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• Dataset shift has performance, fairness, and explainability implications 
for a precision-public health model – MLOps capabilities are vital for 
health systems to develop within and beyond future emergencies [6]

• Strengths: large, diverse cohort from universal, single-payer health 
system; data captures wide range health system interactions

• Limitations: social determinants of health risk factors only available at 
the area level, did not explore online learning set-ups, could not 
account for differential testing access and availability over time
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• Few ML models are used in practice because of selection bias, 
methodological flaws, limited generalizability, and poor reliability – this is 
exceptionally true for models developed during the COVID-19 pandemic [1]

• Dataset shift (i.e., the difference between the environment for model 
development compared to model deployment) can significantly impact 
model reliability)  [2]

• While dataset shift has been recognized as a key factor affecting the 
performance of ML models used in clinical care  [3], there has been little 
exploration of the impact of dataset shift in population health management 
systems for ‘precision public health’ [4]

1. How do the performance and behaviour of population-based ML models 
change through the course of the pandemic? 

2. What can be done to mitigate performance drops due to dataset shift?

• Using routinely collected administrative health data (AHD) from Ontario, Canada, 
we identified adults who tested positive for SARS-CoV-2 on a reverse 
transcriptase polymerase chain reaction (RT-PCR) test between January 1st 2020 
- March 1st 2022 

• For each patient, we captured demographics and interactions with the 
healthcare system -- these datasets were linked using unique encoded identifiers 
and analyzed at ICES (Figure 1)

• Patients were followed up for 30 days after their index date (i.e., the date of the 
earliest positive lab collection) to determine if they experienced a composite 
adverse outcome (hospitalization, intensive care unit admission, or death), which 
is the label of the prediction task

• Applications of such a model include guiding resource allocation (e.g., 
vaccinations and diagnostic tests) and non-pharmaceutical interventions [5] 

Exhibit 1. Conceptual overview of modelling strategy (A), cohort construction (B), and experiments
conducted (C). Acronyms: CCM = Case Contact Management system, IKN = ICES Key Number , LTCH =
Long-Term Care Home.

Exhibit 2. Wave-over-wave 
burden of COVID-19 in Ontario 
in terms of cases and 
composite adverse outcomes 
(CAO) (A), stringency of 
government measures from 
the Oxford COVID-19 
Government Response Tracker 
(B), and CAO prevalence (C).

Exhibit 3. Exponential case and CAO growth in Ontario during wave 1 (A) with rapidly
changing CAO incidence (B). Cases spread across the province to urban and rural health
regions (C). While initial cases were returning travellers from socioeconomically well-off
areas, cases rapidly concentrated in marginalized populations (D, E, F).

Exhibit 4. Clinical and area-level equity features used to develop unpenalized logistic
regression, LR, model predicting risk of 30-day CAO (A). LR AUCs (solid lines), precisions (dashed
lines), and recalls (dotted lines) with clinical +/- equity features with static (SM), expanding (EW),
and 1 month sliding windows (1-mo SW) evaluated one month in the future (B). LR calibration
curves in different setups (C).

Exhibit 5. CAO incidence into wave 2 (A). Comparing XGBoost vs LR performance with the same
features over different cohort sizes (B). Calibration curves for different XGBoost training
strategies (C). Bump chart of Shapley value rankings of XGBoost model month-over-month (D).

Exhibit 6. Phases of vaccine rollout in Ontario (A) including daily doses administered (B) and
vaccination strategy by high-priority forward sortation areas (FSAs) with disproportionate
COVID-19 burden through waves 1 and 2 (C). Addition of vaccination feature (yes/no) improves
subgroup calibration in 80+ population over time (D) and becomes a more important feature in
the model over time (E).
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