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/ Influenza-Like llIness (ILI) Forecasting \ / Forecasting Activity Level Indicators \
Why? Goal: Forecast activity indicator at state level (scale 1-10)
* Decision support at local/regional/national level Rationale: Actionable target and easier to convey/interpret
 Demand estimation and resource allocation Statistical methods:
 Situation awareness and behavioral nudging  Naive (persistent) baseline, Ordinal regression
What?  Region-week specific Markov model, Support Vector Regression
* Short-term indicators (ILI%, activity level, hospital visits)  Holt-Winters (additive seasonality), Seasonal ARIMA
* Seasonal targets (onset, duration, peak) * Weighted ensemble by retrospective performance
How? OATA
 Statistical/Machine learning methods for time series Worto
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experts . .
© \ m Narrative Summary Generation \
© © e Extracting key spatiotemporal trends in seasonal influenza [2]
© Target  Works with surveillance and forecast data in-season
\. ‘/ EEECE'EZ « Auto-generated narrative using Min. Description Length (MDL)
LSTM method States in HHS Region 10
* Single step forecasting for ILI%. Multi-step by chaining forecasts AK 6 6 8 9 10 except Oregon are forecast
* Separate models for National and HHS Regions : : :
ID 8 9 9 10 10 peaw)
* Two methods to produce point & binned forecasts based on last P P B B R tc? Contlljlu.e eXPENeEnting
layer’s activation function (linear->point, softmax->binned) high activity levels for the
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/ Stockpile Allocation by Forecasting Epidemics (SAFE)\
* Vaccine allocation profiles based on short-term forecasting [3]
* Stockpile demand estimation and local sharing policies
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Theory-Guided Machine Learning \ PHEER R @ = /
e Combining causal methods with artificial neural networks Selected References
* Trained to forecast high resolution (county level) surveillance [1] Wang L, Chen J, Marathe M (2019). DEFSI: Deep learning based epidemic

data using population structure and low resolution (state level) forecasting with synthetic information. Proceedings of IAAI.
[2] Sambaturu P, Bhattacharya P, Chen J, Lewis B, Marathe M, Venkataramanan

surveillance [1
\\ [1]

S, Vullikanti A (2018). An automated approach for finding spatio-temporal
patterns in disease spread. JMIR Preprints. 20/11/2018:12842

[3] Venkatramanan S, Chen J, Fadikar A et al (2019). Optimizing spatlal
allocation of seasonal influenza vaccine under temporal constraints. To appear
in PLOS Computational Biology.

National Institutes
of Health

. . L. UNIVERSITY VIRGINIA
Network Systems Science and Advanced Computing Division

BIOCOMPLEXITY INSTITUTE



