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COVID-19 Modeling and Analysis Activities

08e

RECOVERY MODELING

Testing and contact tracing needs for
different levels of reopening

VACCINE DISTRIBUTION

Supply chain needs and assessment of
distribution strategies

MEDICAL RESOURCE ROUTING

Optimal distribution of limited resources and
feasibility of national sharing strategies

How do comorbidities affect infection
severity?

BOEE

MOBILITY

Cell phone mobility data to inform contact
tracing planning

MEDICAL RESOURCE DEMANDS

State and county risk indicators of medical
resource shortfalls

ECONOMIC IMPACTS

GDP impact of the COVID-19 event and
associated reopening scenarios

EPIDEMIOLOGICAL FORECASTING

Data-driven, short-term forecasts of new
cases by state and region
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COVID-19 Modeling and Analysis Activities

RECOVERY MODELING

@ Testing and contact tracing needs for
different levels of reopening
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Recovery Modeling and Analysis

As social distancing is relaxed, develop optimized testing and contact tracing

strategies to enable effective outbreak management given resource constraints

Hybrid Modeling Approach
|. Network-based model to explicitly represent contacts between people
2. Compartmental SEIR model to quantitatively represent population level dynamics

3. High-resolution cellphone movement pattern data to locate contact-rich
locations

Uses

* Determine optimal use of constrained testing and contact tracing
resources

* Evaluate disease-control trade-offs of tracing strategies and testing delays

* Evaluate effectiveness of targeted strategies to address locations with high
levels of contact

* Design robust strategies for targeted vaccine delivery
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Model Component |: Network based simulation

Contacts among individuals are constructed from descriptions of locations and events
* Natural way to build heterogeneity into contact patterns
* Can be used to study differential risk associated with different recovery plans

@ Individuals allocate time
® ® across locations
O — .E\j Locations/Events
oo © =
People
P ®.° 0 O
® ® . Location properties control
® "o Overlap time controls contact parameters (relative
® probability of traceable probability of transmission)
..’.. ® transmission based on (e.g.) PPE use, density,
Random : .. roles (employee, customer,..)
transmissions ‘.., ]
can also occur o

(fomites etc.)

This formalism provides
* A natural way to create heterogeneity on contact networks to examine implications for tracing/testing

* A way to explore the effect of different mitigation/closure scenarios on outbreak potential — a powerful tool
for connecting policies to “beta’” parameters in SEIR models
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Model Component 2: Compartmental Model

D
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Compartmental Model: Rethinking Contact Tracing Mechanisms

Assume Ni,qce personnel are the

queue, is dependent on the rate of
new identified infected cases which is
modeled by Cy,.,,- This makes
assumptions about the likelihood of
recalling a contact and the true
uniqueness of each contact

The total quarantined The stock Q is notional; we won’t limiting resource.They can each
(ron-hospialzed)populon neecs
¢ ‘ s working off call lists and expirin
to be contacted periodically (daily U B \coftac ts we can't get tz & new tracing
say). .' ‘ B Qwn
' : Aw!Ntrace Qw,, +Cw,
dc : N
I trace
in N N Cw,
The rate in to the contact tracing QwVerace Q Wy, + Cw,

Assume aggregate work q,, N¢yqce is
allocated between Q and C in proportion to
share of the workload.

Assume maintenance contacts require
W, people-hours,and completing a
contact requires w, people-hours.The
aggregate workload is W = Q w,, + C w,

[dC C

- = qwlNtrace * ———————
dt out Q wpy + Cw,

C
Chew = [d¢KKTI [1 - _” [TEqEq + 4ra(©) + q1(0) + qea(t) + qu (@) + TIuHIu]

N

Case discharge rates Publishing this

follow from the work advancement in contact
required for each case

tracing planning in
November issue of
We want to smooth out the min functions SIAM News

to analytically describe the boundary constraint relative to contact tracing limitations
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Model Component 3: Data-derived individual Contact Locations

Interaction matrix stores the time person spends at each location. Network edge weights based on the overlap between node trajectories.

Interaction matrix (IM) Edge weights
X axis = locations Sum of the product of each node, location Contact network
combination (IM.dot(IM.T)). The weights are then

Y axis = nodes

Values = person-hours per day normalized by the max weight.

Nodes
Nodes

Locations Nodes

A set of structural metrics (centrality, weighted degree,..) were derived for ranking potential location importance.
Epi significance will be assessed by suppressing contacts and targeting testing at locations suggested by these rankings.
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Using the Adaptive Recovery Model (ARM) for Integrated Analysis

Weekly Mobility Patterns

Dwell Times

Arrival Times

Populations over time

!

Characteristics and policies in
place at location

Contact network at this location

Epi Implications
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COVID-19 Modeling and Analysis Activities

MOBILITY

! Cell phone mobility data to inform contact
tracing planning
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Contact Network Analysis

Use mobility data from SafeGraph to create networks that represent person-to-person interactions
Network metrics show how interactions are changing over time:

Cumulative probability of interaction strength
in Bernalillo County on two dates

Network density for Bernalillo County, Feb-Jun Clustering coefficient for Bernalillo County, Feb-Jun
0.14 0.0175 - 1.00 ) [ S —
0.12 0.0150 4
0.98
0.10 0.0125 4 1/
z A
i 0.0100 - 3 ase ] | |Higher probability of
T o . . .
b0075 . & i shorter interactions in
4 d 1 [ /
0.06 @ 2 2 ci June compared to Feb
0.04 - é 0.0050 s H é 2 0:94+ /// g E
= wl
° o /// 1
0.02 o é 0.0025 {3 % = | % ~ ol
[‘—f_i ° % 0.92 =1
2f4ae2?30 20000 2!
o I— S — ' . — vt ; al Jun 8
QO A > 4 O O DS DO N > DY 0 H DD O A > 4 O oD D2 O0OMN D D2 H DD 1
A A A i g T A A o A A A g g g AT 0907 ' Feb 10
0 O 0 0 O 00 0O 0 0 0 O Q0 0 0 0 O 0 O 0 0 0 0 00 0 O 0 00 0 O Q0 O r T
’19’1/ "9’1« ’19’1/ ’\9’1« '19’1' "LQ’L ’19’1/ ’19’} ’19’1/ ’}6} ’19’1/ ’1«61' ’P’L ’19’1' ’P"l« ’1«6]/ ’\9’1« '19’1/ ’19’1/ ’]9’1/ ’L@r ’19’1« ’\9’14 ’19’1/ ’»Q”l« ’19’1/ ,\9’1« ’1«0,1' 19’1« "9’1« ’19’1/ /19’1/ ’1«61' ’P’L ",Q”la ’1«6‘, 10~ 1672 152 16°1
‘ Interaction strength between nodes
During stay at home orders, people had fewer and shorter Inform contact tracing needs: One person
interactions (density, left panel) but had higher clustering (right panel). over a week (in a Bernalillo-sized county)

will generate ~67 close contacts.
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Contact Networks and Points of Interest (POls)

Visit hours and interaction strength at specific NAICS codes can inform targeted closures and
mitigation strategies
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Interstate Travel Analysis

Use mobility data to assess questions such as:
* How many people are coming in from out of state (through the airport or other means)?
* Where are they coming from? Are those locations with high rates of infection?
* Are people that travel following quarantine orders? Is their behavior different from that of the local
population?

New Mexico, Week of 2020-06-01 Arizona, Week of 2020-06-01
Total out of state visitors traveling through the airport = 439 Total out of state visitors traveling through the airport = 8434
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COVID-19 Modeling and Analysis Activities

VACCINE DISTRIBUTION

Supply chain needs and assessment of
distribution strategies
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Efficient and Equitable Distribution of Vaccines

Analysis of current vaccine manufacturing and distribution capabilities and vaccine allocation strategies

Designed a baseline vaccine distribution strategy and modeled effectiveness of additional strategies to
provide insight into the potential for targeted distribution of limited initial vaccine supplies

Goal

Medical Goal

Associated strategy

Vaccinate elderly and those with
co-morbid conditions

Associated Outcomes

Mortality and morbidity in key
groups

Public Health Goal

Social Order

Identify and vaccinate those that
transmit infection most with aim
to reduce transmission

Transmission rates

Vaccinate in geographic regions
with high susceptibility

Transmission rates and mortality
and morbidity in key areas

Vaccinate essential workers to
maintain function of key aspects
of society (hospitals, national
security, first responders etc)

Mortality and morbidly in key
groups

Combination of
medical and social
order goals

Use recommendation by WHO
to vaccinate healthcare workers,
adults >65, and adults with
comorbidities (12)

Mortality and morbidly in key
groups

Initial national
allocation

(available doses)

Vaccine distribution
based on
proportional
population for a
demonstration
metropolitan
statistical area

Number of vaccine
candidates

Initial Anticipated
delivery

Follow-on delivery
frequency

Estimated supply-
growth from initial
deliveries

20 Million doses

45,400 single doses /

22,700 2-dose
recommended

October

Weekly

Logarithmic

4.165M doses

9,500 single doses/

4,800 2-doses
recommended

End of November

Weekly

Linear

. . ACIP proposed
Manufacturer Baseline scenario A RERE s
. L. . planning scenario
projections vaccine supply A

2 million doses

4,600 single doses/

2,300 2-doses
recommended

End of October

Weekly

Linear
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Vaccine Distribution Scenario Analysis Using ARM

Cumulative Deaths

Factor Value —— efficacy = 0.5
Scenario Baseline eg'cacy = 8-25
Serloprfavalence 766 - :ff:z:z;’ e
Population 680,000 — efficacy = 0.7
Initial Doses 4,600 —— efficacy = 0.75
Weekly Doses 2,628 efficacy = 0.8
Start 12/1/2020 — efficacy = 0.85
End 12/1/2021 il i

Contact Tracing Queue
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ARM is used to model
impact of vaccine
distribution strategies

on cases,
hospitalizations,
contact tracing needs
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COVID-19 Modeling and Analysis Activities

MEDICAL RESOURCE DEMANDS

State and county risk indicators of medical
resource shortfalls
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Detailed Surge Modeling of Medical Resource Demands

Goal

o Calculate resource demands for treating COVID-19 patients based on disease spread projections from epidemiological
models

> Anticipate possible times and locations of medical resource shortfalls throughout the pandemic

Approach
o Use discrete event mathematical model to track patient progress through a hospital treatment system
o |ncorporate uncertainty in patient treatment pathways and ranges of resource use per patient to provide risk indicators

o Inputs are patient arrival stream projections from epidemiological models at varying spatial or temporal scales

Results

Maximum number of resource needs Resource needs over time with a State or county risk indicators
with a range of uncertainty range of uncertainty

Committed ICU Beds Needed Over Time Maximum ICU Bed % Capacity Needed 1-10
10-16

16 -25
25-35
35-57
57-78
78 - 101

Demand

40 1

0 20 40 60 80 100

Bed ICU Bed Metered Dose Ventilator .
Time [days]

Inhaler
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Approach

Inputs Model Outputs

Consumable

Practitioner Committed
Resource

IHME EpiGrid Demographics
Treatment
Stage

Need Over Resource Need

Time OverTime hleed Over

Time

Beds Gown

Hospital Arrivals Floor Nurse
ICU Nurse ICU Beds N95 Mask

The approach is agnostic to which .. .
epidem!lplogical moiel N — Physician Metered Dose Face Shield
prepared to receive data from any Inhaler
epidemiological model Respiratory Gloves
Therapist Ventilator
Sedatives
Parameters
Maximum time on ventilator
Maximum time in ICU if not ventilated
Probability of going to ICU
Probability of needing ventilator * Uncertainties in parameters are propagated throughout
Probability of death if ventilated . . .
Probabi“& o death i nsp sengilamea the model to provide a range of resource projections
etc... * This modeling approach can be applied to any geographic

scale for which epidemiological results are available
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National Summary: State Resource Sufficiency

Maximum Bed % Capacity Used 2 - g Maximum ICU Bed % Capacity Used io 1(1)6 Maximum Ventilator % Capacity Used 1-8
6-8 16 - 25 ?3 1 ie
; Fe 725 -'3'5': Mo 18~ 2-6-:
1 ® 35-57 | ® 26-48
1® 57-78 I ® 48-64
| e _78-1011 - ‘e _64-75.1
No data
\ ( i_! See tabular data {} i_! See tabular data i_! See tabular data
States with Maximum States with Maximum States with Maximum
Resource Bed Resource ICU Bed Resource Ventilator
Utilization % Capacity Utilization % Capacity Utilization % Capacity
>8% Capacity Used > 25% Capacity Used >18% Capacity Used
Woashington 41.0 _ - New Jersey 75.0
New York 334 Washington 92.8 Michigan 64.3
New Jersey 31.0 New York 92.7 lllinois 48.1
Michigan 26.9 Michigan 77.9 Massachusetts 423
Connecticut 14.5 Illinois 34.6 Connecticut 24.5
lllinois 13.7 Connecticut 345 Rhode Island 233
Colorado 12.4 Vermont 31.6 Wisconsin 23.2
Vermont 11.0 Colorado 26.7 Vermont 22.4
Louisiana 10.4 Georgia 22.1
indiana 93 New Jersey % Capacity for ICU Beds Maryland 220
Wisconsin 8.4 > 100% from 4/17 — 4/25 Colorado 20.6
Massachusetts 8.2 > 95% from 4/11 — 5/9 Indiana 18.4

Resource utilization presented here is the mean value. This can
be adjusted based on the level of acceptable risk tolerance.
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National Summary: County Resource Sufficiency, ICU Beds

Maximum ICU Bed % Capacity Used County detail
provides specificity
0, 0-49 for state level, and
Qv 49 - 101 mirrors the same
s £ L 101-174 areas of concern.
i ety et o 174-304
Uil O ® 304-501 Significant
= eanEar ® 501-767 difference in color
o A AT ® 767-1,082 scale values driven
T G o 1_‘? BE = No capacity data by comparison of
T R TR R L O  No patient arrivals county demand to
Sy T AR county capacity (Vs.
el state capacity).
! '%’;;_;_J
] X

0 l.‘:_}

R

Resource utilization presented here is the mean value. This can Using EpiGrid patient streams, 4/26/2020 dataset, B

=0.3
be adjusted based on the level of acceptable risk tolerance. Analysis horizon: 3/3/2020 — 7/20/2020



SANDIA NATIONAL LABORATORIES

National Summary: Exceedance of Capacity, Social Distancing

Probability of Exceeding ICU Bed Capacity

Maximum Social Distancing Moderate Social Distancing Minimal Social Distancing
From 4/11/20 to the end of the simulation, From 4/11/20 to the end of the simulation, From 4/11/20 to the end of the simulation,
likelihood of infections spreading is discounted 80% likelihood of infections spreading is discounted 70% likelihood of infections spreading is discounted 40%
relative to doing nothing relative to doing nothing relative to doing nothing
0.00 - 0.08
}g-——-—___j . 0.08 - 0.12
| \ A ; 0.12-0.22
(. e f; LR { £ . { - : 0.22 - 0.31
CT T T ' 0.31-0.36
Y { e 7 \ ! - 0.36 - 0.45
) \ - Jf“‘ijf ] ] Y (_ s 0.45-0.48
LY “r——J—ﬂ—— - : - ’ — ® 0.48-055
| ”_L\_,_\l T ﬂ\ e 055-0.62
I P il ol S . (. . e 062-075
\'"\_\_,-- j_i‘-._g-ﬁ,i'h e M, - Ak TN 3 \.__\\ = . - A No data
Note that with decreasing degree of social distancing (from left to right in above maps), the
probability of exceeding capacity of ICU beds across the country increases significantly.
Resource utilization presented here is the mean value. This can Using EpiGrid

be adjusted based on the level of acceptable risk tolerance.
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National Summary: Timeseries of Increase/Decrease in Demand

Month-to-month change in bed demand

MARCH-APRIL APRIL-MAY
The entire
country is Going into May
showing an is the first time

&

MAY-JUNE

increase in bed
demand, but
the Great
Lakes area
shows the
greatest
increase

South Dakota,
Nebraska, and
lowa will see
the largest
percent
increases in
bed demand

Resource utilization presented here is the mean value. This can

be adjusted based on the level of acceptable risk tolerance.

JUNE-JULY

Vgi-

N
R,

;
o

. |

svs

EL‘E‘!‘*"; &

some states
start to
decrease their
bed demands

Idaho and parts
of the central
U.S. will
continue to see
increases in
bed demand
into July

% INCREASE

@ 698-755
@ 642-698
@ 589-642
@ 537-589
@ 482-537

@ 2648
@® 13-26
®3t013
@®-13t0-3
® 23t0-13

Using EpiGrid patient streams, 4/26/2020 dataset, f = 0.3
Analysis horizon: 3/3/2020 — 7/20/2020
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National Summary: Timeseries of State Patterns

Sparklines of ICU bed demand by state*, 3/3-7/20

Alabama Arizona Arkansas California Colorado Connecticut Delaware
150 A 1
100 1 ] ] ] ] ] ] . Maximum Social From 4/11/20 to the end of the simulation, likelihood of
50 1 1 1 i 1 cm—— Distancing infections spreading is discounted 80% relative to doing nothing
P —— __/"\I _,//'\ ‘J/\. B~ s
District of Columbia ~ Florida - Georgia Idaho lllinois Indiana lowa Moderate Social From 4/11/20 to the end of the simulation, likelihood of
il ] ] 1 1 ] ] Distancing infections spreading is discounted 70% relative to doing nothing
100 A
501 . : : 1 = T . State exceeds ICU Bed capacity
ol |- O e el PO e S P N O
Kansas entucky ' Louisiana "Maine Maryland ' Massachusetts I\'/Iichigan !
1504 ey
1001 1 | - - 1 1 &
I RPA—R . e .- Enable quick visual indicators of differences in temporal
Minnesota Mississippi Missouri Montana Nebraska Nevada New Hampshire
1501 - - ] ] ] - patterns between states and impacts of social distancing
1001 E 1 1 1 1 1 "
- ] ] ] ] ] ] scenarios
04— — Josmmmama. | e iy J == | s <<M
New Jersey' New Mexico' New York North Carolina North Dakota " Ohio ' Oklahoma . N = N %
- I . . * Michigan, lllinois, Colorado, etc. experience very
] ) ' ‘ different ICU bed demand depending on extent of
| N V. et — - W social distancing
Pennsylvania Rhode Island South Carolina South Dakota Tennessee Texas
I e o *Contiguous 48 states plus Washington DC
, Vermont "~ Virginia ' ~Washington™  WestVirginia  ~ Wisconsin = Wyoming | Resource utilization presented here is the mean value. This can
O 150+ . - 1 A 1 1 . : ! .
o | | | e, be adjusted based on the level of acceptable risk tolerance.
g . ] ] J
£ 504 B R o 1
:’E o= _//\—\ 1w ] i < | oo JM EpiGrid patient streams 4/76/72020
100 200 100 200 100 200 100 200 100 200 100 200 100 200

= = A Analvsis horizon: 3/2020 — 7/20/2020
Days since March 3, 2020 1alysis horli 3/3/202C 202C
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COVID-19 Modeling and Analysis Activities

MEDICAL RESOURCE ROUTING

3 Optimal distribution of limited resources and
feasibility of national sharing strategies
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Integrated Medical Resource Supply/Demand Routing Model

Goal

> Provide insights into the patterns and scale of routing recommendations to show the feasibility of specific routing strategies

Approach

o Use an optimization model which determines routing paths for medical resources to match supply with demand

o The model incorporates travel costs and seeks to minimize the number of regions with unmet demand

Results

Resource sharing feasibility to minimize Detailed routing recommendations at Integrated planning framework to

shortfalls experienced by any state time points throughout the event combine multiple scenarios and assess
uncertainty

— District of Columbia

— Sou}h Carolina

e Vigiia~———Maryand—

= Pennsylvania 1

= — Rhode Island —
— Minnesota : R i
. Georgia—

ConNNECiCUt

— Missouri

p— 9_h10_ : b Kentucky [ NEW-York
—lllinois / ~ . ——West Virginia.—_

— Towa . — Michigan MassachUSELtS s
—Indiana | Maine e

— Mississippi+—~
—Tennessee <~

— New Hampshire——
— Wisconsin
—Vermont

— Delaware

— Oklahoma — S Kansas —
— Arizona ! ——North Carolinalew Mexico —
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Resource Sharing Example Results

Ventilator Routing Communities that would benefit by sharing ventilators

Ventilator routing recommendations to minimize the shortfall experienced Communities detected for ventilator movements between states for a
by any state for a single time point. Arrows represent the direction of specific epidemiological scenario. States that belong to the same
resource flow, weighted by the magnitude of the shipment. sharing community have the same color.

Provide insights into the patterns and scale of routing recommendations to show

the feasibility of specific routing strategies, and to understand the implications of
making policy based on specific forecasts
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Resource Location Analysis

Example: where should ICU beds be placed to minimize patient travel within New Mexico!?

With no added ICU Choose 1 location to Choose 2 locations to Choose 3 locations to Choose 4 locations to Choose 5 locations to
beds add ICU beds add ICU beds add ICU beds add ICU beds add ICU beds

Lea; San Juan Lea; Roosevelt; San Juan Lea; Roosevelt; San Juan; Lea; Roosevelt; San Juan;
Sandoval Sandoval; Cibola
23 people must travel |3 people must travel |0 people must travel 7 people must travel 2 people must travel 0 people must travel
between counties between counties between counties between counties between counties between counties
ey . i ) S ) 3 ) . ' ) . ) L4 ) ) 5 ) . . . . . o
,. . . /, ) B . /'. N . /' | .

& . LY () . L8

\
\
"\ Vﬂ )

Evaluate feasibility of new resource placement incorporating uncertainty in patient needs
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COVID-19 Modeling and Analysis Activities

ECONOMIC IMPACTS

E] GDP impact of the COVID-19 event and
associated reopening scenarios

" |
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Economics Analysis Overview

The COVID-19 pandemic could cause a loss in 2020 U.S. Gross Domestic Product (GDP)

Our goal is to estimate the cumulative economic . _
impacts of COVID-19 and recovery strategies. U.S. GDP Percentage Difference From Baseline

Our approach is to generate a national baseline
forecast with the REMI model, then modify the
baseline to reflect national COVID-19 impacts,
then examine response and recovery strategies.

The impact is sizeable, according to our analysis:

* Using data as of April 24th with assumptions about the
duration of the COVID-19 event as projected now,
combined with scenario assumptions about recovery,
results vary

GDP Percent Difference

* Can provide percentage change from baseline and absolute
values

Potential response and recovery strategies should 2018 2020 2022 2024 2026 2028 2030
be carefully examined for effectiveness.

Cautious Full Layering ~ —e—Exuberant Full Layering ~ —e—Severe Full Layering
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Economics Methodology

Using the REMI code, modify a baseline national forecast to
reflect national COVID-19 impacts

* Supply and demand shocks

Population
and Labor

Supply

e Results in new national COVID baseline forecast

e Slowdown or recession scenario

Test mitigation strategies
* Epidemiological

* Economic Example Output

GDP ($ trillion)

35 = Baseline

* Resource model

e State and federal

Overall ——With COVID-19
30

 All weekly, monthly, or quarterly data is scaled to annual

Impact of the
Event

e Stimuli +/- will occur over the year at differing time
intervals

25

* Base year in model for inflation is 2017 -
e Output will be reported in 2020 dollars

* Perform sensitivity analysis on principal parameter I3

. . e . 5 2017 2019 2021 2023 2025 2027 2029 2031 2033 2035 2037 2039
estimates or uncertainty quantification analysis

Year
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Results for Economic Scenarios
All categories combined, full layering approach applied

US GDP Difference from
Baseline

US GDP Levels US GDP Percentage Difference

From Baseline

&
o
I
—~ o
& (o [0}
o 2] =
2 2 :
(@] o Q
3 2 a
o = g
s e
= 9 o
- 2 o
gl @
5 - ©
O Y
@)
O
2018 2023 2028 2018 2023 2028 2018 2023 4028
=e=Bascline Cautious Full Layering ~ —e—Exuberant Full Layering ~ —@—Severe Full Layering

We are experiencing both demand and supply side
shocks. It is the net of these effects that we are
“experiencing” as economic losses. The economic
situation will continue to evolve as either the event
continues (i.e. healthcare spending) or mitigations (i.e.
work from home; CARES Act) take a effect.

Depicted is the percent change from baseline. The shocks
depress labor and commodity prices across the economy.
Once the shock is gone it causes demand to more than
bounce back in 2021. This expansion drives prices back up,
creating a slow return to baseline in the years after 2021.

The pre-COVID baseline forecast is shown in red. “New
COVID” baseline forecast is in purple. The interactions
between supply and demand shocks, exogenous changes in
economic transactions, and transfer payments are all
captured in the purple result.

The Cautious Scenario results in a loss in 2020 U.S. GDP from the pre-COVID baseline.
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Cautious Scenario, this is a national scale event with
possibly long-term negative economic impacts

Unprecedented event

* Unlike previous “disaster” events this is not a
regional event

* Every state is negatively affected

* The longer the “event” continues the larger
the economic impact

State-by-state impacts

* Overall closures to retail, food and drinking
places, and entertainment affect all states

* Manufacturing closures are concentrated in

specific states
* The energy sectors in every state are v B
negatively affected due to declining demand (-~ 7 ) -

Decrease in state GDP in the cautious scenario

Every state is negatively affected.

States with diverse economies experience slightly less severe impacts.
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Cautious Scenario, Impacts by State

. Manufacturing Output by State
Manufacturing Year: 2020

Percent difference

* Manufacturing is not a large industry in every state

* Makes up a significant portion of output in:

* Michigan, Indiana, and Alabama

Accommodation, Recreation,

Dining, and Retail Output by State
Year: 2020

Percent difference

* Linked to automotive manufacturing sectors

Accommodation, Recreation, Dining, and Retail

* These industries are a large source of jobs and
output in every state

* The effect is very similar across almost all states Income Per Capita by State

Year: 2020 :

Percent difference

* Nevada is more reliant on tourism relative to
other states

Income

* Nevada’s loss in income is expected given the large
concentration of labor in tourism-related
industries

* New Mexico historically experiences economic
downturns on a lag; overall is a very small economy
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COVID-19 Modeling and Analysis Activities

How do comorbidities affect infection
severity?
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Comorbidity Analysis Overview

How do comorbidities affect infection severity? g
* Our county-level model fits will reveal the effects of individual demographic and %
ComOrbidit)’ features on infection outcomes HEART DISEASE  LIPID PROBLEMS HYPERTENSION TYPE 2 DIABETES

Which patients are most at risk?

DEMENTIA CANCER POLYSYSTIC NON-ALCOHOLIC

* Longitudinal EHR analysis will train an improved deep Convolutional Neural OVARIAN " FATTY LIVER
Network/Recurrent Neural Network model to more accurately predict
infection severity based on a patient’s full medical history ¥
* We will produce an interpretable model based on our findings for use in clinical .
settings = : iy
e 0, i o
¥ &~
How will disease progression differ by US county? .,g 7
* Local county-level models will be extensible to all US counties as broad g . O
demographic and comorbidity prevalence data is available T R

* Nuanced effects can then be incorporated into our epidemiological models : “§
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Exemplar - Regression to Parameterize Risk By Age

Prediction for patients with sex/age/outcome in Oxford COVID-19 dataset

Data from public sources:

e China 109 —— model prediction (males)
S h K —— model prediction (females)
®
out orcd - [ 95% confidence interval (males)
* Hong Kong S 0.8 7 mmm 95% confidence interval (females)
1]
* United States %
- : : @ 0.6 -
Logistic Regression Fit =
=
* Reveals risk curves with uncertainty %
* Also provides model parameters for use < e
in other projections S
o
% 0.2 1
Can be extended to explore =
comorbidity risk with additional data
0.0 -

0 20 40 60 80
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Preliminary Results — Socio-Economic Status Proxy Predicts
County Mortality Growth

Model Predictions vs. Most Significant Feature

Using California health survey data, we trained a 0.35 1 S Ground traih
model with all available features to fit the COVID * $ Modsl prediction
Mortality growth rate. *
0.30 -
L
Over |6 training examples: * .
* Training R"2 Score: 0.43 2 oo ] ° ¢ ¢
* Training Mean Absolute Error: 0.045 ; - oo, o "
* Cross Validation Mean Test Error: 0.061 +/- 0.040 % — . ® ® -
* Cross Validation Mean Train Score: 0.45 +/- 0.07 = ’ : :' o
s : : s & o
This figure shows the relationship between the 5 0-151 il °
most significant feature in the model (the = .
highest coefficient in the trained model) to the 0.10 «
outcome. Q<
Lasso regression merges similar features into one,  0.05- .
it is likely that the feature shown is . , , , , ,
0.0 0.2 0.4 0.6 0.8 1.0

representative of the % of county residents
with employment based insurance.

% Children Covered by Employment Health Ins.
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COVID-19 Modeling and Analysis Activities

EPIDEMIOLOGICAL FORECASTING

‘ Data-driven, short-term forecasts of new
cases by state and region
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4]

COVID-19 Forecasting via COVID-19 Modeling and Bayesian Forecast (COMBO)

Model Purpose:

¢ Short-term forecasts of expected COVID-19 case counts Technical details:

from readily available public datasets * Infected cases observed on a given day are a consequence

of people infected at an earlier time coming out of
incubation and presenting symptoms

Method:
* Collect daily COVID-19 cases from public data sources (e.g. JHU or NYT)

. . . * The incubation period is drawn from COVID 19 incubation
* Use case-count data to determine latent infection curve

period distribution
* From latent infection rate curve, forecast future case counts and uncertainty + Infection rate model is a parameterized curve

Pros:

* Unlike traditional epidemiological models, doesn’t rely on detailed knowledge of people
a region’s population, healthcare system performance, or public health policies. T ) YA
®

* Purely data-driven; minimum of modeling assumptions ™~
\ncubation &

* Method allows us to provide uncertainty bounds on forecasts
e Can apply to county, region, state and national scales Clrse -~

Cons: 3
* Limited to short-term forecasts (7 to 10 days)

* Forecasts depend on accurate datasets
* Assumes sufficient testing capability — often not the case

Provide 10-day forecast of new cases from inferred infection curve based on case data
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Example State and Regional Results

New Mexico New Case Forecast 8/20/20 San Francisco Bay Area New Case Forecast 4/23/20
o Forecast new cases at country,

state and regional scales

o Technique uses Bayesian inference;
always true to data/evidence

o Uncertainty quantification built into
the model
o Detects/infers "flattening” of the
infection curve due to
countermeasures
o Changes forecasts accordingly &

automatically; no special
calibration/model change needed

150

100

Reported New Cases on Date
U
o

Reported New Cases on Date

o Infers effect of countermeasures when
signal is evident in data (time-lag ~1.5x
incubation period)

Median Prediction
—— 25%-75% Percentile Range

— 95% Confidence Interval
® Actual

B Historical

" Forecast
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