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Oversimplified Epidemiological Model Landscape

A A Contribution to the Mathematical Theory of Epidemics.
. High By W. O. Kermack and A. G. McKENDRICK.
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LANL has a long history applying agent-based simulation to

real-world issues

= Transportation Simulation = The Epidemic Simulation System
System (TRANSIMS) (EpiSimS) is derived from TRANSIMS
 TRANSIMS is an event-driven agent-based « EpiSimS is an agent-based simulation developed at LANL
simulation developed at LANL for for simulating the spread of epidemics at the level of
simulating movement of people on the individuals

transportation system
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Epidemic Simulation System (EpiSimS)

HOUSEHOLD #2375

= Agent-based model to
simulate disease spread

in large regions a8
» Detail person-to-person contact on a Income:  $37K  $28K 30 0
minute—by—minute basis Status: worker  worker student daycare
« Workforce absenteeism by NAICS R Q;%";» ks v_"/a_a
» Explicit geography, demographics, A L
social contact networks, and P
mitigations s T
[
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= Data Sources
« U.S. Census data
* Dun & Bradstreet business directory

» National Household Transportation
Survey from U.S. DOT
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Oversimplified Epidemiological Model Landscape
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Oversimplified Epidemiological Model Landscape

Containing Bioterrorist

Smallpox

M. Elizabeth Halloran,* Ira M. Longini Jr., Azhar Nizam, Yang Yang|

.
ngh The need for a planned response to a deliberate introduction of smallpox has
. LR recently become urgent. We constructed a stochastic simulator of the spread
(lndIVIdual ) of smallpox in structured communities to compare the effectiveness of mass
. vaccination versus targeted vaccination of close contacts of cases. Mass vac-
mlnute'by' cination before smallpox introduction or immediately after the first cases was
. more effective than targeted vaccination in preventing and containing epi-
mlnute) demics if there was no prior herd immunity (that is, no prior immunologic
protection within the population). The effectiveness of postrelease targeted and
mass vaccinations increased if we assumed that there was residual immunity
in adults vaccinated before 1972, but the effectiveness of targeted vaccination
increased more than that of mass vaccination. Under all scenarios, targeted
vaccination prevented more cases per dose of vaccine than did mass vaccina-
tion. Although further research with larger-scale structured models is needed,
our results suggest that increasing herd immunity, perhaps with a combination
of preemptive voluntary vaccination and vaccination of first responders, could
enhance the effectiveness of postattack intervention. It could also help targeted
vaccination be more competitive with mass vaccination at both preventing and

containing a deliberate introduction of smallpox. Elveback et al, Am J Epi 1971
Halloran et al, Science 2002
Longini et al, Science 2005
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Person-to-person transmission is represented via contact groups within a

~2000-person model community

Different cultures or
modes of transmission
may require different sets
of contact (mixing)
groups.
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2000 people
HH: Household
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M. E. Halloran et al, Science 298, 1428 (2002);
I. M. Longini et al, Science 309, 1083 (2005).
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Stochastic Transmission with half-day timesteps

1-A=-p5a®)-A=ppa®) A= peey- (1= pire )’

Work group

I_H

» Person-to-person transmission is represented via
contact groups within a ~2000-person model
community

« Each susceptible individual has a probability of
becoming infected by infectious individuals in
their contact groups during each 12-hour timestep

* These probabilities may be further modified if the

infectious and/or susceptible individuals are
adopting social distancing measures, taking
antivirals, or have been vaccinated Houschold

Community
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Oversimplified Epidemiological Model Landscape
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Agent-based epidemiological methods map directly to

particle-based MD simulations

Molecular Dynamics Agent-Based Epidemiology
Particle type = <— —>  Individual age, gender, ... 7
Particle position, velocity < > Individual location
Internal state variable(s) » Individual disease status
_ _ Community-level
Neighbor list < »  Contact groups agent-based
disease spread
Interatomic force field < » Disease transmission model models
@ °
O 9
@
[ ] —
Classical Mechanics to update Transportation model - Based on census &
positions and velocities travel data

—
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Scalable Parallel Short-range Molecular dynamics (SPaSM) is a high-

performance code for studying large systems of interacting “particles”

* Finite-range (r,.,) interactions = O(N) computational scaling

e Spatial decomposition on shared and distributed memory architectures

* 1993 IEEE Gordon Bell Performance Prize (50 Gflop/s on LANL/Thinking Machines CM-5)

» 1998 IEEE Gordon Bell Price / Performance Prize (10 Gflop/s on Linux/Alpha Beowulf cluster, $15/Mflop)
e 2005 IEEE Gordon Bell Prize Finalist (48 Tflop/s on LLNL/IBM BlueGene/L)

« 2008 IEEE Gordon Bell Prize Finalist (369 Tflop/s on LANL/IBM Roadrunner)

« Object-oriented scripting language with parallel visualization and analysis libraries (runtime “steering”)

Microscopic View of Structural
Phase Transitions Induced by
Shock Waves

Kai Kadau,"?* Timothy C. Germann,? Peter S. Lomdahl,’
Brad Lee Holian'

>

T max '-I—'

Multimillion-atom molecular-dynamics simulations are used to investigate the
shock-induced phase transformation of solid iron. Above a critical shock
strength, many small close-packed grains nucleate in the shock-compressed
body-centered cubic crystal growing on a picosecond time scale to form larger,
energetically favored grains. A split two-wave shock structure is observed
immediately above this threshold, with an elastic precursor ahead of the lagging
transformation wave. For even higher shock strengths, a single, overdriven wave
is obtained. The dynamics and orientation of the developing close-packed grains
depend on the shock strength and especially on the crystallographic shock
direction. Orientational relations between the unshocked and shocked regions
are similar to those found for the temperature-driven martensitic transforma-
tion in iron and its alloys.

Science 296, 1681 (31 May 2002)

0! 3" 3

(David Beazley, Peter Lomdahl)




U.S. Census population & worker flow data are utilized to construct an
interacting community model (“EpiCast”)

65,433 U.S.
census tracts

14000

12000 -

Avg pop:
4,300

Number of Tracts

o 2000 4000 6000 S0 10000 12000 13000
Tract Population




Residential and workplace communities for synthetic population matches

Census data

?ﬁﬂbﬁﬁ%\ We use U.S. Census Bureau
g % data on tract-level demographics
?\Eéﬂ:\ i and worker-flow, and Dept. of
cl Transportation data on irregular
= long-range travel to assign fixed

residential and workplace
communities to each individual,
in addition to infrequent visits to

more distant communities.

T

KT
afa)

macel

1,344 Cook County (IL) census tracts
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Irregular long-distance travel is modeled including three factors

1. Trip Generation: Which individuals/households make a long distance
trip?
Use age-dependent average number of trips per year to determine the daily probability of making a
long-distance trip, then roll the dice for each person every day.

2. Destination Choice: Where do they go?

Simplistic gravity model: choose a random community within the simulation (either a 2,000-person
residential or a 1,000-person workgroup-only community), without any distance dependence.

3. Trip Duration: How long do they stay there?

Use the national statistics on trip duration to choose a duration from 0-13 nights.

Los Alamos National Laboratory 10/12/20 | 15




Baseline (unmitigated) pandemic, R, = 1.9

Current incidence

Time

Each Census tract is represented by a dot colored according to its
prevalence (number of symptomatic cases at any point in time) on
a logarithmic color scale, from 0.3-30 cases per 1,000 residents.
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Initial Application of the National EpiCast Model with

Tract-level Resolution was to Pandemic Influenza

Mitigation strategies for pandemic influenza
in the United States T —

Timothy C. Germann**, Kai Kadau*, Ira M. Longini, Jr.*, and Catherine A. Macken*

*Los Alamos National Laboratory, Los Alamos, NM 87545; and *Program of Biostatistics and Biomathematics, Fred Hutchinson Cancer Research Center and

Department of Biostatistics, School of Public Health and Community Medicine, University of Washington, Seattle, WA 98109 Brocsiinp R oAl iy e bt e TR N B e

WWWw.pnas.org

Intervention simulations for
U.S. influenza pandemic
—_

Social distancing and
travel restrictions

00fF Ry=1.6

Bascline (no intervention),
10

Social distancing
and travel restrictions
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0" travel restrictions
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SPECIAL REPORT: PREPARING FOR PANDEMIC FLU
IS ANYONE READY FOR THIS GLOBAL KILLER?

SCIENTIFIC ==
AAERICAN ...

Pandemic Flu Hits the U.S.

Asimulation created byresearchers
from Los Alamos National
Laboratory and Emory University
shows the first wave of a pandemic
spreading rapidly with no vaccine or
antiviral drugs employed to slow it
down. Colors represent the number
of symptomatic flu cases per 1,000
people (see scale). Startingwith40 g PO Tl Y4

Infected people on the firstday,

nationwide cases peak around day | ____BIRD FLU: FEARS, FACTS & FICTION |
60, 5"“3 ‘"::;;' 5“"5“9::*“’"' four 4 COULD AN OUTBREAK BE STOPPED? QbCNEWS
months wi percent ofthe
population having become sick. The
scientists are also modeling
potential interventions with drugs
andvaccines to learn If travel
restrictions, quarantines and other
disruptive disease-control =03 Symptomatic Flu Cases =30
strategies could be avoided.

ABC’s Good Morning
America
March 13, 2006

NOVEMBER 2005
WWW.SCIAM.COM

{por 1,000 poopis)

> Health News Briefs

Grim Scenario Predicted for Pandemic Flu

, December 5, 2005 - Federal health officials meeting with state health authorities today are expected to
paint a grim scenario of how a flu pandemic might unfold in America.

A federally financed study used supercomputers to predict what might happen if a virulent and easily spread new
strain of flu entered the United States. The study was done by researchers at Emory University and Los Alamos
National Laboratory.

They assumed the pandemic virus would leak into the country despite efforts to screen travelers for flu symptoms.
If each infected person spread the virus to two others, large outbreaks of flu would occur all over the country within »

about two months after the virus began to spread. The national epidemic would peak around day 85, with about 4.5 = e
million people falling ill that day. In the end, 122 million Americans may have gotten sick, more than four times the 1 1 =
toll in a usual flu season. -- Richard Knox N | g htl Ine. M a rCh 1 4’ 2006

Influenza

Just say “R”

Even a weak vaccine mightbe useful in
an outbreak of influenza

A BRUTAL mathematics governs the
spread of an infection. Itis tied to what
is known as the basic reproductive num-
ber, R,. Whether the outbreak is of sea-
sonal influenza, Ebola fever or bubonic
plague, R, tells you, for each person in-
fected, how many others are likely to be in-
fected later. The higher R, is, therefore, the
harder aninfection is to control.

R, is one of the many things scientists
don'tknow about the virus that will cause
the next pandemic of influenza, because
that virus has not yet emerged. This is a
problem, because it makes it hard to plan
to minimise the impact of that outbreak.

One solution is to produce a virtual
world in which various types of virus can
be modelled. This is the approach taken by
a team led by Timothy Germann, of the
Los Alamos National Laboratory in New
Mexico, and his colleagues. Inapaper pub-
lished in the Proceedings of the National
Academy of Sciences, Dr Germann and his
team describe a “virtual” population of
281m people distributed across a virtual
version of the United States in accordance

with census data. They have made as-
sumptions about how often people mix
with each other, where they mix (schools,
workplaces and homes), and how often
and how far they travel. This virtual world




We weren’t prepared for how seriously policy-makers took our

simulations....

someoene S5 The Washington Post -

PNAS article: o et

-

.. Many critical decisions remain to be made. Administration scientists are U.S. Plan
debating how much vaccine would be needed to immunize against a new For Flu
strain of avian influenza, and they are weighing data that may alter their Pandemic
strategy on who should have priority for antiviral drugs such as Tamiflu and 3
Relenza. Revealed

The new analysis, published in Proceedings of the National Academy of ?,'"'"_"‘}"‘"“"-‘.

. . . . . roposal Awnits
Sciences, suggests that instead of giving medicine to first responders and Bush's Approval
health-care workers, as currently planned, it might be wiser to give the By s
drugs to every person with symptoms and others in the same household,
one senior administration official said.

The approach offers “some real hope for communities to put a dent in the
amount of illness and death, if we go with that strategy,” a White House
official said.

Los Alamos National Laboratory 10/12/20 | 19 10/12/20 | 19



Cross-model Comparison of Community-based Targeted Layered

Containment Strategies

Modeling targeted layered containment of
an influenza pandemic in the United States

M. Elizabeth Halloran***, Neil M. Ferguson$, Stephen EubankT, Ira M. Longini, Jr.*t, Derek A. T. Cummings$,
Bryan Lewis", Shufu Xu®, Christophe Fraser®, Anil Vullikanti, Timothy C. Germannl, Diane Wagener**,

50
W Imperial College Model
@ University of Washington

40 W Virginia Bioinformatics Institute Model Richard BeckmanT, Kai Kadaul, Chris Barrett", Catherine A. Mackenl, Donald S. Burke't, and Philip Cooley**
Wirginia Bioinformatics Institute, Virginia Polytechnical Institute and State University, Blacksburg, VA 24061; "'Graduate School of Public Health, University
— of Pittsburgh, Pittsburgh, PA 15261; **Research Triangle Institute, Research Triangle Park, NC 27709; SDepartment of Infectious Disease Epidemiology,
0 Imperial College, London W21PG, England; ILos Alamos National Laboratories, Los Alamos, NM 87545; *Department of Biostatistics, School of Public Health
< and Community Medicine, University of Washington, Seattle, WA 98195; and "Program in Biostatistics and Biomathematics, Division of Public Health
) 30 Sciences, Fred Hutchinson Cancer Research Center, Seattle, WA 98109
e—
E Edited by Barry R. Bloom, Harvard School of Public Health, Boston, MA, and approved January 15, 2008 (received for review July 23, 2007)
k4
Qo
=
z 20 Table 3. Percentage of infections by place and scenario, Ry = 1.9 (2.1) in the Chicago population
0 Scenario 1. No intervention Scenario 2 Scenario 3
e oo ) : :
- 0 Imperial uw VBI Imperial uw VBI Imperial uw VBI
—
10 Illness attack rates 424 46.8 447 7.3 28 3.9 1.1 031 1.3
© Places
< Home 331 394 411 483 58 459 50.4 59 36.9
g 2] D m !\! - Work 21.8 145 286 129 10 27.8 135 10 18.7
3 2 ey S0 School 16.0 1838 233 1.7 1 9.6 9.0 1 27
P S o - 3 chool . . A . . . .
0 Day care - 1.1 - - 0 - - 0 -
oW w Q = o [7,) O = o Play group - 08 - - 0 - - 0 -
c = 0 £ = n 5
= S o ) << o @ O <C College - - 3.3 - - 123 - - 40.0
= Z OE £ 2z O E = Shopping - - 2.0 N - 24 - - 1.0
[ P @ » © a Neighborhood - 17.7 - - 15 - - 15 -
2 =292 o =29 o Neighborhood clusters - 7.7 - - 5 - - 4 -
o o~ o+ Other/Community 29.0 0 17 26.6 0 2.0 238 0 08
c Totals
Primary Groups* 70.9 727 93.0 729 79 833 729 79 58.3
5cenari° 1 sCenario 2 8cenari° 3 Communityt 29.0 25.4 37 26.6 20 4.4 238 19 18




Large-scale Agent-Based Epidemiological Studies Have Directly

Influenced the National Pandemic Planning Process

May 2006

NATIONAL STRATEGY FOR

PANDEMIC
INFLUENZA

IMPLEMENTATION PLAN

&
b

A
Tpd

HOMELAND SECURITY COUNCIL

MAY 2006
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Interim Pre-pandemic Planning Guidance:
Community Strategy for Pandemic Influenza
Mitigation in the United States—

Early, Targeted, Layered Use of Nonpharmaceutical Interventions

Nauonal Population, Economic, and

Infrastructure Impacts of Pandemic Influenza
with Strategic Recommendations




EpiCast Used to Assess School Dismissal Policies in the

Context of the Pandemic Severity Framework

/ Epidemics 28 (2019) 100348 \
1 Contents lists available at ScienceDirect
Epidemics
2 1968
z @ journal homepage: www.elsevier.com/locate/epidemics
:
5 2009
H pandemic School dismissal as a pandemic influenza response: When, where and for )
£ how long? =
3 Timothy C. Germann®, Hongjiang Gao"™", Manoj Gambhir“’, Andrew Plummer"~,
2 4 Matthew Biggerstaff, Carrie Reed®, Amra Uzicanin®
* Theoretical Division, Los Alamos National Laboratory, Los Alamos, NM 87545 USA
® Community Interventions for Infection Control Unit, Centers for Disease Control and Prevention, Atlanta, GA 30329 USA
© National Center for Immunization and Respiratory Diseases, Centers for Disease Control and Prevention, Atlanta, GA 30333 USA
\"School of Public Health and Preventive Medicine, Monash University, Victoria 3800 Australia /
* In partnership with the CDC Community
S s chrc ey Interventions for Infection Control Unit (CI-ICU),
Adapted from C. Reed, M. Biggerstaff, L. Finelli, et al., Novel . . :
framework for assessing epidemiologic effects of influenza we exp | O red non-p h armaceutica | nterventions
epidemics and pandemics, Emerg Infect Dis 19, 85-91 (2013) focused on school d ismissaL Specifical |y :

(’ " Z — Threshold trigger: when to close
, l // — Geographic scale: where to close
iz~

CENTERS FOR DISEASE — Duration: for how long to close

CONTROL AND PREVENTION
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Adapting an influenza model to COVID-19

* Disease parameters from CDC’s Planning =R
Parameters for COVID-19 Outbreak Scenarios

« Initial conditions: Daily counts of diagnosed cases
in each county from the NY Times database

- Mitigations = EEE

— Schools are closed/children contacts reduced by 30% o
outside the household

— Stay-at-home order is enacted on a county-by-county
basis

STAY HOME WHEN
YOU ARE SICK COUGH AND SNEEZE

— Workplaces are assigned 3-digit NAICS codes, which
determine whether they are open or closed, allow m
telework, shift schedules, etc.

CROWDED PLACES

— Long-distance travel is assumed to be limited

Los Alamos National Laboratory




The reported daily case counts in each county are used to calibrate the

initial conditions (manually or automated®)

Number of newly symptomatic cases per day

3000

2500

2000

1500

1000

500 |

EpiCast results (ensemble-averaged), NM school reopening

— 80% onsite (5 days/week)
—— 80% onsite (4 days/week)
40%+40% onsite (5 days/week, alternating weeks)
——— 0% onsite (100% distance learning)
Actual cases

*See Peer-Timo Bremer’s
talk tomorrow on “Cognitive
Simulations for COVID-19
Analysis, Exploration, and
Scenario Planning” for more
advanced multiparameter
estimation techniques.

!

L

07/01

08/01

09/01

Date

10/01

11/01

12/01




Initial EpiCast/COVID-19 national-level results: first report April 6

EpiCast COVID-19 simulation results — 6 April 2020

EpiCast team*, Los Alamos National Laboratory
*Contact: Tim Germann, tcg@lanl.gov

NOTE: These are results based on initial models and parameters for COVID-19, which are being
actively refined. Disease natural history and case hospitalization/ICU/ventilator/fatality rates are
based on the “best guess” values in the March 20 Planning Parameters for COVID-19 Outbreak
Scenarios (PPCOS), and have not been updated to the more recent March 31 document. Contact
rates are largely based on prior influenza modeling efforts [1-3], and no recently available
mobility/contact data (e.g., through cell phone tracking) has been utilized. Data sources and
assumptions are indicated below; suggestions are welcome.

Disease model parameters

Parameter

Value

Source

Doubling time

Time to symptom onset

Serial interval

Symptomatic duration

Proportion of pre-symptomatic transmission
Proportion of infections that are asymptomatic
Relative infectiousness of asymptomatic individuals
Pre-existing immunity

Symptomatic case hospitalization ratio (by age
groups 0-4, 5-18, 19-29, 30-64, and 65+ years old)
ICU % among those hospitalized (by age)
Ventilated % among those in ICU (by age)
Symptomatic case fatality ratio (by age)

6.5 days

Mean ~5 days (range 2-8 days)
Mean ~8 days

Mean ~6 days (range 3-9 days)
35%

50%

100%

None

1.25%, 0.5%, 1.25%, 1.5%, 16%

15%, 20%, 15%, 17%, 15%
35%, 30%, 45%, 47%, 45%
0.01%, .0075%, .045%, .072%, .1%

March 20 PPCOS

Adapted from
March 20 PPCOS

It is further assumed that seasonality (e.g., weakening of transmission in warmer and dryer summer
months) effects are negligible and can be ignored.

Simulation Details

EpiCast is an individual-based model, with daily contacts between people in household, workplace,
school, neighborhood, and community settings. The primary data source is U.S. Census demographics at
the tract level (the ~65,000 tracts are subsets of the ~3000 counties, with typically a few thousand people
in each tract), and Census tract-to-tract workerflow data (i.e., how many people live in tract A and work
in tract B). This is used to construct a model population with tract-level age and household size
demographics, and realistic daily workflow pattern, which captures most of the short-range mobility. In
addition, occasional long-distance travel is possible. A 12-hour timestep is used, so (unless on travel)
individuals spend the night-time at home and day-time at school or workplace, if they belong to one (and
they are open). Additional details are provided in the Supporting Information of [1]. In the original model
[1,2], the individual age- and context-specific contact rates that account for the duration and closeness of
interactions between pairs of individuals in different settings (home, school, workplace, neighborhood,
community, etc.) were uniform across the US. In our recent school dismissal study [3], we allowed for
different communities to decide to close their schools at different times, depending upon the current local
disease incidence. In our ongoing COVID-19 work, these local policies have been extended to all
community mitigation measures: school dismissal, workplace closure, shelter-in-place and other social
distancing.

Los Alamos National Laboratory

Number of newly symptomatic cases per day

Cumulative number of fatalities

1x107 - - - r T . r
Scenario 3 - May 1 resumption cenario « . ’
N T S Scenario 4” most
cenario 1 - Baseline resumption .
x10° f 1 nearly describes
~— subsequent behavior
100000 1 (relaxation of social
Scenario 2 . .
Indefinite distancing around
10000 F lockdown .
June 1 leading to a
/ second peak)
1000 .
100 |} , , , , , , ,
250000 |* Scénario] — ' ' ' '
Seenarios
200000 } Scenario 4 ] We are here
150000 } .
100000 } .
50000 i
0 3/;)1 4/.01 5/01 6/;)1 ' 7/61 8/;)1 9/.01 10;01 11/01
Date
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Effects we can model (that most others can’t)

* Impact of heterogeneous mixing
patterns

* Impact of school/workplace
closures by school district, county,
or state level

* Impact of workforce impacts by
NAICS

* Non-pharmaceutical interventions
differentiation by spatial or
demographic factors




EpiCast has been used to evaluate school reopening

scenarios for the state of New Mexico

Scenario 2: Partial Scenario 3: Onsite
Onsite Learning Learning

* All household e Sfudents are e Schools are assumed
contacts are strafified into two to be opened 5 days
increased by 40% non-overlapping a week

* Daycares are groups e Transmission is
assumed to be e Students are reduced by 50% to
closed assumed to go to account for social

» Workplaces are school for only 2 days distancing measures,
partially opened a week facemasks, mixing
(consistent with « Workplaces are groups, etc.

Phase 1) partfially opened e Workplaces are
(consistent with partially opened
Phase 1) (consistent with
Phase 1)

LANL PI: Sara Del Valle (A-1)

Los Alamos National Laboratory




EpiCast Results — Overall Trends

Low & High Transmission Scenarios

* Lower transmission leads to New symptomatic cases per day

less cases — (5/28/2020 - 1/22/2021)
2'750 80% Onsite (5 days/week)
. . > 4, T 80% Onsite (4 days/week)
Reducing school o’r’renqlonce 8 os00| o s onee
by 1 day (4-day scenario) has g 2250] 1oo%orste
a significant impact $ 2,000 — high transmisson
S 1,750 — [iX Ganamisdion -
* TwWO non-overla PPRrING groups fg 1,5001 ﬁf%is?‘w"ifg?fﬁ»
of students 2 days a week § 12501 e
21,0004 7 high transmission
leads to less cases and results € 7,
in similar results as the offsite z 500 -
scenario due to assumed = 253' — e —
interactions outside school PO D D D D D D D

Los Alamos National Laboratory




County-level Trends

High Transmission

100% Offsite modified:

80% Onsite (5 days/week) modified: 80% Onsite (4 days/week) modified: 40% + 40% Onsite (2 days/week each) modified: Current symptomatic attack rate
Current symptomatic attack rate Current symptomatic attack rate Current symptomatic attack rate 22 (5/28/2020 - 1/22/2021)
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LANL simulations (including but not limited to EpiCast) are

informing NM policy-makers

NEW@:@*MEX\CO

Department

public gducation

Li1c
co PUB
EPARTMENT

D .
Guidance

Los Alamos National Laboratory

Using Data to
Drive Decisions

In partnership with Los Alamos National Laboratory (LANL), the
state is using the most up-to-date epidemiological models to assess
current virus threat level.

A phased entry approach will allow the state to collect and analyze
data on the impact of a controlled start on the spread of the virus.
This information will be essential to ensure that the state is able

to move toward the goal of returning all children to a full school
schedule as soon as it can be safely accomplished.

In addition, the phased entry approach will enable New Mexico to
use the latest and best data on the impact of reopening in nearby
states, as well as to base decisions on emerging, peer-reviewed

research on virus transmission rates in children.
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National School Reopening Studies

* In collaboration with the CDC, our goal is to assess different school reopening scenarios at a
regional and national scales under different phase assumptions using an agent-based simulation.

* In previous EpiCast models, school mixing groups accounted only for transmission between
students; teachers and staff were not explicitly included.

» For this work, we associate a workplace with NAICS Subsector Code 611 (Educational Services) with
each school, and account for mixing between the teachers, staff, and school children.

 Where necessary, additional workplace(s) are added to achieve an average 14:1 student-to-
teacher/staff ratio in each school (based on data from the National Center for Education Statistics).

» Two scenarios were considered, roughly corresponding to NAICS 2.Digi¢ DY 0
. . . NAICS Sector S Telework
”Opening Up America Again” Phases 2 (“Fewer Workplaces”) Code (Median)
‘¢ 'T] Agriculture & Mining 11 8.1%
a n d 3 ( M o re Wo rk p I aces ) Utilities & Construction 21-23 32.7%
Long Manufacturing 31-33 41.0%
Reduction in Contacts Wholesale 42 26.5%
Working Status . . . Distance Retail 44-45 26.5%
due to social Dlstanclng Travel Transportation & Warehousing 48-49 32.7%
. . Information 51-52 80.4%
Workplace Full Part-time Telework Laid Workolace Other non- Finance, Insurance, & Real Estate 5553 §11%
Assumption Time or Shift Take-up Off . household Professional and Business Services 54-56 71.6%
F Education 61 47.9%
ewer 44%, 32% 20% 16% 10% 50% 50% Health & Social Services 62 47.9%
Workplaces Leisure & Hospitality 71-72 20.3%
More Other Services 81 39.9%
Workplaces 52% 32% 15% 8% 10% 25% 75% Government & Administration 922 57.0%
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Several reopening scenarios were considered

Scenario Name Scenario Code Scenario Description
° 1 0-20 Sets of alte rn ative Pre-Pandemic Behavior Pre-Pandemic Behavior =~ No mitigations, all businesses completely open.

All students physically in school with ial
school schedules and Baseline Baseline dist:nCizrgl s physically in school with some socia
assumptions were 80% Onsite Learning with
considered , Us in g reg ional Reduced Social 80% OL LessSD All students physically in school.

N M . d C h . Distancing
( ew eéxico an |Cag°' 80% Onsite Learning with 20% OL SD All students physicallv in school
. . students physically in school.
area) models to identify the Ideal Social Distancing o Pysieaty
. 80% Partial Onsit
most im porta nt factors. Learnf)n a :lterrllls;tjn Two non-overlapping cohorts of students — 40% of
& . - 40% POL LessSD Week the students attend one week and the other 40% attend
Week with Reduced
. : ) the next week.
. S . d . t d th t Social Distancing
ome su rveys Indicate a 80% Partial Onsite Two non-overlapping cohorts of students — 40% of
even if schools were open, a Learning — Alternating the students attend for two days/week (Mon/Tue) and
’ Days with Reduced 40%_POL_LessSD_2Day the other 40% attend for two days (Thu/Fri)
. p . A .
significant fraction of parents o or e
o . Social Distancing Wednesday off for disinfection.
(~20%) would opt for distance 20% Partial Onsito ,
. . Learnine — Alternatin Two non-overlapping cohorts of students — 40% of
Iearn I ng or hOme SChOO I In g - g. .g 40% POL SD Week the students attend one week and the other 40% attend
Weeks with Ideal Social
. . the next week.
Distancing
80% Partial Onsite Two non-overlapping cohorts of students — 40% of
Learning - Alternati.ng 40% POL_SD_2Days the students attend for two days/week (Mo‘n/Tue) and
Days with Ideal Social the other 40% attend for two days (Thu/Fri).
Distancing Wednesday off for disinfection.

100% Distance Learning Offsite No students physically in school.



National Model Results

Fewer Workplaces More Workplaces
=== Pre-Pandemic Behavior === Pre-Pandemic Behavior
—— Baseline —— Baseline
80% OL_SD 80% OL_SD
2,500,000 40%_ POL_SD 2Days E 40%_POL_SD_2Days
—— 40% POL_SD Week —— 40% POL_SD Week
- Offsite - Offsite
" So what?
22,000,000 R .
S Reopening schools at
= 80% attendance
g levels canresultin a
da 1,500,000 - i
£ secondary wave of
& infection
z
Z 1000000 ] 40i%. scenarios and.
%‘ offisite levels result in
A better outcomes
500,000 i
<Y \
0- T e —— J
09:01 101()1 1 1101 12:01 01101 02:01 03:01 04:01 09:01 10101 1 1101 12101 01101 02101 03101 04101
Date Date
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Source of Infection (“Fewer Workplaces’)

National Source of Infection (Fewer Workplaces)
100 G

National Source of Infection for School/Young Children Groups (Fewer Workplaces)

roup
98 Neighharhood/community

So what?

All Schaol Groups 22
. e i s . So what?
8 \.m-;::u Child Groups 0
. x Student-student
SSea Crows interactions lead the
i “ highest number of
£ infections at schools
i e £, followed by teacher-
Ew z student interactions
35 10
t g 8 Student-student
2 Neighborhood cluster
15 6
Lo Workgroup Playgroup
:‘- Non-School Child Groups - = . L Daycare
é é %I E é ’é 2 Teacher-student
2 & 2' f ? 0 Student-teacher Teacher-teacher 7 7 i o
3 = £ £ P a % g e
: g 3 : : -
g - i
= 2 2

Pre-Pandemic Behavior

- The majority of infections are generated at home
followed by neighborhood/community
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Case, hospital, and ventilator usage by age group (“Fewer Workplaces”)

National Cases by Age Group by Scenario National Hospitalizations by Age Group by Scenario National Ventilators by Age Group by Scenario
Fewer Workplaces
(Fewer Workplaces) s Goa (Fewer Workplaces) P ( p ) Age Group
m0-4 3500K M 0-4 M 04
110M W 518 o518 600K m518
1929 1929 M 19-29
100M " 30-64 3000K " 30-64 550K " 30-64
S+ 5+ N 65+
90M sk = 500K
S0M 2500K 450K
- 400K
2000K 350K
60M
300K
SoM 1500K
250K
40M
” 200K
1000
30M oo
20M - 100K
10M 50K
oM 0K - 0K
- —Q | \Q &~ - z | v ol - ..a | < &~
] S =3 = Q = = 3 = Q = 3 5 = a &
= b4 o ) = H o o = H o (=)
] o I | < o | | ] =) | |
-] ® | = a -] ] | =) a -] = I = a
2 X 2 b 2 S 2 @, 2 = 2 @«
£ 2 = wl E r— = wml £ 4 = =
2 e 2 : e 2 2 e 2
8 2 S & g 2 & s £
2 s e 2 s g 2 e =
=5 ™ ™
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Spatial heterogeneity

40% POL_SD Week

Fewer Workplaces

4007 — Florida
——— (California
350 7 —— New York
>§ — Texas.
- 300 Georgla
:5,;- New Mexico
% 250 1 —— 1llinois
z South Dakota
E 200 — Washington
% Maine
E. 150 - Maryland
Z — lowa
% 100
a8
50 -
0_

09/01 10/01 11/01 12/01  01/01  02/01 03/01 0401
Date
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Daily New Symptomatic Cases per 100K

More Workplaces

1

1

Florida
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So what?

Spatial
heterogeneity

driven by initial
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demographic
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Spatial heterogeneity

* For the baseline with Fewer
Workplaces, the peak date ranges
from October 215t (California) to
December 10t (Maine).

* The timing of the peak for each state
is dependent on:

1. The current transmission levels; states
with active community spread will reach
their peak sooner; and

2. Announced school reopening dates,
which vary from August 3 (Arizona) to
September 6 (New York).

Daily New Symptomatic Cases per 100K

California -

Texas

Georgia

Florida 4

Illinois A

South Dakota -

New Mexico A

Towa §

Washington -

Maryland 4

New York 1

Maine -

Baseline

Fewer Workplaces

Peak date: 10/21; Peak incidence: 303

A =

Peak date: 10/22; Peak incidence: 217

k

Peak date: 10/29; Peak incidence: 198

Peak date: 11/05; Peak incidence: 126

Peak date: 11/05; Peak incidence: 252
Peak date: 11/05; Peak incidence: 221
Peak date: 11/12; Peak incidence: 238
Peak date: 11/12; Peak incidence: 196

i, 0

Peak date: 11/19; Peak incidence: 240
/f—/"\¥

Peak date: 11/19; Peak incidence: 225

Pgak date: 11/26; Peak incidence: 296

Peak date: 12/10; Peak incidence: 244

R

09/01 10/01 11/01 12/01 01/01 02/0103/01 04/01
Date

California

Texas

Georgia

Tllinois -

South Dakota -

Florida -

New Mexico

Towa 1

Washington 4

Maryland 4

New York 1

Maine -

More Workplaces

Peak date: 10/08; Peak incidence: 525

Peak date: 10/08; Peak incidence: 419

Peak date: 10/15; Peak incidence: 416
Peak date: 10/15; Peak incidence: 492
Peak date: 10/21; Peak incidence: 462
Peak date: 10/22; Peak incidence: 303

el

Peak date: 10/22; Peak incidence: 485

Peak date: 10/22; Peak incidence: 433

.

Peak date: 10/29; Peak incidence: 503

P S ——

Peak date: 10/29; Peak incidence: 479

Peak date: 11/04; Peak incidence: 581

_ A 000

Peak date: 11/05; Peak incidence: 535

09/01 10/01 11/01 12/01 01/01 02/0103/01 04/01
Date
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Assumptions: Bars and Restaurants

* Transmission in large social settings (bars, restaurants, birthday parties, college
fraternities, ...) is important and a key target of policy guidance

« Various pre-COVID studies suggest that ~1/3 of adults visit bars/restaurants at
least once a month, with one stating that “34% said at least once a month; 19%
said at least once a week; 3% said every day”

» Data on the % of bar industry revenue across different age groups closely matches
(perhaps surprisingly!) the population of those age groups

* We assume that in the “normal” situation with fully open bars and restaurants, a 3%
of adults will participate in this mixing group each day

* Transmission in bars is assume to be similar to inside household

 The following results assume Phase 3 business and social distancing practices,
and a regular 5-day work week (for open businesses) with maximum telework




Resulils: Bars and Restaurants

Indiana: Phase 3, distance learning when schools open Ohio: Phase 3, distance learning when schools open
12000 ———— — 16000 r —— —
Baseline: bars closed Baseline: bars closed
> —— Bars 50% open > —— Bars 50% open
3 i Bars 100% open S 14000 | Bars 100% open 7
2 10000 Actual cases T %g Actual cases
g g 12000 [ |
S 8000 |- | B
2 2
é = 10000 |- T
E E
E‘ 6000 R g* 8000 R
b 2
> >
= = 6000 R
5 4000 [ 1 g
S S
e e 4000 R
2 8
= 2000 i £
2 E 2000 R
O ’\\/——.‘T L L | L L | L L | L L | L L | L L 0 \\/ | L L | L L | L L | L L | L L |
07/01 08/01 09/01 10/01 11/01 12/01 07/01 08/01 09/01 10/01 11/01 12/01
Date Date

So what?

The effect of opening 50% of bars is small relative to the overall fransmission,
however opening 100% can lead to significantly larger clinical attack rate
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Some key limitations (which are being addressed by ongoing work)

* |[dentical policies (e.g., workplace restrictions and school schedules) uniformly
across all states.

* Testing and contact tracing were not explicitly modeled.

» Uniform policies and behavior (e.g., compliance) assumed throughout the
pandemic duration (simulations are through the end of March 2021).

* The model population in EpiCast is based upon the 2000 U.S. Census data, to
take advantage of the tract-to-tract work flow data that was last compiled then.

» Epidemiological parameters are assumed to be constant throughout the
simulation, but in reality may have spatial and temporal variability during the
course of the COVID-19 pandemic.

—Local weather (e.g., humidity) may affect not only human behavior, but also the dynamics
and lifetime of droplets, spray, etc., which affect the transmissibility.

—As more is learned about the disease course and effective treatments, the case fatality ratio
has dropped.
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