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Isolation and Characterization of Monkeypox Virus from the First
Case of Monkeypox — Chongqing Municipality, China, 2022
Baoying Huang1,&; Hua Zhao2,&; Jingdong Song1; Li Zhao1; Yao Deng1; Wen Wang1; Roujian Lu1;
Wenling Wang1; Jiao Ren1; Fei Ye1; Houwen Tian1; Guizhen Wu1; Hua Ling2,#; Wenjie Tan1,#

ABSTRACT
Introduction: The first imported case of
monkeypox (MPX) from the mainland of China was
reported in September 2022. Herein, the study reports
the isolation and characterization of MPX virus
(MPXV) in this case.
Methods: Clinical specimens including skin blister
fluid, oropharyngeal and nasopharyngeal swabs, and
blood were collected and inoculated onto Vero cells.
The isolated virus was identified as MPXV using
quantitative polymerase chain reaction (qPCR),
cytopathic effects (CPEs), immunofluorescence assay
(IFA) and transmission electron microscopy (TEM).
Plaque assays were employed to quantify infectious
plaque-forming units (PFUs). The plaque reduction
neutralization test (PRNT) was developed to determine
the neutralizing antibody (nAb) against MPXV.
Results: MPXV replication was confirmed with
qPCR. Typical CPEs were observed 48 h postincubation. The isolated virus was named MPXV-B.1China-C-Tan-CQ01. IFA showed that MPXV reacted
with serum of MPX case. Orthopoxvirus morphology
was observed using TEM. The virus titer increased to
>106 PFU/mL after three passages. The serum PRNT
50% neutralization titer (NT50) was 35 for the MPX
patient 6 days after symptom onset.
Discussion: The study successfully isolated the first
MPXV strain in the mainland of China, MPXV-B.1China-C-Tan-CQ01. Infectious titration and PRNT
methods have been developed. The study provides key
resources and technical platforms for further research
as well as anti-viral drug and vaccine development
against MPX.

humans in the smallpox post-eradication era (1). The
unexpected increase in human MPX cases in nonendemic countries raises concerns regarding a novel
global public health threat (2). Between January 1 and
November 10, 2022, a cumulative total of 79,151
laboratory-confirmed cases of MPX and 49 related
deaths were reported to the World Health
Organization by 110 countries or areas worldwide (3).
The first imported case of MPX in the mainland of
China was confirmed on September 16, 2022, in a 29year-old salesman of Chinese nationality who visited
Germany (4). On September 9, the patient had a dry
and itchy throat, a fever, and red rashes and pustules
displayed on the right thigh. Clinical manifestations
were reported, and complete genomes of the MPXV
from clinical samples suggest that the MPXV strain in
this case belongs to the B.1 branch of the West African
lineage (4). The response to this public health
emergency must include rapid isolation and
identification of MPXV and development of novel
assays for MPXV (5). To date, MPXV isolation and
characterization have not been reported in the
mainland of China. Additionally, limited information
is available regarding a plaque assay for an infectious
titration of MPXV and a plaque reduction
neutralization test (PRNT) for MPXV-neutralizing
antibody (nAb) detection on the basis of the MPXVB.1 strains of the current epidemic.
In this study, the isolation and characteristics of
MPXV in the first imported case of MPX in the
mainland of China are reported. A plaque assay for
MPXV infectious titration and a PRNT for MPXV
nAb detection were developed.

METHODS
Monkeypox (MPX) is an emerging zoonotic disease
caused by the MPX virus (MPXV), which is recognized
as the most important Orthopoxvirus infection in
Chinese Center for Disease Control and Prevention

For virus isolation, clinical specimens including skin
blister fluid, oropharyngeal and nasopharyngeal swabs,
and blood were collected 6 days after symptom onset
and sent to the National Institute for Viral Disease
CCDC Weekly / Vol. 4 / No. 46
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Control and Prevention, China CDC. MPXV isolation
was performed in biosafety level 3 laboratories on Vero
cells. The specimens were diluted at a 1∶5 ratio with
culture medium, which contained 2% fetal bovine
serum-Modified Eagle’s Medium (FBS-MEM) and 1%
antibiotics (penicillin 5,000 IU/mL, streptomycin
2,500 μg/mL, and amphotericin B 10 μg/mL, brief as
PSA), treated samples were kept at 25 °C for 30 min
and inoculated onto Vero cells. After incubation for
6 h at 37 °C in 5% CO2, the supernatant was replaced
with fresh medium. Cytopathic effect (CPE)
appearance was observed daily.
A quantitative real-time polymerase chain reaction
(qPCR) assay was conducted to confirm virus
replication. Cell supernatants or lysates were collected
and qPCR of MPXV was performed as reported
previously (6).
For an indirect immunofluorescence assay, Vero
cells were grown overnight in 8-well plates until 80%
confluence and infected with the first passage of
MPXV isolate. The cells were fixed with 4%
paraformaldehyde 48 h post-infection, rinsed twice
with phosphate-buffered saline (PBS), permeabilized
with PBS containing 0.05% Triton X-100 (PBST) for
10 min, and blocked in PBST containing 2% goat
serum for 30 min. After three washes, the cells were
incubated with serum from the MPX case and diluted
to 1∶100 for 1 h at 37 °C and then incubated with the
FITC-labelled anti-human immunoglobulin G diluted
to 1∶200, stained with 4’6-diamidino-2-phenylindole
(DAPI) for 5 min, and were finally examined using the
Olympus IX73 inverted fluorescence microscope.
MPXV morphologic features were determined by
transmission electron microscopy assays. For the
negative staining of virus particles in supernatant, the
samples were enriched by ultracentrifugation and
absorbed on film-coated grids, following staining with
1% PTA. For the ultrathin section sample, cell pellets
were collected 48 h post infection, fixed with 2.5%
paraformaldehyde-2% glutaraldehyde in 0.1 mol/L
cacodylate buffer (pH 7.4) and 1% osmium tetroxide,
respectively, following dehydration, infiltration with
epoxy resin and polymerization. Ultrathin sections
(60–80 nm) were cut with an ultramicrotome from the
resin block embedded with samples and stained with
uranyl acetate and lead citrate. Finally, the grids and
stained sections were observed and photographs were
taken under a Tecnai 12 transmission electron
microscope (FEI Co., USA) at 120 kV.
Plaque assays were developed to quantify the
infectious virus titer. The Vero cells were seeded on
1020
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12-well plates overnight. Ten-fold serial dilutions were
performed in MEM medium containing 2% FBS and
1% antibiotics of PSA. 400 μL was used per well to
infect a monolayer of Vero cells. 72 to 96 h later, the
cells were fixed with 4% paraformaldehyde and stained
with crystal violet. Plaque forming units (PFUs) per
mL were calculated on the basis of the number of
plaques multiplied by the dilution factor.
To identify the nAb induced after MPXV infection,
a PRNT assay based on MPXV-B.1-China-C-TanCQ01 was developed. The Vero cells were seeded in
12-well. Sera were collected from the patient with
MPX on day 6 after symptom onset and from two
healthy 30-year-old individuals as controls, inactivated
for 30 min at 56 °C, diluted in 1∶20 at the beginning,
and subsequently serially two folds diluted. MPXV
stock (100 PFU) was added. The virus-serum mix was
then incubated at 37 °C for 1 h and added to the Vero
cells. The Vero cells were incubated for 96 h, fixed
with 4% paraformaldehyde and stained with crystal
violet.

RESULTS
Swabs from the skin lesion, oropharynx,
nasopharynx, and whole blood samples were used for
viral isolation in the Vero cells. Viral replication was
confirmed by qPCR assay based on conserved F3L
genes that specifically detect MPXV with DNA from
cell cultures collected at 48, 96, 120, and 144 h after
inoculation (Table 1). The cycle threshold (Ct) values
for the nasopharyngeal swabs and blood incubations
were negative at 48 h and 144 h. In contrast, for the
blister fluid swab inoculation, Ct values of 27.88,
19.05, and 18.15 were detected at 48 h, 96 h, and 120
h after the inoculation. For the oropharyngeal swab
inoculation, Ct values were detected as 31.00, 27.28,
and 25.68 at 48 h, 96 h, and 144 h, respectively. These
results indicated that MPXV replicated in the blister
fluid and oropharyngeal incubation.
The virus-induced changes in CPE-related cell
morphology were observed daily. The nasopharyngeal
and blood-incubated cells were CPE-negative. In
contrast, CPEs were observed within 48 h for the skin
blister fluid-incubated cells, exhibiting cell rounding,
detachment, or even death (Figure 1A). The degree of
visible damage to the cells increased at 72 h, 96 h,
120 h, and 144 h, resulting in >85% CPEs (Table 1).
Meanwhile, minor CPEs were also observed after 48 h
for the oropharyngeal incubated cells, resulting in
<20% CPEs at 144 h post-incubation (Table 1).
Chinese Center for Disease Control and Prevention
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TABLE 1. Detection of monkeypox virus (MPXV) DNA using quantitative real-time polymerase chain reaction in Vero cell
cultures with different specimens from the MPX case.
Specimen

Ct values*

CPEs at harvest time

MPXV isolation

ND

++++

Positive

25.68†

+

Positive

ND

ND

†

-

Negative

ND

ND†

-

Negative

Clinical sample

48 h

96 h

120 h

Blister fluid swab

20.76

27.88

19.05

18.15†

Oropharyngeal swab

27.81

31.00

27.28

ND

Nasopharyngeal swab
Blood

31.00
33.65

ND
ND

ND
ND

144 h

Note: CPEs: -, Negative or no CPEs; +, 0–25%; ++, 25%–50%; +++, 50%–75%; ++++, 75%–100%.
Abbreviation: MPXV=monkeypox virus; qPCR=quantitative real-time polymerase chain reaction; ND=not determined; CPEs=cytopathic
effects; Ct=cycle threshold.
* For the blister fluid swab, viral DNAs from the supernatant of 48 h and 96 h were detected, while DNA from cell lysates of 120 h was
detected. For the oropharyngeal swab, nasopharyngeal swab and blood samples, viral DNAs from the supernatant of 48 h, 96 h, 120 h were
detected, while DNA from cell lysates of 144 h was detected.
†
Harvest cell lysate.
Uninfected

Infected

A

100 μm

100 μm

Uninfected

Infected

B

100 μm

100 μm

C

200 nm
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FIGURE 1. Characterization of MPXV-B.1-China-C-Tan-CQ01 in the Vero cell. (A) Cytopathic effects of monkeypox virus
(MPXV) in the Vero cell; (B) Immunofluorescence analysis of Vero cell infected or uninfected with MPXV-B.1-China-C-TanCQ01 using the serum of the MPX case; (C) Transmission electron microscopy micrographs of MPXV.
Note: In panel A, the typical cytopathic effects are observed in the Vero cells 48 h after the first passage, thereby exhibiting
cell detaching and rounding. In panel B, the nuclei were stained with DAPI (blue), while the MPXV infected cell showed
green fluorescence. In panel C, the left panel showed the negative staining of purified MPXV particles with a typical brick
shape observed in a diameter that varies between 200 nm and 300 nm and irregular tubular strips on the surface. The right
panel showed the ultrathin section of MPXV infected Vero cell and mature virus particles in cytoplasm that show typical
morphology including a dumbbell shaped core and the outer membrane on longitudinal orientation.
Abbreviation: MPXV=monkeypox virus; MPX=monkeypox; DAPI=4'6-diamidino-2-phenylindole.

Immunofluorescence assay with the patient’s serum
was performed to confirm MPXV antigen expression,
which showed the infected foci, visualized with green
fluorescence in the cell, reacted with the serum of the
Chinese Center for Disease Control and Prevention

patient with MPX (Figure 1B). IFA with anti-rabbit
antibody against orthopoxviruses was also positive
around the infected foci (data not shown).
Negative stained virus particles present a typical
CCDC Weekly / Vol. 4 / No. 46
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brick shape about 200 nm × 200 nm × 250 nm in size
with irregular tubular strips on the surface. On
sections, mature virus particles in cytoplasm show
typical morphology including a dumbbell-shaped core
and the outer membrane on longitudinal orientation
(Figure 1C).
A

P1

Plaque assays indicated that the infectious MPXV
titers in the first passage of blister fluid or
oropharyngeal swab incubation were 6 × 104 PFU/mL
and 10 PFU/mL, increased to 1 × 105 PFU/mL and
1 × 104 PFU/mL for the second passage, and to >106
PFU/mL after the third passage (Figure 2A).
P3

P2

−2
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−5

−2

−3

−4

Mock

−3
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−5

−5
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Mock

Patient
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B
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1:20

1:40

1:80
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PRNT inhibition (%)

100
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0
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Serum dilution
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FIGURE 2. Plaque assays and PRNT based on MPXV-B.1-China-C-Tan-CQ01. (A) Quantification of infectious monkeypox
virus from clinical samples (the first passage of isolation, P1, to the third passage of isolation, P3, using plaque assay). (B)
Plaque reduction neutralization test to detect neutralizing antibodies (nAb) against MPXV in the serum of the MPX case
(patient) and two 30-year-old healthy donors (H1 and H2).
Note: In panel A, the plates are fixed and stained with crystal violet 72 h to 96 h post-infection. Representative plates for the
MPXV titration from blister fluid are shown. Plaques for P1 with a dilution of 10−2 (−2) and mock, for P2 with a dilution from
10−3 to 10−5 (−3, −4, −5) in double well, and for P3 with a dilution from 10−2 to 10−6 (−2, −3, −4, −5, −6) and mock are all
shown. In panel B, the representative plate and neutralization cures are presented.
Abbreviation: MPXV=monkeypox virus; MPX=monkeypox; P1=the first passage of isolation; P2=the second passage of
isolation; P3=the third passage of isolation; PRNT=The plaque reduction neutralization test; nAb=the neutralizing antibody;
H1=healthy donor 1; H2=healthy donor 2.
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A PRNT in the Vero cells with the MPXV-B.1China-C-Tan-CQ01 was established. Serum 50%
neutralization titer (NT50) was detected as 35 for the
MPXV case 6 days after symptom onset, while negative
for the 30-year-old heathy donors (Figure 2B).

DISCUSSION
In this study, the isolation and characteristics of
MPXV from the first imported MPX case in the
mainland of China in 2022, named MPXV-B.1China-C-Tan-CQ01, were reported. Based on a review
of current literature, this is the first reported MPXV
isolate in the mainland of China. Additionally, MPXV
replication using qPCR, CPEs, and the morphological
features in the Vero cells were characterized.
Furthermore, novel plaque assays and PRNT were
developed with the MPXV-B.1-China-C-Tan-CQ01
to quantify the infectious MPXV and nAb titer in the
MPX case.
Replication-competent MPXV isolated from skin
lesion swabs, oropharyngeal swabs, anal swabs, urethral
swabs, and semen has been reported previously
(5,7–11). However, MPXV isolation using
oropharyngeal or nasopharyngeal swabs was rarely
reported (12–13). Interestingly, even in the absence of
oral lesions in the patient, replication-competent
MPXV was also isolated from the oropharyngeal swabs
in the study. This is indicative of a sufficient infectious
virus present in the oropharyngeal site, leading to
possible passage by oral droplets and contact. The
results support the notion of the high prevalence of
oropharyngeal and perioral lesions in the current MPX
outbreak.
Current knowledge is limited to MPXV shedding
and the correlation between the detected Ct value and
infectious MPXV load in clinical specimens. A
previous report indicated that MPXV DNA levels
correlated with infectivity in clinical samples and
defined a threshold (Ct ≥35; viral DNA ≤4,300
copies/mL) that predicts poorly infectious specimens
(14). The study measured the infectious potential of
the first passages of virus isolation, with a Ct value of
20.76 for the skin blister fluid swab, the infectious
MPXV was 6 × 104 PFU/mL. With a Ct value of
27.81 for the oropharyngeal swabs, the infectious
MPXV was 10 PFU/mL. A clear correlation between
the Ct value and virus isolation needs to be
investigated in further studies, with more samples
collected to represent different disease course times and
body fluids.
Chinese Center for Disease Control and Prevention

Neutralization assays are often used to detect nAbs
and determine a possible protective antibody titer after
infection or vaccination. To date, data on nAbs in
vaccinated individuals or MPXV-infected cases against
MPX are rare. Herein, the study described a PRNT
assay based on MPXV-B.1-China-C-Tan-CQ01 and
detected MPXV-nAbs in the patient’s serum collected
on day 6 after symptom onset. As the patient was 29
years old, there was no smallpox vaccination history,
and the results indicated that MPXV-infected
individuals could rapidly induce nAb (<2 weeks). The
PRNT described in the study is able to monitor the
neutralizing immune response to MPXV and
determine whether the nAb induced by historic
smallpox vaccination is cross-reactive with MPXV.
In summary, the first MPXV strain in the mainland
of China, named MPXV-B.1-China-C-Tan-CQ01 and
representative of the current epidemic MPXV B.1
clade, was isolated. Characterization of the CPEs,
replication, and morphologic features of MPXV B.1
improves collective understanding of the current MPX
outbreak and its control. The novel plaque assay and
PRNT developed in this study will pave the way for
further research on MPXV as well as the development
of anti-viral drugs and vaccines against the MPX
epidemic.
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Epidemic Surveillance of Influenza Infections: A Network-Free
Strategy — Hong Kong Special Administrative Region,
China, 2008–2011
Zhanwei Du1,&; Qi Tan2,&; Yuan Bai1,2; Lin Wang3; Benjamin J. Cowling1,2; Petter Holme4,#

ABSTRACT
Introduction: The ease of coronavirus disease
2019 (COVID-19) non-pharmacological interventions
and the increased susceptibility during the past
COVID-19 pandemic could be a precursor for the
resurgence of influenza, potentially leading to a severe
outbreak in the winter of 2022 and future seasons. The
recent increased availability of data on Electronic
Health Records (EHR) in public health systems, offers
new opportunities to monitor individuals to mitigate
outbreaks.
Methods: We introduced a new methodology to
rank individuals for surveillance in temporal networks,
which was more practical than the static networks. By
targeting previously infected nodes, this method used
readily available EHR data instead of the contactnetwork structure.
Results: We validated this method qualitatively in
a real-world cohort study and evaluated our approach
quantitatively by comparing it to other surveillance
methods on three temporal and empirical networks.
We found that, despite not explicitly exploiting the
contacts’ network structure, it remained the best or
close to the best strategy. We related the performance
of the method to the public health goals, the
reproduction number of the disease, and the
underlying
temporal-network
structure
(e.g.,
burstiness).
Discussion: The proposed strategy of using
historical records for sentinel surveillance selection can
be taken as a practical and robust alternative without
the knowledge of individual contact behaviors for
public health policymakers.

Influenza infections were reported to be low between
the months of September 2021 and January 2022 (1).
The relaxation of coronavirus disease 2019
Chinese Center for Disease Control and Prevention

(COVID-19) non-pharmacological interventions and
the increased susceptibility during the past COVID-19
pandemic have provided an opportunity for an increase
of more severe influenza epidemics to occur in
upcoming winters in temperate locations.
Infectious disease surveillance systems would provide
historical information on the occurrence of infections
and allow early detection of influenza outbreaks before
they are past the point of being contained. The
surveillance strategies that map out individual contact
behaviors fall into two general categories — those
based on static contact networks and those on
temporal contact networks. Due to contact networks
being essentially dynamic with temporal-network
structures [such as burstiness — individual activities
often happen in periods of intense activity (2)], the
problem remains somewhat more practical in the
context of temporal contact networks.
Retrospective studies have demonstrated that
temporal network structures can influence the
spreading speed and the outbreak size but also
surveillance strategies (3–5). Cowling et al. compared
two temporal-network strategies to select sentinels
[sampling the recent contact, as the recent strategy, and
most frequent contact, as the frequent strategy, with
random individuals (2)], as well as two static-network
strategies (acquaintance and random), on temporal
networks for sentinel surveillance of outbreak detection
(3). The two temporal-network strategies both derive
earlier signals than static-network strategies for early
epidemic detection on networks with strong temporal
structures. However, due to physical contact data being
difficult to obtain, these strategies are difficult to be
applied to practical public health systems.
To detect an early signal for the emerging outbreak
using sentinel surveillance, the digital data on
Electronic Health Records (EHR) provide a unique
chance to test cutting-edge sentinel surveillance
strategies. The EHR of influenza viruses can help
detect other viruses, and have temporal characteristics
with records of when individuals were infected. Our
previous study found treatment records can be used to
CCDC Weekly / Vol. 4 / No. 46
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monitor emerging epidemic outbreaks (e.g., influenza)
and proposed a simple EHR-based strategy that
identifies the most vulnerable individuals who acquired
the earliest infections during historical influenza
seasons and could be a theoretically optimal
surveillance subset (6). However, it does not account
for the real-world data validation, the temporal contact
networks (in which the contact structure may not be
persistent enough), and the cross-strain immunity
(which could be gained during an influenza season to
protect the previously infected individuals from the
reinfection of a group of strains).
In the current study, we produced a practical datadriven surveillance strategy by targeting previously
infected nodes with low cross-strain immunity to
accelerate outbreak detection using sentinel
surveillance of previous earliest infected individuals.
We validated this strategy with a real-world cohort
study and further validated it by simulations using
mathematical epidemic models in temporal networks.
We quantified the early warning and Peak lag gained
by these selected individuals over different transmission
scenarios of effective reproduction numbers, Res.

METHODS
Cohort Data
In the published dataset (7), serum specimens were
collected from a cohort of participants from 2008 to
2011, with each annual record for 956 individuals. We
identified an individual to be infected or not using a 4fold criterion of hemagglutination inhibition (HAI)
titers for each study year. Informed by the infection
history, we could evaluate the infection probability of a
case infected in a year based on the historical records,
together with its 95% confidence interval, using the
method of one-sample t-test.

Surveillance Strategies
We investigated three temporal-network strategies
for designing network-based surveillance systems. To
test the generality of our methodology, we compared it
with available temporal-network surveillance strategies
shown in Cowling et al. using three classes of temporal
complex networks with distinct temporal features
(Supplementary Material, available in http://weekly.
chinacdc.cn/) (3).

Epidemic Model
We simulated epidemic outbreaks using a stochastic
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chain-binomial model in contact networks with nodes
as individuals and edges as epidemiologically relevant
contacts between individuals. We used the following
two criteria to evaluate the performance of each
surveillance strategy in the test epidemic season: Early
warning, and Peak lag (Supplementary Material).

Proposed Surveillance Based on
Individual Historical Vulnerability
In the static-network study, nodes with higher
eigenvector centrality were the theoretical optimal
surveillance subset (8). Conversely, nodes, which were
infected earlier, tended to have a higher eigenvector
centrality (6). We proposed a novel surveillance
strategy to target previously infected nodes (History)
based on estimating the vulnerability of each individual
using their infection history of seasonal respiratory
disease (e.g., influenza) registered in the EHR
(Figure 1). Let τji the time at which an individual j
acquires infection in season i. We defined the
vulnerability of an individual j to contract a respiratory
disease by their infection times in influenza season one
year ago. This vector ranked each individual in the
population by its historical vulnerability to getting
infected, which we used as a surveillance strategy.
To be convenient to use by policymakers (e.g.,
doctors in hospitals), Figure 2 provides a schematic
overview of the proposed surveillance strategy with
four guidelines. Individuals who were uninfected in the
current season but infected in the last season had
higher rankings than others, which could have been
higher if they had been infected earlier in the last
season and had had more infection records in previous
seasons.

RESULTS
Real-world Evaluation Using Historical
Influenza Infections from a Cohort Study
Informed by a cohort of around 1,000 participants
from 2008 to 2011, when influenza A(H1N1)pdm09
circulated, with an annual electronic record of
influenza HAI titers (7), we identified an individual to
be infected or not using a 4-fold criterion of HAI titers
for each study year and estimated the infection
probability of a case infected in the third year
with/without infection during the past two years
(Figure 1A and Supplementary Table S1, available in
http://weekly.chinacdc.cn). The participants, who were
Chinese Center for Disease Control and Prevention
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FIGURE 1. A schematic of the proposed surveillance strategy to target previously infected nodes (History). (A) Infection
probability of influenza virus in Hong Kong Special Administrative Region. (B) Informed by available historical observations
of individuals (a, b, c, and d) over two seasons from S1 to S2, each for one year. (C) In our proposed surveillance strategy,
individuals are ranked by the infection time in season S1 for season S2.
Note: In panel A, we studied a cohort of 956 participants from 2008 to 2011 with annual electronic records for three years
(2008 to 2010, and 2009 to 2011) (7). We estimated the probability of a case being infected in the third year, which was
infected or not in the past two years (Supplementary Table S1, available in http://weekly.chinacdc.cn/). Vertical bars and
error bars represent the estimated mean and 95% CIs. In panel B, the average historical vulnerability of an individual is
estimated from the historical infection time. In panel C, the black bars denote the observed infection timing of individuals in
the first and second/third historical seasons.
Abbreviation: S1=the first season; S2=the second season.
Early
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a

b

c

d
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×1
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early warn infection
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·LS early infected > LS late infected
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FIGURE 2. A simplified schematic illustration of the proposed surveillance strategy.
Note: The proposed strategy ranks the included individuals following four guidelines. Individuals who were uninfected in the
current season but infected in the last season have higher rankings than others. And individuals can get a higher ranking if
they were infected earlier in the last season and have more infection records in previous seasons. By taking four individuals
(a, b, c, and d) as an example, users (e.g., doctors in hospitals) can assess their electronic records of historical seasons at
the end of the current season. Individuals a and c have one infection record in the last season, none in the current season,
and are ranked the highest. Given that a has been infected earlier than c, a has a higher ranking than c. If a and c have the
same infection times in the last season, we could compare the number of infection records in previous seasons. Finally, the
ranking of the four individuals is a, c, d, and b. We used golden/silver/copper crowns and red stars to mark their ranking from
high to low.

infected in the first year but not in the second year,
had the highest infection probability of 22.49% [95%
confidence interval (CI): 16.78%, 28.20%] in the third
year (Figure 1A). In the contact network structure,
Chinese Center for Disease Control and Prevention

those participants may have more contact behaviors
and low cross-strain immunity in the third year and
thus have a higher probability of infection. And
historical EHR data can help identify those with higher
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infection risks of influenza outbreaks to some extent.

Simulation Evaluation of
Surveillance Strategies
We compared our proposed strategy (History)
(Figure 1) with three conventional temporal-networkbased surveillance strategies, including 1) the recent
strategy; 2) the frequent strategy, which uses the top
10% of individuals with the highest numbers of most
recent and frequent connections, respectively; and 3)
the random acquaintance strategy, which first
randomly selects 10% of a randomly selected
individual as the surveillance node (Figure 3).
In temporal networks, different from static
networks, the experience period for strategy learning
may not correlate with the evaluation period for
testing, and individual interactions may happen in a
short period. This may fail surveillance strategies if the
high centrality nodes in the experience period decrease
their centrality significantly or interactions in the
evaluation period. Thus, we investigate the impact of
burstiness [the phenomenon that human activities
often happen in intense periods separated by periods of
inactivity (2)] and persistence [measured by the
fraction of edges that is present both in the first and
last 5% of the contacts by the Jaccard similarity
coefficient (2)] on the performance of early warning
and Peak lags (Supplementary Table S2, available in
http://weekly.chinacdc.cn).
We
collected
and
summarized the properties of the study temporal
networks in Supplementary Table S2, with burstiness
ranging from 0.39 to 0.72 and persistence ranging
from 0 to 0.18.
Burstiness may correlate with the early warning
negatively (Supplementary Table S3, available in
http://weekly.chinacdc.cn/). In the evaluation criteria
for early warning, the proposed strategy outstrips the
random strategy in all three networks. The
performance of our strategy is also comparable to the
frequent and recent strategies in the Prostitution and
Email networks, but not in the Dating network (which
has the highest burstiness) (Figure 4 and
Supplementary Table S3). For example, in the
Prostitution network, under a low transmission
scenario (Re=1.2) and a high transmission scenario
(Re=3), the history strategy has an early warning of
1.78 days (95% CI: 0.00, 3.56) and 0.71 days (95%
CI: −0.54, 1.95), respectively, which is around a half
day earlier than the recent and frequent strategies. In
the Dating network, the history strategy is better than
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the random strategy but not the other two. As for Peak
lag, there is no significant difference among study
strategies in the three temporal networks, given the
large 95% CI (Figure 4 and Supplementary Table S4,
available in http://weekly.chinacdc.cn).

DISCUSSION
Although influenza outbreaks are extremely
challenging to predict (9), alerting the onset of an
influenza pandemic would be extremely important for
public health agencies to respond before it pasts the
point of being contained.
Building on the availability of electronic health
record systems, we proposed a novel surveillance
strategy of selecting previously infected individuals for
sentinel surveillance in temporal networks. The beauty
of this approach is to exploit contact structure without
having to measure it — which is both difficult and
may change over time, inspired by that history of
infection will reflect temporal contact structure if it is
persistent enough. In practical use, for a new emerging
or reemerging infectious disease, it is not necessary for
our proposed strategy to ask for patient infection
history or prior knowledge of the same disease.
The proposed strategy does not work well in the
Dating network, perhaps due to its high bursty
coefficient (Supplementary Table S2). Individuals just
have intensive contact for a short period and hinder the
subsequent infections. For instance, one individual
who has intensive contacts in the training seasons has a
higher probability of getting infected than other
individuals, and thereby is ranked higher in our
proposed history strategy. However, this individual
may make few contacts in the test season and has a
lower probability to be infected and fail the history
strategy.
EHRs are the most essential component of health
information technology, with hospital adoption rates
representing a country’s level of medical digitalization.
In China, it was 83.6% and 86.6% in 2018 in China’s
economically underdeveloped and developed hospitals,
respectively (10). Although the growth rate of EHR
adoption has been slow since 2013, as a result of many
hospitals in underdeveloped areas lacking sufficient
financial support and staffing funds, the Chinese
government has begun to reform relevant policies,
implementing both financial assistance and policyguiding measures gradually (10). With the
implementation of EHR systems in underdeveloped
Chinese Center for Disease Control and Prevention
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strategy. (D) The schematic illustration of the Random surveillance strategy. (E) The schematic illustration of the history
surveillance strategy for previously infected (PI). (F) Surveillance objectives.
Note: In panel A, the first time phase is for training and the second one is for epidemic simulation. In panel B, C, D, and E,
the horizontal line denotes an individual and the circles and vertical lines indicate the interaction. We marked the first
infected node as “Seed” in the second time window, the node selected randomly to trigger surveillance strategy as
“Random”, the node for sentinel surveillance as “Monitor” following different strategies. In epidemic simulation, gray and
black circles with red borders denote infectors and infectees, respectively. In panel F, we compared the prevalences
between nodes in the surveillance subset and those in the whole population. We calculated the time lag between the two
groups reaching 1% prevalence (early warning) and their epidemic peaks (peak lag).
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Table S2, available in http://weekly.chinacdc.cn).
Abbreviation: EHR=Electronic Health Record.

and developed areas in near future, we expect our
EHR-based strategy to become increasingly widely
used in China.
We concluded that the proposed strategy of using
historical records for sentinel surveillance selection is
competitive with other existing surveillance strategies
in temporal networks and can be taken as a practical
and robust alternative without the knowledge of
individual contact behaviors for public health
policymakers. This study can deepen the
understanding of sentinel surveillance and guide future
strategies with diverse data sources, especially digital
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health data.
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SUPPLEMENTARY MATERIAL
Methods
Surveillance strategies: We investigated three temporal-network strategies for designing network-based
surveillance systems. In a temporal network, we divide the time duration of individual contacts into two sequential
periods: the experience period and the evaluation period. The reference strategies used for surveillance are:
● Random: target an individual randomly;
● Recent: target the most recent contact individual of random individuals in the experience period;
● Frequent: target the most frequent contact individual of random individuals in the experience period.
Contact network data sets: To test the generality of our methodology, we also compared it with available
temporal-network surveillance strategies shown in Bai et al. (1), using three classes of temporal complex networks
with distinct temporal features:
● Prostitution: A sexual network, collected from a Brazilian online forum, includes N=16,730 individuals and
E=50,632 sexual contacts over T=2,232 days. The contact at a given time represents the reported sexual encounter
between a male sex buyer and a female escort (2–3).
● Email: A communication network, collected from one of the main mail servers of a university (4), includes
N=2,997 email accounts and E=202,694 contacts over T=82 days. The contact at time t represents the interaction
of two email accounts by sending or receiving a message (2,4).
● Dating: A sexual network, collected from an Internet dating community (5), includes N=28,972 individuals as
well as E=430,827 sexual contacts over a span of T=512 days. Each contact demonstrates the initial dating
interaction between two individuals (2,5).
The degree distributions of all three temporal networks follow a power law (1). Additionally, they show different
degrees of burstiness (the phenomenon that human activities often happen intensively in short periods separated by
periods of quiescence (2)] and persistence [the fraction of edges that is present both in the first and last 5% of the
contacts by the Jaccard similarity coefficient (2)].
The three temporal networks show high values of burstiness with Prostitution at 0.39, Dating at 0.62, and Email
at 0.72. At the same time, they possess different values of persistence, with Prostitution and Dating as 0, and Email
as 0.18 (1).
The time scales of the temporal contacts in the above three datasets are greatly different. The mean number of
contacts per individual in 7 days in prostitution, email, and dating datasets are 0.8, 18.4, and 16.1, respectively. We
rescaled the time scales of the temporal contacts in these datasets to reduce the difference in physical contacts that
SUPPLEMENTARY TABLE S1. Infection probability of influenza virus in Hong Kong Special Administrative Region.
Infected in first year

Infected in second year

Yes

No

No

Mean infection probability in third year

Number of cases

22.49% (95% CI: 16.78%, 28.20%)

209

17.53% (95% CI: 15.66%, 19.39%)

1,592

3.57% (95% CI: 0.00%, 10.90%)
28
Yes
7.81% (95% CI: 4.86%, 10.77%)
No
320
Note: We estimated from a cohort of 956 participants from 2008 to 2011 with annual electronic records (1). We separated the four-year
dataset into two three-year sub-datasets of 2008 to 2010 and 2009 to 2011. Cases were selected following different criteria from the two
sub-datasets and aggregated together to estimate the infection probability in the third year. We estimated the probability of a case infected
in the third year, which was infected or not in the past two years.
Abbreviation: CI=confidence interval.
Yes

SUPPLEMENTARY TABLE S2. Properties of temporal networks.
Dataset

Number of nodes

Number of edges

Prostitution

16,730

50,632

2,232 days

Email

2,997

202,694

82 days

Dating

28,972

430,827

512 days

1 second

Chinese Center for Disease Control and Prevention

Time steps

Time unites

Average degree

Burstiness

1 day

15

0.39

0

1 second

15

0.62

0.18

8

0.72

0
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SUPPLEMENTARY TABLE S3. Early warning (days) of optimal testing strategies for various influenza transmission
scenarios.
Random
Mean (95% CI)

Frequent
Mean (95% CI)

Recent
Mean (95% CI)

History
Mean (95% CI)

1.2

0.06 (−0.35, 0.47)

1.06 (−0.43, 2.54)

1.17 (−0.41, 2.75)

1.78 (0.00, 3.56)

1.5

0.05 (−0.28, 0.39)

1.07 (−0.61, 2.76)

1.16 (−0.61, 2.94)

1.49 (−0.21, 3.18)

0.04 (−0.24, 0.33)

0.83 (−0.77, 2.42)

0.92 (−0.77, 2.61)

1.29 (−0.37, 2.94)

2

0.03 (−0.17, 0.24)

0.69 (−0.47, 1.85)

0.75 (−0.45, 1.95)

0.98 (−0.35, 2.31)

R

1.8

Network

Prostitution

3

0.02 (−0.16, 0.21)

0.58 (−0.73, 1.89)

0.62 (−0.79, 2.04)

0.71 (−0.54, 1.95)

1.2

1.71 (−4.01, 7.43)

4.35 (−3.40, 12.11)

3.86 (−3.15, 10.87)

4.60 (−1.58, 10.77)

1.5

3.34 (−6.71, 13.40)

7.15 (−3.96, 18.26)

7.05 (−4.08, 18.18)

6.72 (−4.47, 17.91)

0.54 (−2.60, 3.68)

2.52 (−4.66, 9.69)

2.72 (−4.50, 9.95)

2.92 (−4.22, 10.05)

2

0.88 (−4.65, 6.42)

1.84 (−5.74, 9.41)

1.93 (−5.14, 9.00)

2.08 (−4.91, 9.07)

3

0.51 (−3.47, 4.50)

1.34 (−4.68, 7.35)

1.72 (−6.04, 9.48)

1.49 (−4.77, 7.74)

1.2

4.79 (−8.91, 18.49)

22.35 (3.52, 41.17)

22.35 (4.21, 40.49)

15.91 (−2.26, 34.08)

1.5

2.48 (−3.68, 8.65)

15.81 (−1.39, 33.01)

15.42 (−1.15, 31.99)

10.39 (1.14, 19.64)

1.8

1.8

Email

Dating

3.10 (−6.52, 12.72)

13.49 (−3.14, 30.12)

13.17 (−3.05, 29.40)

12.07 (−2.96, 27.11)

2

3.38 (−8.14, 14.89)

13.90 (−3.17, 30.97)

13.60 (−3.51, 30.70)

11.52 (−6.18, 29.22)

3

1.01 (−1.01, 3.03)

5.69 (2.18, 9.21)

5.59 (1.98, 9.21)

4.43 (0.64, 8.22)

Abbreviation: CI=confidence interval.

SUPPLEMENTARY TABLE S4. Peak time (days) of optimal testing strategies for a range of influenza transmission
scenarios.
Random
Mean (95% CI)

Frequent
Mean (95% CI)

Recent
Mean (95% CI)

History
Mean (95% CI)

1.2

0.89 (−2.35, 4.12)

0.93 (−2.32, 4.18)

0.98 (−2.19, 4.16)

0.85 (−1.66, 3.35)

1.5

1.14 (−2.42, 4.70)

1.19 (−2.84, 5.22)

1.29 (−2.81, 5.38)

1.30 (−2.48, 5.08)

R

1.8

Network

1.33 (−2.57, 5.22)

1.20 (−2.86, 5.26)

1.23 (−2.84, 5.31)

1.87 (−2.47, 6.21)

2

1.68 (−3.00, 6.36)

1.63 (−3.35, 6.61)

1.58 (−3.45, 6.61)

2.63 (−2.37, 7.62)

3

1.53 (−2.96, 6.02)

1.65 (−3.22, 6.52)

1.56 (−3.34, 6.46)

2.49 (−2.65, 7.62)

1.2

0.06 (−0.53, 0.65)

0.00 (0.00, 0.00)

0.01 (−0.18, 0.20)

0.06 (−0.58, 0.69)

0.75 (−1.92, 3.42)

0.35 (−2.10, 2.79)

0.20 (−1.48, 1.89)

0.25 (−1.14, 1.64)

0.20 (−1.26, 1.65)

0.08 (−0.55, 0.72)

0.20 (−1.25, 1.64)

0.15 (−0.74, 1.04)

2

0.58 (−4.31, 5.46)

0.73 (−5.07, 6.53)

0.24 (−3.18, 3.66)

0.24 (−3.18, 3.66)

3

0.45 (−3.61, 4.51)

0.78 (−4.70, 6.26)

0.98 (−5.27, 7.24)

0.87 (−4.49, 6.22)

1.2

7.61 (−22.17, 37.38)

4.12 (−12.37, 20.60)

7.23 (−17.98, 32.43)

6.17 (−13.17, 25.50)

1.5

6.50 (−19.41, 32.41)

5.31 (−20.90, 31.53)

4.51 (−18.49, 27.52)

2.78 (−14.79, 20.34)

2.37 (−7.37, 12.11)

2.56 (−11.69, 16.80)

1.67 (−8.00, 11.34)

2.58 (−12.72, 17.87)

2

1.99 (−4.61, 8.59)

1.90 (−4.39, 8.18)

2.09 (−4.59, 8.76)

1.58 (−4.33, 7.49)

3

3.15 (−21.15, 27.45)

6.60 (−28.58, 41.79)

4.48 (−23.82, 32.78)

4.18 (−24.55, 32.90)

Prostitution

1.5
1.8

1.8

Email

Dating

Abbreviation: CI=confidence interval.

the infectious virus transmits on (6). Specifically, we sped up the time scale of the prostitution dataset 40-fold and
slowed down the time scales of the email and dating by mapping the one-day time scale in the email dataset and the
two-day time scale in the dating dataset to seven-day, respectively. Finally, the mean estimate is closer among
prostitution, email, and dating datasets, which are 2.97, 3.97, and 9.06 days on average in 7 days.
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SUPPLEMENTARY TABLE S5. Values of parameters in the SIRS epidemic model in networks across effective reproduction
numbers.
Network

Prostitution

Email

Dating

Effective reproduction number Re

Transmission probability β

Recover rate γ (days)

1.2

0.3

7

1.5

0.4

7

1.8

0.5

7

2

0.7

7

3

0.9

7

1.2

0.15

7

1.5

0.3

7

1.8

0.5

7

2

0.6

7

3

0.8

7

1.2

0.2

7

1.5

0.3

7

1.8

0.35

7

2

0.4

7

3

0.8

7

Abbreviation: SIRS=susceptible-infectious-recovered-susceptible.

Epidemic Model
We simulated epidemic outbreaks using a stochastic chain-binomial model in contact networks with nodes as
individuals and edges as epidemiologically relevant contacts between individuals.
We simulated the susceptible-infectious-recovered-susceptible (SIRS) model: each individual has three states:
susceptible (S), infectious (I), or recovered (R). The transmission probability of the disease in each contact is β . The
node i will remain infectious for /γ days, after which it will recover. For each dataset, we simulate multiple
instances of β and γ . We set γ to 7 days as the base recovery period (7). The γ is calibrated to match the expected
Re . The values of β and γ used in the experiments are listed in Supplementary Table S5. We estimated Re by the
secondary infections of the earliest infected cases, which count for 1% of the population. We started simulations in
temporal networks by randomly sampling one seed to be infectious.
The disease prevalence is counted as the number of infectious people over time. We divided the temporal contacts
into η=4 phases, with each phase as one season. In each phase, we randomly selected one individual as the source of
infection. To simulate the cross-immunity, we asserted that the individual infected in the previous season will not be
infected in the current season, as that the immunity period of influenza had been over one year (8–9). We used the
last season as the test epidemic season and used the contact information data in the previous η-1 seasons for training
surveillance strategies.
Following (10–12), we used the following two criteria to evaluate the performance of each surveillance strategy in
the test epidemic season:
● Early warning. Let tEP
µ be the time at which the disease prevalence reaches a predefined threshold µ in the
entire population (EP), and tSG
µ the time at which the disease prevalence reaches the same threshold µ=1% in the
SG
surveillance group (SG). The early warning criterion measures the time lag tEP
µ − tµ .
SG
● Peak lag. Let tEP
peak, tpeak be the time at which the disease prevalence reaches the peak prevalence in the entire
SG
population and in the surveillance group, respectively. Peak lag criterion measures the time lag tEP
peak − tpeak .

Limitations
We would highlight several limitations in our study. First, we assumed the consequent outbreaks have similar
circulating strains over seasons in our simulations, and individuals infected last season have immunity protection
against infection in the consequent season. However, if the circulating strains are different during two consecutive
Chinese Center for Disease Control and Prevention
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influenza seasons and have weak cross-immunity protection. In this situation, the previously infected individuals in
the last outbreak may be chosen directly for the sentinel surveillance of the study outbreak. Second, the lack of
influenza circulation in the past seasons during 2020 and 2021 would reduce the immunity level in the population
level (13). For the sentinel surveillance of outbreaks in the winter of 2022, we suggest the selection of individuals
based on EHR data before the COVID-19 pandemic, for example, in the winter of 2019. Third, we did not model
the influenza vaccination in our simulations significantly. However, the effective reproduction number in our
simulations has included the impact of vaccinations on transmissions, with higher vaccine coverage resulting in
lower effective reproduction numbers. To reduce this potential bias in practice, we suggest excluding those
individuals vaccinated in the near period in the sentinel surveillance set. Fourth, it is plausible that not all infected
individuals will seek treatment and leave their records. According to our prior study (14), the EHR-based strategy
did not work well when the probability of seeking treatment and having an influenza record does not exceed 25%,
which we believe also holds in the temporal network qualitatively. Fifth, in the study of temporal networks, we
mainly considered the individual contacts. Environmental variables may have an inevitable effect in determining
whether a pathogen can become epidemic, for example, absolute humidity and temperature on influenza (15–16).
We may include these additional effects on the transmission rate in the future for disease modeling of specific
infectious diseases. Sixth, we divided the time duration of temporal networks into the experience and evaluation
periods. However, human movements have seasonal patterns (17), which may enhance the performance of our
proposed strategy. For the example of winter influenza, we may only use the history of winter influenza for the
proposed strategy to learn, but not the overall annual history of influenza infection. Seventh, to validate our
assumption of the impact of cross-immunity on early surveillance, we conducted a real-world evaluation using
historical influenza infections from a cohort study. Although the group following the EHR-based strategy had an
higher relative infection probability than other groups, influenza transmission is complex and has age-specific
heterogeneity, which is not included in our modeling. However, we believe our result still holds qualitatively.
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Methods and Applications

Uncovering the Impact of Control Strategies on the Transmission
Pattern of SARS-CoV-2 — Ruili City, Yunnan Province, China,
February–March 2022
Jinou Chen1; Yubing Qiu1; Yuhua Shi1; Wei Wu1; Erda Zheng1; Lin Xu1,#; Manhong Jia1,#

ABSTRACT
Introduction: The implementation of public
health and social measures (PHSMs) was an effective
option for controlling coronavirus disease 2019
(COVID-19). However, evidence is needed to evaluate
these PHSMs’ effects on the recently emerged variant
Omicron.
Methods: This study investigated variant Omicron
BA.2’s outbreak in Ruili City, Yunnan Province,
China. The disease transmission dynamics,
spatiotemporal interactions, and transmission networks
were analyzed to illustrate the effect of PHSM
strategies on Omicron spread.
Results: A total of 387 cases were related to the
outbreak. The time-varying reproduction number was
synchronized with PHSM strategies. Spatiotemporal
clustering strength presented heterogeneity and
hotspots. Restricted strategies suppressed temporal and
spatial relative risk compared with routine and
upgraded strategies. The transmission network
presented a steeper degree distribution and a heavier
tail under upgraded strategies. Phase transformation
and distinctive transmission patterns were observed
from strategy-stratified subnetworks.
Conclusions: The tightened response strategy
contained reproduction of the virus, suppressed
spatiotemporal clustering, and reshaped the networks
of COVID-19 Omicron variant transmission. As such,
PHSMs against Omicron are likely to benefit future
responses as well.

INTRODUCTION
The emergence of severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) led to a global pandemic.
Several waves of the pandemic have been associated
with different variants of SARS-CoV-2 over the past
two years. The most recent variant has been the
Omicron variant. This variant raises concern due to its
ability to bypass pre-existing immunity acquired
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through vaccination: a mutation that has led to
increased transmissibility (1–2). Low vaccine efficacy
and highly contagious Omicron variant emergence
have jointly highlighted existing public health
measurements (3). In the absence of effective drugs,
the implementation of public health and social
measures (PHSMs) is an effective option and the best
practical tool for responding to coronavirus disease
2019 (COVID-19) spread. Thus, field evidence and
study of PHSMs’ impact on the Omicron variant
transmission are urgent and essential.
Ruili has been on the front line of fighting against
COVID-19; this southwestern city has endured and
responded to multiple waves of the pandemic since
2020 (4). Ruili offers a unique opportunity to study
the effect of PHSMs on COVID-19 transmission —
especially insofar as how it manifests within China.
More detailed characteristics about Ruili can be found
in the Supplementary Materials (available in http://
weekly.chinacdc.cn/).
This study investigated the Omicron BA.2 variant
outbreak in Ruili to assess different PHSM strategies’
impact on transmission dynamics and spatial-temporal
interaction. Ultimately, the study was able to illustrate
transmission networks based on the different PHSM
scenarios — which helps deepen understanding of its
impact on COVID-19 prevention and control.

METHODS
Data Source and Collection
This study’s data collection was based on field
research in Ruili investigating a COVID-19 Omicron
BA.2 variant outbreak that occurred between February
14 and March 29, 2022. For each COVID-19 case,
the data attributes noted included gender, age, type of
case, symptom onset date, exposure date, individual
residence address, and whether the case involved a
vaccinated person or not. This study then identified
close contact relationships and constructed
epidemiological links based on a detailed
Chinese Center for Disease Control and Prevention
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epidemiological investigation. Finally, it mapped the
individual address to the latitudes and longitudes by
the Gaode geocoding Application Programming
Interface for further analysis.

Data Analysis
Statistical analyses were done by using R software
(version 4.0.2, R Core Team, Vienna, Austria). The
transmission networks were visualized using Gephi
software (version 0.9.4, Bastian M, San Jose,
California, USA). The statistical significance level was
set at P<0.05.

The PHSMs and Control Strategies
The PHSMs included nucleic acid screening, tracing
and management of close contacts, border trade
management, in-city travel control, risk site control,
outgoing traveler control, personal protection, and
social distancing. The various PHSMs were grouped
into four comprehensive strategies throughout the
outbreak (Figure 1B). Different PHSMs strategies were
synchronized to the intensity of the outbreak.
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FIGURE 1. The epidemic and transmission dynamics synchronized with PHSM strategies from the COVID-19 outbreak in
Ruili, China, February–March 2022. (A) The epidemic curve of COVID-19 outbreak (B) The synchronized PHSM strategies
for outbreak control. (C) The estimated parameters and distribution of the incubation period. (D) The estimated parameters
and distribution of the serial interval. (E) The Rt and its 95% CrI of COVID-19 transmission under PHSM strategies.
Note: Panel A presents the first wave of outbreak: from February 14 to 26. Thereafter, the second wave from February 27 to
March 29. Panel B shows the PHSM implementations and strategies. The routine strategy was implemented between
February 14 and March 2, the upgraded strategy between March 3 and 16, the restricted strategy between March 17 and
24, and the moderate strategy between March 25 and 29. Panel C and D estimates the distribution and parameters of the
incubation period and the serial interval. Panel E presents the Rt of the outbreak. Based on the previous fitted serial interval
distribution and the case incidence time series, the 7-day moving average Rt and its 95% CrI were calculated throughout the
outbreak. The Rt being less than 1 indicated transmission was interrupted and contained; otherwise, the transmission was
ongoing.
Abbreviation: COVID-19=coronavirus disease 2019; PHSM=public health and social measure; Rt=time-varying reproduction
number; 95% CrI=95% credible interval.
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This study then fitted four distributions (Normal, Lognormal, Gamma, and Weibull) and estimated
distribution parameters for the disease incubation
period and serial interval. It determined the best-fitted
distributions with the minimal Akaike information
criterion. Finally, this study estimated the basic
reproduction number (R0) and the time-varying
reproduction number (Rt) in order to evaluate the
PHSM strategies’ effect on Omicron transmission.

The Spatial-temporal Interaction
and Risk Evaluation
This investigation applied the Knox test to quantify
the effect of PHSM strategies on the spatial-temporal
interaction of viral transmission. A detailed
introduction of the Knox test can be found in the
Supplementary Materials. In brief, the method defines
spatial-temporal interaction as pairs of cases that are
close in both spatial distance and temporal interval;
thus, it can uncover spatiotemporal hotspots on a
defined scale. The test provided spatiotemporal
clustering strength (S) and relative risk (RR)
calculations based on the comparison of observed (AX)
and expected (EX) values of the Knox statistic X.
This study further analyzed the S by fitting the
overall and strategy-specified mixed linear model
(MLM) into spatiotemporal-repeated structural data.
The MLM fixed effect of PHSM strategies was
estimated to compare its effect on spatiotemporal
clustering. The aggregated RR was depicted by spatial
and temporal variation to identify spatiotemporal
clustering risks under different PHSM strategies.

The Transmission Networks Analysis
To analyze the effect of PHSM strategies on
transmission relationships, this study applied
transmission network analysis to the data through the
construction of transmission networks based on close
contact relationships and epidemiological links
between cases. Each case was defined as a node, and
the connection between two cases was defined as an
edge in the network. Through this, the transmission
network could then be illustrated as a graphic
expression. The PHSM strategies’ effect on the
transmission pattern was evaluated and compared by
overall and strategy-specified network parameters.
More details on the network parameters can be found
in the Supplementary Materials.
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RESULTS
The Characteristics and Dynamics of
the Transmission
On February 16, two index cases were identified that
shared the same RNA sequence as lineage BA.2
(Omicron variant); another index case was identified as
lineage B.1.617.2 (Delta variant). The subsequent
cases were all sequenced and identified as Omicron
variant BA.2 (no more Delta variant infections
appeared). Up until March 29, a total of 387 cases
were related to the variant BA.2 outbreak over the
course of 43 days (Figure 1A). The characteristics of
these cases were summarized in Supplementary
Table S1 (available in http://weekly.chinacdc.cn/).
The incubation period of measured cases followed a
gamma distribution (Figure 1C); the mean incubation
period was 3.6 days; and standard deviation (SD) was
2.1 days. The serial interval fitted best with gamma
distribution (Figure 1D); the mean serial interval was
3.2 days, and SD was 1.7 days. From February 14 to
March 29, the R0 was 1.1 [95% credible interval (CrI):
1.1 to 1.2]. The Rt varied according to PHSM
strategies (Figure 1E); the average Rt under four
PHSM strategies were 1.27, 1.65, 0.91, and 0.60,
respectively.

The Spatial-temporal Risk Evaluation
The median spatial distance between pairs of cases
was 16.3 kilometers. Spatiotemporal clustering
strength presented heterogeneity and hotspots
(Figure 2A–B). The highest clustering strength
Smax=314.7 was a time interval from 1 to 2 days and a
distance within 100 meters. There was a relatively high
clustering strength within 4 days and 1 kilometer. The
MLM fixed effects of S were showed in Figure 2C–D.
The fixed effects of MLM were 17.89, 1.97, −1.53,
and −8.59 for the routine, upgraded, restricted, and
moderate strategies respectively. The S decreased
steeply with increasing spatial distance (βs=−0.86 per
0.1 kilometers), but it presented a prolonged tail while
temporal intervals increased (βt=−1.38 per day).
The aggregated analysis showed that the restricted
strategy suppressed temporal RR between 4 and 7 days
in comparison with the routine and upgraded strategies
(Figure 2E). The restricted strategy (RR=1.20) reduced
60% and 19% spatial risk compared with the routine
(RR=1.80) and upgraded strategies (RR=1.39), while
the spatial distance was equal to zero (Figure 2F). The
overall RR was significantly different under PHSM
strategies (Figure 2G).
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FIGURE 2. The spatial-temporal interaction of the COVID-19 outbreak in Ruili, China, February–March 2022. (A) The spatial
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Note: Panel A and Panel B presents the overall and strategy-stratified distance between cases, and the S projected into
temporal interval and spatial distance. Panel C and Panel D showed that the S regressed with PHSM strategies spatial
distance and temporal interval by applying the MLM. The point and interval presented the mixed linear regression coefficient
βi and its 95% confidence interval; the solid circle was regression coefficient test P<0.05; and, finally, the hollow circle was
P≥0.05. Panel E–G presents the aggregated RR projected to temporal interval and spatial distance, and the multiple
comparison of RR under strategies was applied through the nonparametric Bonferroni tes.
**** P<0.05; ns: P≥0.05.
Abbreviation: COVID-19=coronavirus disease 2019; PHSM=public health and social measure; MLM=mixed linear model;
S=the clustering strength; RR=the relative risk.
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network; it also denoted a larger -γ, d, and laver, as
well as a smaller caver. On the other hand, the
subnetwork pattern of the restricted strategy presented
a lessened, highly condensed subnetwork with
contained scale and suppressed connectivity; it denoted
a smaller -γ, d, laver, as well as a larger caver. The
shared pattern across the routine and moderate
subnetworks represented similar PHSM strategy
implementation and effect.

Transmission Network Analysis
As shown in Figure 3, this study constructed a
transmission network. The network showed highly
connected nodes, indicating dense consociation of
transmission. The degree distribution of the upgraded
subnetwork was steeper and had a heavier tail than
other subnetworks: the long tail of degree distribution
means a super-spreader exists.
Phase transformation was observed between
subnetworks. The subnetworks under different
strategies showed heterogeneity of parameters, scale,
and transmission patterns (Table 1). The maximum
degree (kmax) and average degree (kaver) indicated more
serious transmission intensity for the upgraded and
restricted subnetworks. The subnetwork pattern for the
upgraded strategy displayed an uncontrolled, superspreader, large-scale, scattered, and widespread
B

DISCUSSION
In brief, the evidence collected by this study showed
that the tightened PHSM strategy was associated with
successful control of the Omicron variant BA.2
outbreak. Effective transmission was significantly
decreased under the restrict strategy, along with spatialC
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FIGURE 3. The transmission networks and degree distribution of the COVID-19 outbreak in Ruili, China, February–March
2022. (A) The transmission networks of the COVID-19 outbreak. (B) Overall degree distribution of the transmission
networks. (C) Overall degree power-law line in the log-log plot. (D) Strategy-stratified degree distribution of the transmission
network. (E) Strategy-stratified degree power-law line in the log-log plot.
Note: The transmission network was constructed by 278 confirmed epidemiological links (A). The overall and strategyspecific node degree distribution presented a power-law distribution (B and D). The vital parameter of degree exponent -γ
was the largest in the upgraded subnetworks (C and E).
Abbreviation: COVID-19=coronavirus disease 2019; CDF=cumulative distribution function.
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TABLE 1. Transmission network parameters under public health and social measures strategies in Ruili City, Yunnan
Province, China, February–March 2022.
Networks

V

kmax

kaver

-γ

d

laver

caver

Overall

272

23

3.86

1.695

9

4.23

0.61

Routine

23

9

3.95

1.692

4

1.90

0.75

Upgraded

162

23

3.02

1.828

9

4.01

0.49

Restricted

67

18

5.68

1.541

5

2.05

0.78

Moderate

20

11

4.40

1.585

3

1.65

0.83

Abbreviation: V=Node; kmax=Maximum degree; kaver=Average degree; -γ=the degree exponent of power-law distribution; d=Network
diameter; laver=Average path length; caver=Average clustering coefficient.

temporal
clustering
limitation
and
phase
transformation of the transmission network. This
interdisciplinary exploration helps relevant stakeholders
better understand the role of PHSM strategy in
responding to the COVID-19 outbreak.
This study characterized the dynamics and key
parameters of transmission. The shortened
transmission
parameter
indicated
stronger
transmissibility of the BA.2 variant. The estimated
mean incubation period was 3.6 days (SD=2.1 days)
for this Omicron variant BA.2. It was 31% shorter
than the primary strain reported in Wuhan (mean=5.2
days) (5), and 18% shorter than the Delta variant
B.1.617.2 reported (mean=4.4 days, SD=1.9 days) in
Guangzhou, China (6). The mean serial interval was
3.2 days (SD=1.7 days). It was 57% shorter than the
primary strain (mean=7.5 days), 6%–16% shorter than
that reported in Zhuhai, China (mean=3.4 days,
SD=1.7 days) and in the Republic of Korea (mean=3.8
days, SD=3.3 days) compared to Omicron variant
BA.1 (7–8). It suggested that more rapid public health
measurements should be taken in response to fast
spreading variants such as Omicron. The theoretical R0
was related to the control measures and population
immunity level. Although there was a restricted control
policy, a 95% population immunity level, and a 92.2%
vaccination rate among patients, the R0 was still
slightly larger than 1. It was in line with the estimated
R0=1.72 in the Republic of Korea’s early Omicron
wave, a time when 80% of the population had received
2-dose vaccinations (8). However, a widespread
comparison of R0 should be done cautiously because of
varying public health responses and immunity levels.
This study highlighted that transmission was
contained after seven days by implementing the most
important PHSM of complete in-city travel restriction
and region lockdown. The dynamics analysis presented
the synchronization of PHSM strategies and Rt. The Rt
dramatically decreased by implementing the upgraded
and restricted strategies, however, the Rt presented a
long tail during the upgraded strategy. The average Rt
Chinese Center for Disease Control and Prevention

among the restricted strategy were 28.4% and 44.8%
lower than the routine and upgraded strategy.
Another approach to characterize the effect of
different scenarios of interventions is the ordinary
differential equations model (ODE), known as the
classic
Susceptible-Infectious-Recovered
(SIR)
infectious disease modeling framework. The SIR model
designates initial parameters and iterates equations to
obtain numerical solutions for different intervention
scenarios. The inference of ODE is highly sensitive to
initial parameters and is profoundly model-dependent.
Dissimilarly, the performed analysis in this study was
data-driven by field investigation. Transmission
dynamics were based on the nature of disease
transmission, including the serial interval and
incubation period; thus, the more robust and
pragmatic results identified in this study are more
beneficial to public health practice than the ODE.
The Knox spatiotemporal interaction analysis
allowed this study to examine and identify high
strength clusters. The spatiotemporal heterogeneity
implied that there was a high risk of COVID-19
infection among nearby spatiotemporal persons. It can
be interpreted as showing that a large share of infection
and transmission cases were among high-risk close
contacts and family clusters.
The quantification of spatial-temporal interaction
revealed the impact of PHSM strategies on
spatiotemporal clustering. The highest spatial RR was
among the routine strategies, and it showed a
prolonged RR in the time interval. This implies that
the routine strategy could not interrupt long-temporal
transmission and short-space infection. The upgraded
strategy mitigated short-distance infection compared
with the routine strategy, but whole-temporal
transmission was higher than the routine. This implies
that the implementation of partial in-city travel
restriction and risk site lockdowns had an effect on
controlling spatial close contact transmission, but
temporal risk still could not be suppressed much
among extensive community transmission scenarios.
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The restricted strategy simultaneously prevented shortand long- transmission in spatiotemporal scale: the
transmission was interrupted by implementing a
complete in-city travel restriction and region
lockdown.
This investigation further found PHSM strategies
corresponding to varied patterns of the transmission
network. The characteristics and appearance of the
transmission network were synchronized with the
PHSM strategies. The node degree distribution
presented a heavy tail power-law distribution; this was
consistent with previous studies in Hong Kong (9).
According to the specificity of scale-free networks, the
part of the heavy tail of the degree distribution deserves
attention. The super-connected nodes were in key
positions in the transmission network: identifying
super-spreaders in the heavy tail part was thus crucial
to controlling the outbreak. Another specificity of the
scale-free network was that, if one deletes the most
connected node of the network, it would break into
many isolated fragments — although the scale-free
network showed robustness and tolerance against
random failures (10). The topological weakness of
transmission networks was due to inhomogeneous
power-law connectivity distribution. The network
dynamics under different strategies demonstrated the
nature of a scale-free network. The most connected
nodes, or the super-spreaders, were contained under
the restricted strategy; resultantly, the transmission
network crashed into many unconnected limited
pieces, resulting in a contained outbreak. The
perception of phase transformation of complex
network dynamics helped deepen the understanding of
the PHSM effect on transmission networks.
The epidemiology and dynamics of the outbreak
indicated high transmissibility and concealed
infectivity of the Omicron variant BA.2. The vital
contribution of this study is that it shows evidence that
timely PHSMs are essential to control high-risk
outbreaks. The timely restricted strategy was sufficient
to control COVID-19 even during extensive
community transmission scenarios.
The study was subject to at least two limitations.
First, there was a high proportion of asymptomatic
cases in the outbreak. The fact that the date of the
positive test replaced symptom onset for parameter
estimation introduces bias. Second, the cases’ home
addresses were used in the spatial-temporal analysis;
thus, it could not consider working locations or public
places, and the trajectory and infection exposure might
be different in those locations. As such, future studies
should address the specific PHSM’s impacts on
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transmission patterns.
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SUPPLEMENTARY MATERIALS
Study Settings
The study field in Ruili was in Dehong Dai and the Jingpo Autonomous Prefecture of Yunnan Province, located
in southwestern China. The area was 944.75 square kilometers, and the resident population was 235,009. Ruili
borders Myanmar in the northwest, southwest, and southeast.

The Spatial-temporal Interaction and Risk Evaluation
The spatiotemporal interaction statistic X was constructed and calculated as:
n

n

s t

X = ∑ ∑ aij aij
i= j=
s
aij

where n is the number of infected cases, is the spatial adjacency between i and j case; asij equal to 1 if the distance
between i and j less than δ and 0 otherwise. Similarly, atij is the temporal adjacency between i and j case; atij equal to
1 if the distance between i and j less than τ and 0 otherwise. The presupposed δ was the spatial distance
threshold, and τ was the temporal interval threshold to define the neighborhood. The Monte Carlo simulation
(MCS) was used for the calculation of null distribution of X and the statistic test. MCS randomly permutated atij
and kept asij unchanged to estimate the significance under the null hypothesis of no clustering. MCS provided a
relative risk (RR) calculation based on the comparison of observed (AX) and expected (EX) values of X,
RR =

AX
EX

and the calculation of clustering strength (S),
S=

(AX −EX )
× 
EX

The epidemiological perception of RR and S was contagiousness and infectivity in spatial-temporal proximity.
SUPPLEMENTARY TABLE S1. The demographic and epidemiological characteristics of COVID-19 cases under public
health and social measures strategies in Ruili City, China, February–March 2022.
Characteristics

Public health and social measures strategies N (%)

Overall
N (%)

Upgraded

Restricted

387

Routine
40 (10.3)

238 (61.5)

89 (23.0)

Moderate
20 (5.2)

Male

179 (46.3)

19 (47.5)

106 (44.5)

43 (48.3)

11 (55.0)

Female

208 (53.7)

21 (52.5)

132 (55.5)

46 (51.7)

9 (45.0)

34.7 (18.3)

35.0 (17.8)

34.5 (17.4)

33.0 (19.7)

44.3 (20.8)

Gender

Age (years)
Mean (SD)
<15

66 (17.1)

4 (10.0)

40 (16.8)

19 (21.3)

3 (15.0)

15–39

179 (46.3)

25 (62.5)

107 (45.0)

42 (47.2)

5 (25.0)

40–64

117 (30.2)

8 (20.0)

80 (33.6)

21 (23.6)

8 (40.0)

25 (6.5)

3 (7.5)

11 (4.6)

7 (7.9)

4 (20.0)

70 (18.1)

16 (40.0)

38 (16.0)

14 (15.7)

2 (10.0)

317 (81.9)

24 (60.0)

200 (84.0)

75 (84.3)

18 (90.0)

357 (92.2)

38 (95.0)

222 (93.3)

79 (88.8)

18 (90.0)

30 (7.8)

2 (5.0)

16 (6.7)

10 (11.2)

2 (10.0)

≥65
Type of case
Confirmed
Asymptomatic
Vaccination
Vaccinated
None

Abbreviation: SD=standard deviation.
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Based on the transmission dynamic analysis, this study scanned the spatial-temporal interaction in a scale of spatial
distance δ from 0 meters to 5 kilometers (δ was divided into 50 fractions by step size of 100 meters), and a time
interval τ from 1 day to 10 days (τ was divided into 10 fractions by step size of 1 day).

The Transmission Networks Analysis
The graphic measurements of the COVID-19 transmission network were defined as:
1. the degree of node (k), the number of connections of a node to other nodes;
2. the maximum degree (kmax), the largest value among all nodes’ degrees;
3. the average degree (kaver), the mean value of all nodes’ degrees;
4. degree distribution: the probability P(k) of a randomly selected node having a degree k in network;
5. the degree exponent of power-law distribution (-γ), estimated degree distribution of power-law distribution
P(k)~k- γ, where the -γ is the degree exponent;
6. network diameter (d), the number of edges in the largest path for two connected nodes;
7. average path length (laver), the average number of edges in the shortest connecting path;
8. average clustering coefficient (caver), the average probability that two neighbors of a node are also neighbors of
each other.

S2
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Outbreak Reports

An Outbreak of SARS-CoV-2 Omicron Subvariant BA.2.76 in an
Outdoor Park — Chongqing Municipality, China, August 2022
Li Qi1; Wenge Tang1; Ju Wang1; Yu Xiong1; Yi Yuan1; Baisong Li1; Lin Yang1;
Tingting Li1; Lianjian Yang2; Xiaoyuan Su3; Qin Li1,#; Lijie Zhang4,#

Summary
What is already known about this topic?
Severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) Omicron subvariant has a stronger
transmission capacity and faster transmission speed
than the previous strain.
What is added by this report?
The first coronavirus disease 2019 (COVID-19) case
infected with the SARS-CoV-2 Omicron subvariant
BA.2.76 who caused local transmission was reported in
Chongqing Municipality on August 16, 2022. For 35
minutes, the Patient Zero jogged along a lake at a local
park without wearing a mask. Among the 2,836 people
potentially exposed at the time, 39 tested positive.
Overall, 38 out of 39 cases did not wear a mask on the
morning of August 16. All 39 cases lacked any previous
exposure to the variant before testing positive on their
nucleic acid test.
What are the implications for public health
practice?
It is essential to maintain personal wellbeing by
ensuring one maintains personal protection and follows
regulated guidelines such as maintaining safe distances
from others both indoors and outdoors.

The first coronavirus disease 2019 (COVID-19) case
infected with the severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) Omicron subvariant
BA.2.76 causing local transmission was reported in
Chongqing Municipality on August 16, 2022. For 35
minutes, Patient Zero jogged along a lake in a park
without wearing mask. Of the 2,836 people potentially
exposed in the park, 39 tested SARS-CoV-2 positive.
Gene analysis from the 39 cases showed highly
homologous when compared to Patient Zero.
Epidemiological investigations supported Patient Zero
transmitted to the following 33 visitors and 2 park
cleaners and the 2 cleaners transmitted to 4 colleagues.
This outbreak indicated that the Omicron subvariant
BA.2.76 could be easily transmitted to others outdoors
Chinese Center for Disease Control and Prevention

if they are not equipped with effective protection
equipment. The public should be encouraged to use
good protection measures and retaining safe distances
amongst others both indoors and outdoors.

INVESTIGATION AND RESULTS
A 41-year-old male COVID-19 case (Patient Zero)
was reported in Chongqing on August 16, 2022. He
flew to Hohhot City on August 11 and flew back to
Chongqing on flight CZ2752 on August 13, 2022. On
August 12, this plane was from Chongqing to Hohhot
(CZ2751), it housed 4 passengers from Tibet who
tested positive for SARS-CoV-2 once they arrived at
Hohhot. The flight arriving in Hohhot at 20:00 was
not disinfected for the following day departure for
Chongqing (CZ2752) at 09:59 on August 13. Patient
Zero took flight CZ2752 and his seat (33K) which
happened to be situated around the seats of the 3
positive passengers (34A, 34C, 34H) (CZ2751). Case
interviewing found that Patient Zero has no
epidemiological association with previous cases in
Chongqing. All the 40 persons he contacted in Hohhot
had negative testing results for SARS-CoV-2 nucleic
acid.
The genome sequence analysis conducted by
Chongqing CDC showed Patient Zero infected with
Omicron BA.2.76. with the same 75 nucleotide
mutations as strains from recent local cases in Tibet.
The genetic sequences were highly homologous
between Patient Zero and the 4 infected passengers in
flight CZ2751, which suggested they might belong to
a same transmission chain. Patient Zero was infected
most likely because of the exposure to contaminated
airline environments.
Patient Zero participated in screening for SARSCoV-2 virus by using community PCR testing sites in
Chongqing on August 9, 10, 11, 13, and 14 and
results were negative. There was no screening test on
August 12 when Patient Zero was in Hohhot. On
CCDC Weekly / Vol. 4 / No. 46
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20
16
Case number

August 15, his throat swab specimen was taken at
21:39 and send to a Medical Laboratory. The positive
test result was available at 08:00 on August 16 with
ORF lab/N gene: 29.19/31.86. At this time, he just
came back home after jogging in the park. He was
informed to stay at home and resampled at 09:45, and
this result was positive with lower Ct value (ORF
1ab/N: 19.23/16.96) tested by local CDC.
Local CDC identified close contacts and at-risk
populations by case interviewing, review of surveillance
footage and action track positioning. Close contacts
were persons who have a distance less than 1 meter
with Patient Zero and without effective prevention
measures. At-risk populations were persons who had
been to areas that Patient Zero visited while without
close contact with Patient Zero. Close contacts were
quarantined at hotels for 7 days and at-risk populations
were quarantined at home for 3 days. Finally, 256 close
contacts and 20,496 at-risk populations were
identified. Heath personnel took daily throat swab for
SARS-CoV-2 nucleic acid PCR tests for them.
Among those close contacts and at-risk populations,
48 were infected. Overall, 9 of the 48 individuals were
exposed to Patient Zero on August 15 or 16 before
Patient Zero jogged, including Patient Zero’s wife, 4
colleagues, 2 foot massage therapists, 1 breakfast server,
and 1 person on the road. The other 39 cases all had
the same exposure of being in the park where Patient
Zero jogged on August 16, including 33 visitors and 6
park staff (4 cleaners, 1 lawn mower and 1 park
officer). None of the 39 cases were exposed to other
previous reported cases or traveled to regions with
COVID-19 cases. The 39 cases had positive test throat
swabs or developed symptoms between August 17 to
22. The epi curve indicated a point source exposure for
33 visitor cases and the first 2 park cleaner cases
(Figure 1). Among the 39 cases, 29 had the exact same
gene sequencing as Patient Zero; 5 cases had a
mutation site added to Patient Zero’s gene sequence;
and the other 5 cases could not be sequenced because
of unqualified specimens.
The investigation team highly suspected that Patient
Zero was the source of this outbreak due to his
maskless jogging in the park. Investigators focused on
the activities in the park for both Patient Zero and the
39 cases. The park is a cultural park of 42.5 acres. On
August 16, Patient Zero entered the park through the
east gate at 6:54 am, jogged counterclockwise to the
lake and circled the lake 4 times. He left the park along
the same roads at the east gate at 07:29. The path

Patient Zero
jogged in park

Visitors
Park staff

12
8
4
0

15 –16 –17 –18 –19 –20 –21 –22 –23 –24
8
8
8
8
8
8
8
8
8
Sampling date of positive specimen (m/d)

8–

FIGURE 1. The distribution of sampling date for positive
specimen in the outbreak of severe acute respiratory
syndrome coronavirus 2 Omicron subvariant BA.2.76 in an
outdoor park in Chongqing Municipality, China, August
2022.
Note: Two cases developed symptoms earlier than the
positive specimen date, their onset dates were used in the
epi curve.

width of jogging was about 4 meters. The wind speed
was 0.5–3.0 m/s, the temperatures were 33.0℃–42℃
and the air humidity was 44%–48% when Patient
Zero was jogging. The east gate of the park is the main
gate, with convenient transportation, and a good flow
of people. During the jogging time, there were 104
close contact who have a distance less than 1 meter
with Patient Zero and without wearing masks.
Patient Zero felt fatigue on August 15 but had no
symptoms of fever or cough. He did not wear a mask
during his jogging in the park. He did not use any
facilities and interact with others in the park. Among
the 33 cases among visitors, 13 were close contacts who
had faced with or passed by Patient Zero when they
exercised by reviewing surveillance footage in the park,
20 were at-risk due to exposure to Patient Zero.
Among the 20 at-risk populations, 10 cases had both
stayed for a while around the lake and entered the park
through the same east gate as Patient Zero, 2 cases
stayed around the lake, 1 case entered the park through
east gate, the other 7 cases had neither stayed around
the lake nor entered the park through east game, but
part of their walking routes in the park overlapped
with the route Patient Zero had took. The 33 visitor
cases did not know each other, no COVID-19 cases in
the communities where they dwelled and no timespace overlap with previous reported COVID-19 cases
before they tested positive.
There were 24 staff in the park. From August 18 to
20, they worked in the park during the day and rested
in two big meeting rooms at night until they were
transferred to quarantine hotels. During the 3 days,
they shared the same toilet. Two park cleaners who
Chinese Center for Disease Control and Prevention
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worked in the area of the lake tested positive on August
18, then the other 4 park staff subsequently tested
positive on August 20 (1 case), 21 (1 case), and 22 (2
cases). It was possible that the first 2 cleaner cases
infected the other 4 staff during the 3 days.

DISCUSSION
This investigation reported a male infected with
Omicron BA.2.76 subsequently infecting 33 visitors
and 2 park cleaners while he jogged in a park. Neither
Patient Zero nor the 33 visitors wore masks when they
visited the park.
The risk of virus transmission in outdoor locations
has been lower than in indoor spaces (1). Literature
had reported several SARS-CoV-2 infections and
outbreaks occurred in outdoors (2–5) . However, these
reports do not exclude the possibility of direct contact
to cases in indoor spaces. In this outbreak, the only
possible exposure for the 33 visitor cases and 2 park
cleaner cases were in the park at the same time as
Patient Zero. Both epidemiological investigation and
gene sequence analysis supported the findings of
SARS-CoV-2 infections occurred in the park during
Patient Zero jogged. This transmission occurred in the
park without directly contacting others.
Literature showed that factors which could affect
outdoor transmission of SARS-CoV-2 included
duration of exposure, frequency of exposure, density of
gathering, sunlight, temperature (6), air humidity (7）,
and use of marks, etc. The BA.2.76 and BA.2.75
strains of Omicron are growing rapidly in India,
showing priority compared with other lineages (8). In
this outbreak, the throat swab specimen of Patient
Zero was positive for COVID-19 virus nucleic acid
test on August 15. Patient Zero developed symptoms
of fatigue the day before his jogging. When Patient
Zero jogged, the transmission of the virus increased
due to the excessive heavy breathing. A study applied a
model and claimed that runners, whom in their
exercise state produce stronger inhalation and
exhalation breaths, could be more prone to be infected
with COVID-19 (9). The 33 visitor cases who had
morning exercises in the park had higher opportunities
to be infected. They could quickly encounter particles
in the air that might contain the virus because of the
stronger breath during exercises (10). In addition,
turbulent airflow generated by intense physical exercise
might be cause of more dense transmission (11–12). In
our report, Patient Zero jogged for 35 minutes, it is
Chinese Center for Disease Control and Prevention

reasonable to assume that he may have emitted an
abundance of virus-laden respiratory particles and
spreading SARS-CoV-2.
There were limitations in this investigation. First, for
some cases in visitors, we could not find the exactly
contact situation with Patient Zero because of limited
surveillance footages in the park. The second is that 5
cases were not sequenced because of low-quality
specimens.
Personal protection measures including maintaining
social distance and wearing masks were the most
effective ways to prevent transmission and infection
(1). This investigation showed Patient Zero and the 35
subsequent infected individuals did not wear masks
when they were in the park. Only the park officer case
wore mask when he worked. Thus, this led to the
transmission of SARS-CoV-2. Although some scholars
pointed out that wearing a mask during exercise will
cause great resistance to breathing (13), given the
stronger transmission capacity and faster transmission
speed of Omicron subvariant, the public should be
encouraged to use good personal protection measures
during the COVID-19 epidemic even while outdoors.
In conclusion, this outbreak showed that a COVID19 case infected with Omicron subvariant BA.2.76
transmitted to 33 visitor cases and 2 park working staff
in an outdoor park when the first case jogged. It was
highly possible SARS-CoV-2 transmission could easily
occur outdoors if effective prevention was not taken.
Therefore, physical distancing and correct use of masks
should be emphasized as important strategies for
mitigating transmission in congregate settings. In the
current Dynamic COVID-Zero Policy in China,
keeping good personal protection and maintaining safe
distances should be strongly recommended not only
indoors, but also outdoors.
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