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Overview

To support public health decision-making in Austin, Texas, we use a data-driven model of COVID-19 transmission in
the five-county Austin–Round Rock Metropolitan Statistical Area to project hospital demand under plausible scenarios
for future COVID-19 transmission. This model integrates Austin’s COVID-19 staged-alert system, which informs the
city’s adaptive risk-based guidelines. Given the emergence of SARS-CoV-2 variants and the ongoing roll-out of
vaccines, we apply the model to evaluate the robustness of the thresholds governing changes between alert stages.

The projections consider several scenarios for the future transmission of the Delta variant and the emergence
of other variants of concern. We assume that Delta is 1.65 times more transmissible than previous variants, has a
higher hospitalization rate among symptomatic individuals, has a shorter incubation period, and leads to longer ICU
stays. The hypothesized variants of concern are identical to Delta, except that they are instead 2.0 and 2.5 times
more transmissible than pre-Delta variants. The results presented here are based on multiple assumptions about the
transmission rate, age-specific severity of COVID-19, efficacy of vaccines, waning immunity following infection or
vaccination, and uptake of initial two-dose vaccination as well as boosters. They do not represent the full range of
uncertainty that the City of Austin may encounter.

The projections suggest that the current threshold for transitioning from Stage 2 (blue) to Stage 1 (green) may fail
to guard against future variants of concern. Reducing the threshold from a rolling-average of five new COVID-19
admissions to zero would be expected to reduce risks of rapid resurgences. We are posting these results prior to peer
review to provide intuition for both policy makers and the public regarding the near-term threat of COVID-19.

Projections under Delta

The City of Austin uses a five-stage color-coded COVID-19 alert system. Each stage corresponds to a specific com-
bination of social distancing measures and business restrictions [1]. Changes in the alert stage are triggered based on
the rolling seven-day average of COVID-19 hospital admissions across all area healthcare systems.

Austin experienced a third wave of the COVID-19 pandemic following the emergence of the highly transmissible
Delta variant. Given the unique characteristics of the Delta variant, the ongoing vaccine and booster roll-out, and our
evolving understanding of vaccine-acquired and infection-acquired immunity, we made a series of projections to test
and, if necessary, update the existing alert system thresholds, which trigger changes in the alert stage.
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Figure 1 projects COVID-19 hospital admissions and ICU census under Austin’s staged-alert system, using two
different sets of thresholds. The top pair of graphs use the current thresholds, i.e., a 7-day moving average of 5, 15, 30,
and 50 daily COVID-19 admissions to trigger changes in green-blue, blue-yellow, yellow-orange, and orange-red alert
stages, respectively. The bottom pair of graphs assume identical thresholds, except the transition from blue to green
is reduced from five to zero. Under the current thresholds, 3.67% of projections reach the threshold for moving from
blue to green. In all of those projections, the shift from blue to green is followed by a rapid spike that could threaten
ICU capacity. Under the alternative set of thresholds, such spikes do not occur.

Figure 1: Projected COVID-19 hospital admissions (left) and COVID-19 ICU patient census (right) in the Austin-Round Rock MSA
through February 28, 2022, assuming that the Delta variant continues to spread. Top row: The projections assume the current thresholds
in Austin’s staged-alert system, i.e., a 7-day moving average of 5, 15, 30, and 50 daily COVID-19 admissions trigger changes in the green-blue,
blue-yellow, yellow-orange, and orange-red stages, respectively. The red points represent historical data, the black horizontal line represents ICU
capacity (200 beds), the light curves indicate stochastic simulations (300 per graph), and solid lines illustrate a representative projection. Note
the projected spikes in admissions and ICU census in November and December. These occur shortly after transitions from blue (stage 2) to green
(stage 1). The colors in the right-hand plot show the proportion of sample paths that are in each stage at each point in time, including those in green
(stage 1) during November. Bottom row: The plots are identical to those in the top row except that the threshold for moving from blue to green is
reduced from five to zero. None of the 300 projections under this policy resulted in November-December spikes.

Projections under Hypothesized Variants of Concern

To test the robustness of the alert system to future threats, we simulate the emergence of novel variants of concern that
are more transmissible than the Delta variant. We estimate that Delta is 1.65 times more transmissible than pre-Delta
variants, and causes 80% more hospitalizations among symptomatic individuals. Figures 2 and 3 repeat the analysis
of the previous section for hypothesized variants that have the same hospitalization rate as Delta but are 2.0 and 2.5
times more transmissible than pre-Delta variants, respectively. The projections suggest that the current thresholds may
leave Austin vulnerable to rapid resurgences in hospitalizations following transitions from blue to green. As with the
Delta variant projections above, reducing the blue to green threshold from five to zero COVID-19 admissions would
be expected to prevent such surges.
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Figure 2: Projected COVID-19 hospital admissions (left) and COVID-19 ICU patient census (right) in the Austin-Round Rock MSA
through February 28, 2022, with a hypothesized variant that is twice as transmissible as pre-Delta variants (roughly 20% more transmis-
sible than Delta) Top row: The projections assume the current thresholds in Austin’s staged-alert system, i.e., a 7-day moving average of 5, 15,
30, and 50 daily COVID-19 admissions trigger changes in the green-blue, blue-yellow, yellow-orange, and orange-red stages, respectively. The
red points represent historical data, the black horizontal line represents ICU capacity (200 beds), the light curves indicate stochastic simulations
(300 per graph), and solid lines illustrate a representative projection. Note the projected spikes in admissions and ICU census in November and
December. These occur shortly after transitions from blue (stage 2) to green (stage 1). The colors in the right-hand plot show the proportion of
sample paths that are in each stage at each point in time, including those in green (stage 1) during November. Bottom row: The plots are identical
to those in the top row except that the threshold for moving from blue to green is reduced from five to zero. None of the 300 projections under this
policy resulted in November-December spikes.
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Figure 3: Projected COVID-19 hospital admissions (left) and COVID-19 ICU patient census (right) in the Austin-Round Rock MSA
through February 28, 2022, , with a hypothesized variant that is 2.5 times as transmissible as pre-Delta variants (roughly 50% more
transmissible than Delta) Top row: The projections assume the current thresholds in Austin’s staged-alert system, i.e., a 7-day moving average of
5, 15, 30, and 50 daily COVID-19 admissions trigger changes in the green-blue, blue-yellow, yellow-orange, and orange-red stages, respectively.
The red points represent historical data, the black horizontal line represents ICU capacity (200 beds), the light curves indicate stochastic simulations
(300 per graph), and solid lines illustrate a representative projection. Note the projected spikes in admissions and ICU census in November and
December. These occur shortly after transitions from blue (stage 2) to green (stage 1). The colors in the right-hand plot show the proportion of
sample paths that are in each stage at each point in time, including those in green (stage 1) during November. Bottom row: The plots are identical
to those in the top row except that the threshold for moving from blue to green is reduced from five to zero. None of the 300 projections under this
policy resulted in November-December spikes.
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Appendix

Appendix A describes how we used Texas Department of State Health Services (DSHS) data on the vaccine roll-out
to estimate how many people in each age-risk group are vaccinated in our analysis. Appendix B details the update
in our model due to the emergence of the Delta variant. Appendix C describes the enhanced SEIR model we used in
our analysis. Appendix D details parameters used in the model along with methods for estimating or selecting those
parameters.

A Vaccine Allocation

We assume that vaccinations reduce susceptibility to infection, and reduce the severity of outcomes among those
infected. Our SEIR model has four “layers” that include individuals who are: (i) unvaccinated, (ii) partially vaccinated,
(iii) fully vaccinated or have received a booster, and (iv) vaccinated with waned efficacy after 250 days. Prior to
the Delta variant, we assume reductions in susceptibility of 70% for groups (ii) and (iv) and 90% for group (iii),
while assuming 95% reduction in severe outcomes for group (ii), (iii), and (iv). Under the Delta variant, we assume
reductions in susceptibility of 62%, 70%, and 40% for groups (ii), (iii), and (iv), and respective reductions in severe
outcomes of 85%, 95%, and 80% for the same three groups. We assume that individuals who are high-risk, or who
are 65 years and older, and initially received the Pfizer vaccine, receive boosters, mimicking their original vaccination
schedule, 250 days after their second shot. Low-risk individuals under 65 yo, and those receiving Moderna or J&J
vaccines, are assumed to remain in the waned state after 250 days.

We model daily vaccination efforts starting on January 10, 2021, but we account for earlier vaccinations, effective
on January 10th. We use DSHS data to estimate how vaccines were allocated across multiple age-risk groups from
January 10 to September 24, 2021. In particular, we use data regarding the first-dose vaccine administration from
DSHS [2] to estimate the number of vaccinated individuals for each age and risk group, across ten such groups: ages
0-4 years-old, 5-17 yo, 18-49 yo, 50-64 yo, and 65 years and older, each with low risk and high risk for severe COVID-
19 outcomes. After September 24, 2021 we assume vaccinations continue at the same rate of September 10–24, 2021
until December 15, 2021 or until an assumed uptake rate is achieved.

We assume that every individual who receives a first dose of the vaccine, receives a second dose 21 days later. We
assume 97% of the over-65-years-old population is vaccinated. Among 18-64 yo age groups, the vaccine uptake is
95% for high-risk groups and 80% for low-risk groups. For 12-17 yo age groups, the vaccine uptake is 95% for the
high-risk group and 40% for low-risk group. Vaccines are not allocated to those under 12 years old. In the rest of this
section we provide further details on how we estimate “who was vaccinated when” based on DSHS data.

The COVID-19 vaccination effort in states across the US used a phased roll-out. In Phase 1a, health-care providers
and residents of long-term care facilities (LTCF) received vaccines. To account for these vaccinations in our analysis,
we assume that healthcare providers are only in age groups 18-49 yo and 50-64 yo and follow a demographic structure
like the rest of Austin. We assume LTCF residents are in age group 65 years and older, and the proportion of LTCF
residents with high-risk conditions is the same as Austin’s overall high-risk proportions in that age group.

Under the Phase 1b vaccine allocation policy in Texas, those 65 years and older and those 18-64 years old with
high risk were prioritized. From DSHS data we have for each week how many individuals 65 years and older received
a first-dose vaccine. We assume pro rata allocation among high and low risk individuals over 65 years old. We take
into account low risk 16-64 age groups and later, the 12-15 yo low-risk age group as vaccine eligibility expanded to
younger age groups. We assume vaccines are administrated pro rata among low and high risk groups after eligibility
expanded.

Important dates for vaccinations are listed below:

• January 10, 2021: The initial day of vaccination in the model.
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• March 15, 2021: Texas expanded eligibility to 50-64 years of age.

• March 29, 2021: Texas opened up vaccination to all individuals 16 year and older.

• May 12, 2021: Adolescents from 12 to 15 years old became eligible for vaccinations.

• September 24, 2021: The booster doses became available for individuals with Pfizer-Biontech vaccines.

B Assumptions on the Delta Variant

The SARS-CoV-2 Delta variant rapidly became the dominant variant in the USA after its introduction. We use an “S-
shaped” logistic curve to capture the growth of Delta among new infections in Austin according to genetic sequencing
data for Texas [3]. Figure 4 shows the prevalence of Delta variant in Texas. Delta became the dominant variant by
July 20, 2021. We assume that the Delta variant is 65% more transmissible [4], the incubation period is shorter [5],
and rate of hospitalization is 80% higher [6] compared to earlier dominant virus variants. We note that our projections
are relatively insensitive to the specific assumption regarding a 65% increase in transmissibility because we estimate
the time-varying reduction in transmission due to the community’s actions.

We also assume that Delta variant decreased the vaccine efficacy against infection from 90% to 70%. However,
we assume that vaccines are still highly efficacious against severe infection.

Figure 4: The Prevalence of Delta Variant in Texas between April and September, 2021. The red points shows the actual Delta prevalence
from genetic sequencing data. The blue line shows the logistic curve fit to the sequencing data. In July 2021, half of the cases were linked to Delta
variant.

C Epidemiological Model Overview

Notation:

Indices and Sets
t ∈ T set of time periods {1, 2, . . . , |T |} [day]
t ∈ T0 T ∪ {0}
a ∈ A set of age groups {0-4y, 5-17y, 18-49y, 50-64y, 65y+}
v ∈ V set of vaccination status {1 (unvaccinated), 2 (partially vaccinated), 3 (fully vaccinated),

4 (vaccinated but efficacy waned)}
r ∈ R risk groups {low, high}
i ∈ I predefined alert stages {5 (red), 4 (orange), 3 (yellow), 2 (blue), 1 (green)} governing transmission rates
ω ∈ Ω set of simulated spread scenarios
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Figure 5: Compartmental model of COVID-19 transmission in the Austin MSA. Each subgroup is defined by age and risk
as well as vaccine status (unvaccinated, partially vaccinated, fully vaccinated and vaccinated but efficacy waned), and is modeled
with a separate set of compartments. Upon infection, susceptible individuals (S) progress to exposed (E) and then to either
pre-symptomatic infectious ( PY ) or pre-asymptomatic infectious (PA) from which they move to symptomatic infectious (IY )
and asymptomatic infectious (IA), respectively. All asymptomatic cases eventually progress to a recovered state, where they
are assumed to remain protected from future infection (R); symptomatic cases are either hospitalized (IH ), recover or deceased.
Mortality (D) varies by age group and risk group.

Parameters
Epidemiological parameters:
β unmitigated transmission rate
βv unmitigated (by NPIs) transmission rate for vaccine status v
σ rate at which exposed individuals become infectious
τ proportion of exposed individuals who become symptomatic
τv proportion of exposed individuals who become symptomatic for vaccine status v
ρA rate at which pre-asymptomatic individuals become asymptomatic
ρY rate at which pre-symptomatic individuals become symptomatic
γA recovery rate from asymptomatic compartment
γY recovery rate from symptomatic compartment
γaH recovery rate from hospitalized compartment for age group a
γaICU recovery rate from ICU compartment for age group a
P proportion of pre-symptomatic transmission
Y HRa,r percent of symptomatic infectious that go to the hospital for age-risk group a, r
ηH hospitalization rate after symptom onset
ωA infectiousness of individuals in IA relative to IY
ωa,rP

P
1−P

τ(Y HRa,r/ηH+(1−Y HRa,r)/γY )+(1−τ)ωA/γA
τ/ρY +(1−τ)ωA/ρA : infectiousness of pre-symptomatic

individuals relative to IY for age-risk group a, r
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πa,r γY ·Y HRa,r
[ηH−(ηH−γY )Y HRa,r] : rate-adjusted proportion of symptomatic individuals who go to the
hospital for age-risk group a, r

pIH percent of patients directly going to the general ward of the hospital
δ percent of out-of-hospital deaths
HICUR percent of general ward patients who get transferred to ICU
ηaICU ICU admission rate after admission to the general ward for age group a
νaH

γaH ·HICUR
[ηaICU−(ηaICU−γaH)HICUR] : rate-adjusted proportion of general ward patients transferred
to ICU for age group a

µa rate from ICU to death for age group a
ICUFRa percent of hospitalized that die for age group a
νaICU

γaICU ·ICUFR
a

[µa−(µa−γaICU )ICUFRa] : ICU fatality rate-adjusted proportion for age group a

φa
′,r′,a,r
i,t expected number of daily contacts from (a′, r′) to (a, r) at time t under stage i
Na,r population of age-risk group a, r
Ct vaccine supply at time t
Variables
Epidemiological variables (for scenario ω ∈ Ω):
Sa,r,vt,ω number of susceptible people of age group a, risk group r, and vaccine status v at time t [persons]
dSa,r,vt,ω Sa,r,vt,ω − Sa,r,vt+1,ω [persons]
Ea,r,vt,ω number of exposed people of age group a, risk group r, and vaccine status v at time t [persons]
PAa,r,vt,ω number of pre-asymptomatic people for a, r, v, t [persons]
PY a,r,vt,ω number of pre-symptomatic people for a, r, v, t [persons]
IAa,r,vt,ω number of infectious-asymptomatic people for a, r, v, t [persons]
IY a,r,vt,ω number of infectious-symptomatic people for a, r, v, t [persons]
IHa,r,v

t,ω number of infected-hospitalized people in the general ward for a, r, v, t [persons]
ICUa,r,vt,ω number of infected-hospitalized people in the ICU for a, r, v, t [persons]
Ra,r,vt,ω number of recovered people for a, r, v, t [persons]
Da,r,v
t,ω number of deceased people for a, r, v, t [persons]

Ht,ω daily hospital admissions, from infectious-symptomatic to the general ward and ICU,
at time t [persons/day]

Ht,ω seven-day moving average of Ht,ω [persons/day]
Ut,ω daily ICU admissions (from infectious-symptomatic and the general ward)

at time t [persons/day]
Y a,r,v

′,v
t number of individuals transitioned between compartment due to changing vaccine status

from group v′ to group v at time t for a, r [persons]
Indicator variables:
Xi,t,ω 1 if the system is in alert stage i at time t for scenario ω; 0 otherwise

We refer to Table 6 for further details on model parameters. We first define the epidemiological transition dy-
namics in the following equations for all ω ∈ Ω. These dynamics largely follow the formulation used in [7] with the
addition of three compartments to improve model fidelity and to distinguish beds in the ICU and general ward. The
initial conditions specify a single infectious individual in the 18-49 age group with low risk. The age-risk groups are
initialized with the rest of the population in their respective susceptible compartments. Eqs. [1a]-[1m] below then pro-
vide a sample path, indexed by ω, for the progression of the disease in the community. For the moment, the indicator
variables Xi,t,ω ∈ {0, 1} are taken as input, and select the current stage and, in turn, the expected number of daily
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contacts via φa
′,r′,a,r
i,t . The contact matrices are indexed by t because they capture whether school is currently open and

if so, the school calendar; they further capture weekdays versus weekends and the level of cocooning, which can vary
with time; and they capture contacts at school, home, work, and another catch-all category. We assume that sufficient
precautions are taken in hospitals so that hospitalized cases do not contribute to infecting others via Eq. [1m]. How-
ever, we assume an infected vaccinated individual can infect the unvaccinated as much as an infected unvaccinated
individual. The most significant updates of the model from that in [7] and [8] are in additional compartments. We use
constructs similar to He et al. [9] for a pre-symptomatic period to more accurately model the profile of infectiousness
of individuals by including pre-symptom onset transmission. We also model the ICU compartment explicitly for two
reasons. First, patients in the ICU have different durations in the hospital than those in the general ward, and second
it allows us to account for ICU capacity as a resource. We let pIH denote the probability a hospitalized patient is
admitted to a general ward bed and the remaining fraction go directly to the ICU. As Fig. 5 and Eq. [1h] indicate, it
is possible to transfer general ward patients to the ICU later if needed. In order to better estimate the recorded deaths
for possible vaccination scenarios, we consider in-hospital and out-of-hospital deaths. As Fig. 5 and Eq. [1l] indicate,
deaths are recorded either from the ICU (in-hospital) or from the symptomatic individuals that are not hospitalized
(out-of-hospital).

For simplicity, we write the finite-difference Eqs. [1] in a deterministic form. They become stochastic, and require
indexing by ω, because binomial random variables replace terms like σEa,r,vt,ω ; here the binomial random variable has
parameter n = Ea,r,vt,ω and σ serves as the “success” probability. This construct is pervasive throughout right-hand side
terms in Eqs. [1]. In addition to these “micro” stochastics there are “macro” stochastics because we model σ, ωA, γA,
and γY as random variables that are subject to a Monte Carlo draw at time 0 of the simulation.

The following equations hold for all ∀t ∈ T0, a ∈ A, r ∈ R, v ∈ V:

Sa,r,vt+1,ω − S
a,r,v
t,ω =− dSa,r,vt,ω [1a]

Ea,r,vt+1,ω − E
a,r,v
t,ω =dSa,r,vt,ω − σEa,r,vt,ω [1b]

PAa,r,vt+1,ω − PA
a,r,v
t,ω =σ(1− τv)Ea,r,vt,ω − ρAPAa,r,vt,ω [1c]

IAa,r,vt+1,ω − IA
a,r,v
t,ω =ρAPA

a,r,v
t,ω − γAIAa,r,vt,ω [1d]

PY a,r,vt+1,ω − PY
a,r,v
t,ω =στvE

a,r,v
t,ω − ρY PY a,r,vt,ω [1e]

IY a,r,vt+1,ω − IY
a,r,v
t,ω =ρY PY

a,r,v
t,ω − (1− πa,r)γY IY a,r,vt,ω −πa,rηHIY a,r,vt,ω [1f]

IHa,r,v
t+1,ω − IH

a,r,v
t,ω =pIHπ

a,rηHIY
a,r,v
t,ω − (1− νaH)γaHIH

a,r,v
t,ω − νaHηaICUIH

a,r,v
t,ω [1g]

ICUa,r,vt+1,ω − ICU
a,r,v
t,ω =(1− pIH)πa,rηHIY

a,r,v
t,ω + νaHη

a
ICUIH

a,r,v
t,ω − [1h]

(1− νaICU )γaICUICU
a,r,v
t,ω − νaICUµaICU

a,r,v
t,ω [1i]

Ra,r,vt+1,ω −R
a,r,v
t,ω =γAIA

a,r,v
t,ω + (1− πa,r)γY δIY a,r,vt,ω + (1− νaH)γaHIH

a,r,v
t,ω + [1j]

(1− νaICU )γaICUICU
a,r,v
t,ω [1k]

Da,r,v
t+1,ω −D

a,r,v
t,ω =νaICUµ

aICUa,r,vt,ω + (1− πa,r)γY (1− δ)IY a,r,vt,ω [1l]

dSa,r,vt,ω =Sa,r,vt,ω

∑
a′∈A

∑
r′∈R

∑
v′∈V

∑
i∈I

βvφ
a′,r′,a,r
i,t Xi,t,ω

Na′,r′

(
IY a

′,r′,v′

t + ωAIA
a′,r′,v′

t +

ωa
′,r′

P ωAPA
a′,r′,v′

t + ωa
′,r′

P PY a
′,r′,v′

t

)
. [1m]

The initial conditions have all variables indexed by t = 0 as zero except the following:

IY 18-49,low
0,ω = 1, S18-49,low

0,ω = N18-49,low − 1, and Sa,r0,ω = Na,r∀(a, r) ∈ A×R \ {(18-49, low)}. [2]
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Figure 6: Compartmental model of COVID-19 transmission in the Austin MSA. The model from Figure 5 is replicated for
each of the four vaccine layers: unvaccinated, partially vaccinated, fully vaccinated and vaccinated but efficacy waned. Individuals
transition from one layer to the next based on historical data and based on projections, while accounting for different age-risk
categories

We assume vaccine can be administered to susceptible, exposed, infected or recovered individuals but it will have
an effect only on susceptible individuals. Vaccines provide protection 14 days after vaccination, second doses are
administered 21 days after the first dose and vaccine efficacy wanes 250 days after first dose. Individuals who received
a booster shot transition back to fully vaccinated compartment. Eq. [3] captures these vaccination dynamics:

Sa,r,vt,ω ← Sa,r,vt,ω −
∑
v′∈V

Sa,r,vt,ω

Na,r,v
t,ω

Y a,r,v,v
′

t +
∑
v′∈V

Sa,r,v
′

t,ω

Na,r,v
t,ω

Y a,r,v
′,v

t ∀t ∈ T0, a ∈ A, r ∈ R [3]

D Model Parameters

Table 1 partitions the population of the Austin MSA based on age groups (0-4 years old, 5-17 years old, 18-49 years
old, 50-64 years old, and 65 years and older) and risk groups (low risk and high risk). The high-risk group proportions
are estimated based on the population with chronic conditions listed by the CDC 500 cities data [10]. Population data
processing is detailed in the appendix of [7] and here we present only the final numbers used for this paper’s analysis.

Na,r 0-4 5-17 18-49 50-64 65 and older

Low risk 128527 327148 915894 249273 132505
High risk 9350 37451 156209 108196 103763

Table 1: Austin age-risk group populations.

We define four baseline contact matrices, H,S,W , and O, to describe the contact frequency between age groups
at home, at school, at work, and at other locations. These baseline matrices assume there is no difference in contacts
among the low- and high-risk groups. Each row and column represents an age group, in the order of 0-4 years old, 5-17
years old, 18-49 years old, 50-64 years old, and 65 years old and above, with the row-column value corresponding to
a “from-to” transmission contact:
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H =


0.5 0.9 2.0 0.1 0.0
0.2 1.7 1.9 0.2 0.0
0.2 0.9 1.7 0.2 0.0
0.2 0.7 1.2 1.0 0.1
0.1 0.7 1.0 0.3 0.6

 S =


1.0 0.5 0.4 0.1 0.0
0.2 3.7 0.9 0.1 0.0
0.0 0.7 0.8 0.0 0.0
0.1 0.8 0.5 0.1 0.0
0.0 0.0 0.1 0.0 0.0



W =


0.0 0.0 0.0 0.0 0.0
0.0 0.1 0.4 0.0 0.0
0.0 0.2 4.5 0.8 0.0
0.0 0.1 2.8 0.9 0.0
0.0 0.0 0.1 0.0 0.0

 O =


0.7 0.7 1.8 0.6 0.3
0.2 2.6 2.1 0.4 0.2
0.1 0.7 3.3 0.6 0.2
0.1 0.3 2.2 1.1 0.4
0.0 0.2 1.3 0.8 0.6

 .

The contact matrices φa
′,r′,a,r
i,t are calculated in the same way as Table S6 in [7], considering the effect of weekends,

holidays, school closures, and social distancing and cocooning of high-risk populations based on the risk stage. Stages
correspond to distancing stages of different strictness, which govern the reduced number of daily contacts people
make relative to baseline. In our model, this is reflected by a coefficient κi, i ∈ I, where κi = 0.75 would reduce
the expected number of contacts to 25% of the baseline value. For the age group of 65 years and older and for the
high-risk group, we use reductions based on cocooning, which are represented by coefficients ci, i ∈ I:

φa
′,r′,a,r
i,t =


(1− κi)

[
(1− 1{off day}) · (1− 1{school closure}) · Sa′,a+ if a′, a ∈ {0-4yr, 5-17yr, 18-49yr, 50-64yr},

(1− 1{off day}) · Wa′,a +Ha′,a +Oa′,a
]

r′, r 6= high-risk

(1− ci)
[
(1− 1{off day}) · (1− 1{school closure}) · Sa′,a+

(1− 1{off day}) · Wa′,a +Ha′,a +Oa′,a
]

otherwise.

[4]

The indicator 1{off day} takes value 1 if the day is a weekend or holiday and is otherwise 0, and a similar indicator
accounts for school closures. When a high-risk group, along with those 65 years and older, is involved either on the
“giving” or “receiving” end of a contact, Eq. [4] assumes reduced transmission via the cocooning coefficient, ci.

The following are key dates during the pandemic in Texas, and some define time blocks, which we use in estimating
time-varying transmission reduction factors and other key model parameters as we describe shortly:

• February 28, 2020: Seed date for simulation of Austin, assuming seeding by a single symptomatic individual
age 18-49 yo. This corresponds to 14 days prior to the first detected COVID-19 case in Austin on March 13,
2020.

• March 24, 2020: Austin’s Stay Home-Work Safe Order is enacted at midnight [11].

• May 1, 2020: The Governor of Texas relaxed social distancing orders statewide [12].

• May 21, 2020: Just prior to Memorial Day Weekend.

• June 26, 2020: The Governor of Texas issued an executive order limiting service at bars and restaurants, and
Travis County (which includes Austin) banned gatherings of more than 100 people [13, 14].

• July 17, 2020: Time point in hospitalization data suggesting a change in dynamics.

• August 20, 2020: First day students returned to residence halls at the University of Texas at Austin.

• October 29, 2020: Apparent COVID-19 fatigue leads to rise in cases
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• November 29, 2020: Right after Thanksgiving holiday.

• December 30, 2020: Right before Christmas break end.

• January 10, 2021: The initial day of vaccination in the model.

• March 13, 2021: Austin moved down to alert stage 3.

• May 18, 2021: Austin moved down to alert stage 2.

• July 23, 2021: Delta variant has became the dominant virus type, Austin increased restrictions to stage 4.

• August 5, 2021: Austin increased restrictions to alert stage 5.

• September 24, 2021: The last day of observed data used in estimating model parameters and vaccine allocations.

We assume that there are fourteen time blocks denoted by Tj for j ∈ {1, . . . , 14} as defined in Table 2. They guide
fitting of transmission-reduction parameters, κ and c, and certain dynamics in use of the ICU and hospital duration, as
detailed below.

Time Block Start Date End Date Definition
T1 2/28/20 3/23/20 unmitigated transmission before first stay-home order
T2 3/24/20 5/20/20 effective period for first stay-home order
T3 5/21/20 6/25/20 relaxed period starting with Memorial Day weekend
T4 6/26/20 7/16/20 period of effective social distancing
T5 7/17/20 8/19/20 period distinguished by changes in ICU dynamics
T6 8/20/20 10/28/20 period of effective social distancing
T7 10/29/20 11/29/20 period of effective social distancing
T8 11/30/20 12/30/20 period of effective social distancing
T9 12/31/20 01/11/21 period of effective social distancing
T10 01/12/21 03/12/21 period of effective social distancing and vaccination
T11 03/13/21 06/19/21 period of effective social distancing and vaccination
T12 06/20/21 07/30/21 period of less effective social distancing; vaccinations continue
T13 07/31/21 8/21/21 Delta variant has become dominant variant (past this end date)
T14 08/22/21 09/24/21 period of effective social distancing and vaccination

Table 2: The time blocks, T1, T2, T3, T4 ∪ T5, T6, T7, T8, T9, T10, T11, T12, T13, and T14 correspond to different rates of spread,
as estimated using transmission-reduction factors κ and c. The fourth and fifth time blocks, T4 and T5, differ only in dynamics
involving the ICU, both the admission probability and the sojourn time in the general ward prior to ICU admission.

We model the hospitalization dynamics, including proportions of hospitalized requiring the ICU, durations in the
general ward and ICU, and ICU mortality rate using data from a multi-facility hospital system serving the central Texas
region, including Austin, Texas (“hospital system data”). While we model differences based on five age groups, we
assume the same hospital dynamics in different hospital systems after a patient is admitted across Austin due to similar
medical standards. Conditional on being admitted to the hospital, we observe a decreasing trend in the probability a
patient is admitted to the ICU throughout the time horizon, which holds for both direct admissions to the ICU and
patients who are first admitted to the general ward. Among patients who enter the general ward and are then admitted
to the ICU, their duration of stay in the general ward, determined by ηICU , grows over time. For each time block,
Tj , we assume a constant ηICU,j and further assume a constant daily decrease, rj , on both of the fractions, pIH and
HICUR:

pIH,t+1 = rjpIH,t ∀j ∈ {1, . . . , 14}, t ∈ Tj [5a]

HICURt+1 = rjHICURt ∀j ∈ {1, . . . , 14}, t ∈ Tj , [5b]

12



along with a similar decrement across boundaries of the blocks. We use duration times for each time block from the
hospital system data to estimate ηaICU,j and fit rj , with the estimated parameters in Table 3.

age group T1 T2 T3 T4 T5 ∪ · · · ∪T14

ηaICU,j

0-4 yr
5-17 yr

18-49 yr
50-64 yr
≥ 65 yr

0.5882
0.5882
0.5882
0.6273
0.6478

0.5882
0.5882
0.5882
0.6273
0.6478

0.3885
0.3885
0.3885
0.4143
0.4278

0.2640
0.2640
0.2640
0.2815
0.2907

0.2589
0.2589
0.2589
0.2761
0.2851

rj 0.9973 0.9973 0.9932 0.9921 1

Table 3: Estimates of ICU admission probability parameters, ηICU , pIH , and HICUR; see Fig. 5 and accompanying parameter
definitions. For each age group, a, and each time block, j, we specify ηICU , and we give the daily decrement factor, rj , used in
Eq. [5].

Using the hospital system data, and consistent with the transition diagram in Fig. 5, we define the ICU duration
for a patient as the time between their admission to the ICU and their discharge from the hospital. The reality is
more complex as ICU patients typically return to the general ward prior to discharge from the hospital, and iterations
between the two units, driven by a patient’s health status, can also occur. Therefore, the reported duration in the ICU
leads to over estimating ICU utilization and under-estimating that of the general ward. To handle this in our model,
we introduce three constant parameters, αICU , αH and αD, to better estimate durations in the ICU and general ward
and ICU mortality rate and better represent their respective utilization:

γH = (1− αH)γ0H

γICU = (1 + αICU )γ0ICU

µ = (1 + αD)µ0,

where γ0H , γ0ICU , and µ0 are obtained from the hospital system data, with each row corresponding to an age group in
ascending order:

γ0H =


0.2399
0.2399
0.2399
0.2222
0.2124

 , γ0ICU =


0.0700
0.0700
0.0700
0.0575
0.0518

 , µ0 =


0.0749
0.0749
0.0749
0.0766
0.0799

 ,
with units of day−1.

The bulk of the epidemiological and hospitalization parameters are specified above or are detailed in Tables 6
and 7, with the latter obtained from the literature or information collected from local healthcare agencies. The time
blocks are specified in Table 2. Given these, we estimate 32 parameters, but with 17 degrees of freedom, as we detail
below. We perform the fit of the deterministic SEIR model in Eqs. [1] using: (i) daily COVID-19 admissions, denoted
Ht; (ii) a daily COVID census in the general ward, IHt; (iii) a daily COVID census in the ICU, ICUt; (iv) daily
COVID-19 in-hospital deaths, DH

t ; and (v) daily COVID-19 out-of-hospital deaths obtained from [15], DOH
t , all on

day t. By minimizing a weighted sum of least-square errors, we estimate κ̂j and ĉj , j = 1, 2, . . . , 14, αH , αICU , αD
and δ, using SciPy/Python [16] via scipy.optimize.least_squares.

We minimize∑
t

(IHt−ÎHt)
2+w2

ICU

∑
t

(ICUt−ÎCU t)2+w2
H

∑
t

(Ht−Ĥt)
2+w2

D

∑
t

(DH
t −D̂H

t )2+w2
D

∑
t

(DOH
t −D̂OH

t )2,
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where ÎHt, ÎCU t, Ĥt, D̂H
t , and D̂OH

t denote the estimated IHt, ICUt, Ht, DH
t , and DOH

t obtained through
Eqs. [1]; wICU , wH , and wD are scaling constants; and the sum is over t ∈ T1 ∪ · · · ∪ T14. We assume wICU = 1.50,
wH = 7.58, and wD = 10wH , as those values approximate magnitudes relative to that of the general ward. To obtain
a parsimonious model, we use ĉ1 = 0, ĉ2 = ĉ3 = κ̂2, ĉ4 = ĉ5 = κ̂4 = κ̂5, ĉ6 = ĉ8 = κ̂4, ĉ7 = κ̂2, ĉ9 = κ̂9, and
ĉt = κ̂t for t ∈ {10, 11, 12, 13, 14} which reduces the number of estimated parameters from 32 to 17.

We use the trust region reflective algorithm (trf) in scipy.optimize.least_squares, with lower and
upper bounds on each parameter of 0 and 1, respectively. The algorithm obtains locally optimal values of the param-
eters, the quality of which has been validated by comparing projections with the observed data. All the remaining
parameters are set to their default values (see above and Tables 6 and 7). The fitted values for κ̂j and ĉj and αH , αICU
and αD are given in Table 4.

Austin
j κ̂j ĉj
1 0.0523 0.0000
2 0.7878 0.7878
3 0.6420 0.7878
4 0.8270 0.8270
5 0.8270 0.8270
6 0.7783 0.8270
7 0.7530 0.7878
8 0.6743 0.8270
9 0.8015 0.8015
10 0.8111 0.8111
11 0.6849 0.6849
12 0.5545 0.5545
13 0.6490 0.6490
14 0.6779 0.6779
αH 0.3016
αICU 0.0234
αD 1.8486
δ 0.0030

Table 4: Fitted transmission reduction parameters, κ̂j , and cocooning effectiveness parameters, ĉj , for each time block Tj , along
with estimated hospitalization duration adjustment parameters, αH , αICU , and αD and the percent of out-of-hospital death δ.
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Stages Example measures Transmission reduction Cocooning
red shelter-in-place order: mask mandate, largest (83.05%) 83.05%

no public activities, gatherings, or travel
orange mask mandate, no indoor dining, moderate (73.3%) 73.3%

no medium or large gatherings
yellow mask mandate, partial limitations on modest (63.62%) 63.62%

indoor dining and bars, no large gatherings
blue new normal: avoid large gatherings, low (53.9%) 53.9%

masks and physical distancing recommended
green no restrictions no reduction (0%) 0%

Table 5: Structure and impact of five-stage COVID-19 alert system. Colors indicate stages. For each stage, the table provides
example measures, which may evolve with future data on the impact of mitigation strategies and roll-out of surveillance testing.
The model assumes high risk sub-populations are sheltered to a greater degree, described as cocooning. Transmission reduction
estimates and cocooning numbers are derived from COVID-19 hospital admissions data from the Austin, Texas MSA during a
period that included a stay-home order, a re-opening phase that led to an early summer surge, followed by reduced transmission
with the implementation of face-mask requirements and reinstatement of other distancing measures.
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Parameters Values Source

β: transmission rate (pre-Delta) Austin: 0.06901 [7]

β: transmission rate (Delta) Austin: 0.11387 [4], [7]

P : proportion of pre-symptomatic
transmission (%)

44 [9]

ωA: infectiousness of individuals in
compartment IA, relative to IY

ωA ∼ Triangular (0.29,0.29,1.4) [17]

τ : symptomatic proportion (%) 57 [18]

ωP : infectiousness of individu-
als in pre-symptomatic and pre-
asymptomatic compartments, rela-
tive to symptomatic and asymp-
tomatic compartments

ωP =
P

1−P
τ(YHRηH

+ 1−YHR
γY

)+(1−τ)ωAγA
τ
ρY

+(1−τ)ωAρA

σ : exposed rate (pre-Delta) 1
σ ∼ Triangular (1.9, 2.9, 3.9) Based on incubation [19] and pre-

symptomatic periods

σ : exposed rate (Delta) 1
σ ∼ Triangular (0.4, 1.4, 2.4) [5], [19]

γA: recovery rate from compart-
ment IA

1
γA
∼ Triangular (3, 4, 5) [9]

γY : recovery rate from symptomatic
compartment IY

1
γY
∼ Triangular (3, 4, 5) [9]

ρA: rate at which pre-asymptomatic
individuals become asymptomatic

Equal to ρY [9]

ρY : rate at which pre-symptomatic
individuals become symptomatic

1
ρY

= 2.3 [9]

IFR: infected fatality ratio, age
specific (%)

Low risk High risk

0.000917 0.00917
0.00218 0.0218
0.0339 0.339
0.252 2.52
0.644 6.44

Age adjusted from [20]

Y FR: symptomatic fatality ratio,
age specific (%)

Low risk High risk

0.00161 0.0161
0.00382 0.0382
0.0594 0.594
0.442 4.42
1.13 11.3

Y FR = IFR
1−τ

Table 6: Model parameters
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Parameters Value Source

ηH : rate from symptom onset to
hospital admission

0.1695 5.9 day average from symptom on-
set to hospital admission [21]

Y HR: symptomatic case hospital-
ization rate (%) (pre-Delta)

Low risk High risk

0.0279 0.2791
0.0215 0.2146
1.3215 13.2514
2.8563 28.5634
3.3873 33.8730

Age adjusted from [20]

Y HR: symptomatic case hospital-
ization rate (%) (Delta)

Low risk High risk

0.0502 0.5024
0.0387 0.3863
2.3787 23.8525
5.1413 51.4141
6.0971 60.9714

[6], [20]

pIH Fitted time series, starting at 0.6717 hospital system data

γH , γICU : recovery rate in com-
partment IH and ICU

Fitted parameters hospital system data

π : rate symptomatic individuals go
to hospital, age-specific

π = γY ·Y HR
ηH+(γY −ηH)Y HR

ηICU : rate from hospital admission
to ICU

A time series which is constant spe-
cific to time blocks

hospital system data

µ : rate from ICU to death Fitted parameters hospital system data

ICUFR: ICU death ratio, age spe-
cific (%)

ICUFR

5.8592
5.8592
5.8592

15.6207
30.8526

hospital system data

HICUR: hospitalized ICU ratio A time series with a decreasing rate
specific to time blocks, starting at
0.1574

hospital system data

νH : ICU rate on hospitalized indi-
viduals, age-specific

νH = γH∗HICUR
ηICU+(γH−ηICU )HICUR

νICU : death rate on ICU individu-
als, age-specifc

νICU = γICU∗ICUFR
µ+(γICU−µ)ICUFR

B: Total hospital bed capacity (in-
cluding ICU)

Austin: 1500 Estimates provided by each of the
region’s hospital systems and aggre-
gated by regional public health lead-
ers

BICU : ICU capacity Austin: 331 Estimates provided by each of the
region’s hospital systems and aggre-
gated by regional public health lead-
ers

1{school closure}: school closure dates Austin: 3/19/2020− 9/8/2020,
5/26/2021− 8/23/2021

Table 7: Hospitalization parameters
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