PLOS GLOBAL PUBLIC HEALTH

Check for
updates

G OPEN ACCESS

Citation: Runge M, Richardson RAK, Clay PA, Bell
A, Holden TM, Singam M, et al. (2022) Modeling
robust COVID-19 intensive care unit occupancy
thresholds for imposing mitigation to prevent
exceeding capacities. PLOS Glob Public Health
2(5): €0000308. https://doi.org/10.1371/journal.
pgph.0000308

Editor: Hannah E. Clapham, National University
Singapore Saw Swee Hock School of Public Health,
SINGAPORE

Received: November 17, 2021
Accepted: March 9, 2022
Published: May 5, 2022

Copyright: This is an open access article, free of all
copyright, and may be freely reproduced,
distributed, transmitted, modified, built upon, or
otherwise used by anyone for any lawful purpose.
The work is made available under the Creative
Commons CCO public domain dedication.

Data Availability Statement: The simulation and
analysis code are publicly available on GitHub
under https:/github.com/numalariamodeling/
ICUtrigger_covid_chicago_paper_2022. The
simulation outputs are stored on Zenodo with
D0I:10.5281/zenodo.5018779. The COVID-19
transmission model is maintained under https:/
github.com/numalariamodeling/covid-chicago.
Public data is available on the IDPH website
(https://dph.illinois.gov/covid19). lllinois hospital

RESEARCH ARTICLE

Modeling robust COVID-19 intensive care unit
occupancy thresholds for imposing mitigation
to prevent exceeding capacities

Manuela Runge®'*, Reese A. K. Richardson¢?, Patrick A. Clay®?, Arielle Bell®', Tobias
M. Holden®*, Manisha Singam?, Natsumi Tsuboyama®®, Philip Arevalo®°%, Jane Fornoff’,
Sarah Patrick’, Ngozi O. Ezike’, Jaline Gerardin®'*

1 Department of Preventive Medicine and Institute for Global Health, Northwestern University, Chicago, IL,
United States of America, 2 Department of Chemical and Biological Engineering, Northwestern University,
Evanston, IL, United States of America, 3 Department of Ecology and Evolutionary Biology, University of
Michigan, Ann Arbor, MI, United States of America, 4 Northwestern University Feinberg School of Medicine,
Chicago, IL, United States of America, 5 Department of Biochemistry and Molecular Genetics, Northwestern
University, Chicago, IL, United States of America, 6 Department of Ecology and Evolution, University of
Chicago, Chicago, IL, United States of America, 7 lllinois Department of Public Health, Springfield, IL, United
States of America

* manuela.runge @ northwestern.edu (MRY); jgerardin @ northwestern.edu (JG)

Abstract

In non-pharmaceutical management of COVID-19, occupancy of intensive care units
(ICU) is often used as an indicator to inform when to intensify mitigation and thus reduce
SARS-CoV-2 transmission, strain on ICUs, and deaths. However, ICU occupancy thresh-
olds at which action should be taken are often selected arbitrarily. We propose a quantita-
tive approach using mathematical modeling to identify ICU occupancy thresholds at
which mitigation should be triggered to avoid exceeding the ICU capacity available for
COVID-19 patients and demonstrate this approach for the United States city of Chicago.
We used a stochastic compartmental model to simulate SARS-CoV-2 transmission and
disease progression, including critical cases that would require intensive care. We cali-
brated the model using daily COVID-19 ICU and hospital census data between March
and August 2020. We projected various possible ICU occupancy trajectories from Sep-
tember 2020 to May 2021 with two possible levels of transmission increase and uncer-
tainty in core model parameters. The effect of combined mitigation measures was
modeled as a decrease in the transmission rate that took effect when projected ICU occu-
pancy reached a specified threshold. We found that mitigation did not immediately elimi-
nate the risk of exceeding ICU capacity. Delaying action by 7 days increased the
probability of exceeding ICU capacity by 10-60% and this increase could not be counter-
acted by stronger mitigation. Even under modest transmission increase, a threshold
occupancy no higher than 60% was required when mitigation reduced the reproductive
number R;to just below 1. At higher transmission increase, a threshold of at most 40%
was required with mitigation that reduced R;below 0.75 within the first two weeks after
mitigation. Our analysis demonstrates a quantitative approach for the selection of ICU
occupancy thresholds that considers parameter uncertainty and compares relevant miti-
gation and transmission scenarios. An appropriate threshold will depend on the location,
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number of ICU beds available for COVID-19, available mitigation options, feasible mitiga-
tion strengths, and tolerated durations of intensified mitigation.

Introduction

In the first half of 2020, the global spread of SARS-CoV-2 left many countries with no
option other than to shut down their economies and encourage people to isolate by staying
home. In the United States (US), stay-at-home policies implemented in late March and
April of 2020 reduced the number of new infections and deaths [1]. In mid-2020, US states
began to relax their stay-at-home policies [1, 2] despite a lack of effective treatments or a
vaccine. In late 2020, many states experienced epidemic waves as large as, or larger than,
their initial epidemics, putting renewed strain on hospital resources and requiring new mit-
igation measures [1-3].

Intensive care resources, particularly staffed beds and ventilators, are limited [4, 5] espe-
cially in rural areas [6, 7]. In early 2020, many intensive care units (ICUs) in the US and
other countries operated near and above capacity limits [8-12]. To ensure continued life-
saving care and a functioning health system, ICU occupancies must stay below capacity,
and multiple guidelines for managing ICU capacities during COVID-19 surges have been
formulated [5, 13-15].

In response to fluctuations in SARS-CoV-2 transmission, states formulated COVID-19
response strategies to guide transitions between mitigation and relaxation policies [1]. These
mitigation and relaxation policies defined setting-specific COVID-19 prevention measures
such as occupancy limits for businesses, constraints on indoor activities, work from home rec-
ommendations, or population-wide stay-at-home orders (‘lockdowns’). For instance, in the
US state of Illinois, thresholds used to spur increasing mitigation measures included test posi-
tivity rate (if surpassing 8%), increasing or decreasing trends in occupied hospital beds, and
total ICU bed availability (if below 20%) [16]. The selection of robust yet sensitive thresholds
to trigger a strategic mitigation response is challenging but critical. Health departments require
time to appropriately prepare for and respond to a potential increase in transmission and hos-
pital bed demand but prefer not to impose unnecessary mitigation (Fig 1). Thresholds that are
too low could lead to premature restrictions or harmful effects on the economy and the com-
munity due to unnecessarily remaining under mitigation for too long. Thresholds that are too
high could lead to late action, strained hospital resources, and elevated rates of severe COVID-
19 cases and deaths.

Thresholds for action (ICU occupancy levels that, when met, trigger more intense mitiga-
tion measures against transmission) should not be arbitrarily selected but rather be designed
to meet COVID-19-related public health targets. Several modeling studies explored short-term
forecasting of ICU occupancies [17-25] and mitigation strategies in relation to ICU capacities
[17-19, 26]. However, the criteria for selection of thresholds for action has not been assessed
in greater detail.

This study investigates how ICU occupancy can be used as an indicator to drive mitigation
decisions to avoid exceeding ICU capacity using Chicago, Illinois as a case study. We modeled
COVID-19 transmission and disease progression under various levels of transmission
increase, mitigation effectiveness, and mitigation timeliness, corresponding to the situation in
Chicago in late 2020. The results of this analysis provide a quantitative approach for selecting
robust thresholds in Chicago that can be applied in similar areas.
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Fig 1. Conceptual visualization of ICU occupancy when mitigation is triggered compared to no action taken. The
dashed red line indicates ICU capacity. The solid black line shows the scenario when no action is taken and ICU
occupancy exceeds the ICU capacity, leading to ICU overflow (red area). The blue lines show two example scenarios in
which mitigation was triggered at the same specified threshold (dashed black line). In one scenario (light blue) ICU
overflow is prevented, and in the second scenario (dark blue) ICU capacity is still exceeded. This demonstrates that the
effectiveness of mitigation measures is probabilistic, not absolute.

https://doi.org/10.1371/journal.pgph.0000308.g001

Materials and methods
Study area

Chicago is an urban area of 2.7 million people in the US state of Illinois, and around 12% of
the population is aged 65 years or older [27]. 17.4 inpatient medical/surgical (med/surg) hospi-
tal beds and 4.2 ICU beds are available per 10,000 population across 27 community hospitals
[28]. After removing beds occupied by non-COVID-19 patients, the bed availability for
COVID-19 patients was 6.7 med/surg beds and 2.2 ICU beds per 10,000 population.

The first SARS-CoV-2 infection was reported in Chicago in mid-January 2020 [29]. On
March 21, 2020, a statewide stay-at-home order was announced to contain the spread of the
virus. The stay-at-home order was gradually relaxed at the end of May 2020, and restaurants
and recreational locations were allowed to reopen at the end of June [30]. Although the num-
ber of reported cases stayed relatively low during the summer, transmission increased during
fall and on November 20, 2020, a second stay-at-home order was issued [31].

COVID-19 transmission model

We used a stochastic Susceptible, Exposed, Infectious, and Recovered (SEIR) compartmental
model, with additional compartments for the symptomatic subgroups (asymptomatic, pre-
symptomatic, mild symptoms, severe symptoms), hospitalizations, critical cases that require
treatment in ICUs, and deaths (Fig 2). The symptomatic disease tracks were separated into
detected and undetected compartments to explicitly account for COVID-19 cases not captured
by the surveillance system especially during the first half of 2020. Full model details are pro-
vided in the supplement (S1 Text). The model was implemented using the open source simula-
tion engine Compartmental Modeling Software [32] combined with a simulation
management framework in Python 3.9 [33] and post-processing in R 4.0 [34].

Time-varying detection rates for severe and mild cases were taken from an analysis of Illi-
nois case and death data [35] (Figs B, C in SI Text). All Illinois data used for model

PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0000308 May 5, 2022 3/17


https://doi.org/10.1371/journal.pgph.0000308.g001
https://doi.org/10.1371/journal.pgph.0000308

PLOS GLOBAL PUBLIC HEALTH Modeling robust COVID-19 intensive care unit occupancy thresholds

| Asymptomatic
infections
Undetected
H symptomatic
infections
dynamic change in Efraepﬁgarﬁatic
transmission rate if Cq infections
reaches threshold |
¢ T T T
fully
5 & ;\\o?'oob \o@é,\ %.\\o infectious
«& S KF @ R @ ) less
£ QT N ° @ 2 S i i
&8 & & FE infectious
s N &

Fig 2. Structure of SARS-CoV-2 transmission and COVID-19 disease progression model. The compartments
include Susceptible (S), Exposed (E), Asymptomatic (A), Pre-symptomatic (P), Mild symptomatic (Sm), Severe
symptomatic (Ss), Hospitalized (H), Critical—intensive care (C), Deaths (D), Recovered (R). The subscripts d and u
refer to infections detected and undetected by diagnostic testing, respectively. The red arrow shows the feedback loop
from ICU COVID-19 occupancy within the C4 compartment (detected SARS-CoV-2 infections requiring intensive
care) affecting the transmission rate that defines the transition from S to E.

https://doi.org/10.1371/journal.pgph.0000308.9002

parameterization, calibration, and validation were obtained from the Illinois Department of
Public Health (IDPH). Time-varying fraction of hospitalized cases requiring critical care and
time-varying case fatality rates were derived from the Illinois National Electronic Disease Sur-
veillance System (I-NEDSS) [36] (Figs C-E in S1 Text). Lengths of stay in the hospital and ICU
were informed by data from Northwestern Memorial Hospital in Chicago and from literature
[37, 38]. Other parameters were based on research studies outside Illinois (Table A in S1 Text).

Triggered mitigation measures after October 1, 2020, were applied as a decrease in trans-
mission rate, non-specific to the mitigation measures that would cause this decrease (such as
the closure of retail business, stricter mask-wearing protocols, or shelter-in-place). We set a
feedback loop between the population in the critical detected (C4) compartment (COVID-19
ICU occupancy) and the transmission rate parameter, such that Cy4 triggers mitigation at speci-
fied occupancy thresholds (Fig 2).

Model calibration and fitting to Chicago epidemic

Time-varying transmission rate prior to September 1, 2020, was fitted to confirmed daily
COVID-19 ICU census and COVID-19 med/surg hospital census in Chicago between Febru-
ary and August 2020 (Fig 3A and Figs F-H in S1 Text). The census data included all confirmed
COVID-19 patients currently occupying ICU or med/surg beds in Chicago hospitals, and no
data was available on location of residence for individual patients. Each of the two data series
was smoothed with a 7-day centered moving average prior to comparison with simulation out-
puts. The time-varying reproductive number R, was calculated from simulated daily new inci-
dent infections using the python module epyestim [39], which is based on the methodology
from Cori et al. [40]. We specified a smoothing window of four weeks and kept the default
serial interval and delay distribution as specified in [39]. The final R, estimates were smoothed
using a rolling average for 3 days to reduce high variation in these estimates (Fig 3).
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Fig 3. ICU occupancy over time, model fit, and increase in occupancy following an imposed increase in
transmission. A) Predicted and observed daily ICU occupancy for Chicago in 2020. Black dots: actual COVID-19 ICU
occupancy in Chicago. Red line: ICU bed capacity for COVID-19 patients, actual 7 day rolling average (solid) and model
assumption (dashed) after September 2020. Blue lines: simulated trajectories under low (light blue) or high (dark blue)
level of transmission increase and no triggered mitigation. The top 100 trajectories after fit to ICU census are shown (see
FigJ in S1 Text for full sample). B) Transmission rate parameter, which was fit to data before September 1, 2020, and
gradually increased until October 1, 2020, to a higher (dark blue) or lower (light blue) target value. C) R, estimated from
simulated new infections with lines corresponding to median R, per trajectory and shaded grey area around lines the
corresponding 95% confidence intervals obtained from the estimation method. The grey rectangle shows the time of the
first stay-at-home order.

https://doi.org/10.1371/journal.pgph.0000308.g003

In the fitting process, we first estimated the infection importation date (date with 10 infec-
tions), initial transmission rate, and transmission rate under mitigation for March 2020. We then
fitted twice-monthly adjustments to the transmission rate between April and August 2020. Other
parameters were set to their mean value according to local data or epidemiological studies
(Table B in SI Text). Best fit parameter combinations were those that minimized the negative log
likelihood of the simulated trajectories, based on a Poisson distribution. In the fitting, ICU census
and med/surg census were weighted equally. The model fit was validated against COVID-19-like
illness (CLI) hospital admissions data for Chicago hospitals and against COVID-19 deaths from
I-NEDSS with Chicago listed as county or ZIP code of residence. To account for parameter
uncertainty, we ran simulations with 400 unique parameter combinations sampled from uniform
distributions using data-informed parameter ranges. We then chose 100 trajectories (unique set
of parameters) that best fit the ICU census data and used these parameter sets in the later analysis.
To describe the fitting accuracy, we calculated the mean absolute error (MAE) [41], using the
metrics R package [42], for the median prediction compared against the weekly moving average
of the data (Fig G in S1 Text). The median Rt estimates per trajectory (unique set of parameters)
were aggregated per scenario using mean and 90% prediction interval.
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Table 1. Overview of simulated scenarios.

Simulated scenarios

Based on daily ICU occupancies and total bed availability in Chicago, we calculated that in
2020, on average 44% of all ICU beds were occupied by non-COVID patients, theoretically leav-
ing 56% of beds available for COVID-19 patients. The average number of ICU beds available
for COVID-19 patients during the week immediately preceding September 15, 2020, (516 ICU
beds) will be referred to as ICU capacity in this work. We assumed the capacity of 516 ICU beds
to stay constant capacity during the simulation period, whereas in practice the capacity ranged
between 407 to 744 beds on a seven-day rolling average (Fig 3A and Fig Q in S1 Text).

We imposed a gradual increase in the transmission rate beginning on September 1, 2020,
and leveling off on September 30 to allow reduction in transmission starting from October due
to mitigation if occupancy thresholds were reached (Fig 3B). The levels of increase in transmis-
sion were selected such that, without any subsequent decrease in transmission, either half
(‘low increase’) or all (‘high increase’) of the trajectories exceeded ICU capacity by January 1,
2021. This resulted in an increase in transmission by either 71% for the low increase’ scenario
and 126% increase for the ‘high increase’. The actual epidemic trajectory in Chicago between
September and December 2020 was slightly above simulated trajectories under the lower level
of transmission increase scenario (Fig 3A). For comparison, in an updated fitting iteration
using data until December 2020, a 60% increase in the transmission rate was estimated
between September and November for a slightly higher baseline transmission rate.

Between October 2020 and May 2021, mitigation (immediate reduction in transmission
rate) was triggered either one or seven days after the COVID-19 ICU occupancy threshold was
reached. An extended simulation period until May 2021 was selected to capture a wide range
of trajectories that reach the ICU occupancy threshold to trigger mitigation and to include at
least four weeks follow-up time post-trigger. Hence the time after October 2020 was treated as
time relative to predicted ICU occupancies reaching the threshold. Mitigation was simulated
to reduce the transmission rate by 20, 40, 60, or 80% (‘weak’, ‘moderate’, ‘strong’, or ‘very
strong’) to sample a wide range of possible actions. Once applied, changes in transmission rate
due to mitigation were never reversed. A table comparing the assumed transmission increase
and reduction values to other studies is included in the Supplement (Table E in S1 Text).

We explored scenarios in which we varied the increase in transmission (two levels), mitiga-
tion effectiveness (four levels), and mitigation delay (two levels), and ICU occupancy threshold
that triggered mitigation (eleven levels), resulting in a total of 176 unique scenarios (Table 1).
Each scenario was simulated with 400 sets of sampled parameters, drawn from uniform distri-
butions (Table F in S1 Text). The top 100 trajectories that best fit to ICU census data up to Sep-
tember 1, 2020, were retained for each of the 176 scenarios. Trajectories in which the ICU
occupancy threshold to trigger mitigation was not reached by May 2021 were excluded (5-6%,

Scenario parameter | Description N Values
Levels
Transmission Increase in transmission rate starting Sep 1,2020 (% increase relative to transmission rate of 2 ‘Low’: 0.17 (71% incr.), ‘High’: 0.22
increase® 0.099 on Aug 31, 2020) (126% incr.)
ICU occupancy Occupied percent of ICU capacity at which mitigation is triggered 11 0-100% in intervals of 10
threshold
Mitigation Reduction in the transmission rate, relative to the current rate, reflecting the impact of 4 20%, 40%, 60%, 80%
effectiveness behavior and policy changes on transmission
Mitigation delay Delay between ICU occupancy reaching the threshold and reduction in transmission rate 2 1 day, 7 days

*) Selected so that either 50% or 100% of simulations exceed ICU capacity by end of December 2020.

https://doi.org/10.1371/journal.pgph.0000308.t001

PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0000308 May 5, 2022 6/17


https://doi.org/10.1371/journal.pgph.0000308.t001
https://doi.org/10.1371/journal.pgph.0000308

PLOS GLOBAL PUBLIC HEALTH Modeling robust COVID-19 intensive care unit occupancy thresholds

Table F in S1 Text). The sampled parameters were summarized using the mean and 90% pre-
diction interval (PI).

Daily COVID-19 ICU occupancy was the primary outcome in the analysis. The probability
of exceeding ICU capacity (for COVID-19 patients) was calculated by dividing the number of
trajectories that exceeded COVID-19 ICU capacity by the total number of trajectories that
reached the COVID-19 ICU occupancy threshold to trigger mitigation. To account for differ-
ent numbers of trajectories reaching the ICU trigger (Figs K, L and Table F in S1 Text), 50 tra-
jectories of the 100 trajectories per scenario were resampled 50 times with replacement.

Results
Simulating a September 2020 epidemic wave in Chicago

We fit a compartmental model of SARS-CoV-2 transmission (Fig 2) to hospitalization and
intensive care unit census data from Chicago between March and August 2020 (Fig 3A and
Figs F, G in S1 Text). The fitted infection importation date was February 28, 2020, with an ini-
tial transmission rate of 1.14 and reproductive number R, of 5.00 (90% prediction interval (PI)
4.57-5.41). After the stay-at-home order starting on March 22, 2020, we estimated a 92.5%
reduction in the transmission rate (Fig 3B), reducing the time-varying reproductive number
(Ry) 10 0.74 (90% P10.72-0.77) (Fig 3C). At the end of the fitted period on September 1, 2020,
the transmission rate was estimated at 0.099 and the reproductive number at just around one
(R;=0.99, 90% PI 0.96-1.03). The model captured trends in ICU occupancies reasonably well
with an average MAE of 44 ICU beds occupied (range across trajectories 27-66) between
March to August 2020.

To test the success of using ICU occupancy to trigger mitigations, we implemented two lev-
els of an increase in transmission rate in September 2020. Without mitigation, the transmis-
sion increase led to a R, of 1.14 (90% PI 1.12 to 1.16) for the lower level of increase and a R, of
1.28 (90% PI 1.25 to 1.30) for the higher level of transmission increase on October 1, 2020.
ICU occupancy increased until peaking in mid-December at the earliest and mid-February
2021 at the latest, depending on the level of transmission increase and parameter sample. The
mean peak ICU occupancy reached 663 beds (90% PI 421-948) at the lower transmission
increase and 1656 beds (90% PI 1096-2236) at the higher transmission increase, compared
with ICU capacity of 516 beds. Across both levels of transmission increase, the projected peak
ICU demand was 1.2-3.2 times more ICU beds needed than available.

Preventing ICU overflow strongly depends on ICU occupancy threshold for
action

Mitigation was triggered when the simulated ICU occupancy reached a pre-defined threshold
relative to the ICU capacity (Fig 4). Stronger mitigation (>60% reduction in transmission
rate) led to lower peak ICU occupancy and peak occurred sooner (Fig 4A and 4B). At the
higher level of transmission increase, new infections dropped after mitigation was triggered
(Fig N in S1 Text) and estimated R, reached a minimum after around two weeks, before
increasing again and leveling off below 1. The estimated R; varied slightly across the simulated
scenarios, and at the high transmission increase scenario, the R, two weeks prior to mitigation
was estimated at of 1.23 (90% PI: 1.18-1.29) and was reduced to 1.03 (90% PI: 0.99-1.07) at
weak, to 0.92 (90% PI: 0.88-0.96) at moderate, to 0.75 (90% PI: 0.71-0.79) at strong, and to
0.47 (90% PI: 0.40-0.54) at very strong mitigations (Fig 4D).

Compared to no mitigation, immediate mitigation decreased peak ICU occupancy by
34.5% (90% PI: 11.8-52.4%) under weak mitigation, by 59.7% (90% PI: 43.6-71.4%) under
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reduction in transmission). The figure shows the scenario at higher transmission increase and the version for lower transmission increase shown in Fig M
in S1 Text.

https://doi.org/10.1371/journal.pgph.0000308.g004

moderate mitigation, by 65.6% (90% PI: 50.3-75.2%) under strong mitigation, and 68.5%
(90% PI: 54.4-77.4%) under very strong mitigation (Fig 4E).

ICU occupancy continued to grow for a short time after mitigation was imposed (Fig 5A).
At the same mitigation strength, peak ICU occupancy was reached at a similar length of time
(12 days) after mitigation regardless of the threshold ICU occupancy. At high level of transmis-
sion increase, the time between triggering mitigation and exceeding ICU capacity, in the case of
ICU overflow, was on average 11 (7-19) days for a threshold ICU occupancy of 60% or 4 (2-9)
days for threshold occupancy of 80% (Fig 5A). Lower occupancy thresholds for triggering miti-
gation led to a lower probability of ICU overflow and lower peak ICU occupancy (Fig 5B).

We calculated the probability of exceeding ICU capacity under different possible ICU occu-
pancy thresholds at which mitigation was dynamically triggered (Fig 5B). We compared the
probabilities by transmission level, mitigation strengths, and delay between trigger and reduc-
tion in transmission due to mitigation. The probability of overflow increased with a higher
ICU occupancy threshold. The probability was, on average across the ICU occupancy thresh-
olds, 33% (range across mitigation strengths: 17%-63%) higher at the higher level of transmis-
sion increase compared to the lower level. Weak mitigation (20% decrease in transmission
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Fig 5. Probability of exceeding ICU capacity by ICU occupancy threshold, mitigation strength and timing. A) Projected ICU occupancy over time under
various ICU occupancy thresholds to trigger mitigation. All scenarios show effects of immediate strong mitigation (60% reduction in transmission rate) and
include trajectories simulated under either low (light blue) or high (dark blue) levels of transmission increase. B) Probability of ICU overflow under higher (top)
or lower (bottom) level of transmission increase and immediate (left) mitigation or delayed (right). The lines and shaded areas show the mean, minimum and
maximum probability obtained from resampling 50 trajectories 50 times. C) Peak ICU occupancy by ICU occupancy threshold, mitigation strength, and level of
transmission increase, for scenarios of immediate mitigation.

https://doi.org/10.1371/journal.pgph.0000308.9005

rate), where R, was not reduced below 1, had a substantially higher probability of overflow

than the other mitigation levels, and differences were greater for the higher level of transmis-

sion increase.

At the lower level of transmission increase, the probability of ICU overflow was almost
identical for moderate, strong, and very strong mitigation, whereas at the higher transmission
increase the difference between the mitigation levels was more pronounced with consistently
high probability of overflow for weak mitigation. At the lower level of transmission increase,
the probability of ICU overflow increased at thresholds above 30% occupancy when mitigation
was weak, whereas when mitigation was moderate or stronger, the probability remained near
zero until an ICU occupancy threshold of 60-70% after which the probability increased
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sharply. The incremental difference in the overflow probability between weak and moderate
mitigation was 10% and less than 3% for the other mitigation strengths at the low increase
level. In comparison, at the high increase level, the probability of exceeding capacity increased
at thresholds above 40-50% occupancy and reached 100% for occupancy thresholds above 60—
70% at strong and very strong mitigation. The difference in the overflow probability was 42%
between weak and moderate mitigation, 16% between moderate and very strong mitigation,
and negligible between strong to very strong mitigation (<1%) (Fig 5 and Fig O in S1 Text).

A delay of seven days shifted the probability curves to the left, with higher probability of
overflow at each of the ICU occupancy thresholds. For instance, at an 80% ICU occupancy
threshold and very strong mitigation, the probability of overflow increased from 41.8% to
89.6% under the lower level of transmission increase when mitigation was delayed by seven
days. At the higher level of transmission increase, a 60% occupancy threshold and very strong
mitigation had 37% probability of overflow if mitigation was immediate but 97.4% probability
of overflow if mitigation was delayed. When assessing mitigation strengths against delay, the
probability of overflow was higher for strong mitigation that was delayed by seven days com-
pared to moderate mitigation with immediate action. For a hypothetical risk tolerance of 25%
probability of ICU overflow, the required ICU occupancy thresholds for action were 40 to 60%
across the tested scenarios.

A policy of 80% ICU occupancy to trigger mitigation did not prevent exceeding capacity, as
mean peak ICU occupancy was at or above ICU capacity for all mitigation strengths and both
levels of transmission increase. A 60% ICU occupancy threshold for mitigation was barely suf-
ficient for preventing ICU overflow: mean peak ICU occupancy remained below capacity for
the lower transmission increase at all mitigation strengths but remained below capacity for the
higher transmission increase only under very strong mitigation. Under the higher level of
transmission increase, weak mitigation (20% reduction in transmission) could not contain
mean peak ICU occupancy to below ICU capacity regardless of the ICU occupancy that trig-
gered mitigation (Fig 5C). Above mitigation strength of 40%, stronger mitigation did not sub-
stantially reduce peak ICU occupancy at either level of transmission increase.

Mitigation strength and occupancy threshold determine time spent above
capacity

For simulation trajectories where ICU capacity was exceeded, we measured the number of
days in each trajectory where ICU occupancy exceeded capacity (Fig 6). Without mitigation,
the duration above ICU capacity was on average 81 days at the higher level of transmission
increase and 68 days at lower transmission increase. Under immediate mitigation, the average
duration above ICU capacity for the higher transmission increase was reduced to 78 days with
weak mitigation and further decreased under stronger mitigation (to 43, 21, 14 days for mod-
erate, strong, and very strong), averaged across ICU occupancy thresholds. The corresponding
average duration above capacity for the lower transmission increase were 26, 14, 10 and 8 days
for weak, moderate, strong and very strong mitigation respectively. Higher ICU thresholds,
and hence later action, resulted in longer duration above capacity. A delay of seven days in
mitigation did not substantially extend the time above capacity beyond the seven days among
those trajectories that exceeded the capacity (Fig 6B).

Discussion

We developed a quantitative approach to explore how ICU occupancy can be used as an indi-
cator for triggering new mitigations in response to increasing transmission. The approach con-
siders parameter uncertainty using a SARS-CoV-2 transmission model for comparing relevant
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and aggregated mean. The number of trajectories included in each scenario group is shown in Fig P in S1 Text.
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mitigation and transmission scenarios, applied to the city of Chicago, US. ICU occupancy is a
late indicator for SARS-CoV-2 transmission since ICU admission lags symptom onset by 10
days [37], which lags infection by up to 14 days [43]. However, we find that ICU occupancy
can still be a critical guide for policy action if action is taken promptly, mitigation reduces R,
to below 1, and occupancy thresholds for action are conservatively low.

In an initially expanding epidemic, ICU occupancy of COVID-19 patients will continue to
increase for around two weeks after imposing mitigations. Higher ICU occupancy thresholds
for action thus increase the probability of overshooting ICU capacity during those two weeks.
Furthermore, mitigation measures could be delayed to give individuals and businesses warn-
ing in advance of changing policies. Scaling up of hospital beds and staff might require even
longer notice times of three to four weeks [44, 45]. These delays would result in additional hos-
pitalizations and increase the probability of ICU overflow. We found that mitigation strength
could not compensate for a delay in action. Other researchers have also noted a critical win-
dow during which policies need to be implemented and have shown that even short delays can
result in substantial increase in infections [46]. If immediate action (i.e. less than 3 days) is not
feasible, an alternative would be to reduce the threshold for triggering mitigation to allow
more time for planning and implementation. Anticipating a delay is crucial when selecting a
threshold if ICU capacity is not to be exceeded.

This study models mitigation as an abstracted decrease in transmission rate. In current
practice, mitigation is achieved through a mix of social distancing, masking, diagnostic testing,
isolation, and contact tracing [47]. The strongest mitigation considered in this study reduced
transmission to levels below what was observed in Chicago during the stay-at-home order in
March 2020, when mitigation relied heavily on social-behavioral changes as access to diagnos-
tic testing was limited and contact tracing had yet to be implemented. Practical
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implementation of the “very strong” mitigation modeled in this study would therefore require
both interventions that reduce contact rates and interventions to promote early diagnosis and
isolation. Studies in other cities in the US and Canada estimated that social distancing alone
would not be enough to prevent ICU overflow during the first epidemic wave of 2020 [19, 20].
When applying this framework to other locations, higher mitigation strength might be easier
to achieve in more densely than in more sparsely populated areas with less mobility and
already relatively low contact rates. However, determining an expected reduction in transmis-
sion given specific mitigation plans is challenging since transmission is influenced by many
behavioral factors that vary geographically, demographically, and over time. Reductions
between 20% and 95% have been estimated across a range of studies (Table E in S1 Text).

In Chicago and other regions in Illinois, the ICU occupancy threshold to spur transition to
the next COVID-19 mitigation phase was at 80% of total occupancy (20% total availability),
corresponding to around 40% occupancy of beds available for COVID-19 patients [16]. In the-
ory, different geographical areas could have different ICU occupancy thresholds for action tai-
lored to their specific context, determined by factors such as current R,, anticipated population
behavior, ICU flexing capacity, and overall risk tolerance for exceeding ICU capacities. The
Ilinois Department of Public Health defined an 80% threshold on total ICU occupancy, trans-
lating to an occupancy threshold of around 50% for COVID-19 patients when assuming a
maximum 60% occupancy by non-COVID-19 patients. In our analysis, a 40% occupancy
threshold is associated with relative low probabilities of overflow. In practice, using region-
specific thresholds risks an uncoordinated response [48], and mitigation might not be as effec-
tive due to spillover effects across neighboring regions. During Chicago’s October 2020 epi-
demic wave, mitigation was implemented on November 20 [31] when the COVID-19 ICU
occupancy was 53% (Fig Q in S1 Text). However, R, had already begin to decrease prior to
implementation of official mitigation measures as individual action preceded government pol-
icy (Fig Rin S1 Text).

A threshold of 60% is suggested for Chicago, since probability of overflow rapidly increases
after an ICU occupancy of 60% when assuming strong mitigation and a risk tolerance of 20-
25%. Our suggested threshold of 60% for Chicago aligns with thresholds used in a modeling
study that simulated multiple on-off cycles based on a fixed 50% ICU occupancy threshold
[26]. Another modeling study evaluated an ICU threshold system that defined 30% occupancy
as moderate risk, 30-60% occupancy as higher risk, and above 60% as very high risk [18]. That
study found that ICU-based thresholds would be overly restrictive, suggested a strategy based
on COVID-19 hospital admissions [18], and chose 80 hospital admissions per day as a more
appropriate trigger [17]. In practice, local health departments monitor multiple indicators and
the decision to act depends on the combination of all indicators or the most restrictive one at a
given time. Unfortunately, all these measures (case counts, case rates, test positivity rates, hos-
pital admissions, hospital census, ICU census, and deaths) are limited in providing timely and
accurate trends as they are biased, noisy, or lag infection by several weeks.

We defined ICU capacity as the number of staffed, supplied beds available to treat critically
ill COVID-19 patients, and we assumed COVID-19 ICU capacity (difference between total
capacity and non-COVID-19 occupancy) stayed constant. Historical trends, however, showed
fluctuations in ICU capacity, reflecting both non-COVID-19 use and hospitals following
COVID-19 ICU response strategies to scale up or ramp down beds in response to trends [5,
14, 15]. For instance, one strategy stretches ICU capacity 20% above normal by using existing
staff and resources to respond to minor surges in ICUs [5]. Rescheduling elective surgeries
also impacts bed availability and can increase the number of beds available for COVID-19
patients [49]. Our results therefore could overestimate the probability of exceeding capacity if
there is flexibility to increase capacity when occupancy is high. However, flexing ICU capacity
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puts additional strain on the health care system and may potentially impact the quality of care.
Conversely, our analysis would underestimate the probability of exceeding ICU capacity if
non-COVID-19 related admissions increased simultaneously with SARS-CoV-2 transmission.
Accounting for some of the more predictable fluctuations in ICU capacities would be relevant
for short-term predictions on probability of ICU overflow to inform policy action and a valu-
able addition to the presented approach for determining thresholds. While the presented anal-
ysis focused on thresholds for implementing mitigation, it could also be applied for the reverse
scenario of exploring how low ICU occupancy could inform timing of relaxation measures.

At the state level, COVID-19 ICU management also includes patient transfers across hospi-
tals and regions. Transfers are more common from smaller hospitals in more rural areas to
larger specialized hospitals in urban areas than the reverse [49]. In urban areas, high ICU occu-
pancies could therefore contain a substantial contribution of patients residing in the surround-
ing region, and near-capacity or overflow of urban ICUs would put additional strain
elsewhere. At Northwestern Memorial Hospital, one of the largest hospitals in Chicago, 25-
30% of COVID-19 admissions were not Chicago residents (Fig S in S1 Text). Hence, while
capacities are higher in urban areas, accounting for potential patient transfers may require
lowering the threshold for action. As occupancy nears capacity, and patients are admitted to
nontraditional ICU areas or transferred to hospitals outside the region [49], ICU data becomes
less reliable as an epidemic indicator for local transmission.

The model used a well-mixed homogeneous population without age structure or vaccina-
tions, and we assumed 34% of hospitalized COVID-19 patients will require ICU care [50].
Age-specific changes in risk could cause fluctuations in the probability of needing the ICU and
should be accounted for if data is available, although those fluctuations may be on a longer
timescale than one would forecast with this model. As vaccine programs are scaled up, hospital
and ICU admissions will substantially decrease and the demographics of admitted patients
may also shift. Younger patients may reside longer in the ICU than the elderly if elderly
patients are more likely to move to hospice care or are less likely to survive COVID-19. The
model also did not include shifting virulence due to spread of new SARS-CoV-2 variants. In
the simulation a long time period of seven months was selected, for including as many trajec-
tories as possible that reach the occupancy threshold at different times in the analysis. To make
ICU occupancy predictions and provide overflow probabilities to guide policy action, shorter
timeframes with continuous re-calibration using latest data will be required.

Vaccination, changing demographics, and changing virulence may mean that ICU occu-
pancy is no longer a good indicator of transmission and hence should not be used to make
mitigation decisions. Whether and when to implement mitigation will need to increasingly
depend on more direct measures of transmission. Nevertheless, it remains crucial to monitor
COVID-19 hospitalizations and ICU occupancies and to have fail-safe thresholds in place to
allow timely action to prevent severe illness and deaths.

The presented framework with probabilities of overflow for different mitigation and transmis-
sion scenarios can be applied to other locations to inform selection of thresholds under the con-
sideration of local contexts. Since determinants of overflow probability also change over time,
continuous reapplication of the model to provide overflow probabilities would be required.

Conclusions

We used a SARS-CoV-2 and COVID-19 disease transmission model to evaluate how ICU occu-
pancy can be used as an indicator for triggering new mitigations in response to increasing trans-
mission in Chicago, USA. The model suggests that a threshold of at most 60% ICU occupancy
can reliably prevent exceeding capacity, and amount of transmission increase, mitigation
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strength, and anticipated delays in mitigation effects are important factors when selecting thresh-
olds. In each area, the appropriate threshold will further depend on the options available for miti-
gation, feasible mitigation compliance levels, and tolerable durations of intensified mitigation.

Supporting information

S1 Text. Technical supplement and additional results figures.
(DOCX)

Acknowledgments

We thank Chinyere Alu, Stacey Hoferka Jensen, Megan Patel, and Dejan Jovanov from IDPH
and Michele Atkinson and Sara Rogers from Civis Analytics for data extraction and data man-
agement. We thank Stephen Hoover, Arthi Ramachandran, and Jackson Lee of Civis Analytics
for technical assistance in developing the simulation software. We thank Ross York-Erwin from
Northwestern Memorial Hospital for data insights and helpful discussions. We thank Janna
Nugent and Scott Coughlin from Northwestern Research Computing for building a CMS docker
on Linux and technical support on HPC. We thank Chris Lorton of the Institute for Disease
Modeling for assistance on using the CMS software. We thank Ron Ackermann, Abel Kho,
Nicholas Soulakis, and Theresa Walunas of Northwestern University for facilitating the connec-
tion with IDPH. We thank the Illinois COVID-19 Task Force: Sarah Cobey, Crystal Son, Jona-
than Ozik, Charles Macal, Sergei Maslov, and Nigel Goldenfield for helpful discussions as well as
Katie Gostic, Frank Wen, Sylvia Ranjeva, Lindsay Keegan, and Wayne Duffus. We thank Ariel
Chandler, Brittany Hagedorn, Farhad Ghamsari, Aadrita Nandi, Ifeoma Ozodiegwu, Kamaldeen
Okuneye, Keith Walewski, Kevin Yu, Kristyn Krolikowski, Tracy Guo, Zara Saldanha, and Gar-
rett Eickelberg for technical and management support during the pandemic early in 2020. We
thank Sebastian Rodriguez and Ben Toh for helpful comments on the draft manuscript.

This research was supported in part through the computational resources and staff contri-
butions provided for the Quest high performance computing facility at Northwestern Univer-
sity, which is jointly supported by the Office of the Provost, the Office for Research, and
Northwestern University Information Technology.

Author Contributions

Conceptualization: Manuela Runge, Jane Fornoff, Ngozi O. Ezike, Jaline Gerardin.
Data curation: Jane Fornoff, Sarah Patrick, Jaline Gerardin.

Formal analysis: Manuela Runge, Reese A. K. Richardson.

Funding acquisition: Jaline Gerardin.

Investigation: Manuela Runge, Reese A. K. Richardson, Arielle Bell, Tobias M. Holden, Man-
isha Singam, Natsumi Tsuboyama, Philip Arevalo.

Methodology: Manuela Runge, Reese A. K. Richardson, Patrick A. Clay.
Project administration: Jaline Gerardin.

Resources: Sarah Patrick, Ngozi O. Ezike, Jaline Gerardin.

Software: Manuela Runge, Reese A. K. Richardson, Patrick A. Clay, Arielle Bell.
Supervision: Jaline Gerardin.

Validation: Manuela Runge.

PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0000308 May 5, 2022 14/17


http://journals.plos.org/globalpublichealth/article/asset?unique&id=info:doi/10.1371/journal.pgph.0000308.s001
https://doi.org/10.1371/journal.pgph.0000308

PLOS GLOBAL PUBLIC HEALTH

Modeling robust COVID-19 intensive care unit occupancy thresholds

Visualization: Manuela Runge.

Writing - original draft: Manuela Runge, Jaline Gerardin.

Writing - review & editing: Manuela Runge, Reese A. K. Richardson, Patrick A. Clay, Arielle

Bell, Tobias M. Holden, Manisha Singam, Natsumi Tsuboyama, Philip Arevalo, Jane Forn-
off, Sarah Patrick, Ngozi O. Ezike, Jaline Gerardin.

References

1.

10.

1.

12

13.

14.

15.

16.

Bergquist S, Otten T, Sarich N. COVID-19 pandemic in the United States. Health Policy Technol. 2020
[cited 16 Sep 2020]. https://doi.org/10.1016/j.hIpt.2020.08.007 PMID: 32874854

Times TNY. See Reopening Plans and Mask Mandates for All 50 States. The New York Times. 18 Jun
2020 [cited 12 May 2021]. Available from: https://www.nytimes.com/interactive/2020/us/states-reopen-
map-coronavirus.html.

Schoen DM John W. Coronavirus cases: These states face biggest potential shortfalls in hospital ICU
beds. In: CNBC [Internet]. 6 Apr 2020 [cited 11 May 2021]. Available from: https://www.cnbc.com/2020/
04/06/coronavirus-cases-states-with-biggest-hospital-bed-shortfalls.html.

Marshall JC, Bosco L, Adhikari NK, Connolly B, Diaz JV, Dorman T, et al. What is an intensive care
unit? A report of the task force of the World Federation of Societies of Intensive and Critical Care Medi-
cine. J Crit Care. 2017; 37: 270-276. https://doi.org/10.1016/j.jcrc.2016.07.015 PMID: 27612678

Maves RC, Downar J, Dichter JR, Hick JL, Devereaux A, Geiling JA, et al. Triage of Scarce Critical
Care Resources in COVID-19 An Implementation Guide for Regional Allocation: An Expert Panel
Report of the Task Force for Mass Critical Care and the American College of Chest Physicians.
CHEST. 2020; 158: 212-225. https://doi.org/10.1016/j.chest.2020.03.063 PMID: 32289312

Davoodi NM, Healy M, Goldberg EM. Rural America’s Hospitals are Not Prepared to Protect Older
Adults From a Surge in COVID-19 Cases. Gerontol Geriatr Med. 2020; 6: 2333721420936168. hitps://
doi.org/10.1177/2333721420936168 PMID: 32685610

Orgera K, McDermott D, Rae M, Claxton G, Koma W, Cox C. Urban and rural differences in coronavirus
pandemic preparedness. In: Peterson-KFF Health System Tracker [Internet]. [cited 24 May 2021].
Available from: https://www.healthsystemtracker.org/brief/urban-and-rural-differences-in-coronavirus-
pandemic-preparedness/.

Grasselli G, Pesenti A, Cecconi M. Critical Care Utilization for the COVID-19 Outbreak in Lombardy,
Italy: Early Experience and Forecast During an Emergency Response. JAMA. 2020; 323: 1545. https://
doi.org/10.1001/jama.2020.4031 PMID: 32167538

Oliveira E, Parikh A, Lopez-Ruiz A, Carrilo M, Goldberg J, Cearras M, et al. ICU outcomes and survival
in patients with severe COVID-19 in the largest health care system in central Florida. PLOS ONE. 2021;
16: €0249038. https://doi.org/10.1371/journal.pone.0249038 PMID: 33765049

CDCMMWR. Geographic Differences in COVID-19 Cases, Deaths, and Incidence—United States,
February 12—April 7, 2020. MMWR Morb Mortal Wkly Rep. 2020;69. https://doi.org/10.15585/mmuwr.
mm6915e4 PMID: 32298250

Myers LC, Parodi SM, Escobar GJ, Liu VX. Characteristics of Hospitalized Adults With COVID-19in an
Integrated Health Care System in California. JAMA. 2020; 323: 2195. hitps://doi.org/10.1001/jama.
2020.7202 PMID: 32329797

Bhatraju PK, Ghassemieh BJ, Nichols M, Kim R, Jerome KR, Nalla AK, et al. Covid-19 in Critically Il
Patients in the Seattle Region—Case Series. N Engl J Med. 2020 [cited 24 May 2021]. Available from:
https://www.nejm.org/doi/10.1056/NEJM0a2004500 PMID: 32227758

Abir M, Nelson C, Chan EW, Al-Ibrahim H, Cutter C, Patel K, et al. Critical Care Surge Response Strate-
gies for the 2020 COVID-19 Outbreak in the United States.: 49.

Aziz S, Arabi YM, Alhazzani W, Evans L, Citerio G, Fischkoff K, et al. Managing ICU surge during the
COVID-19 crisis: rapid guidelines. Intensive Care Med. 2020; 46: 1303—1325. https://doi.org/10.1007/
s00134-020-06092-5 PMID: 32514598

Bardi T, Gomez-Rojo M, Candela-Toha AM, de Pablo R, Martinez R, Pestaria D. Rapid response to
COVID-19, escalation and de-escalation strategies to match surge capacity of Intensive Care beds to a
large scale epidemic. Rev Esp Anestesiol Reanim Engl Ed. 2021; 68: 21-27. https://doi.org/10.1016/j.
redar.2020.09.003 PMID: 33293100

llinois Department of Public Health (IDPH). Actions to Combat a Resurgence of COVID-19. In: State of
lllinois Coronavirus Response. [Internet]. 2020 [cited 19 Sep 2020]. Available from: https://coronavirus.
illinois.gov/s/restore-illinois-mitigation-plan.

PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0000308 May 5, 2022 15/17


https://doi.org/10.1016/j.hlpt.2020.08.007
http://www.ncbi.nlm.nih.gov/pubmed/32874854
https://www.nytimes.com/interactive/2020/us/states-reopen-map-coronavirus.html
https://www.nytimes.com/interactive/2020/us/states-reopen-map-coronavirus.html
https://www.cnbc.com/2020/04/06/coronavirus-cases-states-with-biggest-hospital-bed-shortfalls.html
https://www.cnbc.com/2020/04/06/coronavirus-cases-states-with-biggest-hospital-bed-shortfalls.html
https://doi.org/10.1016/j.jcrc.2016.07.015
http://www.ncbi.nlm.nih.gov/pubmed/27612678
https://doi.org/10.1016/j.chest.2020.03.063
http://www.ncbi.nlm.nih.gov/pubmed/32289312
https://doi.org/10.1177/2333721420936168
https://doi.org/10.1177/2333721420936168
http://www.ncbi.nlm.nih.gov/pubmed/32685610
https://www.healthsystemtracker.org/brief/urban-and-rural-differences-in-coronavirus-pandemic-preparedness/
https://www.healthsystemtracker.org/brief/urban-and-rural-differences-in-coronavirus-pandemic-preparedness/
https://doi.org/10.1001/jama.2020.4031
https://doi.org/10.1001/jama.2020.4031
http://www.ncbi.nlm.nih.gov/pubmed/32167538
https://doi.org/10.1371/journal.pone.0249038
http://www.ncbi.nlm.nih.gov/pubmed/33765049
https://doi.org/10.15585/mmwr.mm6915e4
https://doi.org/10.15585/mmwr.mm6915e4
http://www.ncbi.nlm.nih.gov/pubmed/32298250
https://doi.org/10.1001/jama.2020.7202
https://doi.org/10.1001/jama.2020.7202
http://www.ncbi.nlm.nih.gov/pubmed/32329797
https://www.nejm.org/doi/10.1056/NEJMoa2004500
http://www.ncbi.nlm.nih.gov/pubmed/32227758
https://doi.org/10.1007/s00134-020-06092-5
https://doi.org/10.1007/s00134-020-06092-5
http://www.ncbi.nlm.nih.gov/pubmed/32514598
https://doi.org/10.1016/j.redar.2020.09.003
https://doi.org/10.1016/j.redar.2020.09.003
http://www.ncbi.nlm.nih.gov/pubmed/33293100
https://coronavirus.illinois.gov/s/restore-illinois-mitigation-plan
https://coronavirus.illinois.gov/s/restore-illinois-mitigation-plan
https://doi.org/10.1371/journal.pgph.0000308

PLOS GLOBAL PUBLIC HEALTH

Modeling robust COVID-19 intensive care unit occupancy thresholds

17.

18.

19.

20.

21,

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Duque D, Morton DP, Singh B, Du Z, Pasco R, Meyers LA. Timing social distancing to avert unmanage-
able COVID-19 hospital surges. Proc Natl Acad Sci. 2020 [cited 12 Aug 2020]. https://doi.org/10.1073/
pnas.2009033117 PMID: 32727898

Yang H., Siirer O., Duque D. et al. Design of COVID-19 staged alert systems to ensure healthcare
capacity with minimal closures. Nat Commun 12, 3767 (2021). https://doi.org/10.1038/s41467-021-
23989-x PMID: 34145252

Moghadas SM, Shoukat A, Fitzpatrick MC, Wells CR, Sah P, Pandey A, et al. Projecting hospital utiliza-
tion during the COVID-19 outbreaks in the United States. Proc Natl Acad Sci. 2020 [cited 4 Apr 2020].
https://doi.org/10.1073/pnas.2004064117 PMID: 32245814

Shoukat A, Wells CR, Langley JM, Singer BH, Galvani AP, Moghadas SM. Projecting demand for criti-
cal care beds during COVID-19 outbreaks in Canada. CMAJ. 2020; 192: E489—-E496. https://doi.org/
10.1503/cmaj.200457 PMID: 32269020

Baas S, Dijkstra S, Braaksma A, van Rooij P, Snijders FJ, Tiemessen L, et al. Real-time forecasting of
COVID-19 bed occupancy in wards and Intensive Care Units. Health Care Manag Sci. 2021 [cited 3 Apr
2021]. https://doi.org/10.1007/s10729-021-09553-5 PMID: 33768389

Deasy J, Rocheteau E, Kohler K, Stubbs DJ, Barbiero P, Lio P, et al. Forecasting Ultra-early Intensive
Care Strain from COVID-19 in England, v1.1.4. medRxiv. 2020; 2020.03.19.20039057. https://doi.org/
10.1101/2020.03.19.20039057

Shattock AJ, Le Rutte EA, Diinner RP, Sen S, Kelly SL, Chitnis N, et al. Impact of vaccination and non-
pharmaceutical interventions on SARS-CoV-2 dynamics in Switzerland. Epidemics. 2022; 38: 100535.
https://doi.org/10.1016/j.epidem.2021.100535 PMID: 34923396

Ritter M, Ott DVM, Paul F, Haynes J-D, Ritter K. COVID-19: a simple statistical model for predicting
intensive care unit load in exponential phases of the disease. Sci Rep. 2021; 11: 5018. https://doi.org/
10.1038/s41598-021-83853-2 PMID: 33658593

Goic M, Bozanic-Leal MS, Badal M, Basso LJ. COVID-19: Short-term forecast of ICU beds in times
of crisis. PLOS ONE. 2021; 16: e0245272. https://doi.org/10.1371/journal.pone.0245272 PMID:
33439917

Mayorga L, Garcia Samartino C, Flores G, Masuelli S, Sdnchez MV, Mayorga LS, et al. A modelling
study highlights the power of detecting and isolating asymptomatic or very mildly affected individuals for
COVID-19 epidemic management. BMC Public Health. 2020; 20: 1809. https://doi.org/10.1186/
$12889-020-09843-7 PMID: 33246432

Bureau UC. 2018 American Community Survey Single-Year Estimates. In: The United States Census
Bureau [Internet]. [cited 14 Sep 2020]. Available from: https://www.census.gov/newsroom/press-kits/
2019/acs-1year.html.

Emergency Medical Services | IDPH. [cited 21 May 2021]. Available from: https://dph.illinois.gov/topics-
services/emergency-preparedness-response/ems.

Ghinai I, McPherson TD, Hunter JC, Kirking HL, Christiansen D, Joshi K, et al. First known person-to-
person transmission of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) in the USA.
The Lancet. 2020;0. https://doi.org/10.1016/S0140-6736(20)30607-3 PMID: 32178768

State of lllinois. State of lllinois: Coronavirus (COVID-19) Response. New. 2020 [cited 1 Oct 2020].
Available from: https://www2.illinois.gov/sites/coronavirus/Pages/news.aspx.

City of Chicago. Official Advisory from the Mayor of the City of Chicago. Chicago: City of Chicago, Chi-
cago Department of Public Health; 2020 Nov. Available from: https://www.chicago.gov/content/dam/
city/sites/covid/health-orders/201120_City-of-Chicago-Stay-at-Home-Advisory.pdf.

Lorton CW, Proctor JL, Roh MK, Welkhoff PA. Compartmental Modeling Software: A Fast, Discrete Sto-
chastic Framework for Biochemical and Epidemiological Simulation. In: Bortolussi L, Sanguinetti G, edi-
tors. Computational Methods in Systems Biology. Cham: Springer International Publishing; 2019. pp.
308-314. https://doi.org/10.1007/978-3-030-31304-3_18

Van Rossum G, Drake FL. Python 3 Reference Manual. Scotts Valley, CA: CreateSpace; 2009. Avail-
able from: https://www.python.org/.

R Core Team. R: A language and environment for statistical computing. Vienna, Austria: R Foundation
for Statistical Computing; 2020. Available from: https://www.r-project.org/.

Holden T.M., Richardson R.A.K., Arevalo P. et al. Geographic and demographic heterogeneity of
SARS-CoV-2 diagnostic testing in lllinois, USA, March to December 2020. BMC Public Health 21, 1105
(2021). https://doi.org/10.1186/s12889-021-11177-x PMID: 34107947

lllinois Department of Public Health (IDPH). lllinois National Electronic Disease Surveillance Sys-
tem. In: Infectious Disease Reporting [Internet]. 2021 [cited 1 Jun 2021]. Available from: https://
www.dph.illinois.gov/topics-services/diseases-and-conditions/infectious-diseases/infectious-
disease-reporting.

PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0000308 May 5, 2022 16/17


https://doi.org/10.1073/pnas.2009033117
https://doi.org/10.1073/pnas.2009033117
http://www.ncbi.nlm.nih.gov/pubmed/32727898
https://doi.org/10.1038/s41467-021-23989-x
https://doi.org/10.1038/s41467-021-23989-x
http://www.ncbi.nlm.nih.gov/pubmed/34145252
https://doi.org/10.1073/pnas.2004064117
http://www.ncbi.nlm.nih.gov/pubmed/32245814
https://doi.org/10.1503/cmaj.200457
https://doi.org/10.1503/cmaj.200457
http://www.ncbi.nlm.nih.gov/pubmed/32269020
https://doi.org/10.1007/s10729-021-09553-5
http://www.ncbi.nlm.nih.gov/pubmed/33768389
https://doi.org/10.1101/2020.03.19.20039057
https://doi.org/10.1101/2020.03.19.20039057
https://doi.org/10.1016/j.epidem.2021.100535
http://www.ncbi.nlm.nih.gov/pubmed/34923396
https://doi.org/10.1038/s41598-021-83853-2
https://doi.org/10.1038/s41598-021-83853-2
http://www.ncbi.nlm.nih.gov/pubmed/33658593
https://doi.org/10.1371/journal.pone.0245272
http://www.ncbi.nlm.nih.gov/pubmed/33439917
https://doi.org/10.1186/s12889-020-09843-7
https://doi.org/10.1186/s12889-020-09843-7
http://www.ncbi.nlm.nih.gov/pubmed/33246432
https://www.census.gov/newsroom/press-kits/2019/acs-1year.html
https://www.census.gov/newsroom/press-kits/2019/acs-1year.html
https://dph.illinois.gov/topics-services/emergency-preparedness-response/ems
https://dph.illinois.gov/topics-services/emergency-preparedness-response/ems
https://doi.org/10.1016/S0140-6736(20)30607-3
http://www.ncbi.nlm.nih.gov/pubmed/32178768
https://www2.illinois.gov/sites/coronavirus/Pages/news.aspx
https://www.chicago.gov/content/dam/city/sites/covid/health-orders/201120_City-of-Chicago-Stay-at-Home-Advisory.pdf
https://www.chicago.gov/content/dam/city/sites/covid/health-orders/201120_City-of-Chicago-Stay-at-Home-Advisory.pdf
https://doi.org/10.1007/978-3-030-31304-3_18
https://www.python.org/
https://www.r-project.org/
https://doi.org/10.1186/s12889-021-11177-x
http://www.ncbi.nlm.nih.gov/pubmed/34107947
https://www.dph.illinois.gov/topics-services/diseases-and-conditions/infectious-diseases/infectious-disease-reporting
https://www.dph.illinois.gov/topics-services/diseases-and-conditions/infectious-diseases/infectious-disease-reporting
https://www.dph.illinois.gov/topics-services/diseases-and-conditions/infectious-diseases/infectious-disease-reporting
https://doi.org/10.1371/journal.pgph.0000308

PLOS GLOBAL PUBLIC HEALTH

Modeling robust COVID-19 intensive care unit occupancy thresholds

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

Wang D, Hu B, Hu C, Zhu F, Liu X, Zhang J, et al. Clinical Characteristics of 138 Hospitalized Patients
With 2019 Novel Coronavirus—Infected Pneumonia in Wuhan, China. JAMA. 2020; 323: 1061-1069.
https://doi.org/10.1001/jama.2020.1585 PMID: 32031570

BiQ,WuY, MeiS, Ye C, Zou X, Zhang Z, et al. Epidemiology and Transmission of COVID-19 in Shen-
zhen China: Analysis of 391 cases and 1,286 of their close contacts. Infectious Diseases (except HIV/
AIDS); 2020 Mar. https://doi.org/10.1101/2020.03.03.20028423

Hilfiker L, Josi J. epyestim. Python package to estimate the time-varying effective reproduction number
of an epidemic from reported case numbers. 2020. Available from: https://github.com/lo-hfk/epyestim.

Cori A, Cauchemez S, Ferguson NM, Dahlqwist E, Demarsh PA, Jombart T, et al. EpiEstim: Estimate
Time Varying Reproduction Numbers from Epidemic Curves. 2020. Available from: https://CRAN.R-
project.org/package=EpiEstim.

Sammut C, Webb Gl, editors. Mean Absolute Error. Encyclopedia of Machine Learning. Boston, MA:
Springer US; 2010. pp. 652—-652. https://doi.org/10.1007/978-0-387-30164-8_525

Frasco M, Hamner B, LeDell E. Evaluation Metrics for Machine Learning. 2018. Available from: https://
github.com/mfrasco/Metrics. https://doi.org/10.1016/j.sapharm.2017.05.009 PMID: 28559004

Backer JA, Klinkenberg D, Wallinga J. Incubation period of 2019 novel coronavirus (2019-nCoV) infec-
tions among travellers from Wuhan, China, 20—-28 January 2020. Eurosurveillance. 2020;25. https://doi.
org/10.2807/1560-7917.ES.2020.25.5.2000062 PMID: 32046819

Levin AB, Bernier ML, Riggs BJ, Zero SD, Johnson ED, Brant KN, et al. Transforming a PICU Into an
Adult ICU During the Coronavirus Disease 2019 Pandemic: Meeting Multiple Needs. Crit Care Explor.
2020; 2: e0201. https://doi.org/10.1097/CCE.0000000000000201 PMID: 32984831

Donker T, Birkin F, Wolkewitz M, Haverkamp C, Christoffel D, Kappert O, et al. Navigating hospitals
safely through the COVID-19 epidemic tide: predicting case load for adjusting bed capacity. Infect Con-
trol Hosp Epidemiol. undefined/ed; 1-14. https://doi.org/10.1017/ice.2020.464 PMID: 32928337

Gevertz JL, Greene JM, Sanchez-Tapia CH, Sontag ED. A novel COVID-19 epidemiological model with
explicit susceptible and asymptomatic isolation compartments reveals unexpected consequences of
timing social distancing. J Theor Biol. 2021; 510: 110539. https://doi.org/10.1016/}.jtbi.2020.110539
PMID: 33242489

Ayouni I, Maatoug J, Dhouib W, Zammit N, Fredj SB, Ghammam R, et al. Effective public health mea-
sures to mitigate the spread of COVID-19: a systematic review. BMC Public Health. 2021; 21: 1015.
https://doi.org/10.1186/s12889-021-11111-1 PMID: 34051769

Holtz D, Zhao M, Benzell SG, Cao CY, Rahimian MA, Yang J, et al. Interdependence and the cost of
uncoordinated responses to COVID-19. Proc Natl Acad Sci U S A. 2020; 117: 19837-19843. https:/
doi.org/10.1073/pnas.2009522117 PMID: 32732433

Fort D, Seoane L, Unis GD, Price-Haywood EG. Locally Informed Modeling to Predict Hospital and
Intensive Care Unit Capacity During the COVID-19 Epidemic. Ochsner J. 2020; 20: 285-292. https://
doi.org/10.31486/10j.20.0073 PMID: 33071661

Mody A, Lyons PG, Guillamet CV, Michelson A, Yu S, Namwase AS, et al. The Clinical Course of
COVID-19 Disease in a US Hospital System: a Multi-state Analysis. Am J Epidemiol. 2020 [cited 26
Dec 2020]. https://doi.org/10.1093/aje/kwaa286 PMID: 33351077

PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0000308 May 5, 2022 17/17


https://doi.org/10.1001/jama.2020.1585
http://www.ncbi.nlm.nih.gov/pubmed/32031570
https://doi.org/10.1101/2020.03.03.20028423
https://github.com/lo-hfk/epyestim
https://CRAN.R-project.org/package=EpiEstim
https://CRAN.R-project.org/package=EpiEstim
https://doi.org/10.1007/978-0-387-30164-8_525
https://github.com/mfrasco/Metrics
https://github.com/mfrasco/Metrics
https://doi.org/10.1016/j.sapharm.2017.05.009
http://www.ncbi.nlm.nih.gov/pubmed/28559004
https://doi.org/10.2807/1560-7917.ES.2020.25.5.2000062
https://doi.org/10.2807/1560-7917.ES.2020.25.5.2000062
http://www.ncbi.nlm.nih.gov/pubmed/32046819
https://doi.org/10.1097/CCE.0000000000000201
http://www.ncbi.nlm.nih.gov/pubmed/32984831
https://doi.org/10.1017/ice.2020.464
http://www.ncbi.nlm.nih.gov/pubmed/32928337
https://doi.org/10.1016/j.jtbi.2020.110539
http://www.ncbi.nlm.nih.gov/pubmed/33242489
https://doi.org/10.1186/s12889-021-11111-1
http://www.ncbi.nlm.nih.gov/pubmed/34051769
https://doi.org/10.1073/pnas.2009522117
https://doi.org/10.1073/pnas.2009522117
http://www.ncbi.nlm.nih.gov/pubmed/32732433
https://doi.org/10.31486/toj.20.0073
https://doi.org/10.31486/toj.20.0073
http://www.ncbi.nlm.nih.gov/pubmed/33071661
https://doi.org/10.1093/aje/kwaa286
http://www.ncbi.nlm.nih.gov/pubmed/33351077
https://doi.org/10.1371/journal.pgph.0000308

