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Motivation
* Epidemic = among/upon (epi-) + people (demos)

* Epidemics are influenced by
™S

* Where people live

* How people move/mix
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* inturn influenced by geography

* Implications for importation, interventions, impact
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Study Goal

Explore the role of population geography on
epidemic dynamics

Leverage real-world demographics combined
with realistic models of mobility & spread

Focus on the initial conditions

Use epi- to perform DaMiK* on the demic

* Data Mining and Knowledge discovery
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Population
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Synthetic
metapopulation

qupu(ation construction -

Mobility model
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Disease c(ynamics

PatchSim: Simulation engine for SEIR dynamics on metapopulation
* Deterministic and discrete-time
* Includes functionality for external seeding, vaccination, dynamic control
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Initial State (T) Effective population Disease Dynamics Updated State (T+1)
S—E—I—R

SV et al. "Optimizing spatial allocation of seasonal influenza vaccine under
temporal constraints." PLoS computational biology 15.9 (2019): e1007111.
SV et al. "Forecasting influenza activity
using machine-learned mobility . Code publicly available at:
map." Nature communications 12.1 i UNIVERSITYf VIRGINIA https://github.com/NSSAC/PatchSim/
(2021): 1-12.
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Experiment
design

Experiment cfesign

e Admin. level (0-nation, 1-state, 2-county)

e Radiation model outflow (1%, 5%, 10%)

* Transmissibility B € [0.45, 0.5, ... ,0.7]

Transmissibility | Cum. Attack Rate (%)
0.45 21.45
0.5 37.47
0.55 49.63
0.6 59.08
0.65 66.52
0.7 72.47

Population sizes

o 1 2 3 4 5 6 7
Patch ID

* Total seed volume fixed (10 per 100k)

Seeding fraction

0.4
B skew=1

0.3 ] M skew=2
m skew=3

0.1

: 0 1 2 3 4
Patch ID

* |nitial cases in a patch proportional to
population: psev /5 pskew x Total

5 6 7
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FEvaluation metrics [ .

* Shannon Entropy of the normalized
epidemic curve

Time to Reach

12 = 7 50% of Cases
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806 |
"y H(X) = - )  P(;)log, P(;)
e : Bo ® 2 % =1
!y y Dalziel, Benjamin D., et al. "Urbanization and humidity shape the intensity of
Probability Distribution of Cases Per Day influenza epidemics in US cities." Science 362.6410 (2018): 75-79.
 Number of days to cross 50% of total cases

0 S0 100 150 200 250 300 350

il UNIVERSITYo VIRGINIA

BIOCOMPLEXITY INSTITUTE



Epidemic Entropy
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Population entropy influences epidemic entropy at higher skews
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Epidemic Entropy
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Results - 2

Impact of skew more evident at finer geographic resolutions
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Results - 3

Influence of mobility felt more at higher skews
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Current & Future Work

Impact of spatial resolution of NPIs (e.g., lockdowns)

Optimal and equitable vaccination strategies

Other demographics (age, income), seasonality

Better network models (multi-modal) & real-world data
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