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RESULTS

BACKGROUND

* Landmarking, where follow up time is broken into discrete time intervals or "landmark
times", enables dynamic time-to-event prediction, with pooled approaches
incorporating time-varying predictors generally outperforming single-landmark models.!

METHODS

Data Structure

* Discrete-time framework: person-period dataset with one row per N-day at-risk interval, with

Model Performance Across All 90, 180, and 360-day Prediction Horizons

follow-up represented as sequential time intervals (e.g., 1, 2, 3) Discrimination Calibration
design parameter, as its optimal value may depend on outcome incidence, follow-up
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* Follow-up: Index date until 1t occurrence of one of the following: 1) New CUD diagnosis, 2) study
end date (Dec. 315t, 2023), 3) health plan disenrollment, 4) death from any cause

Landmarking Approaches

1. Landmark Supermodeling
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* Secondary analysis (landmark supermodels only): compared discrete-time vs. discrete-time-daily,
with the latter recording follow-up time on a daily scale (e.g., 90, 180, 256) while maintaining
interval-based prediction updates.

Engineered Features [n=175]

* Included demographics, acute + chronic comorbidities,
healthcare utilization characteristics.

prescription characteristics, and

Model Training/Testing
* Train/test split: Randomized 70:30 split at person level
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1. Separate models at each landmark trained using prior
6-month data for ONLY that landmark

2. Time-varying features defined using prior 6-month
values preceding each landmark time

3. Cumulative Landmarking
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2. Strict Landmarking: Evaluated at each landmark, selecting the best classifier per interval, with
overall metrics computed as weighted averages based on subjects at risk at each time point.

3. Cumulative Landmarking: Evaluated at each cumulative iteration, selecting the best classifier per
iteration, with overall metrics computed as weighted averages based on cumulative follow-up time
at each iteration.

Computing Resources
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Discrete-time SVMS Superlandmark Model Discrete-time-daily SVMS Superlandmark Model

CONCLUSION

v Landmark supermodeling consistently achieved the strongest discriminative performance across prediction
horizons while maintaining calibration comparable to that of alternative landmarking strategies.

Index Date for each landmark time a subject is still at risk |  This work was supported with computing resource allocations (MED230043) awarded through the
I Advanced Cyberinfrastructure Coordination Ecosystem: Services & Support (ACCESS) program.* v" Performance differences across interval lengths and temporal specifications were modest, reinforcing prior
| (i (D (D (P work emphasizing practical considerations (data availability, hardware limitations, clinical plausibility) in
| B B - T selecting interval lengths.
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1. Separate models at each landmark trained using prior
6-month data from that and all preceding landmarks

A total of 54,758 Arkansas medical cannabis cardholders met eligibility criteria, of which 857 (1.57%)
received a new CUD diagnosis during the follow-up period.

Highest Discrimination: 360-day SVMS landmark supermodel (mean C/D AUC = 0.7993)
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