Simulation-based inference of epidemic and phylodynamic models

via Neural Posterior Estimation (NPE)
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Potentially expensive to run and to Training is costly but sampling is extremely
calibrate fast. Inference is amortized, enabling ¥
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This study aims to assess the effectiveness of flow-based NPE in two case
studies of epidemiological relevance. K ~ — — Posterior distribution p(HIX)/

SEIRD model Phylodynamics model
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Data: Time series of reported cases C; . Data: 72 early genetic sequences from the 2014 ; i lator
] cases . . . . C Imu

and deaths D, during the 2014 Ebola wo] Ebola virus outbreak in Sierra Leone. Model is c
virus outbreak in Sierra Leone®. 2z fitted to estimated phylogeniess. ) -
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Reported cases/deaths  follow a Negative * Ty: time to first reporting (CBLV)
Binomial distribution with expected counts set by * s:reporting distribution shape
the model: o fdeath: infection fatality rate Inferred parameters:
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NPE retrieves the correct posterior. NPE yields posterior estimates that agree with ABC ones without calculating tree
summary statistics.

Amortized inference & posterior calibration
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Calibrating the phylodynamics model
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