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Introduction

Designing interventions for pandemics requires a realistic simulator
o Complex enough to fit real-world dynamics

o  Accurately fit to real-world data
o Hard to do both at once. P,(S = E)

Our disease model: Network-SEIR

o  Mobility network derived from cell phone data
o  Agent-based transmission

p(data | ) p(p)

Parameter estimation by probabilistic programming p(f |data) =

.. i data
o Black-box variational inference P )

o Disease parameters, initial exposure patterns

200000

Better fit to real data e

000000

o Model multi-peak dynamics = /
o Replicates actual statistics for different regions ™ =




Mobility Networks as &
Stochastic Block Models SAFECRAPH

> Smartphone location data at points-of-interests @
(POI)! e /D

> Each phone mapped to “home” Census Block S or NN \
Group (CBG) e me

> Simulate geographic contact patterns using . .nte;action
DCSBM2 {_ Househ_old

o Nodes are individuals; stochastic blocks are CBGs

o  POI interaction probability based on shared POI Cell phone 1
visit counts Timeline

o  Weight of interactions captures the duration of Cell phone 2
co-location Timeline

"https://www.safegraph.com/ 2DCSBM: Degree Corrected Stochastic Block Model:
https://en.wikipedia.org/wiki/Stochastic_block_model
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Agent-Based Disease Simulator

> Compartmental models

ible BE Exposed Infectious
ds __pSI  dE _BSI A S

- B _,F '

dt N dt N

> Qur approach: Network-based SEIR Model

o Poisson modeling of exposures:

P(v € Eyy1lv € Spyu € B) =1 — exp(—Wy, %)

o Model local network effects

P(v € Eiyqlve Sy) =1—exp (— {Z%NE(U)WMBE + ZueNI(v)Wuvﬁf])

~ min {1, lZUGNE(U) WuvﬁtE + ZuEN}(v) Wuv6§‘| }



Agent-Based Disease Simulator

Function .. (G, o %, {B% ... B} {67 ... B8 Ly, A T)



Agent-Based Disease Simulator

forc <+ 1to C do // Initial Exposure
for v € V¢ do if Unif(0,1) < a“thenv — E' else v — S



Agent-Based Disease Simulator

fort < 1to’T'—1do - // Simulate T days
BL, < INTERPOLATE(B%,...,3%); Bt < INTERPOLATE(BY,..., 37 )



Agent-Based Disease Simulator

for v € St do
Epressure — ZuENE('U) Wuvﬁ% ; Ipressure — ZuEN;’ (v) Wuvﬁf‘
if Unlf((), 1) < (Epre.s'sure + Ipressure) then v — Et+1



Agent-Based Disease Simulator

for v € B! do if Unif(0,1) < ~ then v — It*!
for v € I* do if Unif(0,1) < X\ then v — R'*!



Agent-Based Disease Simulator

return ( {:1[75)?:1 // List of Cumulative Infections



Agent-Based Disease Simulator

Function .. (G, %, {B% ... B {67 ... B8 Ly, A T)

for c < 1toC do // Initial Exposure
for v € V° do if Unif(0,1) < o then v — E' else v — S

fort < 1toT'—1do // Simulate T days
Bt < INTERPOLATE(B%,..., %) ; B < INTERPOLATE(B}', ..., 3})

forv € 5; do
Epressure — ZUEN;’;(’U) Wuvﬁ% , Ipressure — ZuEN; (v) Wuvﬁ}
if Unif(0,1) < (Epressure + Dpressure) then v — Bt

for v € E' do if Unif(0,1) < ~ then v — [*+!

for v € I' do if Unif(0,1) < X thenv — R'*!

return (> ]_, [’5)};1 // List of Cumulative Infections



Bayesian Inference

JHU Reported Infection Counts

p(data | B) p(p) ) d{m
J P(déﬁ{g’(z | ﬁ) P(ﬂ) dﬂ ‘
. 4 ‘

intractable

p(p | data) =

p(f) - prior belief about disease parameters

p(data| p) - probability of observed data given disease parameters



Stochastic Variational Inference

> Approximate intractable posterior with variational distribution g,

¢*=argngn KL(gs(-) | |p(- | daia))

intractable
= arg max ff (¢) <— tractable surrogate objective (ELBO)

> Optimization via stochastic gradient ascent

V¢3(¢) Z g(qb) b1 < O+, Vy L(P)



Fit Time-Varying Infection Rates
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Better than Baselines
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Disease Model  Fitting Method LA-MDAE Miami-Dade-MDAE

Compartmental CE-EM 0.0251 0.0161
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Network BBVI 0.0029 0.0053
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Infer Starting Communities

Miami - tight noise
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