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Overview

* Evolution of computational epidemiology
* COVID-19 pandemic response

e Act 1: Emergence and Early Spread
e Act 2: Tracking and Responding

* Act 3: Evolution and Integration

* Ongoing challenges
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Evolution of
Computational Epidemiology
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Mathematical models Extensions
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Graphical dynamical systems
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Current paradigms

/Statistical/ ML modeh

* Time-series methods
* Autoregressive
e Kalman Filter
* Deep-learning
(e.g., RNN)
* Ensemble methods
* Bayesian moving
average

e Useful for short-term
forecasting

Mechanistic models

ﬂ/letapopulation modeh

* Fully mixing subpopulations
connected through a
network

* Intermediate for network
and ODE based models

e Useful for spatiotemporal or

>

age-stratified modeling
BIOCOMPLEXITY INSTITUTE
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ﬂgent-based modelsx

* Individual level
representation through
a dynamic contact
network

 Could have additional
representations for
households, activity
locations

* Can represent complex

interventions




Statistical and Mechanistic models

Statistical models Mechanistic models
Establishing a statistical (correlation) relationship Establishing a mechanistic (causal) relationship
between inputs and outputs between inputs and outputs

Requires large datasets, often homogeneous linked Can work with small datasets coming from diverse
records sources

Can only make predictions that relate to patternsin  Once validated, can be used for prediction where

the training data experiments are difficult to perform
HEALTH isti
DATA Statistical models

Predictive model
modeling principles from data

synthetic data from models

BIOLOGICAL .. .
PHENOMENON ~+ II;/FI{CI)I\[l)(I:EIII.DIII_\IEGS Mechanistic models Deductive model

Baker, Ruth E., et al. "Mechanistic models versus machine
learning, a fight worth fighting for the biological

community?." Biology letters 14.5 (2018): 20170660.
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Metapopulation and Agent-based models

Digital twin representation
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Disease states

B (" SYNTHETIC POPULATION ( SOCIAL CONTACT NETWORK ( PEOPLE-LOCATION NETWORK
D formation, population d , activit ys and oth Using co-occupancy at residence and activity locations, The computational model allows u;
data sources are fused by modeling and computation to constructa we can infer contacts and their durations. From this we locations with durations of visit and th

| representation of the actual population and the people interactions. infer the social contact network. determine their contacts and interacti

Each of the individual elements could be complex: (= =
Disease progression g
Contact/mixing representation o i -

Types of interventions e
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Responding to the
COVID-19 pandemic
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Modeling for different pandemic phases
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* Different questions of interest across phases
* Data availability also changes over time

* Different modeling paradigms become relevant

. . N
Parameter estimation ng I.IStS’.PaSt 1.1 terature, é .
Clinical investigations ‘!‘
Pre-pandemic stage Q
. . Early reports, Airline flow network, é
Importation risk Travel restrictions ULJ

T Mobility networks, Synthetic population, .\ 5%
psnoE R Points of interest c'_,. 'ﬁwm
Acceleration stage ——
. . . Epidemic time series, Testing volumes, o
Time series forecasting Covariates (Mobility, Weather) )

Intervention analyses
Mitigation stage
Hospital capacities, Sharing protocols, 2
Health resource demands Health logistics % Ig-

R Mobility traces, Contact investigation, .' %
s CILatbiratine Exposure notifications ._.,.’
Suppression stage
[ T ] Production schedules, Priority groups, B } }

Policy measures, Behavior surveys A" 4 .@.
Compliance estimates M o=

‘Ine allocation Vaccine hesitancy

Adiga, Aniruddha, et al. "Data-driven modeling for different stages of pandemic
response." Journal of the Indian Institute of Science 100.4 (2020): 901-915.
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Heterogenous spatio-temporal spread pattern
in cases per. 1OOK for different waves

Varying duration,
:/*E peak Intensity, and

600.0K -
/ growth rates across
400.0K - ' waves
Reasons: Varying
200.0K - interventions, testing

capacity, transmissibility

i } \ , \ v J characteristics of
| : : ' : ' | v v YT v ' | ' ' | ' ! [ ' ' | ' | .
Apr Jul Oct n Apr Jul Oct Jan variants, etc.
2021 2022

First wave (wild type): Second wave: Third wave (Delta): Fourth wave (Omicron):
* Lack of immunity * Relaxed social interventions, * Relaxed social interventions  « Immune escape
* Mixing in the population holidays, university reopening . ynyaccinated individuals * Relaxed social
during the initial phase Measures: Measures: interventions
Measures: * Behavioral adaptations * Vaccinations Measures:
* Extreme restrictions * Mask wearing * Behavioral adaptations * Booster vaccinations
(lockdown) * Partially vaccinated population  « pMask wearing * Behavioral adaptations

* Mask wearing
First two years of the COVID-19 pandemic in the U.S.
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Supporting COVID-19 Response in the US

Optimally and fairly | L

among different of
states

prapEagy
' 4
CDC

@ COVID-19
ForecastHub

(e (), COVID-19 .

& ScenarioModelingHub

allocating vaccines impacts and risks
vaccine

https://nssac.github.io/covid-19/

( )

7 5 + publications

Weekly projections and

Participation in CDC-coordinated hubs for
forecasting and scenario-based projections

bespoke modeling for
federal partners
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Pandemic Research for

Yale — %K%
Preparedness & Resilience R

K77 inoiana universiTy

Open-source datasets, timely
investigations funded through
RAPIDs & supplements

PRINCETON i/
UNIVERSITY

| Lawrence Livermore

National Laboratory

Network-building among COVID researchers
& advances in computational epidemiology

\_ )
~ w
+ scientists, staff &
students
- J
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120
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: 400+ quotes in

the press
https://prepare-vo.org/
https://computational-epidemiology.org/

weekly model
updates
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https://prepare-vo.org/
https://computational-epidemiology.org/
https://nssac.github.io/covid-19/

Engagement with the state of Virginia

 Multi-pronged approach to support

VDH’s COVID-19 response

e 120+ weekly briefings to policymakers

and health practitioners

* Leveraging real-time datasets and HPC

software workflows

 Multiple dashboards for policymakers

// VIRGINIA
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ﬁf & HEALTHCARE
ASSOCIATION

VIRGINIA DEPARTMENT $F

EDUCATION
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effects

Mobility
flows &
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https://www.vdh.virginia.gov/coronavirus/see-the-numbers/covid-19-modeling/
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An alliance of hospitals and health delivery systems
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https://www.vdh.virginia.gov/coronavirus/see-the-numbers/covid-19-modeling/

s 55588
ggggses

Best Applied Paper Award for
ACM SIGKDD 2021

Mobility-based
policy analysis tool

Interactive tool to

analyze the impact on
future cases based on
altering mobility to to
different types of
locations

tps://ns.bii.virginia.edu/éovid—
19/dashboard/

Global COVID-19
cases

Provides interactive
resource for
monitoring and
analyzing COVID-19
health statistics from
around the world

mmmmmmmmmm

https://nssac.bii.virgiia.u/covid—

19/vmrddash/

Medical Resource
Dashboard

Provides interactive
resource for
monitoring current
and future projected

hospitalization burden

i UNIVERSITYs/ VIRGINIA
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FED WA AR MY Jun 3 pud seR
o500 [Esoo000 [ 000

https://nssac.bii.virginia.edu/covid-
19/vaxstatdashboard/

Vaccination Statistics
Dashboard

Provides predictive
modeling and multiple

reports assessing
vaccination coverage

14



https://dl.acm.org/doi/10.1145/3447548.3467182
https://nssac.bii.virginia.edu/covid-19/vmrddash/
https://nssac.bii.virginia.edu/covid-19/dashboard/
https://nssac.bii.virginia.edu/covid-19/vaxstatdashboard/

Advances in pandemic science & technology

/ Novel multi-model \

ensemble framework
for short-term
forecasting

Phase classification
using auxiliary indicators

Best Paper award in
IEEE BigData’22

/ Multi-strain tiered \

immunity model for
scenario-based projections

Open global datasets for
metapopulation
dynamics

120+ weekly updates;
UVA Award on
Collaborative Excellence

Publications in
ACM KDD’21, IAAI’'22

K in Public Service /
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/National scale agent—\

based model with
hybrid HPC pipeline

Diverse case studies on
vaccine hesitancy &
uptake, economic
impact analyses

Finalist in ACM Gordon
Bell Special Prize for

HPC COVID-19 Research

K (2021) /
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Emergence and Early Spread
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Importation Risk e th

GTM LY aF® et/ g car
(Feb 2020) R N P
@ GRC e & - S
' . o BH&GR
. . . Je . S CLOMUIN ) » aze
* Using International Airline data build e e . -
international travel network from A ° e " L.°
February 2019 R = o °°
L4 LTUUJX MAR . TUl @
 For COVID-19, treat China as the o i | B promm—
source of importation. a0 o
® | MUs @ . TCD 354
 Data until Feb 12t justify this assumption = o &/ 4 LA &
MMMMM oMN PARR PleT‘QA:«)U SSDSVN RWE&SE@E@L;D"“ )
* Calculate effective distance between e i
countries o T
* based on volumes of air traffic and P I i) D s L
underlying dynamics
* Fit a linear model for COVID-19 official first reports
* Arrival time of disease shown to match effective distance with
a linear fit for HIN1 and SARS [Brockman et al. 2013] N
(’/Thai\and
Adiga, Aniruddha, et al. "Evaluating the impact of international airline suspensions on
the early global spread of COVID-19." MedRxiv (2020). w7 : . ; B3 p 10 o
fill UNIVERSITYof VIRGINIA 1
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Effective distance computation

e Obtain source-origin flow using IATA data.

* We denote the flow between origin m andnas F,,,. - .. .

* Computation of E,,,;:
* Query all source-destination passenger volumes.

* Volumes can correspond to direct or stop-over flights. For source WUH and
destination SFO,

possible routes WUH->SFO, WUH->FRA->SFO, WUH->HKG-> CDG->SFO.
* Sum flows from all the individual routes to get F,,,,.

 Computation of outflow probability F,.., = Fpn/ 2o k.
e Effective distance d!4f4 =1 —logE,,,.

Formulation adapted from:
Brockmann, Helbing, Science 2013
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Relationship with geopolitical variables

Infectious Disease Vulnerability Index

IDVI
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Provided estimated time before introduction to low IDVI countries
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1/20 1/30 2/9 2/19
Day of year

Early or late reports than predicted

H Score Slope  R*  p-value std-error H
Overall IDVI -14.70  0.16 0.02 5.78
Demographic -1426  0.11 0.05 7.11

Healthcare -12.82  0.06 0.15 8.63
Public health -12.28 0.08 0.10 72
Disease dynamics 6.65 0.02 040 7.96
Political (domestic) -1335 0.24  0.002 4.09
Political (international) -14.24 0.18 0.01 5.24
Economic -7.23  0.05 0.19 5.43

Table 1. Relationship between IDVI scores and projected reporting delays.
Overall IDVI explains about 16% of the variance in estimated reporting
delays, while political domain scores (domestic and international) explain
about 24% and 18% respectively (p < 0.05).

19



Quantifying the benefit of airline cancellations -

Bloomberg had compiled list of all airline

cancellations:
https://www.bloomberg.com/graphics/2020-
china-coronavirus-airlines-business-effects/

Adjusting the historical flight network data
using cancellation information to estimate
“current” flight network

The Airlines Halting ChinaFlights
as Virus Outbreak Spreads

By Demetrios Pogkas, Cedric Sam and Chloe Whiteaker
Updated: February 11, 2020, 1:15 AM EST

The coronavirus outbreak has disrupted flights to and from China, one of the world’s busiest
travel markets, as airlines around the globe halt service.

United States

Turkmenistan

Egypt s | e ——— R

Israel e S

Netherlands

Dest Country

Finland R T s

Saudi Arabia

Spain T S

Austria T E T R

Canada TR T

Sri Lanka

France R S

India R P

Singapore

Poland e e e S

B Est. ToA without susp.

I Est. ToA. with susp.

0 10 20

Showed quantifiable (although minimal)
impact of airline cancellations
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https://www.bloomberg.com/graphics/2020-china-coronavirus-airlines-business-effects/

Confirmed cases

Flattening the curve in

5.0K
. . . . Unmitigated
Virginia (April 2020
aokdl— Slow-Junl0
—— Pause-Apr30
§ —— Pause-Junl0
1.50 c
—e— Growth rate - 3.0K+
[}
1251 —o— Weekly mean g
€
™ (o]
¢ 1.00 © 2.0K1
S 2
° ‘©
Commonwealth of Virginia 2 0751 -
Office of the Governor % [T 1.0K -
2 .
3 0.50
Executive Order s .. ,
8 025 _J 0.0 : - - , — : : :
NUMBER FIFTY-ONE (2020) % L.__ p a° & ° (qup ‘:qup : ° (3010 (3010 0910 \;:197'0
DECLARATION OF A STATE OF EMERGENCY 5 0007 L g\,‘m g‘b\m \,‘)"\0 ’ﬂ\x\@ el Niad ,):;,PQ g\,\"\a
DUE TO NOVEL CORONAVIRUS (COVID-19)
th -0.251
March 12, 2020 Duration | | .
. ntensi
=020 09 16 23 30 (lift date) g

2020 N Apr Apr 30t Slowing Slow - Apr30

Impact of stay-at-home orders (March 15t) e Slow -Jun10

» Weekly growth rate changed from 0.3 = 0.03 ke R Pause - Apr30

* Change in Reproduction number: 2.2 1.1 R | e Pause ~ Jun10
None Unmitigated Unmitigated
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Simulation Engine — PatchSim

) A A A A
* Metapopulation model

* Represents each county and its interactions 2% RN : i
as a single patch * °* °

* Extended SEIR disease representation,
including asymptomatic infections and
treatments

Initial State (T) Effective population Disease Dynamics Updated State (T+1)
pop!

* Mitigations affect both disease dynamics
and population interactions

SincEaol =R

* Transmission: parameters are calibrated to the Susceptible — —> Infectious — Removed
observed case counts

* Reproductive number: 2.1 -2.3 - b

* Infectious period (time of infectiousness ﬂ
before full isolation): 3.3 to 5 days : — 'U.‘ : YV
F |

* |nitial infections: Start infections from confirmed
cases by county

* Timing and location based on onset of illness A el _ _ _ _
from VDH data Venkatramanan,.Srlnlvasan, et al. Optllmlzmg_spatlal allocation of seasonal influenza vaccine under
temporal constraints.” PLoS Computational Biology 15.9 (2019): e1007111.
* Assume 15% detection rate, so one hitps://github.com/nssac/patchsim
confirmed case becomes ~7 initial infections

>

22
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https://github.com/nssac/patchsim

Calibration Approach

Data:
e County level case counts by date of onset (from VDH)
e Confirmed cases for model fitting

Model: PatchSim initialized with disease parameter ranges from
literature

Calibration: fit model to observed data
e Search transmissibility and duration of infectiousness

e Markov Chain Monte Carlo (MCMC) particle filtering finds best fits while
capturing uncertainty in parameter estimates

Project: future cases and outcomes using the trained particles

Other parameters from: CDC COVID-19 Modeling Team. "Best Guess”

scenario. Planning Parameters for COVID-19 Outbreak Scenarios. Version:

2020-03-31

i UNIVERSITYs VIRGINIA
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COVID-19 Cases in Virginia

Number of People
Tested™

39,985

Total Total
Cases* Hospitalizations**
5,274 872

Total
Deaths

141

Deaths by Health Planning Region
Central [N S

o
119

[ 20-99
[ 100-199
[l 200-299
B 300+

Health District
Alexandria
Alleghany

Arlington
Central Shenandoah

Locality Number of Cases

Alexandria 198
Alleghany 4
Botetourt 23
Covington 1
Craig 2
Roanoke County 14
Salem il
Arlington 366
Augusta 17

Buena Vista City 4
Harrisonburg 81

23
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Operational impact on Field hospitals

HEALTH & MEDICINE

U.Va.’s coronavirus model projects Virginia will have enough hospital

Capacities by Region — Pause June 10 capacity in et fewmonths | Ay 13 ()2 () Apr 21, 2020

Central Eastern Far SW
8.0k 8.0K 8.0k S Virginia hits pause on plans for 3 large field
% Expand -
3 hospitals
B 6.0K 6.0K 1 6.0K
(]
c .
o 4.0K 4.0K / |4.0K{
Keo) /
5 /) |
§Z.OK _________________________ 20K T 2.0K+
T e Lo o A
/ fiiﬁiﬁiiiiiiiiiiiiiiiiiiiﬁ'i.é
0.0 + " T T " " — 0.0 + e y — 0.0+ " T " T T v
Mar Apr May Jun Jul Aug Sep Mar Apr May Jun Jul Aug Sep Mar Apr May Jun Jul Aug Sep
2020 Near SW 2020 Northern 2020 Northwest
8.0K 8.0K 8.0K

covip-19 (AP)
Updated: Apr. 21, 2020 at 5:52 PM EDT

o
o
~

6.0K 1 6.0K
U.S. Field Hospitals Stand Down, Most

4.0k 4.0k Virginia is ‘pivoting away’ from Without Treating Any COVID-19 Patients

May 7, 2020 - 115 PM ET

field hospitals  Apr 17, 2020 o May 7, 2020

Hospital beds needed
N
o
~

2.0K | / 2.0K 2.0K 1 /\ Dr. Danny Avula of Richmond/Henrico health departments
""""""""""""" [T T says hospitals likely can handle coming surge. © sinute Listen 006
0.0 + - - - . : — 0.0 + . : . . : — 0.0 + . - : ; . PUBLISHED APRIL 17,2020 BY KATE ANDREWS H 1
Mar Apr May Jun Jul Aug Sep Mar Apr May Jun Jul Aug Sep Mar Apr May Jun Jul Aug Sep V"'g“'“a
2020 2020 2020

Virginia is “pivoting away” from needing field
hospitals to handle patient overflow
because health systems believe they'll be

. K able to manage any surge in COVID-19
cases, said Dr. Danny Avula, the director of
As of April 13, 2020, model estimated at
departments, Friday evening.

least 3 months of lag before hitting hospital

in hospitalization [and] ventilator use is

Capacity under the V24 Pauself Scenario under 25%,” Avula said during a news

briefing. “It feels like the calm before the

storm, and hopefully the storm will never 3 . ~
come.” Dr. Danny Avula, director of Richmond and Henrico County health
departments, at his April 17 news conference

Examining the University of Virginia’s COVID-19 forecasting model, Avula said, Virginia seems

i UNIVERSITYs VIRGINIA
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Act 2:

Tracking and Responding
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Challenges in COVID-19 Forecasting

Ohio New York
* Data — Reporting biases, backfill, outliers, etc. ¢ T e sy g ] e =
» Spatiotemporal heterogeneity in data reporting \ won § 1[4
* Makes model training and evaluation a challenge ]
« Multiple waves with varying peak sizes and duration s

* Auxiliary data — covid-like illness, mask wearing, mobility, social distancing, surveys

Example Forecasts?

e Capture crucial population-level behavior T
* Nonlinear interactions with observed cases and hospitalizations o]
* Hard to capture information flow from leading indicators to targets ... J Jﬁ{
* Teams have struggled to predict the onset, growth rate, e —————
peak size, and duration of the various waves? }
* Critical for medical resource allocation and planning e |

2Ray, E.; et al. 2021. “Challenges in training ensembles to forecast covid-19 cases and deaths in the United States.” International Institute Forecasting

UNIVERSITYs VIRGINIA
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Ensemble Model (Aug 2020 -) ..

Tweekly. o [ ) [ ] [ ] o o [ ) [ [ ] o
* Our model (UVA-Ensemble!) — An ensemble of statistical, el TI o
deep learning, and compartmental models (SEIR) it forocasts | | AR | ARMA |[ARespatisl] o pocessig @_
case count
* No single class of forecasting method is the best across | () (omm) (e
) Sunday 4-6 PM = xpert inspection +
horizons oA weigt — i forecw% Ensemble fmecaSts} ::Eﬁ:::;:rg%tzill J
* Ensemble models are robust and the overall =
. Store historical forecasts (4 weeks) Ready for
performance close to the best performing model % + updated time series data %—‘ Sunday 10
ISt
* Ensemble model — Bayesian model averaging (BMA) UsA Virginia
. . . . B AR_spatial AR_spatial
* A Gaussian Mixture Model likelihood 25M | jmm s 60.0K E

2.0M| mmm SER m SEIR

Prylfi, f2r oo fx) = 2 W 7% I 7 o
Yifi far o fie Wk 9k (V| fi) _ j\@\ e ﬁﬁi

B Ensemble BN Ensemble

Wi — probability of model k being the best, 1.0M | ]
) 500.0K Z \ 200 [// Y

Jx — Gaussian function mean fy, std. dev. gy s | & Oo\w T O
* wy and o, estimated using EM algorithm 2029500000 O T B 509219030 19033 5032103 11,0751 03 51 0
* Models retrained every week with recent 6-week Miami-Dade, Florida
o Je . Bl AR_spatial
sliding window 30.0K | mem 8
B ARIMA
BN SEIR
20.0K{ b torm
| :xl—c?mble A’/\
Adiga, Aniruddha, et al. "All models are useful: Bayesian ensembling for robust high 100K \ ’a Sl
resolution covid-19 forecasting." ACM SIGKDD 2021. E—9ik
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Phase Classification

* Observation: Phase-dependent performance of individual models

* Compartmental models effective in picking up growth/decline
* Models like LSTMs can learn complex patterns across waves
 Statistical methods perform well during the plateau phase

* Proposed Solution — Phase-Informed BMA

Number of confirmed cases

1wk ahead 2020-08-16

Different dominant models across counties

1 wk ahead 2020-11-08 1wk ahead 2020-12-13

* Training samples corresponding to a particular phase are employed to determine the weights

* Phase classification: Given a time series Y = {y4, V5, ..., yr} with time index set 7' = {1,2, ..., T}, obtain a classifier

Py:T - {S,D, P}

Segmentation based phase-classification

1500000 -

1000000 -

500000 -

Sif yp, > L1y, |

Py(t) = {P if 0.9 Yoy < Vb, <1lyp, .

Dif yp, < 09yy,_,

cases

Improved forecasts by training phase-specific ensemble

Virginia Beach, Virginia

2.5K 1 BN AR_spatial
Bl AR
Decline = ARIMA
Plat 2.0K{ mmm SEIR
alead e SEIR-Delta
Surge EnKF
15K W 1<Tid .
B BMA L
— ground truth 1.0K { ™= BMA-PI
— seq fitted / S=m==z===o
500.01
08 1 3 o o R
Adiga, Aniruddha et al., “Phase-Informed Bayesian Ensemble
Models Improve Performance of COVID-19 Forecasts”, IAAI-23
A
iiE UNTVERSITYsf VIRGINIA

28

BIOCOMPLEXITY INSTITUTE

mmmmmm

>>>>>>>



Phase Prediction

* Observation: Phase change can be predicted using auxiliary sources

» Step 1: Identify leading indicators with appropriate lags (using transfer entropy)

* Step 2: Apply temporal phase classification to individual signals

» Step 3: Use the historically observed phases to predict upcoming phase of target signal

Nac
S

P

glee

PO WhooWn

ool Lo

Nfe

Historically observed sequences same
as the current sequence

S
P
p
S
D
p
(o

Aug 2021
° ° ° ° ° ° ® ° ° ° ° ° Phgy, (t)
[ Weeky data (v) ]‘7 é = .‘ Auxiliary Data (X, ¥) | l
— _ T ) Phy_(t :
’/ ‘ Transfer Entropy | GHT ‘ | bv-cul | | Testing | xs (1) | S| S|
Case count data ’—‘ —— pll_p
i ) Computatlons \ Hosp | [recu | Phy,®) || P p
Leading Indicators Phxl(t - 1) P % S ;"
|Hosp ‘ ‘ GHT ‘ | Phase Pl P
Case coun t series _ Classification Phy, (O)|| S EE &
- T - D “ T !
o (case | [ Hosp | [ GHT Phy(t =11 B NS
Phase time series ot | | mbesn | [ se Phyty || P A
\ P % Byosp L Peur ) | 1
— = \ Model 7[ 5 S w.p. Ni/N,
| AR || ARIMA || AR-spatial | ‘ forecasts ‘/ Phase Informed W ( ) Phy(t+1) —‘ P Aét)/ A
: ———— Bayesian Model ‘ Forecasts ‘ ‘ D w.p. Nywy/Nagy <
|LST™ || sER H ENKF | ‘ Averaging /‘ < / - P w.p. N/’\:(t)/NA(t)

Adiga, Aniruddha et al., “Enhancing COVID-19 Ensemble Forecasting Model
Performance Using Auxiliary Data Sources”, IEEE Big Data 2022 (Best Paper)
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Median ranking of teams across three phases for 2 week ahead forecasts

EmE Overall W Delta wave HEE Omicron wave
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Median ranking of teams across three phases for 4 week ahead forecasts

124 mm oOverall Bmm Delta wave  EEE Omicron wave

101

T R R ?°°\«~°‘2 S 'A“?ﬁ
2" < o W &P [ R R \}
0 85 Sate NS A \3(’ \“2
S e o SN 5 W &
Q & ol S oV NN N

During critical phases:

PI-BMA one of the top-ranking models - Delta (2
out of 9) and Omicron (2 out of 6)

Provide considerably better forecasts compared
to both BMA (UVA-Ensemble) and the rest of the
forecast hub models
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National scenario projections (Dec 2020 -

A 50,600 alphaé dellag omIcron .
| Vaccine & NPIs
1. Vaccine supply and non-pharmaceutical 9.
E e interventions [Dec 2020]
% 2. More transmissible variant (B.1.1.7) and NPIs  10.
c [Jan 2021]
5100'000 3. Vaccine supply and NPIs [March 2021] ..
4. Vaccine supply and NPIs [March 2021]
' Y T o 5. Vaccine hesitancy and NPIs [May 2021] A2
= mg-ﬂ?— 6. More transmissible variant and vaccine 13
[oras hesitancy [May 2021] ’
[ EmE 7 14,
: oorae——— IE ’
: 3. 15.

round 8: internal only

round 10: internal only

Variants & Immunity

Childhood vaccination and hypothetical variant
[Sept 2021]

rie Al

ersana w

Omicron 1, severity and transmission
characteristics [Dec 2021]

Omicron 2, severity and transmission
characteristics [Jan 2022]

Long term waning and variant [March 2022]
Boosters and hypothetical variants [July 2022]

Boosters and variants redux [August 2022]

lrounaas ]
lround 4]

January 2021

Team Participation

January 2022

January 2023

Timeliness over 15 rounds

USC-SikJalpha
UVA-adaptive
JHU_IDD-CovidSP
MOBS_NEU-GLEAM_COVID
UNCC-hierbin

1 2 3 4 5 6 7

UVA-EpiHiper

JHUAPL-Bucky
Karlen-pypm
CU-AGE-ST

NotreDame-FRED

UTA-ImmunoSEIRS

NCSU-COVSIM

UF-ABM

Round Number

Scenario Finalzed
Due Date

End Date for Fiting Data
Simulaton End Date

e o0

ReportDate
Website Publshed
Arcle medRv
Arce pubished

¥ ¥

Total

©

Images courtesy: Scenario Modeling Hub
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Scenario
definitions from
Round 11
(Omicron)

Higher immune escape /
Lower transmissibility increase

Advantage Omicron over Delta in South
Africa, Rt ratio: 2.8 (Rt = 2.5)
e Intrinsic transmissibility Omicron:
1x seasonally-adjusted RO of Delta
«  Immune escape:
80% of previously immune are
susceptible to infection

Lower immune escape /
Higher transmissibility increase

Advantage Omicron over Delta in South
Africa, Rt ratio: 2.8 (Rt = 2.5)
e Intrinsic transmissibility Omicron:
1.66x seasonally-adjusted RO of Delta*
«  Immune escape: 50% of previously
immune are susceptible to infection

Lower severity:

*  Among naive individuals, 50% reduction in
severity of Omicron infection, relative to
Delta (all-age risk of hospitalization and
death divided by two; age-specific risks at
teams discretion).

*  Among previously infected or vaccinated,
residual protection for Omicron cases:

o Hospitalization: 85% [i.c., Pr(hosp|any
immunity) =0.15 * Pr(hosp| naive)]

o Death: 95% [i.e.. Pr(death |any
immunity) = 0.05*Pr(death | naive)]

Scenario A

Scenario B

Status quo severity:

«  Among naive individuals, no change in
severity of Omicron infection, relative to
Delta

*  Among previously infected or vaccinated,
residual protection for Omicron cases:

o Hospitalization: 70%
o Death: 85%

Scenario C

Scenario D

* Assuming Delta RO = 6, Omicron RO = 6 or RO = 10

BIOCOMPLEXITY INSTITUTE
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Significant Public Health Impact

Potential impact of Delta wave across states (Jul 2021)

NPI decisions after

Centers for Disease Control and Prevention p ri m a ry Va Cci n atIO n ( M ay 202 1)

Morbidity and Mortality Weekly Report

Early Release / Vol. 70

May 5, 2021

Modeling of Future COVID-19 Cases, Hospitalizations, and Deaths,
by Vaccination Rates and Nonpharmaceutical Intervention Scenarios —
United States, April-September 2021

Rebecca K. Borchering, PhD'+*; Cécile Viboud, PhD?*; Emily Howerton'; Claire P: Smith3; Shaun Truelove, PhD3;
Michael C. Runge, PhD*; Nicholas G. Reich, PhD5; Lucie Contamin, MSS; John Levander®; Jessica Salerno, MPHS;
Wilbert van Panhuis, PhDS; Matt Kinsey, PhD7; Kate Tallaksen, MS7; R. Freddy Obrecht, PhD; Laura Asher, MPS7;

Cash Costello, MS7; Michacl Kelbaugh; Shelby Wilson, PhDD7; Lauren Shin’; Molly E. Gallagher, PhD’; Luke C. Mullany, PhD7;

Kaitlin Rainwater-Lovett, PhD7; Joseph C. Lemaitre, MSS; Juan Dent, ScM3; Kyra H. Grantz3; Joshua Kaminsky, MS3; Stephen A. Lauer, PhD3;
Elizabeth C. Lee, PhD3; Hannah R. Meredith, PhDS; Javier Perez-Sacz, PhD; Lindsay T. Keegan, PhDY; Dean Karlen, PhD!0; Matteo Chinazzi, PhD!1;
Jessica T. Davis''; Kunpeng Mu''; Xinyue Xiong, MSc!!; Ana Pastore y Piontti, PhD'1; Alessandro Vespignani, PhD''; Ajitesh Srivastava, PhD'%;
Przemyslaw Porebski, PhD!3; Srinivasan Venkatramanan, PhD'3; Aniruddha Adiga, PhD'3; Bryan Lewis, PhD'3; Brian Klahn, MS'3;

Joseph Outten!3; James Schlitt, PhD'3; Patrick Corbett'3; Pyrros Alexander Telionis, PhD'3; Lijing Wang, MS'3; Akhil Sai Peddireddy'3;
Benjamin Hure, MS'3; Jiangzhuo Chen, PhD'3; Anil Vullikanti, PhD'3; Madhay Marathe, PhD'3; Jessica M. Healy, PhD'; Rachel B. Slayton, PhD'4;
Matthew Biggerstaff, ScD!4; Michael A. Johansson, PhD!4; Katriona Shea, PhD!; Justin Lessler, PRD3:t

"The Pennsylvania State Univessity, State College, Pennsylvania; “Fogarty International Center, National Institutes of Health, Bethesda, Maryland; Johns
Hopkins Bloomberg School of Public Health, Baltimore, Maryland; 4U.S. Geological Survey, Laurel, Maryland; *University of Massachusetts Amberst, Amherst,
Massachusetts; University of Pittsburgh, Pittsburgh, Pennsylvania; “Johns Hopkins University Applied Physics Laboratories, Laurel, Maryland; *ficole
polytechnique fédérale de Lausanne, Lausanne, Switzerland; *University of Utah, Salt Lake City, Utah; "Univessity of Victoria, Victoria, British Columbia,
Canada; '"Northeastern University, Boston, Massachusetts; "2University of Southern California, Los Angeles, California; University of Virginia, Charlottesville,

Virginia; “CDC COVID-19 Response Team

Expansion of vaccine eligibility to
5-11-year-olds (Sep 2021)

Projected outcomes averted with childhood
vaccination (September 2021-March 2022)

No Childhood Vaccination Compared
with Vaccination, No New Variant

“« 5 ” i
“No New Variant” Scenarios Emerges

e Vaccination of 5-11-year-olds
was projected to reduce L]
cases, hospitalizations, and
deaths between 3 and 13%
(point estimates over entire
projection period)

e Wide variability between 7
individual projections and
working to visualize e
uncertainty ® *
“New Variant” scenarios *>
e Estimated reductions due to * °
s § H
vaccination greater than °
when compared to the “No [Cases _Hospitalizations _ Deaths |

® s @ M

oL Bty @ MOSS

Variant” Scenario

No Childhood Vaccination C d
p:
with Vaccination, New Variant Emerges

°
L]
-
2 ; .
e L]
°
i : i
. $
Cases Hospitalizations  Deaths
A ——

Slide courtesy: Matt Biggerstaff, CDC

Projected cumulative deaths, Jul 4, 2021-Jan 1,
2022, low vaccine/high transmissibility scenario
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[ =Jurisdiction with likely increase in
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Proportion of eligible individuals with
one dose by July 19, 2021 (%)

Slide courtesy: Matt Biggerstaff, CDC

Role in bivalent dose recommendation (Sep 2022)

Round 14: National
ensemble projection
intervals - Hospitalizations

Round 14
Regardless of presence of a new
variant, flu-like vaccine uptake in
individuals ages 218 years
would lead to a
>20% reduction in hospitalizations
and
>15% reduction in deaths
versus a recommendation for
individuals ages 250 years only

i UNIVERSITYo VIRGINIA

New

Round 15: National
ensemble projection

30000.

intervals - Hospitalizations

s Round 15
Absent a new variant, boosters to

200000,

100.000

individuals ages >18 years in
could prevent

o
o mmns sesape varant New mimine escpe vaant

and
25000 9,700 more deaths?

100000

95% Confidence Interval: 21,000-251,000

137,000 more hospitalizations*

compared to boosters in November

200000,

100000

https://www.cdc.gov/vaccines/acip/meetings/dow

nloads/slides-2022-09-01/08-covid-oliver-508.pdf
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Our approach (1) — Tiered Multi-strain modeling

Base framework integrates vaccine, NPI, outcomes data for calibration

Incident Reported
hospitalizations deaths

Confirmed

Variant

Vaccine

Datasets

Translating neutralization

studies into model parameters

administrations prevalence cases
Vaccine Efficacy
2 y s | ---- L R 1st dose 2nd dose booster reformulated booster
=] i i 1 . 1 i 1 re-Omicron 0.35
S S | | Efective | SEIR B(t) Future ES stmttediil] pre-
S 1 case detection 1 . i S g outcome 1 Omicron 0.67
= , 1 vaccinations | Calibration case projections 5 i X 0.48 0.48
\ rate . processing | ! ]
x kD L I e A
w2
Experilnent UVA-ensemble -E Projected County level Other counties I mmuno- E SCa pe
design for SEIR - g vaccine cases, hosp., i
parameters 2 supply deaths
1-wk ahead 3 < prior infection
; naive
Individual models NS Rl preomicron
(naiive UVA-adapive, surveys State level BA.1
LSToE Bk cases, hosp., deaths BA.2
i_) state level (] county level R ’ : .
BA.2.12
BA.4/5
X

Maximal
Immunity

Tier 2

Tiered immunity J§ wooe
and variant

Tier 1

representation Sl os

Original Variant Other Variants
(" Transitions

Level of Immunity

for Disease States

*Manuscript in preparation (2023)
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Our approach (2) — Digital twin representation

'S . Digital Twin : h pommmmmmmmmmmmmm oo

oob Disease Model of Study Region 2 Geography : Rivanna @ UVA1
iy - [}

A : g g job i

it : | () <— .

i Demographics { g g !
\ 4 y / = I :
[}

cluster's ~ Wormulon |\ &

d K f'09 e E
- . e . = compute nodes scheduler worker | Y, p—
@ Case+ SeroloQ Epidemic Simulation 2l | Vaccination e -~~~ tasks
Surveillance — Calibration and Projections Sehedtler ] o0 e S S LSl R TR . <
j \ 4 r Bridges2 @ PS%
oﬂa
2

0 \ = Vaccine Hesitancy
Y

1
1
= J g g job | P user
< (0 Surveys : <— | Wormulon
1
. . 1
c-.-o Non-pharmaceutical Analytics and @‘ Vaccine | computonodes  sohuler  Worker |
Interventions Policy Assessment Supplies S e e e Rl .
& 8 il Hybrid HPC pipeline: orchestrating two supercomputers

\

—t—{—
| Coordinator
cluster's ~ Wormulon |
|

2550 simulation ~10200simulation [ ! A G o
i i i instances T T T ' == ... oW
Data intensive HPC instances A —
calipration

1County level | '
time series of

end-to-end workflow

|
|
|
~20GB synthetic |
|
|
|
|

il
ol |
3100 US counties i kT B ===k
Bhattacharya, Parantapa et al. “Data-Driven Scalable 500 days pOPHIGEEN & ---E e
. . f . . person, household, location, and il |
Pipeline using National Agent-Based Models for Real-time confirmed case count data activities data S ) || [P orcms) |
Pandemic Response and Decision Support”. The | s psedogeman () | “micaies” | |
Interpati_onal Journal of High-Pen’ormance CompUﬁng ~1.5B entries, “4GB ~4TB individual-level l_ _________ | L |
Applications (IJHPCA), 2022. aggregate output data output data
250 days, 200 health states, 3 wiplii=ailien S randians = Workflow for case studies of the COVID-19 Scenario Modeling Hub
. . . . counts multi-billion entries where various scenarios are modeled and simulated to generate
FmaIISt’ 2021 ACM GOI'dOh Bell Spemal Prize fOI' HPC projections of cases, hospitalization, and deaths in the US at
COVID-19 Research national and state levels.
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Act 3:

Evolution and Integration
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Genomic Surveillance

Questions: What variants are next?
How many sequences do we need to
have warning time on the emergence of
these new variants?

* Addressed with simple analytic
approaches

* Evaluated different heuristic and
adaptive sampling strategies within an
agent-based model with different
seedings of novel variants (how to get
more bang for your buck)

11-Jan-23 E'"EEUNIVERSITYofVIRGINIA

Genomic Sequencing: What size effortis needed?  exweriment vetais: Window size: 14 days
«  Consider two periods of COVID prevalence high Assumptions:
and low (Jan 2021 and June 2020) Test pool is representative
« Totalinfections taken from adaptive Sequences are of sufficient
Focused Questions: What number of o Confirmed cases from historical data quality and timeliness to be
sequences do we need to detect a variant of n / p(l—p) N-n  Two counties: Fairfax, Montgomery 'E.p:‘se"m“ve of the
" . . z / . 95% Confidence Interval window.
concern/interest in the population? p a/2/ — N
/ pop I n N-1 e +/-20% of true prevalence 45% asymptomatic

Montgomery Fairfax

variant
- 0.5% (8.1.617)
1.0% (8.1.526)
- 5.0% (8.1.429)
- 10.0% (P1)
= 50.0% (8.1.1.7)

10000
1000

To determine a confidence
interval with a 95% chance
of containing the true
variant proportion (+/-10%
of the prevalence), you
need ~35 samples

8000

6000

4000

400

Samples Needed to Egffate Prevalence
Samples Needed to Estimate Prevalence

200 2000

2020-06-01 2020-06-15 20210101 2021-01-15 2020-06-01 2020-06-15 20210101 20210115

Exp7: Median(T95 - UT95) with increasing cross-immunity V1 to V2: Bp 10000

Sampling l 'pdate Tau0 03 E0%0 ILVA -107=6»5 564 |07H-766-€-5~7 6-7666-43( 5%-7 5564

Tau0.03 £030 Fairex 10-6 6 6/5 6 5 4110 4456 54/4-144565453135554

e Prioritizing the previously infected as part of
asymptomatic screening brings the newest
Strategy to outperforming other Strategies ‘Tau0.03 £090 Montgomery -10-7 555541210207 5554115265556 41662545554

o Insight: asymptomatic screening is
appears to be major factor in success
of reinfection based detection

Tou003E120A1 VA 9 0757 2-13-5H00 1457 4-134]-5 2107 -6 21345 0 6 88 3155

Tau0.03 E120 Fartax 21-6-17-6 6 3 4 4H7-398-6 7 -2 -2 4HM75-167 -7 3 3 4H301 76 2 2 4

e Reinfection based detection outperforms
random in scenarios where emergence
happens in regions With high “importation ‘Tau0.03 E120 Montgomery <16-12:26-9 -5 -2 -9 41-9-11-18 6 -7 0-10-4+11-11-16-7 -7 -2-114{-9-1019-3/-7 -2-10-5
force” and high V1 burden " B w -

Tau0.03 E150 AN_VA 21 -2 22 -8-12 21

611334779 1051133 969 24 61111 7 58 4 264

e Sampling based on V1 burden (adaptive

geographic) outperforms when V2 emerges '
outside these areas. The two are ,1%101475 7 4%%’11414 7 AEWM« 9534 "4%8414 a7
complementary. . | | o

Tau0.03 E150 Montgomery 123-1424 8124 124 -4 28157 -8 -9 320512215249 -8 4:20-7117-11-108 -8 -3:18-3

&

£,
S
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ELEEEE

0

*Manuscript in preparation (2023)
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COVID and Other Respiratory Diseases

000000

Question: What does this winter look

United States - UVA model weekly hospita I admissions

COovID

forecas!

ts as

of 2023-01-09

COVID+Flu

00000

00000

DDDDD

000000

Feb

like with COVID and Influenza? W\//f/ 00000  E e
* Repurposing existing pipelines for |
Influenza focused forecasting and Saa

scenario modeling Hubs

e Combined healthcare burden across
respiratory diseases

* Interaction between co-evolving
pathogens (due to behavioral
adaptations, surveillance challenges) is
unclear

11-Jan-23

—

Flu (D-2022-11-1

3)

B Flu(A-2022-11-13;
Covid-19 (D-2022-10-29

%,

Flu: multi-scenario selection, quantile:0.5

I\||“|\I||n...........

)

)

B Flu

(B-2022-11-13]

Courtesy: https://fluscenariomodelinghub.org/
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Incorporating Human Judgement

Screenshots from: https://www.metaculus.com/

Question: How to use human

forecasting systems to improve

forecasts and projections?

e Partnered with Metaculus Inc.

* Multiple tournaments hosted

* Questions about direct
metrics (e.g., cases) but also
about scenario shaping
elements (e.g., vaccination)

TOURNAMENT

i
118
;!'

[ S 2
Jlﬂ"&'j' LR

TOURNAMENT

S A
i o A »
Real-Time Pandemic Decision Making
Prize Pool End Date Prize Pool End Date
$2,500 May 31,2022 $2,500 Apr 29,2022
Short-term forecasts for Virginia
= ForecastHub
H =~ Metaculus Prediction
Vaccine uptake 20000
What will be the 7-day moving average of vaccine doses administered in Virginia on 25 ©
September? §
Sept 25 S 15000
: s g
Predictions 44 2
O omr sea st Seps 10K 20k Resolved 12.4k 1
o
~ B O nounread @ Resolved & 10000
5
2
s
. . . . . S o =
M{’r?t will be the 7-day moving average of vaccine doses administered in Virginia on 18 September? © Se pt 18 :,?
5000
° * =D
Predictions 39
Ag2s Am2 Ap28 A2 A ved 143k
A3V © 2unread @ Resolved 0
What will be the 7-day moving average of vaccine doses administered in Virginia on 28 August? [S) \;'G 1’®' ’L’“’l 'L'@ 1’““
EEEEE S 9 gust? Aug 28 o o o o o
- report_date
4 redictions 46 Virginia - Highest case timing and count forecasts
0 10k 20k 30k Resolved 16.2k
~ ’ : RPDM rounds
A2V O nounread @ Resolved 20000 i | R1
i
" " i i PR R2
What will be the 7-day moving average of vaccine doses administered in Virginia on 21 August? S 0 | 1
Aug 21 8 1s000] | i = R3
© i i
o OO 3 : RS
RS Mresohea 15K £ 10000 i
o1 Augts o P s ‘ RG
NI © 1unread @ Resolved 2 i
5000 _/\/—/‘
After initial underprediction, more optimistic o ;
. . i i
about vaccine uptake during September. Nov Dec Jon ob Var Apr Moy
2022
Date
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Ongoing challenges
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Multi-scale modeling

Spatial
microns meters miles
Biological Social Political
(Micro) (Meso) (Macro)
Organ systems Community
7 M-S
Household _ﬁ_

Immune cells

Individual @

Federal

Infection Outbreak Pandemic

minutes hours days weeks months years
Temporal

Need for capturing heterogeneity via multi-scale, multi-theory, multi-level network representations

i UNIVERSITYs VIRGINIA
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Decentralized decision making

Context-specific, decentralized information seeking

and decision making across socio-political scales

Citizens

Action

assignment

external execution pathways

Decision

formation

external execution pathways

Model

c
2
=3
©
£
=
Rl

model
formation

action
assignment

decision
formation

internal execution pathways

i UNIVERSITYs VIRGINIA
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internal execution pathways

7% Information and actions are distributed ...

+ Local models are compatible, but not
identical or simple transformations-”
+ Differences may be important
+ Dynamics

» Context Specific Shared Synthetic

~¢ , Information

_* Non-attribution of sources /
Privacy/ se€urity

b
_______________

On the ground
responders: Doctors,
Nurses, Educators, ...

40
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Computing challenges

Computational BigData Availability of
Intractability: Requirements: computing resources:

. A Computing resources are needed for
Basic problems are 330 million people and sustained periods possibly unknown

computationally : }2-6 billion durations - machines fail, need
challenging (often #P- interactions/day between maintenance and
hard); HPC simulations individuals. Diverse real- need to be shared

are not optional time data streams

Variability and Real-time
experimental design: requirements:

Multiple replicates needed Results must be timely -- the
to understand variability and clock starts as soon as the
question is posed, and the

multiple cells ngeded fora base datasets/codes need to
full design be updated

i UNIVERSITYsVIRGINIA a1
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Operational challenges

The stark reality of how COVID-19 has
worsened global inequality

The toll of the pandemic has been hardest on the most vulnerable, pushing millions into
poverty and leaving them more at risk of disease, hunger and violence.

29 June 2022 - 4minread - by PriyaJoi

Need: New approaches for Validation &
Verification, Uncertainty Quantification for
ensuring model adequacy and building trust

VIEWPOINT | VOLUME 9, 100232, MAY 01, 2022

Looking back and moving forward: Addressing health
inequities after COVID-19

Kimberlyn McGrail & [ « Jeffrey Morgan « Arjumand Siddiqi

Jpen Access » Published: March 16,2022 « DOI: https://doi.org/10.1016/j.1ana.2022.100232 «

o Summary

irdl
e We will likely look back on 2020 as a turning point. The

uction pandemic put a spotlight on existing societal issues,
accelerated the pace of change in others, and created some

<t . PP
new ones too. For example, concerns about inequalities in

1o we mean by health by income and race are not new, but they became
h”, “health more apparent to a larger number of people during 2020.
1ity”, and “health The speed and starkness of broadening societal

ty"? conversation, including beyond the direct effects of COVID-

19, create an opportunity and motivation to reassess our

e the structures and understanding of health. Perhaps more importantly, it is an

'swe putin place to annartinity to rediice ineatiities in wha hac acrecs o wha

Need: New approaches for addressing

challenges in governance, ethics, logistics,
diplomacy and one health

i UNIVERSITYs VIRGINIA
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Key takeaways

* Ensembling approaches prevail over others

* Theory guided Data science (TGDS) bridges the domain experts and data scientists

 Human in the loop is unavoidable. Wisdom of (expert) crowds.

* Data summarization (visualizations) is key to make decisions (or even make sense of the data)

* Team Science is essential to address real-world problems. Rethinking credit sharing practices.

* Open-source environment (papers, code, data) accelerates research and ensures reproducibility.
Incentive mechanisms!

* Automated pipelines must be built with scalability, robustness, development and testing in mind.

* Translational research: Start from the problem. Not from the data. From papers to practice.
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Questions?

Biocomplexity Institute: https://biocomplexity.virginia.edu/
COVID-19 Response: https://nssac.github.io/covid-19/

Email: srini@virginia.edu

Twitter: @sriniv_venkat

i UNIVERSITYs VIRGINIA
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