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Stage 1 x 3: Athena Health data; Twitter data; Flu Near You data
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MAIN IMPROVEMENT THIS YEAR:?®

* Multiple data sets to initialize the mechanistic modeling.
* Multiple machine learning algorithms

* Ensemble forecasting

e Data augmentation with Argo
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RESULTS

Peak
Pearson correlation MAPE
season country model 1-wlp 2-wlp 3-wlp 4-wlp 1-wlp 2-wlp 3-wlp 4-wlp log score
13/14 USA emm 0.90 0.78 0.73 0.78 0.13 0.18 0.23 0.23 2001
13/14 USA emm4argo | 0.96 0.82 0.76 0.78 0.05 0.10 0.14 0.14 091
13/14 USA emmA ug 0.96 0.95 0.90 0.86 0.07 0.09 0.13 0.17 -
13/14  USA argo 0.96  0.77 0.71 0.74 0.05  0.11 0.14 0.12 -0.12
17/18  USA emm 0.97 0.91 0.82 0.75 0.09 0.14 0.18 0.20 _0.93
17/18  USA emm-4argo | 0.99 0.96 0.86 0.77 0.06 0.11 0.17 0.20 -0.93
17/18  USA emmA ug 0.99 0.95 0.89 0.83 0.07 0.11 0.16 0.20 ’
13/14  USA — 009 093 081 077 | 0.05 013 025  0.22 -0.86
1 week 2 week 3 week 4 week

45 49 1 5 9 13 17 45 49 1 5 9 13 17 45 49 1 5 9 13 17 45 49 1 5 9 13 17




Nowcasting flu activity at the state-level in the US

Spatial-temporal synchronicities
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Heat map of pairwise %lLI correlations between all states.
Boxes denote clusters of highly correlated states.
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Improvement of Net

Improvement of ARGONet

1.3 1

0.7 -

1.3 1

0.7 -




2.8 1
Clear improvements over previous methodologies
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What’s next...
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- Introduction of detailed contact matrices.

- MCMC parameter calibration (parallele tempering etc.)
- Analysis of performance determinants....

- Focus on State and regional analysis...

- Use new the new approaches along the entire challenge!!
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