
Multinomial regression formulation

We consider the multinomial regression model to forecast case and 
hospitalization categories. For instance, to fit a model 

𝜂 𝑄𝑐𝑎𝑠𝑒𝑠 (𝑡 ) = 𝛽0 + 𝛽1𝑄𝑉𝐿  (𝑡 − 1), 

we train 𝟐 logistic regression models for 𝑘 = 2, 3

𝜂 𝑄𝑐𝑎𝑠𝑒𝑠 (𝑡 ) =  log
𝑃(𝑄𝑐𝑎𝑠𝑒𝑠(𝑡) = 𝑘)

𝑃(𝑄𝑐𝑎𝑠𝑒𝑠(𝑡) = 1)

=  𝛽0,0
𝑘 + 𝛽1,1

𝑘 𝐼𝑄𝑉𝐿(𝑡−1)1 + 𝛽1,2
𝑘 𝐼𝑄𝑉𝐿(𝑡−1)2 + 𝛽1,3

𝑘 𝐼𝑄𝑉𝐿(𝑡−1)3

here 𝑄𝑐𝑎𝑠𝑒𝑠(𝑡)  denotes the quantile-category for cases at time 𝑡 and 
𝐼𝑄𝑐𝑎𝑠𝑒𝑠 𝑡−1 𝑖  is the indicator variable for the event  {𝑄𝑐𝑎𝑠𝑒𝑠 𝑡 − 1 = 𝑖}. 
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Dataset Details & Spatiotemporal Alignment

Motivation

• To investigate the relationship between wastewater data and 
various COVID-19 related indicators such as Hospitalizations, 
Cases, COVID-Like Illness (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 
frames, and evaluation metrics.

Categorical Indicators

Level-based categories: 
determining bin boundaries 
based on 3 quantiles.

• 1 = 𝐿𝑜𝑤,
• 2 = 𝑀𝑒𝑑, 
• 3 = 𝐻𝑖𝑔ℎ. 

Results – Key Takeaways

Comparison between Case forecasts & Hospitalization forecasts 

Temporal probabilistic forecasts and their evaluation using Brier score 
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We use a multinomial model with all signals:

𝜂 𝑄𝑐𝑎𝑠𝑒𝑠(𝑡) = 𝛽0 + 𝛽1𝑄𝑐𝑎𝑠𝑒𝑠(
)

t −
1 + 𝛽2𝑄ℎ𝑜𝑠𝑝 𝑡 − 1 + 

𝛽3𝑄𝐶𝐿𝐼 t − 1 + 𝛽4𝑄𝑉𝐿(𝑡 − 1).

A similar model is used to model 𝑄ℎ𝑜𝑠𝑝(𝑡).

• Combining forecasts from all districts, 
   the average precision is similar for
   hospitalizations and cases.

Model 2: 
𝜂 𝑄𝑐𝑎𝑠𝑒𝑠(𝑡) = 𝛽0 + 𝛽1𝑄𝑉𝐿(𝑡 − 1)

+ 𝜷𝟐𝑸𝒉𝒐𝒔𝒑(𝒕 − 𝟏) + 𝜷𝟑𝑸𝑪𝑳𝑰(𝒕 − 𝟏)

 Model 1: 
𝜂 𝑄𝑐𝑎𝑠𝑒𝑠(𝑡) = 𝛽0 + 𝛽1𝑄𝑉𝐿(𝑡 − 1)

Average precision = 53.93% Average precision = 65%

Forecast model: incorporating multiple signals

Experiment Setup:
• 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.

The precision of combined district-level category forecasts is significantly 
improved by incorporating hospitalizations and CLI into the model. 

✓ 11% improvement in average precision
✓ 13% increase in accuracy within the “High” category

(Low) (Med) (High)

B
ri

er
 s

co
re

 f
or

 C
a

se
 f

or
ec

a
st

s

Impact of time-frame used for analysis and forecast models:
Before and after Omicron wave

Precision 
 Low

Precision
Med

Precision
High

Average 
precision

Till 
Omicron

89.7% 64.6% 83.2% 79.6%

Post 
Omicron

76.4% 54.2% 62% 64.3%

➢ The association between Cases and Wastewater 
remains statistically significant (based on 
𝜒2test) post Omicron.

➢ Precision of the forecast model (incorporating all 
signals) decreases after the Omicron wave.

(Low) (Med) (High)

(Low)
(Med)
(High)

Fig: Forecast categories vs true categories for Eastern Shore.

Observation & Challenges:
• Quantile categories lack robustness:
     highly sensitive to new values at any
     time 
• Variable performance across districts 

due to varying data quality.

Test of association

EXPECTED Viral Load 

Cases
Low Med High Total

Low 239 234 233 706

Med 234 230 228 692

High 233 228 227 688

Total 706 692 688 2086

OBSERVED Viral Load 

Cases Low Med High Total

Low 446 192 68 706

Med 189 281 222 692

High 71 219 398 688

Total 706 692 688 2086

• Chi-square test: to measure the 
significance of the association. 
 𝐻0: Cases are independent of Viral loads 

• Test Statistics: 

𝜒2 = ෍

𝑖,𝑗

𝑂𝑖,𝑗 − 𝐸𝑖,𝑗
2

 

𝐸𝑖,𝑗
; 𝐸𝑖,𝑗 =

ricj

N

Based on the observed data we get 

𝜒𝑑𝑓=4
2 = 566.03, p-value < 0.05, 

Cohen’s 𝜔 = 0.52
• Chi-square test shows that cases and 

wastewater have a strong association.

❖ 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.
❖ 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 Naïve model (uniform).

Forecasts for cases Forecasts for hospitalizations

Evaluation Metrics

• To evaluate the probability forecasts we use Brier score:

BS 𝐷, 𝑡 = ෍

𝑖=1

3

𝑝𝑖 𝐷, 𝑡 − 𝑜𝑖 𝐷, 𝑡
2

here 𝑝𝑖 𝐷, 𝑡 = 𝑃(𝑄𝑐𝑎𝑠𝑒𝑠 𝐷, 𝑡 = 𝑖) and  𝑜𝑖 𝐷, 𝑡  is the observed probability, for district 𝐷 at time t.

• To evaluate the point forecasts ෣𝑄𝑐𝑎𝑠𝑒𝑠(𝐷, 𝑡) =  arg max
i

𝑝𝑖(𝐷, 𝑡), we use the precision metric.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑖 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑓𝑜𝑟𝑒𝑐𝑎s𝑡𝑠 𝑖𝑛 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑖 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑜𝑟𝑒𝑎𝑠𝑡𝑠 𝑖𝑛 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑖
;  𝑖 ∈  𝐿𝑜𝑤, 𝑀𝑒𝑑, 𝐻𝑖𝑔ℎ

Fig: District level Brier scores evaluating probability forecasts for cases and hospitalization. The dotted line 

denoting
2

3
, corresponds the Brier Score of the Naïve model assigning equal probability for each category.
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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. 

Fig : Overview of the combined district level forecasts. Comparison 
between 1–week ahead forecast categories and the true categories.
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Viral load aggregation from 
Sewersheds to districts

Vi(𝐷, 𝑡) = ෍

𝑛=1

𝑁

𝑤𝑛
𝑆𝐷𝑉𝑛

𝑆(𝑡)

𝑤𝑛
𝑆𝐷 =

𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 𝑝𝑜𝑝. 𝑠𝑒𝑟𝑣𝑒𝑑 𝑏𝑦 𝑠𝑒𝑤𝑒𝑟𝑠ℎ𝑒𝑑

𝑡𝑜𝑡𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 𝑝𝑜𝑝. 𝑠𝑒𝑟𝑣𝑒𝑑
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