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Abstract

Background: In January 2020, an outbreak of atypical pneumonia caused by a novel coronavirus, SARS-CoV-2, was
reported in Wuhan, China. On Jan 23, 2020, the Chinese government instituted mitigation strategies to control spread.
Most modeling studies have focused on projecting epidemiological outcomes throughout the pandemic. However,
the impact and optimal timing of different mitigation approaches have not been well-studied.

Methods: We developed a mathematical model reflecting SARS-CoV-2 transmission dynamics in an age-stratified
population. The model simulates health and economic outcomes from Dec 1, 2019 through Mar 31, 2020 for cities
including Wuhan, Chongqing, Beijing, and Shanghai in China. We considered differences in timing and duration of
three mitigation strategies in the early phase of the epidemic: city-wide quarantine on Wuhan, travel history screening
and isolation of travelers from Wuhan to other Chinese cities, and general social distancing.

Results: Our model estimated that implementing all three mitigation strategies one week earlier would have averted
35% of deaths in Wuhan (50% in other cities) with a 7% increase in economic impacts (16-18% in other cities). One
week’s delay in mitigation strategy initiation was estimated to decrease economic cost by the same amount, but with
35% more deaths in Wuhan and more than 80% more deaths in the other cities. Of the three mitigation approaches,
infections and deaths increased most rapidly if initiation of social distancing was delayed. Furthermore, social
distancing of working-age adults was most critical to reducing COVID-19 outcomes versus social distancing among
children and/or the elderly.

Conclusions: Optimizing the timing of epidemic mitigation strategies is paramount and involves weighing trade-offs
between preventing infections and deaths and incurring immense economic impacts. City-wide quarantine was not
as effective as city-wide social distancing due to its much higher daily cost than social distancing. Under typical
economic evaluation standards, the optimal timing for the full set of control measures would have been much later
than Jan 23, 2020 (status quo).
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Background
In January 2020, an outbreak of atypical pneumo-
nia caused by a novel coronavirus, SARS-CoV-2, was

*Correspondence: eenns@umn.edu
2Division of Health Policy and Management, University of Minnesota School of
Public Health, 420 Delaware St SE, MMC 729 Mayo, 55455 Minneapolis, USA
Full list of author information is available at the end of the article

reported in Wuhan, China. The outbreak quickly grew
and expanded to other cities and countries. At the end of
January, there were nearly 10,000 confirmed COVID-19
cases, and over 200 reported deaths in China [1]. On
Jan 23, 2020, the Chinese government instituted a variety
of mitigation strategies to control viral spread, includ-
ing a city-wide quarantine in the city of Wuhan, mass
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social distancing in other Chinese cities, and identification
and isolation of those in other major Chinese cities with
recent travel to Wuhan [2]. On Jan 31, 2020, the WHO
recognized the COVID-19 outbreak as a “Public Health
Emergency of International Concern”; on Mar 11, 2020,
COVID-19 was declared a global pandemic [1].
Despite the actions taken by the Chinese government,

the number of confirmed COVID-19 cases grew to 45,000
in mid-February and 80,000 by early March [1]. Initially,
the Chinese government was criticized for not acting
quickly enough to contain the outbreak. However, as
global spread continued and other regions struggled to
address sustained local transmission, countries like China
have been praised for their swift enactment of extensive
control measures [3, 4]. By April, new cases in China
were declining, while other regions were still experiencing
initial waves of exponential growth [1].
In responding to an infectious disease outbreak, gov-

ernments are faced with questions of both when to enact
control measures, such as mandated social distancing
or city-wide quarantining, and for how long. Enacting
measures early stems transmission and results in fewer
cases and deaths; however, extreme measures come at
substantial economic costs and disruption to daily life
[5, 6]. On the other hand, actions that come too late
will have allowed more widespread transmission that may
ultimately be more costly to contain.
Previous studies evaluating COVID-19 control mea-

sures have primarily focused on epidemiological out-
comes only, with no consideration of economic impacts.
For example, Wu et. al. [7] conducted a simulation study
using a susceptible-exposed-infectious-recovered (SEIR)
metapopulation model to simulate SARS-CoV-2 trans-
mission and estimate the extent of domestic and inter-
national spread. Leung et. al. [8] used a similar model
to investigate the impact of relaxing control measures
on COVID-19 cases after the first wave of infection
in China. Prem et. al. [9] used an age-structured SEIR
model to assess the impact of different social mixing pat-
terns on COVID-19 epidemiological outcomes inWuhan.
None of the aforementioned studies have studied the
trade-off between averting COVID-19 through social and
economic restrictions and the economic costs of these
policies.
In this study, we use a mathematical model of COVID-

19 to explore how differences in the timing and duration
of mitigation strategies would have impacted both epi-
demiological and economic outcomes in Wuhan, China,
the epicenter of the epidemic, as well as in three
highly-connected Chinese cities (Chongqing, Beijing, and
Shanghai).While ourmodel specifically focuses on the sit-
uation in these four Chinese cities, our analysis provides
insights into decision-making trade-offs in the context of

the COVID-19 epidemic mitigation that are applicable to
other localities.

Methods
We developed a mathematical model to reflect SARS-
CoV-2 transmission dynamics within and between four
major Chinese cities: Wuhan, Chongqing, Beijing, and
Shanghai. We modeled the outbreak as starting on Dec
1, 2019 with a zoonotic source in Wuhan. While there
is some evidence that SARS-CoV-2 may have been cir-
culating at low levels 1-2 months prior, sustained viral
transmission was likely established in late November or
early December, justifying our start date [10]. We sim-
ulated outcomes through Mar 31, 2020 to capture the
early health and economic impacts of the SARS-CoV-
2 pandemic and mitigation strategies reflected in the
first quarter of 2020. We calibrated the model to match
observed COVID-19 morbidity and mortality statistics
over the simulation period in Wuhan [11, 12], account-
ing for the actual timing of control measures put in place
by the Chinese government as the outbreak evolved. We
then used the calibrated model to predict epidemiological
and economic outcomes over the simulated time horizon
under the status quo and counterfactual policy mitigation
scenarios.
We present the health state transition diagrams in

Figs. 1 and 2. Model parameters are summarized in
Table 1. Additional model details, including the dif-
ferential equations governing the model dynamics, are
provided in Additional file 1 — Technical Appendix,
Section 1. The simulation source code can be found
on Github at: https://github.com/Anthony-zh-Zhang/
COVID_19_model.

Disease transmission and progression
SARS-CoV-2 transmission within each city was mod-
eled following a Susceptible-Exposed-Infected-Recovered
(SEIR) dynamic compartmental model, which is com-
monly used for COVID-19 modelling [7–9]. The modeled
population was stratified into three age categories: 0-19
years old (“Youth”), 20-59 years old (“Adults”), and 60
years old and older (“Elderly”). This stratification allowed
us to capture age-specific mortality rates, differences
in contact patterns, and age-targeted social distancing
strategies.
The proportion of susceptible individuals becoming

infected at each time step in a given age category was
calculated by multiplying the number of contacts of each
age category, the age-specific prevalence of SARS-CoV-2
infection at that time step, and the per-contact transmis-
sion rate. The contact mixing matrix, which summarizes
the number of daily contacts for each age category with
every other age category, was estimated from an age-
mixing study in Southern China [14].

https://github.com/Anthony-zh-Zhang/COVID_19_model
https://github.com/Anthony-zh-Zhang/COVID_19_model
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Fig. 1 State transition diagram for the Wuhan model. States include Susceptible (S), Exposed (E), Infected and asymptomatic (IA), Infected and
symptomatic (IS), and Recovered (R). Each day, individuals may stay in their current health state, progress to another possible health state, leave
Wuhan (outbound travel), or arrive in Wuhan (inbound travel). We assumed that individuals arriving in Wuhan were all susceptible. Given the short
time horizon, we only modeled death due to symptomatic COVID-19 infections. All compartments were stratified by age

The daily per-contact transmission rate was estimated
through calibration. We assumed that symptomatic and
asymptomatic infections had the same per-contact proba-
bility of transmission due to similar levels of viral shedding
regardless of symptom status [19, 20]. We varied this
assumption in the sensitivity analysis. Susceptible individ-

uals who become infected first transition to the exposed
compartment. The rates of progression from the exposed
to the infected compartment and from the infected to
the recovered compartment were calculated to reflect the
average incubation and infectious periods, respectively.
Age-specific COVID-19 mortality rates were estimated

Fig. 2 State transition diagram for models of other Chinese cities (Chongqing, Beijing, and Shanghai). States include Susceptible (S), Exposed (E),
Infected and asymptomatic (IA), Infected and symptomatic (IS), and Recovered (R). Subscript L denotes compartments for the local city population,
while subscriptW denotes individuals who have arrived fromWuhan. Compartments with subscripts Q1 through Q14 are used to represent a 14-day
isolation period for travelers arriving from Wuhan. When travel history screening is active, individuals arriving from Wuhan enter the set of Q1

compartments. After progressing through the 14 quarantine states, individuals return to the corresponding non-quarantined compartments, except
for those in the IS compartment who remain quarantined until their illness is resolved (either through recovery or death)
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through calibration. In this model, as a simplification,
we do not explicitly include separate health care utiliza-
tion states; however, we do account for health care costs
that reflect age-specific rates of health care utilization
as well as the delays between infection and death, for
fatal COVID-19 cases, reflecting the long hospital stays
of severe COVID-19 cases. The infectious period here
reflects the time from infectiousness until self-isolation
due to symptoms or hospitalization. Given that the dura-
tion of hospitalization can be extensive, we included a
delay in the aggregation of deaths to account for the time
spent hospitalized prior to death. Thus, individuals in the
“Youth” and “Adult” age categories who transitioned to
death were counted 20 days later to account for this delay,
while individuals in the “Elderly” age category had a 11-
day reporting delay, given their higher likelihood of rapid
decline [13].

Inter-city travel
The model also included terms reflecting travel to and
from Wuhan. Travel volumes were taken to be the same
as those estimated by Wu et al. [7]. All incoming trav-
elers to Wuhan were assumed to arrive susceptible over
the simulated time horizon given the relatively low preva-
lence of SARS-CoV-2 infection outside of Wuhan over
this time period. The prevalence of infection among out-
bound travelers fromWuhan on a given day was assumed
to be the same as the prevalence within Wuhan. For the
cities of Chongqing, Beijing, and Shanghai, the propor-
tion of Wuhan outbound travelers arriving in each city
was estimated from a publicly available database report-
ing daily travel volumes between Chinese cities estimated
from location data collected by Baidu, a Chinese inter-
net search engine company [16]. The database provides
estimates of travel patterns between Chinese cities from
January 1, 2020 onward [16].

Control measures
The model allowed for three different types of control
measures (or mitigation strategies) to mitigate SARS-
CoV-2 spread: 1) social distancing (either society-wide or
among certain age groups); 2) travel history-based quar-
antining for those with recent travel to Wuhan (applicable
only to Chongqing, Beijing, and Shanghai), and 3) city-
wide quarantine (applicable only to Wuhan). Social dis-
tancing was assumed to reduce the number of daily con-
tacts by 50% among applicable age categories [21]. Travel
history-based quarantining was defined as identifying and
isolating individuals with recent travel to Wuhan within a
certain time window (14 days in our model). In the base
case, we assumed that travel history-based quarantining
was 100% effective (varied in sensitivity analysis) at identi-
fying all individuals who had arrived from Wuhan within
14 days of the strategy implementation and accurately

identifying and isolated all Wuhan-originating individu-
als upon arrival in each city. We varied this assumption
in the sensitivity analysis. While quarantined, individuals
were assumed to have no contact with others, eliminating
potential transmission or infection. We only considered a
city-wide quarantine for Wuhan, the epicenter of the epi-
demic, which had the effect of reducing outbound and
inbound travel volumes by 92.37% and 95.62%, respec-
tively, as observed in Baidu travel data [16].
To accommodate the potential policy of quarantining of

travelers in Chongqing, Beijing, and Shanghai who have
recently arrived from Wuhan, the models for these three
cities include compartments stratified by travel history
(either having recently arrived fromWuhan or having had
no recent travel from Wuhan). When the travel-based
quarantining policy is inactive, this stratificationmakes no
difference to the model; however, when the policy is acti-
vated, a proportion of individuals with travel history from
Wuhan are immediately moved to a set of quarantined
states where contact is eliminated. Additionally, once the
travel history-based quarantining strategy is introduced,
a proportion α of individuals newly arriving from Wuhan
transition directly into the quarantined states. Varying α

allows us to consider different levels of effectiveness of the
travel screening efforts in identifying and reaching recent
arrivals. Further details on these calculations are provided
in Additional file 1 — Technical Appendix.

Model calibration and validation
The per-contact SARS-CoV-2 transmission rate and age-
specific COVID-19 infection mortality rates were esti-
mated through model calibration. We used Incremental
Mixture Importance Sampling (IMIS) [22, 23], a Bayesian
calibration approach, to estimate the posterior probabil-
ity distributions for the daily per-contact transmission
rate, the age-specific proportion of asymptomatic infec-
tions, and age-specific COVID-19 mortality rates. Cali-
bration targets included clinically confirmed cases in the
Elderly Group and cumulative deaths reported in surveil-
lance data through Mar 9, 2020 in Wuhan [11]. We also
calibrated to the age-distribution of COVID-19 deaths
reported as of Feb 11, 2020 in Wuhan, which was pub-
lished in a special public health report [12]. Model output
on the corresponding date for each target was used to
compute a likelihood goodness-of-fit (i.e. Mar 9, 2020
for cumulative Elderly cases and deaths; Feb 11, 2020 for
the age-distribution of cumulative deaths). We assumed
all “Elderly” individuals with symptomatic infections were
diagnosed and confirmed. In cities other than Wuhan,
mortality rates were assumed to be 85.7% lower than
Wuhan due to a less overwhelmed healthcare infrastruc-
ture based on a surveillance report describing the clinical
outcomes of COVID-19 patients during the early phase of
the epidemic in China [12].
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Table 1 Model input parameters and data sources

Variable Description Value (range) Source

Transmission parameters

βI per-contact SARS-CoV-2 transmission rate 3.90% (3.86% - 3.94%) Calibration

z Daily zoonotic force of infection before closure 86 Wu et al. [7]

COVID-19 daily mortality rate inWuhan, by age category

μ1 Youth 0.01% (0.00% - 0.01%) Calibration

μ2 Adult 0.55% (0.47% - 0.63%) Calibration

μ3 Elderly 5.61% (5.34% - 5.86%) Calibration

Mortality rate reduction for other cities, relative to Wuhan 85.7% China CDC [12]

Time from symptom onset to death, by age category

μ1 Youth 20 days Wang et al. [13]

μ2 Adult 20 days Wang et al. [13]

μ3 Elderly 11 days Wang et al. [13]

Daily number of contacts, by age category

M1 Youth 21 Estimated from Read et al. [14]

M2 Adult 20 Estimated from Read et al. [14]

M3 Elderly 15 Estimated from Read et al. [14]

Assortative mixing coefficient, by age

γ1 Youth 45.7% Estimated from Read et al. [14]

γ2 Adult 78.0% Estimated from Read et al. [14]

γ3 Elderly 5.5% Estimated from Read et al. [14]

Wuhan age distribution

Youth 18.89% National Bureau of Statistics [15]

Adult 68.43% National Bureau of Statistics [15]

Elderly 12.68% National Bureau of Statistics [15]

Chongqing age distribution

Youth 24.78% National Bureau of Statistics [15]

Adult 57.80% National Bureau of Statistics [15]

Elderly 17.42% National Bureau of Statistics [15]

Beijing age distribution

Youth 14.07% National Bureau of Statistics [15]

Adult 73.39% National Bureau of Statistics [15]

Elderly 12.54% National Bureau of Statistics [15]

Shanghai age distribution

Youth 13.48% National Bureau of Statistics [15]

Adult 71.44% National Bureau of Statistics [15]

Elderly 15.07% National Bureau of Statistics [15]

Proportion of infections that are symptomatic

ρ1 Youth 30.3% (5.4% - 65.3%) Calibration

ρ2 Adult 67.5% (61.8% - 74.3%) Calibration

ρ3 Elderly 42.8% (39.0% - 46.5%) Calibration
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Table 1 Model input parameters and data sources (Continued)

Variable Description Value (range) Source

Proportion of symptomatic infections
that receive clinical confirmation

Youth 9.5% (3.0% - 25.8%) Informed from model

Adult 81.9% (69.2% - 94.3%) Informed from model

Elderly 100% Informed from model

Travel volume in Wuhan (persons per
day)

T (w,c)(t) outbound, normal, 505,646 Wu et.al [7]

T (w,c)(t) outbound, chunyun, 720,859 Wu et.al [7]

T (c,w)(t) inbound, normal, 490,856 Wu et.al [7]

T (c,w)(t) inbound, chunyun, 814,046 Wu et.al [7]

inbound reduction during city-wide quaran-
tine

95.62% Baidu database [16]

outbound reduction during city-wide quar-
antine

92.37% Baidu database [16]

Proportion of outbound Wuhan travel
volume arriving in other Chinese cities

Chongqing, normal 1.27% Baidu database [16]

Beijing, normal 0.86% Baidu database [16]

Shanghai, normal 0.66% Baidu database [16]

Chongqing, quarantine 0.44% Baidu database [16]

Beijing, quarantine 0.24% Baidu database [16]

Shanghai, quarantine 0.29% Baidu database [16]

City population size

Wuhan 19 million Wu et al. [7]

Chongqing 30.48 million National Bureau of Statis-
tics [15]

Beijing 21.54 million National Bureau of Statis-
tics [15]

Shanghai 24.24 million National Bureau of Statis-
tics [15]

Daily cost of mass social distancing

Wuhan $20.41 million USD Additional file 1 — Techni-
cal Appendix, Section 2

Chongqing $48.45 million USD Additional file 1 — Techni-
cal Appendix, Section 2

Beijing $72.66 million USD Additional file 1 — Techni-
cal Appendix, Section 2

Shanghai $78.37 million USD Additional file 1 — Techni-
cal Appendix, Section 2

Daily cost of Wuhan city-wide quarantine $522.77 million USD Additional file 1 — Techni-
cal Appendix, Section 2

Daily cost of contact tracing and quarantine,
per person

$16.438 USD Armbruster and Brandeau
[17]

Health care cost per hospitalized COVID-19
case

$4,124.64 USD Du et al. [18]
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Table 1 Model input parameters and data sources (Continued)

Variable Description Value (range) Source

Economic cost per non-fatal COVID-19
case

Youth $395.82 USD Additional file 1 — Techni-
cal Appendix, Section 2

Adult $3,951.24 USD Additional file 1 — Techni-
cal Appendix, Section 2

Elderly $462.66 USD Additional file 1 — Techni-
cal Appendix, Section 2

Economic cost per fatal COVID-19 case

Youth $2,069,041 USD Additional file 1 — Techni-
cal Appendix, Section 2

Adult $1,142,677 USD Additional file 1 — Techni-
cal Appendix, Section 2

Elderly $291,130 USD Additional file 1 — Techni-
cal Appendix, Section 2

We validated the calibrated model by comparing our
simulated model outcome (i.e., cumulative death, cumu-
lative clinical confirmed cases) under the status quo sce-
nario (details below) with the actual epidemiological data
in the four cities.

Status quo and counterfactual scenarios
Our status quo simulations captured the actual timing
of control measures as they were announced and imple-
mented. Thus, in the status quo, all three control measures
were instituted on Jan 23, 2020 [2]. In the status quo,
cities other than Wuhan, workers (in the “Adult” age cat-
egory) and students (the “Youth” age category) ended
their social distancing practices on Feb 29, 2020, and
March 31, 2020 respectively [24, 25]. We assumed that the
“Elderly” age category continued social distancing prac-
tices through the end of the time horizon, given the high
risk of COVID-19 morbidity and mortality in that age cat-
egory. In Wuhan, all control measures continued through
the end of our simulation time horizon (Mar 31, 2020), as
restrictions were not lifted until April 8, 2020 [26].
We then used the model to simulate counterfactual sce-

narios by varying the start dates and duration of the dif-
ferent control measures, which we compare to the status
quo (the actual timing of measures taken). In one anal-
ysis we varied the implementation start date of all three
mitigation strategies, while keeping the same end dates as
the status quo. In another analysis, we considered differ-
ent duration of the workplace and school closures in cities
other than Wuhan while keeping Wuhan under quaran-
tine and social distancing till the end of the simulation
time horizon. We did not vary the end date of the lock-
down of Wuhan, since ending the lockdown policy prior
to March 31, 2020 seemed unlikely given its central role in
the early COVID-19 epidemic in China.

Health outcomes and health care costs
Health consisted of cumulative number of SARS-CoV-2
infections and COVID-19 deaths in each of the four cities
over the simulated time horizon. To be comparable with
economic and mitigation costs, we monetized health out-
comes using a disability-adjusted life-year (DALY) and
willingness-to-pay approach. We estimated the DALYs
associated with a fatal case of COVID-19 by calculated
the years of life lost using the average life expectancy for
each of the three age groups. For non-fatal SARS-CoV-2
infections, we calculated DALYs using estimates from the
2003 SARS outbreak in China [18] as disability weights
for COVID-19 have not yet been established. To convert
incurred DALYs into monetary units, we multiplied by a
willingness-to-pay (WTP) threshold. In economic evalu-
ations, it is typical to apply a WTP threshold per DALY
averted of 1-3x national per-capita GDP [27]. Using the
more generous 3x GDP for China in 2019, this corre-
sponds to a WTP of $30,792 2020 USD per DALY averted
[28].
In addition to health outcomes, we also considered

direct health care costs associated with caring for hos-
pitalized COVID-19 patients. The cost per hospitalized
patient was estimated from the cost of a hospitalized
SARS patient in the 2003 outbreak, inflated to 2020 USD
($4,125) [18].
Total disease burden for a given scenario was calcu-

lated as the sum of direct health care costs and monetized
DALYs.

Economic andmitigation costs
To estimate the economic cost of city-wide quarantine
(Wuhan) and social distancing measures (other cities), we
divided the loss in Q1 2020 GDP (accounting for both
GDP reductions and foregone projected growth relative
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to Q1 2019) in each city by the duration of the policy (69
days in Wuhan; 38 days in other cities) to calculate the
city-specific daily economic cost. ForWuhan, this resulted
in a daily city-wide quarantine cost of 340 million 2020
USD; while social distancing incurred a daily cost of 232,
349, 377 million 2020 USD in Chongqing, Beijing, and
Shanghai, respectively (Table 2). This reflects the hetero-
geneity in each city’s productivity and impact of social
distancing (or city-wide quarantine for Wuhan) on its
economy. Additional details about how economic losses
were calculated can be found in the Additional file 1 —
Technical Appendix.
The cost of travel-history based quarantine and contact

tracing in cities other than Wuhan was based on the per-
person cost of contact tracing for other communicable
diseases $16.438 USD/day from Armruster et al [17]. This
cost was applied to all individuals with recent travel from
Wuhan.
We calculate the overall cost for a given city under a

given mitigation scenario as the sum of the economic
loss, mitigation costs, and monetized health burden. This
analysis assumes a societal perspective. Costs were not
discounted due to the short simulation time horizon (four
months).

Results
Model calibration and validation
Through model calibration, our model was able to closely
match the number of (diagnosed) infections in the
“Elderly” age category and the total number of deaths
reported in Wuhan on Mar 9, 2020, by the Chinese Cen-
ter for Disease Control and Prevention [11], Table 3. The
calibrated per-contact transmission rate was 3.90% (95%
credible interval (95% CI): 3.86% to 3.94%). Our estimates
were consistent with an early WHO report estimating
that 1% to 5% contacts of infected individuals were also
diagnosed with SARS-CoV-2 infection [29]. Informed by
case information from the Diamond Princess Cruise [30],
we also estimated the mean proportion of infections that
are symptomatic to be 29.1% – 66.6%, depending on age
category (Table 1). Similarly, using mortality data from
a recent epidemiological study on COVID-19 outbreak
in Wuhan, China [31] as prior information, we found
through Bayesian calibration that mortality rates for each
age category, shown in Table 1. We simulated the status
quo scenario through the end of our time horizon, Mar
31, 2020, to validate themodel against actual epidemiolog-

ical data. In comparing the cumulative deaths predicted
by the model in the four cities, we found that it was well-
matched mortality rates in Wuhan as well as Shanghai
and Beijing. Our predicted mortality in Chongqing was
somewhat higher than the observed data, however, the
number of deaths over this time period was small and sub-
ject to uncertainty (details in Additional file 1—Technical
Appendix, Section 4).

Varying mitigation strategy start date
Our model predicts that implementing all three mitiga-
tion strategies two weeks earlier (on Jan 9, 2020) would
have averted 47% (1525) of COVID-19 deaths in Wuhan
and over 70% of deaths in the other three cities (20 in
Chongqing, 8 in Beijing, 6 in Shanghai) (Table 4 and
Fig. 3). However, this would come at an increase in eco-
nomic costs of 14% (3.71 billion USD) in Wuhan and
over 35% in the other three cities (3.19, 4.85, 5.24 bil-
lion USD in Chongqing, Beijing, Shanghai respectively).
Implementing mitigation strategies just one week earlier
was predicted to avert 35% (664) of deaths inWuhan (over
50% in the other three cities, 7 in Chongqing and 2 in
Beijing, 2 in Shanghai) with an increase in economic costs
of only 7% (1.79 billion USD) (16-18% in the other three
cities, 1.58, 2.43, 2.63 billion USD in Chongqing, Beijing,
Shanghai respectively). Delaying mitigation strategies by
one week was predicted to decrease economic costs by the
same amount (1.59, 1.55, 2.41, 2.61 inWuhan, Chongqing,
Beijing, Shanghai respectively), but would also result in
35% more deaths (1127) in Wuhan and more than 80%
more deaths (23 in Chongqing, 9 in Beijing, and 7 in
Shanghai) in the other three cities.
Overall, the model predicted that net economic cost

(sum of economy losses and disease burden) would actu-
ally be lower in the four modeled cities if mitigation
strategies had started later than the status quo. Economic
costs would be minimized if mitigation strategies had
been enacted on Feb 20, 2020 forWuhan, and Feb 22, 2020
for three other cities respectively. In Wuhan, in particu-
lar, though substantial health benefits could be achieved
through earlier mitigation (6,664 fewer deaths, 199.25
fewer infections per 10,000 individuals when starting on
Jan 23 versus Feb 20, 2020), the economic loss of city-wide
quarantining was so high that it outweighed these benefits
(additional 4.54 billion USD when starting on Jan 23 ver-
sus Feb 20, 2020, Technical Appendix — Fig S1). However,
if the economic cost of Wuhan’s quarantine was lower,

Table 2 Estimated economic losses (in billion 2020 USD) for each modeled city

Sources Wuhan Chongqing Beijing Shanghai

Total economic loss $23.46 $8.85 $13.27 $14.32

Total daily loss $ 0.340 $0.232 $0.349 $0.377
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Table 3 Model outputs as compared to calibration target data

Target description Value Model output - mean (95% credible interval) Source

Calibration targets

Number of clinically confirmed
COVID-19 cases aged 60 years or
older in Wuhan on Mar 9, 2020

15,384 15,573 (15,337 - 15,819) Chinese CDC [11]

Reported number of COVID-19
deaths in Wuhan as of Mar 9 2020

2,404 2,404 (2,274 - 2,530) Chinese CDC [11]

Proportion of reported COVID-19 deaths as of Feb 11 2020, by age Chinese CDC [12]

0-19 years old 0.1% 0.08% (0.01% - 0.18%)

20-59 years old 18.9% 18.88% (18.05% - 19.52%)

60+ years old 81.0% 81.04% (80.30% - 81.94%)

equal to 1x or 2x what we estimate the cost of social dis-
tancing in Wuhan would be ($97.4 million USD per day)
based on its share of national GDP, our model predicted
an optimal mitigation start date of Jan 23, 2020 and Feb
10, 2020, respectively (Technical Appendix — Fig S1).

Varying mitigation strategy end date
While the three cities we modeled (Chongqing, Bei-
jing, and Shanghai) started to reopen workplaces on
Feb 29, 2020, other cities and regions made differ-
ent decisions. Some reopened workplaces, while schools
remained closed. Others opted to extend school andwork-
place closures through mid-April [24, 32]. We therefore

explored how model-predicted epidemiological and eco-
nomic outcomes would vary across five scenarios with
different combinations of social distancing end dates for
“Youth” and “Adult” age categories (Table 5). In all sce-
narios, we assumed that the “Elderly” age category would
maintain social distancing practices (i.e., 50% reduction
in daily contacts) through Mar 31, 2020 given their high
risk of morbidity and mortality. In each of these scenar-
ios, we only applied the social distancing end dates to
cities other than Wuhan, and assumed that Wuhan would
remain quarantined and fully engaged in social distancing.
We made this assumptions because, as the epicenter of
the epidemic, Wuhan remained under restrictions much

Table 4 Model-predicted outcomes when varying the start for all control measures. In the status quo, all control measures were
implemented on Jan 23, 2020. For all scenarios, we assumed workforce (“Adults”) social distancing in cities other than Wuhan ended on
Feb 29, 2020. All other control measures were assumed to continue through Mar 31, 2020. Outcomes are aggregated from Dec 1, 2019
through Mar 31, 2020

Control measure start date Wuhan Chongqing Beijing Shanghai

Total COVID-19 deaths - mean (95% credible interval)

Jan 9 2020 1684 (1615 - 1750) 6 (6 - 6) 3 (2 - 3) 2 (2 - 2)

Jan 16 2020 2348 (2250 - 2442) 13 (12 - 13) 5 (5 - 6) 4 (4 - 4)

Jan 23 2020 3209 (3061 - 3348) 26 (25 - 27) 11 (10 - 11) 8 (8 - 8)

Jan 30 2020 4336 (4132 - 4530) 49 (47 - 52) 20 (19 - 22) 15 (14 - 16)

Total cumulative SARS-CoV-2 infections per 10,000 - mean (95% credible interval)

Jan 9 2020 53.03 (48.71 - 57.60) 1.35 (1.21 - 1.50) 0.85 (0.76 -0.95) 0.56 (0.50 - 0.62)

Jan 16 2020 72.53 (66.12 - 79.33) 2.99 (2.66 - 3.34) 1.87 (1.66 - 2.10) 1.23 (1.09 - 1.37)

Jan 23 2020 97.25 (87.97 - 107.11) 6.31 (5.58 - 7.11) 3.92 (3.45 - 4.42) 2.56 (2.25 - 2.89)

Jan 30 2020 129.72 (116.46 - 143.88) 12.64 (11.08- 14.33) 7.81 (6.82 - 8.88) 5.10 (4.46 - 5.79)

Total economic cost (billion USD) - mean (95% credible interval)

Jan 9 2020 $29.34 (29.28 - 29.40) $12.13 (12.13 - 12.13) $18.17 (18.17 - 18.17) $19.60 (19.60 - 19.60)

Jan 16 2020 $27.44 (27.34 - 27.51) $10.53 (10.53 - 10.54) $15.75 (15.75 - 15.75) $16.99 (16.99 - 16.99)

Jan 23 2020 $25.64 (25.50 - 25.76) $8.94 (8.93 - 8.95) $13.32 (13.32 - 13.32) $14.36 (14.36 - 14.36)

Jan 30 2020 $24.04 (23.84 - 24.22) $7.39 (7.37 - 7.41) $10.91 (10.90 - 10.91) $11.75 (11.74 - 11.75)
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Fig. 3Mean (marker) and 95% credible intervals (shaded area) of model-predicted outcomes when varying the start for all control measures. In the
status quo, all control measures were implemented on Jan 23, 2020. For all scenarios, we assumed workforce (“Adult”) social distancing in cities
other than Wuhan ended on Feb 29, 2020. All other control measures were assumed to continue through Mar 31, 2020

longer than others cities and only gradually resumed eco-
nomic and social activity starting on April 8, 2020 [26],
well after our simulated end horizon.
Comparing Scenario 1 and 2, ending social distanc-

ing practice for non-elderly age groups two weeks earlier
would have nearly tripled (doubled) the number of infec-
tions (deaths) in each of the three cities (Table 6). Further
extending school closure for four weeks (Scenario 3, status
quo, vs. Scenario 2) further reduced the number of infec-
tions (a reduction of 2.49, 1.69, 1.09 infections per 10,000
individuals in Chongqing, Beijing, Shanghai respectively),
but had little impact on the number of predicted deaths
(2, 1, 0 in Chongqing, Beijing, Shanghai respectively). Eco-
nomic costs increased slightly (less than 0.01 billion USD,
(0.1% of total economic costs) in all three cities) if only
school closure was extended. Extending workforce closure
for another four weeks (Scenario 4 vs. Scenario 3) resulted
in similar reductions in infection and death cases as school
closure, but doubled the economic cost (7.18, 10.91, 11.67
billion USD in Chongqing, Beijing, Shanghai respectively).
We also compared results in Table 6 with uniform social

distancing end dates, shown in Fig. 4. Ending social dis-
tancing practices for everyone on Feb 18 resulted in a

similar number of deaths, as in Scenario 1 (social dis-
tancing for the “Youth” and “Adult” age groups ends on
Feb 15). Ending social distancing for everyone on Mar
9 resulted in a similar number of deaths as in Scenario
3 (status quo). Similar findings apply to any one of the
first three scenarios. These comparisons indicate that the
value of social distancing is primarily driven by ubiquitous
social distancing practice, rather than age-targeted con-
trol measures. However, the economic costs of the uni-
form social distancing end date are higher, as workplace
closures result in major productivity losses.

Sensitivity analysis
In the sensitivity analysis, we first explored the differential
impact of implementing the different mitigation strategies
at different times. We then conducted one-way sensi-
tivity analyses on assumed model parameters, including
the effectiveness of travel history screening, contact rate
increases during Chinese New Year, and contact rate
reduction when practicing social distancing (Additional
file 1 — Technical Appendix, Section 1).
Among all mitigation strategies, we found that social

distancing had the highest impact on the number of
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Table 5 Scenarios with different social distancing end dates by age in cities other than Wuhan. In all scenarios, social distancing for all
age categories was assumed to begin on Jan 23, 2020. Scenario 3 corresponds to the status quo

Social distancing end date scenarios

“Youth” “Adult” “Elderly”

Scenario 1 Feb 15 Feb 15 Mar 31

Scenario 2 Fed 29 Feb 29 Mar 31

Scenario 3 Mar 31 Feb 29 Mar 31

Scenario 4 Mar 31 Mar 31 Mar 31

infections and deaths. The cumulative number of infec-
tions and deaths grow near-exponentially in all four cities
with delayed social distancing (Technical Appendix —
Fig S2 and Technical Appendix — Fig S3). However, when
the start dates of Wuhan travel history screening and/or
the Wuhan city-wide quarantine are delayed, infections
and deaths in the other three cities increase, but not nearly
as quickly (Technical Appendix — Fig S5 and Technical
Appendix — Fig S6). This is because restricting and mon-
itoring travels from Wuhan slows the importation of new
cases to other cities, but does nothing to slow the local
spread of undetected infections within other cities. Lastly,
we found that economic losses were predominantly due
to the daily costs of social distancing or city-wide quar-
antine rather than disease burden. This is consistent with
our findings when varying strategy start dates.
One- and two-way sensitivity analyses varying key

model parameters are presented in the Appendix, Section

3. When we vary the contact rate during Chinese New
Year (CNY)/chunyun (from Jan 10 to Feb 18, 2020) in
Technical Appendix — Fig S8, we find that both the epi-
demiological and economic outcomes increase exponen-
tially with the CNY contact rate in Wuhan, while in other
cities this (increasing) relationship is quasi-linear. This
is because in the status quo, Wuhan city-quarantine and
travel history screening efficiently prevented the growth
of epidemic in other cities. As a consequence, varying con-
tact rates during CNY resulted in a much larger impact
in Wuhan, but not other cities. For the same reason, if
contact rate reduction (when practicing social distanc-
ing) varied from 25% to 75%, we observed an exponen-
tial decrease in number of infections, deaths and eco-
nomic cost in Wuhan (Technical Appendix — Fig S9).
The changes were less steep in other places compared to
Wuhan. Lastly, we observe from Technical Appendix —
Fig S10 that model outcomes were not sensitive to the

Table 6 Model-predicted outcomes under different end-date scenarios of school and workplace closures. Scenario 1: reopen schools
and workplaces on Feb 15. Scenario 2: reopen schools and workplaces on Feb 15. Scenario 3 (status quo): reopen schools on Mar 31,
workplaces on Feb 29. Scenario 4: reopen schools and workplaces on Mar 31. The “Elderly” are assumed to maintain social distancing
through Mar 31. Outcomes are aggregated from Dec 1, 2019 through Mar 31, 2020

Chongqing Beijing Shanghai

Total COVID-19 deaths - mean (95% credible interval)

Scenario 1 45 (42 - 48) 19 (18 - 20) 14 (13 - 15)

Scenario 2 27 (25 - 28) 12 (11 - 12) 8 (8 - 9)

Scenario 3 26 (25 - 27) 11 (10 - 11) 8 (8 - 8)

Scenario 4 24 (23 - 26) 10 (10 - 11) 8 (7 - 8)

Total cumulative SARS-CoV-2 infections per 10,000 individuals - mean (95% credible interval)

Scenario 1 24.71 (21.19 - 28.55) 14.95 (12.81 - 17.29) 9.60 (8.23 - 11.10)

Scenario 2 8.57 (7.49 - 9.73) 5.10 (4.46 - 5.80) 3.31 (2.90 - 3.77)

Scenario 3 6.31 (5.58 - 7.11) 3.92 (3.45 - 4.42) 2.56 (2.25 - 2.89)

Scenario 4 3.82 (3.45 - 4.21) 2.23 (2.01 - 2.46) 1.47 (1.33 - 1.62)

Total economic cost, in billion USD - mean (95% credible interval)

Scenario 1 $5.83 (5.80 - 5.87) $8.48 (8.47 - 8.50) $9.12 (9.11 - 9.13)

Scenario 2 $8.94 (8.94 - 8.95) $13.31 (13.31 - 13.32) $14.36 (14.35 - 14.36)

Scenario 3 $8.94 (8.93 - 8.95) $13.32 (13.32 - 13.32) $14.36 (14.36 - 14.36)

Scenario 4 $16.12 (16.12 - 16.13) $24.13 (24.13 - 24.13) $26.03 (26.03 - 26.03)
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Fig. 4Mean (marker) and 95% credible intervals (shaded area) of model-predicted outcomes when enacting a uniform end date of social distancing
measures for all age groups

effectiveness of travel history screening in identifying all
recent travelers fromWuhan.
Two-way sensitivity analyses (Technical Appendix —

Fig S11 to Technical Appendix — Fig S16) confirmed our
observations above. A higher contact rate during CNY,
and/or a higher contact rate reduction when practicing
social distancing could defer the optimal social distancing
end date to a later date. Travel-history screening effec-
tiveness was not a significant factor in determining the
optimal policy end dates.

Discussion
In this study, we provided insights on differential impact
on timing and duration of mitigation strategies to address
the COVID-19 outbreak in Wuhan (the epicenter of the
outbreak), and three other highly-connected megacities:
Chongqing, Beijing, and Shanghai. Our model predicted
that instituting mitigation strategies earlier and extend-
ing them for longer reduces infections and deaths, but
at a substantial economic cost. Of the three mitiga-
tion strategies considered, social distancing was the most
effective, while the city-wide quarantine on Wuhan and
travel history screening had only marginal impacts. When
we considered age-targeted social distancing strategies,

workplace closures to reduce contact among the “Adult”
age group averted the greatest number of deaths, but also
incurred the highest economic costs. Extending social dis-
tancing among “Youth” and “Elderly” age groups resulted
in relatively few reductions in deaths.
By considering both health and economic impacts, our

results highlight the trade-offs in deciding both when and
for how long to institute mitigation strategies. Our model
predicted that enacting mitigation strategies later than
the status quo would have reduced economic costs. For
Wuhan, this finding is largely driven by the extremely
high cost of the city-wide quarantine, which had only a
modest impact on preventing infections, especially when
compared to social distancing. Thus, it is clear that China
made large economic sacrifices to achieve control over the
epidemic, perhaps even greater sacrifices than would be
justified by the number of averted COVID-19 infections
and deaths under typical economic evaluation standards
[33]. However, decision-making in emergency contexts
will inevitably involve some inefficiencies given the scant
information available at the time the decision must be
made. Furthermore, our economic projections should be
interpreted cautiously, as they only account for within-city
outcomes and do not include the financial ramifications
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to other cities and countries arising from imported infec-
tions. As Wuhan is a transportation hub for the country
with the potential to disperse infections throughout the
country, a city-specific perspective under-estimates the
secondary benefits. Additionally, we may have under-
estimated the economic value of an averted SARS-CoV-2
infection, even if non-fatal, as there is growing evidence
of debilitating long-term sequelae that persists even after
recovery [34–36].
Our study has several limitations. First, our study was

limited in scope, focusing on Wuhan as the epicenter
epidemic and travelers out of Wuhan into three major
cities. We did not consider inter-city travel beyond these
cities, nor the possibility of infections being introduced
from a city other than Wuhan. This assumption is most
valid early on in the epidemic [7]. Given the small num-
bers of infections that occur in the three cities outside
of Wuhan, it is unlikely that the re-introduction of cases
from these cities would have substantially alteredWuhan’s
epidemic trajectory, particularly given travel restrictions
under a city-wide quarantine. Had we substantially devi-
ated from the status quo mitigation strategies and timing,
a more comprehensive model of Chinese travel patterns
may have been necessary. Second, we chose to project
outcomes over a relatively limited time horizon (until
the end of March). Projecting epidemic outcomes too far
into the future can be challenging, as policy decisions
may change and be difficult to predict. Furthermore, new
interventions, treatments, and prevention measures, may
become available that would substantially alter long-term
outcomes of the epidemic and in turn, the optimal pol-
icy. Third, we only stratified the population based on
age as we primarily focused on age-specific mitigation
policies; other factors like gender and presence of co-
morbidities may influence the severity and mortality of
COVID-19 cases [37, 38]; to the extent cities differ in
these features, we did not capture these differences. As
data become available, our modeling framework could
be extended to account for further population hetero-
geneity. Fourth, our compartmental modeling approach
simplifies contact patterns within the population. A more
complex simulation modeling approach, such as agent-
based modeling, could be parameterized to reflect more
realistic mixing structures, such as stratifying and clus-
tering interactions occurring in households, at schools,
and at work places. However, this added realism comes
at the expense of greater computational burden as well as
requiring more detailed data to parameterize these mix-
ing behaviors. Lastly, we only approximated the impact
of strained health care resources on COVID-19 mortal-
ity by assuming a higher mortality rate in Wuhan than
in the other three cities. If we extended our analysis sce-
narios resulting in more widespread infection in cities
outside of Wuhan, it would be important to model city-

specific healthcare capacity and downstream impacts on
COVID-19 outcomes more explicitly.
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Additional file 1: Technical appendix— fig s1. One-way sensitivity
analysis on Wuhan quarantine cost while varying all mitigation strategy
start date simultaneously. Panel A corresponds to the base case. Q. cost =
daily quarantine cost, S.D. cost = daily social distancing cost
Technical appendix— fig s2. Varying social distancing start date only,
maintaining initiation of other control measures on Jan 23, 2020.
Technical appendix— fig s3. Varying social distancing start date only,
maintaining initiation of other control measures on Jan 23, 2020. Wuhan is
excluded from the plot to show greater detail in the other three cities.
Technical appendix— fig s4. Varying start date for all control measures
and doubled mortality rate for all age groups, maintaining initiation of
other control measures on Jan 23, 2020.
Technical appendix— fig s5. Varying Wuhan travel history screening
start date, maintaining initiation of other control measures on Jan 23, 2020.
Wuhan is excluded from the plot to show greater detail in the other three
cities.
Technical appendix— fig s6. Varying Wuhan quarantine and Wuhan
travel history screening start date, maintaining social distancing initiation
on Jan 23, 2020. Wuhan is excluded from the plot to show greater detail in
the other three cities.
Technical appendix— fig s7. Varying Wuhan travel history screening
and social distancing start date, maintaining Wuhan city-wide quarantine
initiation on Jan 23, 2020. Wuhan is excluded from the plot to show greater
detail in the other three cities.
Technical appendix— fig s8. One-way sensitivity analysis on contact
rate during Chinese New Year (CNY). In the base case, we assumed
contacts rates increase by 20% for all age categories.
Technical appendix— fig s9. One-way sensitivity analysis on the relative
contact rate reduction when practicing social distancing. In the base case,
this is assumed to be 0.50.
Technical appendix— fig s10. One-way sensitivity analysis on travel
history screening effectiveness, α. In the base case, α = 1.0.
Technical appendix— fig s11. Two-way sensitivity analysis (subplot 1)
on contact rate during Chinese New Year (CNY) and travel history
screening effectiveness, α. For this subplot, α = 1.0.
Technical appendix— fig s12. Two-way sensitivity analysis (subplot 1)
on contact rate during Chinese New Year (CNY) and travel history
screening effectiveness, α. For this subplot, α = 0.75.
Technical appendix— fig s13. Two-way sensitivity analysis (subplot 1)
on contact rate during Chinese New Year (CNY) and travel history
screening effectiveness, α. For this subplot, α = 0.50.
Technical appendix— fig s14. Two-way sensitivity analysis (subplot 1)
on contact rate during Chinese New Year (CNY) and relative contact rate
reduction when practicing social distancing. For this subplot, contact rate
reduction is 25%.
Technical appendix— fig s15. Two-way sensitivity analysis (subplot 1)
on contact rate during Chinese New Year (CNY) and relative contact rate
reduction when practicing social distancing. For this subplot, contact rate
reduction is 50%.
Technical appendix— fig s16. Two-way sensitivity analysis (subplot 1)
on contact rate during Chinese New Year (CNY) and relative contact rate
reduction when practicing social distancing. For this subplot, contact rate
reduction is 75%.

Acknowledgements
Not Applicable.

Authors’ contributions
Equal authorship. The authors read and approved the final manuscript.

https://doi.org/10.1186/s12889-022-12659-2


Zhang and Enns BMC Public Health          (2022) 22:679 Page 14 of 15

Funding
The funding source of the study had no role in study design, collection,
analysis, and interpretation of data, or in writing of the report. The
corresponding author had full access to all the data in the study and had final
responsibility for the decision to submit for publication.

Availability of data andmaterials
The simulation source code can be found on Github at: https://github.com/
Anthony-zh-Zhang/COVID_19_model.

Declarations

Ethics approval and consent to participate
all methods were carried out in accordance with relevant guidelines and
regulations.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1Department of Industrial and Systems Engineering, University of Minnesota,
100 Union St SE, 55455 Minneapolis, USA. 2Division of Health Policy and
Management, University of Minnesota School of Public Health, 420 Delaware
St SE, MMC 729 Mayo, 55455 Minneapolis, USA.

Received: 22 February 2021 Accepted: 4 January 2022

References
1. World Health Organization. Coronavirus disease (COVID-19) outbreak.

2020. https://www.who.int/emergencies/diseases/novel-coronavirus-
2019. Accessed 16 Mar 2020.

2. Chengdu Public Health Control Department. Control of COVID-19
outbreak. 2020. http://yjglj.chengdu.gov.cn/. Accessed 18 Feb 2020.

3. Begley S. Once widely criticized, the Wuhan quarantine bought the world
time to prepare for COVID-19. 2020. https://www.statnews.com/2020/02/
21/coronavirus-wuhan-quarantine-bought-world-time-to-prepare/.
Accessed 25 Feb 2020.

4. Price PJ. A Coronavirus Quarantine in America Could Be a Giant Legal
Mess. 2020. https://www.theatlantic.com/ideas/archive/2020/02/
coronavirus-quarantine-america-could-be-giant-legal-mess/606595/.
Accessed 25 Feb 2020.

5. Klebnikov S. Coronavirus Is Now Expected To Curb Global Economic
Growth By 0.3% In 2020. 2020. https://www.forbes.com/sites/
sergeiklebnikov/2020/02/11/coronavirus-is-now-expected-to-curb-
global-economic-growth-by-03-in-2020/#6417d10016da. Accessed 18
Feb 2020.

6. Reuter. Coronavirus could trim 1 percentage point from China GDP
growth: government researcher. 2020. https://www.reuters.com/article/
us-china-economy-health/coronavirus-could-trim-1-percentage-point-
from-china-gdp-growth-government-researcher-idUSKBN20506X.
Accessed 18 Feb 2020.

7. Wu JT, Leung K, Leung GM. Nowcasting and forecasting the potential
domestic and international spread of the 2019-nCoV outbreak originating
in Wuhan, China: a modelling study. Lancet. 2020;395(10225):689–97.

8. Leung K, Wu JT, Liu D, Leung GM. First-wave covid-19 transmissibility
and severity in china outside hubei after control measures, and
second-wave scenario planning: a modelling impact assessment. Lancet.
2020;395(10233):1382–93.

9. Prem K, Liu Y, Russell TW, Kucharski AJ, Eggo RM, Davies N, Flasche S,
Clifford S, Pearson CA, Munday JD, et al. The effect of control strategies
to reduce social mixing on outcomes of the covid-19 epidemic in wuhan,
china: a modelling study. Lancet Public Health. 2020;5(5):e261–70.

10. Pekar J, Worobey M, Moshiri N, Scheffler K, Wertheim JO. Timing the
sars-cov-2 index case in hubei province. Science. 2021;372(6540):412–17.
https://doi.org/10.1126/science.abf8003.

11. Chinese Center for Disease Control and Prevention. China CDC
2019-nCov case distribution in China. 2020. http://2019ncov.chinacdc.cn/
2019-nCoV/index.html. Accessed 18 Feb 2020.

12. The Novel Coronavirus Pneumonia Emergency Response Epidemiology
Team. The epidemiological characteristics of an outbreak of 2019 novel
coronavirus diseases (COVID-19) China, 2020. China CDCWkly. 2020;2:113.

13. Wang W, Tang J, Wei F. Updated understanding of the outbreak of 2019
novel coronavirus (2019-ncov) in wuhan, china. J Med Virol. 2020;92(4):
441–47.

14. Read JM, Lessler J, Riley S, Wang S, Tan LJ, Kwok KO, Guan Y, Jiang CQ,
Cummings DA. Social mixing patterns in rural and urban areas of
southern China. Proc R Soc B Biol Sci. 2014;281(1785):20140268.

15. National Bureau of Statistics. National Data. 2020. http://data.stats.gov.cn/
english/index.htm. Accessed 18 Feb 2020.

16. Baidu. Baidu Qianxi. 2020. https://qianxi.baidu.com/. Accessed 18 Feb
2020.

17. Armbruster B, Brandeau ML. Contact tracing to control infectious disease:
when enough is enough. Health Care Manag Sci. 2007;10(4):341–55.

18. Du L, Wang J, Luo B, et al. Research on disease burden of SARS patients
in guangzhou city. Chin J Publich Health - Shenyang. 2007;23(3):0379.

19. Lee S, Kim T, Lee E, Lee C, Kim H, Rhee H, Park SY, Son H.-J., Yu S, Park
JW, et al. Clinical course and molecular viral shedding among
asymptomatic and symptomatic patients with sars-cov-2 infection in a
community treatment center in the republic of korea. JAMA Intern Med.
2020;180(11):1447–52.

20. Buonanno G, Stabile L, Morawska L. Estimation of airborne viral emission:
Quanta emission rate of sars-cov-2 for infection risk assessment. Environ
Int. 2020;141:105794.

21. Bootsma MCJ, Ferguson NM. The effect of public health measures on the
1918 influenza pandemic in U.S. cities. Proc Natl Acad Sci. 2007;104(18):
7588–93. https://doi.org/10.1073/pnas.0611071104.
https://www.pnas.org/content/104/18/7588.full.pdf.

22. Raftery A, Bao L. Estimating and projecting trends in HIV/AIDS
generalized epidemics using incremental mixture importance sampling.
Biometrics. 2010;66(4):1162–73.

23. Alarid-Escudero F, MacLehose RF, Peralta Y, Kuntz KM, Enns EA.
Nonidentifiability in model calibration and implications for medical
decision making. Med Dec Making. 2018;38(7):810–21.

24. Shanghai Government. Return to Work Guide (in Chinese). 2020. http://
www.shanghai.gov.cn/nw2/nw2314/nw2315/nw43978/u21aw1426004.
html. Accessed 1 Mar 2020.

25. Sina News. Summary of school reopening dates (in Chinese). 2020.
https://k.sina.com.cn/article_2345597047_8bcef87702000vctj.html?
from=edu. Accessed 15 Sep 2020.

26. Hubei Government. Hubei Provincial COVID-19 Prevention and Control
Headquarters Notice(in Chinese). 2020. http://www.shanghai.gov.cn/
nw2/nw2314/nw2315/nw43978/u21aw1426004.html. Accessed 1 Mar
2020.

27. WHO Commission on Macroeconomics and Health and World Health
Organization. Macroeconomics and health : investing in health for
economic development. World Health Organ. 2001. https://apps.who.int/
iris/handle/10665/42463. Accessed 6 Mar 2020.

28. Wikipedia. List of Chinese administrative divisions by GDP. 2020. https://
en.wikipedia.org/wiki/
List_of_Chinese_administrative_divisions_by_GDP#cite_note-data2018-
3. Accessed 18 Feb 2020.

29. World Health Organization. Report of the WHO-China Joint Mission on
Coronavirus Disease 2019 (COVID-19). 2020. https://www.who.int/docs/
default-source/coronaviruse/who-china-joint-mission-on-covid-19-
final-report.pdf. Accessed 5 Mar 2020.

30. Russell TW, Hellewell J, Jarvis CI, Van Zandvoort K, Abbott S, Ratnayake
R, Flasche S, Eggo RM, Edmunds WJ, Kucharski AJ, et al. Estimating the
infection and case fatality ratio for coronavirus disease (covid-19) using
age-adjusted data from the outbreak on the diamond princess cruise
ship, february 2020. Eurosurveillance. 2020;25(12):2000256.

31. Riou J, Hauser A, Counotte MJ, Althaus CL. Adjusted age-specific case
fatality ratio during the COVID-19 epidemic in Hubei, China, January and
February 2020. medRxiv. 2020. https://doi.org/10.1101/2020.03.04.
20031104.

32. People’s Daily. When while schools re-open? Different provinces specified
the date of school reopening. (in Chinese). 2020. http://edu.people.com.
cn/n1/2020/0320/c1006-31640689.html. Accessed 15 Sep 2020.

https://github.com/Anthony-zh-Zhang/COVID_19_model
https://github.com/Anthony-zh-Zhang/COVID_19_model
https://www.who.int/emergencies/diseases/novel-coronavirus-2019
https://www.who.int/emergencies/diseases/novel-coronavirus-2019
http://yjglj.chengdu.gov.cn/
https://www.statnews.com/2020/02/21/coronavirus-wuhan-quarantine-bought-world-time-to-prepare/
https://www.statnews.com/2020/02/21/coronavirus-wuhan-quarantine-bought-world-time-to-prepare/
https://www.theatlantic.com/ideas/archive/2020/02/coronavirus-quarantine-america-could-be-giant-legal-mess/606595/
https://www.theatlantic.com/ideas/archive/2020/02/coronavirus-quarantine-america-could-be-giant-legal-mess/606595/
https://www.forbes.com/sites/sergeiklebnikov/2020/02/11/coronavirus-is-now-expected-to-curb-global-economic-growth-by-03-in-2020/#6417d10016da
https://www.forbes.com/sites/sergeiklebnikov/2020/02/11/coronavirus-is-now-expected-to-curb-global-economic-growth-by-03-in-2020/#6417d10016da
https://www.forbes.com/sites/sergeiklebnikov/2020/02/11/coronavirus-is-now-expected-to-curb-global-economic-growth-by-03-in-2020/#6417d10016da
https://www.reuters.com/article/us-china-economy-health/coronavirus-could-trim-1-percentage-point-from-china-gdp-growth-government-researcher-idUSKBN20506X
https://www.reuters.com/article/us-china-economy-health/coronavirus-could-trim-1-percentage-point-from-china-gdp-growth-government-researcher-idUSKBN20506X
https://www.reuters.com/article/us-china-economy-health/coronavirus-could-trim-1-percentage-point-from-china-gdp-growth-government-researcher-idUSKBN20506X
https://doi.org/10.1126/science.abf8003
http://2019ncov.chinacdc.cn/2019-nCoV/index.html
http://2019ncov.chinacdc.cn/2019-nCoV/index.html
http://data.stats.gov.cn/english/index.htm
http://data.stats.gov.cn/english/index.htm
https://qianxi.baidu.com/
https://doi.org/10.1073/pnas.0611071104
http://arxiv.org/abs/https://www.pnas.org/content/104/18/7588.full.pdf
http://www.shanghai.gov.cn/nw2/nw2314/nw2315/nw43978/u21aw1426004.html
http://www.shanghai.gov.cn/nw2/nw2314/nw2315/nw43978/u21aw1426004.html
http://www.shanghai.gov.cn/nw2/nw2314/nw2315/nw43978/u21aw1426004.html
https://k.sina.com.cn/article_2345597047_8bcef87702000vctj.html?from=edu
https://k.sina.com.cn/article_2345597047_8bcef87702000vctj.html?from=edu
http://www.shanghai.gov.cn/nw2/nw2314/nw2315/nw43978/u21aw1426004.html
http://www.shanghai.gov.cn/nw2/nw2314/nw2315/nw43978/u21aw1426004.html
https://apps.who.int/iris/handle/10665/42463
https://apps.who.int/iris/handle/10665/42463
https://en.wikipedia.org/wiki/List_of_Chinese_administrative_divisions_by_GDP#cite_note-data2018-3
https://en.wikipedia.org/wiki/List_of_Chinese_administrative_divisions_by_GDP#cite_note-data2018-3
https://en.wikipedia.org/wiki/List_of_Chinese_administrative_divisions_by_GDP#cite_note-data2018-3
https://en.wikipedia.org/wiki/List_of_Chinese_administrative_divisions_by_GDP#cite_note-data2018-3
https://www.who.int/docs/default-source/coronaviruse/who-china-joint-mission-on-covid-19-final-report.pdf
https://www.who.int/docs/default-source/coronaviruse/who-china-joint-mission-on-covid-19-final-report.pdf
https://www.who.int/docs/default-source/coronaviruse/who-china-joint-mission-on-covid-19-final-report.pdf
https://doi.org/10.1101/2020.03.04.20031104
https://doi.org/10.1101/2020.03.04.20031104
http://edu.people.com.cn/n1/2020/0320/c1006-31640689.html
http://edu.people.com.cn/n1/2020/0320/c1006-31640689.html


Zhang and Enns BMC Public Health          (2022) 22:679 Page 15 of 15

33. O’Connor P, Assaker G. Covid-19’s effects on future pro-environmental
traveler behavior: an empirical examination using norm activation,
economic sacrifices, and risk perception theories. J Sustain Tour.
2021:1–19.

34. Taquet M, Dercon Q, Luciano S, Geddes JR, Husain M, Harrison PJ.
Incidence, co-occurrence, and evolution of long-covid features: A
6-month retrospective cohort study of 273,618 survivors of covid-19.
PLoS Med. 2021;18(9):1003773.

35. Rubin R. As Their Numbers Grow, COVID-19 “Long Haulers” Stump
Experts. JAMA. 2020;324(14):1381–83. https://doi.org/10.1001/jama.2020.
17709. https://jamanetwork.com/journals/jama/articlepdf/2771111/
jama_rubin_2020_mn_200054_1602283772.31028.pdf.

36. Martin S, Miyake E. Long covid: quantitative and qualitative analyses of
online long haulers’ experiences, emotions and practices in the uk.
medRxiv. 2020. https://doi.org/10.1101/2020.10.01.20201699. https://
www.medrxiv.org/content/early/2020/10/04/2020.10.01.20201699.full.
pdf.

37. Nguyen NT, Chinn J, De Ferrante M, Kirby KA, Hohmann SF, Amin A.
Male gender is a predictor of higher mortality in hospitalized adults with
covid-19. PLoS ONE. 2021;16(7):1–6. https://doi.org/10.1371/journal.pone.
0254066.

38. Raimondi F, Novelli L, Ghirardi A, Russo FM, Pellegrini D, Biza R,
Trapasso R, Giuliani L, Anelli M, Amoroso M, et al. Covid-19 and gender:
lower rate but same mortality of severe disease in women—an
observational study. BMC Pulm Med. 2021;21(1):1–11.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

https://doi.org/10.1001/jama.2020.17709
https://doi.org/10.1001/jama.2020.17709
https://jamanetwork.com/journals/jama/articlepdf/2771111/jama_rubin_2020_mn_200054_1602283772.31028.pdf
https://jamanetwork.com/journals/jama/articlepdf/2771111/jama_rubin_2020_mn_200054_1602283772.31028.pdf
https://doi.org/10.1101/2020.10.01.20201699
https://www.medrxiv.org/content/early/2020/10/04/2020.10.01.20201699.full.pdf
https://www.medrxiv.org/content/early/2020/10/04/2020.10.01.20201699.full.pdf
https://www.medrxiv.org/content/early/2020/10/04/2020.10.01.20201699.full.pdf
https://doi.org/10.1371/journal.pone.0254066
https://doi.org/10.1371/journal.pone.0254066

	Abstract
	Background
	Methods
	Results
	Conclusions
	Keywords

	Background
	Methods
	Disease transmission and progression
	Inter-city travel
	Control measures
	Model calibration and validation
	Status quo and counterfactual scenarios
	Health outcomes and health care costs
	Economic and mitigation costs

	Results
	Model calibration and validation
	Varying mitigation strategy start date
	Varying mitigation strategy end date
	Sensitivity analysis

	Discussion
	Supplementary InformationThe online version contains supplementary material available at https://doi.org/10.1186/s12889-022-12659-2.
	Additional file 1

	Acknowledgements
	Authors' contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher's Note

