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Forecasting Infectious Diseases:

 Allows communities to allocate
resources/budget, inform public policy,
improve preparedness.

» Traditional methods are based on
ordinary differential equations and agent-
based models. Calibration is non-trivial.

« Data collection has increased, but
traditional methods have difficulties
ingesting these data sources.

Why computational data-driven models?

« Epidemic spread is a spatiotemporal
phenomena over multi-scale networks.

* New end-to-end methods available
capable of modeling data with minimal
assumptions.

Our response to the COVID-19 pandemic:

« Explored performance and utility of purely data-driven models
in short-term forecasting in CDC initiatives real-time forecasting
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During our real-time forecasting experience, we have identified multiple
challenges, which we study in our work:
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Recurrent graph neural networks
Real-time Model . \ G
~ Revision Error Evaluation ‘_G"athen_‘ == Bseq Similarity
(H L - “eroe Ny
S . g - jﬂ; % o N z:::_mniss-m BSeqs Backiil
g ° N " I < cMu G | ‘BSqunc Dyﬁgmlics
.5 0. I % N ‘,:‘1 mbedding I
§ X . " . Past Model Backfil | ( ) . Refined
OV e ’"\ IZj I:J: 500 750 1000 1250 P?:diCt?Oniq MOdeIEang‘lﬁ?gzldg:is ‘\ e ’ Fredicton
Revision Week Real-time MAE g
Stabilization time Current Week
Refined Model % of Improvement Prediction
A .
Imp:":\::gfent 6 _ Evaluation . per Week
5 1750 E %:T(i;gble gﬂ.ﬁ xﬁ_MW\
4 S § et Eiy
3 %mon 30-3 f f\—a—/\/\a—-\/\/\«./\/“—
2" = ) 3
2 V s00 . E:'i Mffi ¥YYG — Ensemble
| o
0 500 R?;[i:ti:l]ﬁﬂeﬂélig,aﬁgﬂ 1750 2000 i 3 10 we:k Néu 35 30

Al Frameworks for Data-centric Epidemic Forecasting
Alexander Rodriguez; Advisor: B. Aditya Prakash
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[3] Epidemiologically-informed neural networks
Physics-informed neural networks + sequential networks

(a) EINNs: time and feature modules B Latent/unobserved ODE states
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[4] Differentiable Agent-based Epi Modeling for End-to-end Learning

Differentiable ABM+ deep neural networks *

- Best paper award at AI4ABM@ICML

Disease transmission via message passing
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What-if analysis

Forecasting COVID-19 and Influenza

What if we delay second dose of COVID vaccine? (A0
EEE Vanilla-ABM (BM'21)
. GradABM
| COVID-19 | Influenza
Model | ND RMSE MAE | ND RMSE MAE
Vanilla-ABM [48] 8.75 689.92 270.13 0.57 2.03 1.72
PC-ABM [5] 2214136 121.87+63.97 68.20+41.84 | 0594+0.02 217+£005 1.774+0.05

GRADABM | 097 £ 0.18 5099 £ 12.12 30.02 £ 5.60 | 041+ 002 147006 122 +0.06

GRADABM (w/o TL) 1.26 £0.43 78.22 +78.22 3874 £1335 | 0414002 1474006 1.22+0.06
GRADABM (w/o TL, w/o CALIBNN) | 239+035 20514 +4256 73.06 £ 10.88 | 0.88+0.14 297044 2.64 £0.43

Aelative mortality from delayed dose
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CONCLUSIONS

We have showed different facets of the utility of data-driven and theory-
informed neural models in epidemic forecasting, even in emerging
pandemics. Our methods have enabled applications and moved forward
the state-of-the-art performance in epidemic forecasting.
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