crossings.

For prompted actions, an outcome regression predicted
immediate relief from distress, workload, sleep debt, ac-
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(a) Daily check-in (b) Policy review (c) Brief skills practice

Figure 1. Daily study activities. Illustrative depictions; no enrolled participant is shown.

tivity, examination proximity, and action. Known assign-
ment probabilities supplied inverse-probability resid-
ual weights. The doubly robust value combined the
model-predicted reward under each target policy with a
weighted residual correction. Values were calculated for
the context-responsive policy and a policy that assigned
the four actions equally. Because decision probabilities
were bounded away from zero, the comparison did not
depend on extreme weights.

School-specific active-condition contrasts were calcu-
lated as differences in mean change with normal in-
tervals. The primary model pooled the overall estimate
while the school plot displayed heterogeneity without
selecting sites by statistical significance. Intervention
burden was reported as mean minutes and as minutes
per dual responder. Day-90 observation was generated as
a function of condition and symptom severity. A pattern-
mixture stress test then added 0, 1, 2, or 3 points to every
unobserved day-90 value and recalculated the active-
condition contrasts. This range asks whether a materially
worse unobserved outcome would reverse the direction
of the result.

2.6. Reproducibility and ethical status

The complete data-generating program, fixed seed
20260814, participant file, daily file, prompt-occasion file,
posterior draws, summary tables, and figure files accom-
pany the manuscript. Re-executing the program regen-
erates every numerical result and analytical figure. The
photographic panels are illustrative and are not analytic
evidence. Because the study processes only computer-
generated records and includes no identifiable person,
recruitment, intervention delivery, consent, and institu-
tional review were not applicable. A future prospective
study would require independent ethical review, trial reg-
istration, adverse-event procedures, clinician oversight,
and an explicit route to urgent care.

3. RESULTS

3.1. Cohort composition and intervention ex-
posure

Allocation produced 240 students per condition and 120
per modeled school. Entry GHQ-12 equivalents were sim-
ilar across conditions, although the fixed-schedule condi-
tion was 0.63 points higher than the context-responsive
condition before covariate adjustment. Women consti-
tuted 54.17–57.92% of each condition, and mean aca-
demic year ranged from 3.44 to 3.55. Entry academic
functioning was approximately 51 in all three conditions
(Table 2). These small differences demonstrate why the
prespecified entry adjustment remains useful even un-
der balanced assignment: finite synthetic samples need
not have identical covariate means.

The entry distribution also confirms that the simulated
comparison was not driven by a narrow band of nearly
identical students. GHQ-12 equivalents had standard
deviations between 4.22 and 4.61, academic years cov-
ered the full six-year range, and school effects were re-
tained in the generation and analysis. The fixed condi-
tion began with slightly greater mean distress and slightly
lower mean academic functioning than attention con-
trol, whereas the adaptive condition lay between them.
Adjustment reduced the influence of those imbalances
without changing the substantive comparison. Because
allocation was exactly balanced within school, site com-
position could not create the overall difference merely by
placing more adaptive students in a low-distress school.

The adaptive policy generated 5,701 prompt occasions
across 240 students, corresponding to 23.75 prompts per
student over 90 days. Mean intervention time was 236.95
minutes, or approximately 9.98 minutes per completed
prompt. Fixed scheduling required 437.22 minutes on
average, 200.27 minutes more than context-responsive
delivery. The attention-control material required 62.12
minutes. Day-90 values were observed under the emu-
lated retention process for 92.08%, 85.83%, and 79.17%
of the context-responsive, fixed-schedule, and control
conditions, respectively.
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Table 2. Synthetic cohort at study entry.

Condition n Women (%) Academic year GHQ-12 equivalent GHQ-12 SD Academic function

Context-responsive 240 56.25 3.44 21.38 4.22 50.81
Fixed-schedule 240 57.92 3.54 22.01 4.38 50.51
Attention control 240 54.17 3.55 21.26 4.61 51.29

3.2. Psychological and academic outcomes
Mean day-90 GHQ-12 equivalents were 14.17 (SD 4.51)
for context-responsive support, 17.47 (SD 4.60) for fixed
scheduling, and 20.78 (SD 4.93) for attention control.
Mean within-student changes were −7.20, −4.54, and
−0.48 points, respectively (Table 3). After adjustment for
entry value, school, sex, and year, the posterior median
adaptive-minus-fixed difference was −2.68 points (95%
credible interval −3.01 to −2.34). Every retained poste-
rior draw favored the adaptive condition at the recorded
precision, giving a posterior probability above 0.999. The
corresponding difference from attention control was
−6.72 points (−7.05 to −6.38), while fixed scheduling dif-
fered from attention control by −4.04 points (−4.38 to
−3.70).

The 90-day paths in Figure 2 show that separation
emerged during the first three weeks and widened af-
ter each examination peak. The control path rose near
days 28, 60, and 84 and returned only partially toward its
preceding level. Fixed scheduling attenuated these peaks,
whereas context-responsive delivery combined a lower
underlying trajectory with smaller examination-related
rebounds. This pattern matters because an end-point
contrast alone could be produced by a late change. Here,
the advantage was sustained across most of the observa-
tion period and was not confined to day 90.

The distributional display in Figure 3 qualifies the mean
comparison. Considerable overlap remained between
context-responsive and fixed scheduling, and some
adaptive-condition students finished with high values.
The benefit therefore represents a shift in the whole dis-
tribution rather than universal recovery. The adaptive
distribution had a lower median and reduced upper-tail
mass; attention control retained the largest concentra-
tion near 20–24. This heterogeneity supports retaining
clinician access and discourages interpretation of the
policy as a substitute for treatment when symptoms are
severe.

Academic functioning increased by 7.19 points under
context-responsive support, 4.75 under fixed scheduling,
and 0.63 under attention control. The entry-adjusted pos-
terior adaptive-minus-fixed difference was 2.00 points
(0.77 to 3.24), and the adaptive-minus-control difference
was 6.22 points (5.00 to 7.46). Symptom improvement
was therefore accompanied by functional improvement
rather than achieved through withdrawal from academic
activity. Dual response occurred in 67.92% of the adap-
tive condition and 22.50% of the fixed condition. The
bootstrap risk difference was 45.42 percentage points

(37.08 to 52.92); the difference from attention control
was 67.92 points (61.67 to 73.75). Because the dual defini-
tion combines change and final status, these proportions
are more demanding than reporting any symptom de-
crease.

3.3. State residence and action selection
Students in the context-responsive condition spent a
mean 49.47 days in the high-strain state, compared with
59.23 under fixed scheduling and 66.20 under atten-
tion control. The 9.75-day adaptive advantage over fixed
scheduling represents fewer persistent days rather than
merely a lower day-90 value. It also explains part of the
academic-functioning difference: more days were avail-
able for ordinary study without simultaneously crossing
the strain definition.

Action relief varied across the four daily states (Figure 4).
Planning produced the largest mean relief near exami-
nations, reaching 1.07 when rested and 1.12 with sleep
debt. Paced breathing was most useful when sleep debt
accompanied an approaching examination (0.94), but of-
fered only 0.42 during rested routine periods. Reframing
was comparatively stable (0.62–0.70), while activation
showed smaller state variation. These differences supply
the substantive reason for adaptation. Equal assignment
would spend too many opportunities on actions whose
proximal value is weak in the current state.

The doubly robust estimated immediate-relief value was
0.695 under the adaptive probabilities and 0.672 un-
der equal action probabilities, a difference of 0.023 per
prompted occasion. This action-level gain is modest
compared with the final symptom contrast. Its interpre-
tation is therefore specific: action matching improved
proximal relief, while the full 90-day difference also re-
flects prompt timing, reduced interruption, examination-
period attenuation, and cumulative state transitions. It
would be incorrect to attribute the complete final differ-
ence to action selection alone.

3.4. Transport, burden, and sensitivity
Every modeled school favored context-responsive deliv-
ery over fixed scheduling (Figure 5). The mean change
contrasts ranged from −2.00 in School E to −3.40 in
School F, with all intervals below zero. The variation is
meaningful despite a consistent direction. A future trial
should allow treatment effects to differ by school rather
than assuming that scheduling, clinical exposure, and
support availability are interchangeable across institu-
tions.
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Table 3. Day-90 outcomes and intervention burden.

Condition GHQ-12 mean (SD) GHQ-12 change Function change Dual response (%) Minutes Observed (%)

Context-responsive 14.17 (4.51) −7.20 7.19 67.92 236.95 92.08
Fixed-schedule 17.47 (4.60) −4.54 4.75 22.50 437.22 85.83
Attention control 20.78 (4.93) −0.48 0.63 0.00 62.12 79.17

Figure 2. Ninety-day symptom trajectories.

Time accounting reinforces the symptom result. Context-
responsive support used 54.19% of the fixed course’s in-
tervention minutes. Dividing total condition minutes by
the number of dual responders produced approximately
349 minutes per responder in the adaptive condition and
1,944 minutes per responder in the fixed condition. This
ratio is not an economic evaluation because staff prepa-
ration, software, supervision, and escalation are omitted.
It nevertheless shows that the adaptive benefit was not
purchased through greater participant exposure.

The observation proportions require a second reading
of burden. The adaptive condition combined the fewest
active-treatment minutes with the highest day-90 ob-
servation rate. In the probability model, lower current
distress increased the probability of remaining observed,
so improved trajectories contributed to retention. A real
trial could show a different relation: frequent notifica-
tions may reduce completion even when symptoms im-
prove, or students with severe symptoms may remain
engaged because support feels immediately relevant. For
this reason, prompt completion, daily-question comple-
tion, and final-outcome completion should be reported
separately. Treating them as a single adherence percent-
age would conceal whether disengagement arose from
the intervention, measurement schedule, or follow-up
procedure.

The pattern-mixture stress test did not approach a rever-
sal (Table 4). Adding three adverse points to every un-
observed day-90 value yielded an unadjusted adaptive-
minus-fixed difference of −3.48 and an adaptive-minus-
control difference of −6.99. The increasingly negative
contrast occurs because the generated retention process
left more unobserved outcomes in the two comparison
conditions. The important finding is not that missing-
ness improves the adaptive estimate; it is that the di-
rection remains stable under a severe, explicitly adverse
shift applied to all unobserved values.

4. DISCUSSION
This computational trial answers its research question
in the affirmative under the encoded probability model:
selecting a brief cognitive-behavioral skill from current
distress, sleep debt, activity, workload, and examina-
tion proximity produced lower day-90 GHQ-12 equiv-
alents, better academic functioning, fewer high-strain
days, and substantially lower intervention time than a
fixed weekly course. The primary adjusted difference of
−2.68 points was not an isolated end-point effect. Separa-
tion appeared early, persisted for most of the 90 days, and
was visible across all six modeled schools. The adaptive
condition also used approximately 200 fewer minutes,
indicating that temporal precision can be more conse-
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Figure 3. Day-90 symptom distributions.

Table 4. Policy value and missing-outcome stress test.

Analysis quantity Estimate Comparator

Doubly robust immediate-relief value 0.695 Adaptive probabilities
Doubly robust immediate-relief value 0.672 Equal action probabilities
Unobserved-outcome shift: 0 points −3.30 Adaptive minus fixed
Unobserved-outcome shift: 1 point −3.36 Adaptive minus fixed
Unobserved-outcome shift: 2 points −3.42 Adaptive minus fixed
Unobserved-outcome shift: 3 points −3.48 Adaptive minus fixed

quential than simply increasing contact time.

The computational status of the evidence determines
what may legitimately be concluded. The study estab-
lishes logical coherence: the declared decision rule, lon-
gitudinal relations, estimands, and analysis produce in-
ternally consistent outputs and recover a benefit that
is visible across complementary outcomes. It does not
estimate how real students will respond. That distinction
is productive rather than merely cautionary. A compu-
tational trial can reveal before recruitment whether the
planned files are sufficient for each estimand, whether
decision probabilities remain positive, whether burden
is recorded, whether the site contrast is identifiable, and
whether the missing-outcome analysis can be repro-
duced. It can also expose exaggerated claims. For exam-
ple, the heat map demonstrates action matching because
those state-action relations were encoded; it cannot be
cited as empirical proof that planning is superior near
examinations. The appropriate contribution is a testable
design with quantitative operating characteristics.

The result is compatible with the established efficacy of
cognitive-behavioral and digital interventions without
assuming that digital delivery is automatically adaptive.
Internet programs can reduce distress among students,

but many retain a linear curriculum and rely on the par-
ticipant to choose when to log in.9, 11 Smartphone inter-
ventions can increase availability while still delivering
poorly timed notifications.33 The present policy changes
the unit of intervention from a course module to a deci-
sion occasion. It asks which brief action is indicated now
and allows no prompt when expected benefit does not
justify interruption.

Three mechanisms explain the modeled advantage. First,
action specificity mattered. Planning was most use-
ful when examination proximity amplified workload,
whereas breathing was most useful when that pressure
co-occurred with sleep debt. Equal assignment diluted
these state-action matches. Second, timing mattered. Ex-
amination peaks were anticipated by the daily state vari-
ables, so support was concentrated near periods of rising
strain rather than limited to a predetermined weekday.
Third, burden mattered. A ten-minute action is easier to
place between teaching activities than a full session, and
reduced burden preserved exposure during demanding
weeks. These mechanisms correspond to the just-in-time
principle of intervening at states of both vulnerability
and receptivity.18

The modest difference between adaptive and equal
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Figure 4. Action relief across daily states.

action probabilities deserves careful attention. An
immediate-relief advantage of 0.023 per prompt is not
a dramatic single-occasion effect. Repetition across ap-
proximately 24 occasions may accumulate, but the fi-
nal symptom difference also includes modeled timing
and state persistence. This distinction is important for a
prospective trial. Repeated randomization should sepa-
rately estimate the effect of sending support, the compar-
ative effects of the four skills, and moderation by current
state. A single end-of-term questionnaire cannot recover
those components. Micro-randomization is well suited
to this task because it preserves known action probabili-
ties at every decision.19, 20

The functional outcome strengthens the interpretation.
Symptom scores can improve when a student with-
draws temporarily from stressful activities; such improve-
ment may be clinically reasonable but does not by it-
self demonstrate educational benefit. Here, academic
functioning increased alongside symptom improvement,
with a 2.00-point adjusted advantage over fixed schedul-
ing. The state analysis provides a temporal bridge: adap-
tive students spent nearly ten fewer days above the strain
threshold, leaving more days in which ordinary aca-
demic participation was compatible with lower distress.
A prospective study should measure attendance, assess-
ment completion, and self-regulated learning alongside
symptoms, while avoiding punitive use of mental-health
information.

The school-specific estimates address an important
transport question. Medical schools differ in timetable
density, assessment frequency, clinical exposure, com-
muting, digital access, and counseling capacity. Averag-
ing over these conditions can conceal a policy that works
only where support is already strong. All six modeled
schools favored adaptation, but effect sizes differed by
1.4 points. A real multisite trial should use partial pool-

ing and report site distributions rather than a pooled
estimate alone. It should also evaluate whether the pol-
icy performs equitably across sex, training year, socioe-
conomic position, disability, and connectivity. Digital
health can widen disparities when access, privacy, or
data cost is uneven.34 Personalization is not equitable
merely because it is individualized.

The burden result has practical significance. Fixed
courses typically require coordination among students,
facilitators, rooms, and timetables. Context-responsive
micro-interventions distribute shorter actions across
daily life, but they introduce software maintenance, pol-
icy monitoring, and safety review. Participant minutes
therefore favor the adaptive condition, whereas insti-
tutional cost remains unknown. Economic evaluation
should include clinician oversight, technical support,
false alerts, and the opportunity cost of prompts. It
should also examine whether a lower dose weakens ther-
apeutic alliance or prevents deeper cognitive work for
students who need it. Brief support can complement,
but should not displace, accessible counseling and psy-
chiatric care.

Help-seeking barriers remain relevant even when sup-
port is delivered privately. Students may fear stigma, con-
fidentiality breaches, or consequences for professional
progression. Digital access can reduce the effort of initiat-
ing support, yet trust depends on clear data governance
and separation from academic evaluation. Reviews of
student help-seeking show that perceived stigma and
preference for self-reliance are persistent barriers.35, 36 A
prospective implementation should state who can view
daily responses, how long data are retained, what trig-
gers clinician review, and whether faculty can access in-
dividual information. Safety escalation should be visible
before the first check-in, not introduced only after a high-
risk response.
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Figure 5. Active-condition contrasts by school.

The analytical choices also have implications for trial de-
sign. The Bayesian model provided a direct probability
that the adaptive condition reduced day-90 distress and
retained the size and uncertainty of the effect. The dou-
bly robust policy-value analysis separated action choice
from outcome prediction and remained protected if ei-
ther the propensity or outcome component was correctly
specified. Neither method rescues poor measurement.
Daily questions must be brief enough to sustain partic-
ipation, sensitive enough to represent change, and in-
terpretable across languages and schools. Ambulatory
assessment research emphasizes that observations close
to experience can reduce recall error, but reactivity and
missingness remain possible.24, 26

The missing-outcome stress test was deliberately severe:
up to three adverse points were added to every unob-
served value. The conclusion remained unchanged. This
result should not be translated into a claim that miss-
ingness is harmless. The test operates within a known
computational model, whereas real disengagement may
signal worsening symptoms, privacy concerns, technical
failure, or dissatisfaction. Multiple imputation can prop-
agate uncertainty under a specified missing-at-random
model, but departures from that assumption still require
transparent stress tests.28 Reporting only complete cases
would be inadequate if observation depends on symp-
tom severity.

Several limitations define the boundary of inference.
Most importantly, all students and outcomes are syn-
thetic. The estimates demonstrate the behavior of a de-
cision policy under declared assumptions; they do not
establish clinical efficacy, acceptability, or safety. The
GHQ-12 equivalent was generated as a continuous tra-
jectory and cannot reproduce every psychometric prop-
erty of completed questionnaire items. Immediate re-
lief was also generated from state-action relations spec-

ified in code, so the heat map validates recovery of
those relations rather than discovering a human mecha-
nism. The three examination peaks simplify the irregular
scheduling of actual programs. Peer relationships, finan-
cial strain, exposure to patient suffering, substance use,
prior treatment, and acute risk were not generated. In-
tervention content was represented by action categories
and duration, not therapist competence or therapeutic
alliance.

Further limitations concern the decision rule. The policy
used a restricted set of contemporaneous variables and
did not incorporate free text, passive sensing, geoloca-
tion, or social-media data. This restraint reduces privacy
risk and improves interpretability but may omit useful
context. The high-strain definition used fixed thresholds,
which may not correspond to an individual’s meaningful
change. Prompt availability was generated rather than
chosen by a student, and notification fatigue was rep-
resented only indirectly through intervention time. The
Gaussian final-outcome model can accommodate the
generated distribution but may be less suitable if a fu-
ture trial has floor effects, heavy tails, or distinct symp-
tom classes. Finally, the campus contrasts were based
on 40 students per active condition at each school; a
prospective sample-size calculation should be based on
the proximal and final estimands, within-person correla-
tion, availability rate, and clustering.

Measurement validity will be a central concern in that
future trial. The present GHQ-12 equivalent is useful be-
cause it gives the longitudinal model a scale that can be
compared with published ranges, but daily administra-
tion of the full questionnaire would be burdensome and
could change responding. A short momentary item set
should therefore be developed independently of the fi-
nal questionnaire, then linked to intervention decisions
through prespecified thresholds or a continuous score.
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Translation and cultural adaptation should test mean-
ing rather than literal wording. Academic functioning
also requires a transparent definition: self-rated ability
to study, attendance, completed assessments, and objec-
tive grades answer different questions and carry different
privacy consequences. The preferred primary functional
outcome should be chosen with students before registra-
tion, not selected after examining which one favors the
intervention.

A prospective evaluation should begin with a feasibility
phase that tests check-in completion, prompt acceptabil-
ity, technical reliability, and safety escalation. It should
then use a multisite micro-randomized design with equal
minimum probabilities for all actions, independent over-
sight, and a preregistered primary end point. The fixed-
schedule comparator should contain equivalent content
and credible facilitator contact so that timing and selec-
tion remain the principal differences. Qualitative inter-
views should examine whether students experience the
prompts as supportive, intrusive, culturally appropriate,
or academically risky. The policy should be frozen for
the confirmatory analysis; any later learning should oc-
cur in a separately declared training period. Reporting
should distinguish the effect of availability, the effect of
a prompt, the effect of action choice, and the effect on
final symptoms.

5. CONCLUSION
The study asked whether context-responsive selection
of brief cognitive-behavioral skills could outperform a
fixed weekly course while using less student time. Under
the fully specified 90-day computational model, it did:
the adaptive policy lowered entry-adjusted day-90 GHQ-
12 equivalents by 2.68 points relative to fixed schedul-
ing, improved academic functioning by 2.00 points, re-
duced high-strain residence by 9.75 days, and required
approximately 200 fewer minutes. The advantage was
present in every modeled school and was not reversed
by the missing-outcome stress test. These findings es-
tablish a coherent and reproducible trial rationale, not
evidence for immediate clinical adoption. The next ev-
identiary step is a prospectively registered, ethically re-
viewed, multisite micro-randomized trial that measures
safety, acceptability, equity, symptoms, academic func-
tioning, and total delivery cost.
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