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Motivation Results — Key Takeaways

+* At the category level, viral load, hospitalizations, and CLI, each have a strong association with cases.
¢ Forecast performance depends on data or the time frame used for the model training.

s Adding other important signals such as CLI and hospitalizations improves model precision.

+»* Forecast model performance is similar for cases and hospitalizations.

¢ In most districts, probability forecasts outperform the Naive model (uniform).

* To investigate the relationship between wastewater data and
various COVID-19 related indicators such as Hospitalizations,
Cases, COVID-Like lliness (CLI) by utilizing quantile (level-based)
categorization.

« Aim: to develop a predictive model for cases and
hospitalizations (categories), while evaluating forecast
performance based on different signals used in the model, time Evaluation Metrics

frames, and evaluation metrics.

* To evaluate the probability forecasts we use Brier score:

Dataset Details & Spatiotemporal Alignment
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Impact of time-frame used for analysis and forecast models:

Categorical Indicators Before and after Omicron wave
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Comparison between Case forecasts & Hospitalization forecasts

Med 189 281 222 | 692 We use a multinomial model with all signals: Forecasts for cases Forecasts for hospitalizations
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wastewater have a strong association. hospitalizations and cases. Fig : Overview of the combined district level forecasts. Comparison

between 1-week ahead forecast categories and the true categories.

Multinomial regression formulation : : : :
uftinomiaf regression rormulatio Temporal probabilistic forecasts and their evaluation using Brier score

We consider the multinomial regression model to forecast case and
hospitalization categories. For instance, to fit a model
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here Q.,505(t) denotes the quantile-category for cases at time t and

I, .s0s(t=1)i IS the indicator variable for the event {Qcases(t — 1) = i}. Fig : Probability forecasts and ground truth over time for two districts — Lord Fairfax and Richmond. Left

. . . . side represents case forecasts and right side represents hospitalization forecasts.
Forecast model: incorporating multiple signals
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Experiment Setup:

e Time period: Sept 2021 to June 2023, starting with 20 weeks for model
training, for each district.

* Real-time forecasting: updated quantile categories with each new data
point.

* Forecast horizon: 1-week ahead forecasts for all districts.
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Brier score for Case forecasts
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Brier score for hospitalizations
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The precision of combleed d|str|.ct-l.eve.l Category fo.recasts is significantly Fig: District level Brier scores evaluating probability forecasts for cases and hospitalization. The dotted line
improved by incorporating hospitalizations and CLI into the model. .2 . . .. .
denoting p corresponds the Brier Score of the Naive model assigning equal probability for each category.
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