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Preplanned Studies

City-Specific Effects of Lifting Mobility Restrictions
— China, February–March 2020
Shasha Han1,2; Libing Ma2,3; Ting Zhang2; Luzhao Feng2; Weizhong Yang2; Xiaoying Zheng2,#

Summary
What is already known about this topic?
Government used mobility restrictions to help contain
the first wave of coronavirus disease 2019 (COVID-19)
across cities in China. The restrictions were lifted
during times of non-zero incidence in response to a
return to work order that went into effect on February
10, 2020.
What is added by this report?
The effect of lifting mobility restrictions on COVID19 death rate and incidence varied by city, with smaller
increases or even reductions in cities with low
community connectivity and small floating volume,
and larger increases in cities with high community
connectivity and large floating volume. Effects on
recovery rates were similar across cities.
What are the implications for public health
practice?
City-specific mobility restriction lifting is likely to be
beneficial. Two indexes, community connectivity and
floating volume, can inform the design of city-specific
mobility restriction lifting policies.

Human mobility restrictions have shown to be
effective in mitigating the spread of severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2)
transmission (1–2). However, mobility restrictions
disrupt social and economic activities (3–4),
threatening fiscal revenues for national and local
governments (5) and affecting mental health of
individuals (6). Mobility restrictions were frequently
lifted during times of non-zero coronavirus disease
2019 (COVID-19) incidence, although evidence
suggests this may increase virus transmission (7–8). A
deeper understanding of the impact of lifting mobility
restrictions can lead to better mitigation policies and
enable policymakers to tailor reopening strategies for
maximum public health benefits.
We investigated the effects of lifting mobility
restrictions in 14 cities in China. We used human
mobility data to model the lifting of mobility
Chinese Center for Disease Control and Prevention

restrictions and the contrast-specific propensity score
methods to control measured confounding. We found
that the impacts of increased mobility on COVID-19
epidemiological outcomes could vary by city.
Furthermore, we created two city vitality indexes,
community connectivity and floating volume, that are
useful for informing mobility lifting policies tailored to
cities.
The 14 cities are three municipalities, Beijing,
Shanghai, and Tianjin; five capital cities, Chengdu,
Guangzhou, Hangzhou, Nanjing, and Xiamen; and six
typical labor-service importing cities, Dongguan,
Foshan, Ningbo, Shenzhen, Suzhou, and Wuxi.
Because vaccination may confound the effect of lifting
restrictions, we limited our analyses to the first wave of
COVID-19, which occurred before vaccines were
available.
Epidemiological data, including the laboratoryconfirmed cases, recovered cases, and deaths were
obtained from the health commissions of 15 city-level
administrative divisions (9). Recovery rates were
estimated as recovered cases divided by confirmed
infections 15 days earlier; death rates were estimated as
deaths divided by confirmed infections 14 days earlier
(10). Social-demographic data were obtained from the
China City Statistical Yearbook 2018 (11) and include
number of employees, household population density,
housing density, average number of people per
household, total number of passengers, gross domestic
product (GDP), number of companies, number of
hospitals, number of schools, number of hospital beds,
and number of physicians.
We used two factor interventions to represent the
lifting of mobility restrictions. Factor 1 denoted the
lifting the intercity mobility restrictions, and Factor 2
the lifting of the intracity mobility restrictions. We
dichotomized continuous intercity and intracity
mobility intensities and obtained the two binary
factors: 1 for lifting restrictions (low intensities) and 0
for imposing restrictions (high intensities). Intercity
mobility intensity was estimated using the Baidu
migration data on migration strength across cities. Day
CCDC Weekly / Vol. 4 / No. 31
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1 was the first reopening day (February 10, 2020) and
Day n was the nth day after February 10, 2020. We
estimated the intercity mobility intensity as the
proportions of returning population floating on Day n,
i.e., the sum of net flow-in strength from lunar date
January 3 to Day n divided by the net flow-out from
the city during the 2020 Spring Festival holiday.
Intracity mobility intensity was estimated using the
Baidu migration data movement strength within cities,
with three-day moving averages to smooth weekend
variation. Estimated mobility intensities were

dichotomized using their medians across cities and
days.
We created two indexes — community connectivity
and floating volume — to characterize the vitality of a
city. The two indexes capture the floating and fixed
aspects of a city. Community connectivity reflects the
interactions of floating and fixed populations, and
floating volume describes the relative population flow
in space. They are defined as follows:
Community connectivity

The number of employees × The size of household population
City area
= The number of employees × household population density,
∝

(1)

Floating volume


∝ The number of employees × City area ×

The number of employees
The number of employees
=
.
The size of household population Household population density
(2)

As shown above, community connectivity is
proportional to the number of employees and the
household population density in a city. Floating
volume is proportional to the number of employees
squared and inversely proportional to the household
population density.
Baseline covariates include the two indexes, socialdemographic characteristics, cluster of first reported
cases, numbers of cases, death rates, and recovery rates
before reopening.
We adopted the potential outcome framework for
causal inferences and considered a city on a particular
day as a unit (12). Because the potential outcomes of
lifting for a given city on a specific day may not be
independent of the outcomes for the same city on
previous days, the conventional stable unit treatment
value assumption is not applicable (13). We therefore
imputed potential outcomes based on a short
timeframe using the autoregressive integrated moving
average model (14). We used the contrast-specific
propensity score approach to balance groups of units
for comparison, using the subclassification method that
grouped units into five classes (15). We estimated the
effects of lifting intercity mobility restrictions alone,
intracity mobility restrictions alone, and the two
restrictions simultaneously, within and across classes.
The average effect across classes was calculated as the
weighted average of causal effects across the five
subclasses, with weights given by the proportions of
samples within classes over the size of full samples. All
the analyses were conducted using R (version 4.0.3, R
674
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Foundation for Statistical Computing, Vienna,
Austria).
The three types of lifting — lifting intercity
restrictions alone, intracity restrictions alone, and
intercity and intracity restrictions simultaneously —
increased recovery rates by 0.24 [95% confidence
interval (CI): 0.23–0.26], 0.20 (95% CI: 0.19–0.22),
and 0.21 (95% CI: 0.19−0.23), respectively. The three
liftings increased death rates but with smaller values
and wider confidence intervals, 0.09×10−2 (95% CI:
0.07×10−2−0.11×10−2),
0.03×10−2
(95%
CI:
−2
−2
−2
0.02×10 −0.05×10 ) and 0.04×10
(95% CI:
0.02×10−2−0.05×10−2). Similarly, the three types of
lifting increased cases with wider confidence intervals,
3.49 (95% CI: 2.87−4.12), 2.50 (95% CI: 2.12−2.88),
and 2.22 (95% CI: 1.89−2.55). The effects of lifting
on cases and death rates had large ratios of variances to
means, suggesting that these effects were likely to be
heterogeneous across cities.
We found that the effects of the three types of lifting
on death rates varied greatly across the five classes
(Figures 1–3). For example, lifting intercity restrictions
reduced the death rates for cities in Class 1 (mean
−0.02×10−2, 95% CI: −0.03×10−2 to −0.01×10−2)
while significantly increased death rates for cities in
Class 4 and 5 (Figure 1A). Lifting of intracity
restrictions also showed heterogeneous effects across
classes. While the liftings significantly increased death
rates for cities in Class 2 by 0.06×10−2 (95% CI:
0.02×10−2–0.11×10−2), it did not impact death rates
for cities in Class 5 (Figure 2A). Note that Class 5
Chinese Center for Disease Control and Prevention
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FIGURE 1. The within-class effects (means and 95% confidence interval) of lifting intercity mobility restrictions. (A) Effects in
death rates for Class 1–5; (B) Effects in recovery rates for Class 1–5; (C) Effects in infection cases for Class 1–5; (D)
Standardized means of city characteristics for Class 1–5.
Note: “Comm connect,” the index of community connectivity; “Floating volume,” the index of floating volume; “Employee,” the
number of employees; “Pop density,” the household population density; “House density,” the house density; “Pers per
house,” the number of persons per house; “GDP,” the gross domestic product; “Large company,” the number of large-size
companies; “Hospital,” the number of hospitals; “School,” the number of schools; “Bed,” the number of hospital beds;
“Physician,” the number of physicians; “First infection,” the number of first reported infections; “Prior infection,” “Prior
recovery,” and “Prior death,” represent the infection cases, recovery rates, death rates before the effective date of the return
to work order.

when investigating the contrast with lifting intra-city
restrictions (Figure 2A) and when investigating the
contrast with lifting intercity restrictions (Figure 1A)
may consist of different cities because classes for the
different contrasts were constructed under different
contrast-specific
propensity
scores.
Finally,
simultaneous lifting of intercity and intracity showed
zero effect for cities in Class 3 and 4 but had an
Chinese Center for Disease Control and Prevention

increase of 0.07×10−2 (95% CI: 0.03×10−2 to
−0.11×10−2) in death rates for cities in Class 2
(Figure 3A). The increases in cases showed high
variation across classes of cities, though all three types
of lifting increased cases significantly.
To identify the factors that drove differences in
deaths and cases across classes, we calculated the
correlations between within-class standardized
CCDC Weekly / Vol. 4 / No. 31
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FIGURE 2. The within-class effects (means and 95% confidence interval) of lifting intracity mobility restrictions. (A) Effects in
death rates for Class 1–5; (B) Effects in recovery rates for Class 1–5; (C) Effects in infection cases for Class 1–5; (D)
Standardized means of city characteristics for Class 1–5.
Note: “Comm connect”, the index of community connectivity; “Floating volume”, the index of floating volume; “Employee”, the
number of employees; “Pop density”, the household population density; “House density”, the house density; “Pers per
house”, the number of persons per house; “GDP”, the gross domestic product; “Large company”, the number of large-size
companies; “Hospital”, the number of hospitals; “School”, the number of schools; “Beds”, the number of hospital beds;
“Physicians”, the number of physicians; “First infection”, the number of first reported infections; “Prior infection”, “Prior
recovery” and “Prior death,” represent the infection cases, recovery rates, death rates before the effective date of the return
to work order.

covariate means (Figures 1–3D) and the within-class
effects. We found that community connectivity was
highly correlated with the effects on death, regardless
of the type of lifting. Pearson correlation coefficients
between the two variables were 0.93 (P<0.05), 0.99
(P<0.05), and 0.99 (P<0.05) for lifting the intercity
restrictions, the intra-city restrictions, and the two
restrictions simultaneously. Floating volume was
676
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moderately correlated with the effects in cases, with
Pearson correlation coefficients of 0.95 (P<0.05), 0.82
(P=0.08), and 0.90 (P<0.05) for the three types of
lifting.

DISCUSSION
Although lifting mobility restrictions increased cases
Chinese Center for Disease Control and Prevention
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FIGURE 3. The within-class effects (means and 95% confidence interval) of simultaneously lifting intercity and intracity
mobility restrictions. (A) Effects in death rates for Class 1–5; (B) Effects in recovery rates for Class 1–5; (C) Effects in
infection cases for Class 1–5; (D) Standardized means of city characteristics for Class 1–5.
Note: “Comm connect,” the index of community connectivity; “Floating volume,” the index of floating volume; “Employee,” the
number of employees; “Pop density,” the household population density; “House density,” the house density; “Pers per
house,” the number of persons per house; “GDP,” the gross domestic product; “Large company,” the number of large-size
companies; “Hospital,” the number of hospitals; “School,” the number of schools; “Bed,” the number of hospital beds;
“Physician,” the number of physicians; “First infection,” the number of first reported infections; “Prior infection,” “Prior
recovery,” and “Prior death,” represent the infection cases, recovery rates, death rates before the effective date of the return
to work order.

and death rates for an average city, the effects varied
greatly across cities. Death rates in certain cities even
declined as a consequence of lifting. Nonetheless, the
liftings showed similar increases in recovery rates across
cities, regardless of the types of lifting. We created two
indexes — community connectivity and floating
volume — as predictors of the variations in effects
across cities for death rates and infections, respectively.
Chinese Center for Disease Control and Prevention

Community connectivity is proportional to the
number of employees and the household population
density in a city. The lower the community
connectivity, the smaller the increase in death rate.
When cities had fewer employees and lower population
densities, all three types of lifting would not impact or
even reduce death rates while increasing recovery rates
(e.g., Class 5 in Figure 1, Class 5 in Figure 2, and Class
CCDC Weekly / Vol. 4 / No. 31
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4 in Figure 3). For two cities with the same population
density, the one with fewer employees would have
smaller increases in death rates (e.g., Class 3 versus 4,
Figure 1A). Furthermore, given the same number of
employees, cities with lower population densities
would experience small or negligible increases in death
rates after lifting restrictions (e.g., Class 4 versus 5, and
Class 1 versus 2, Figure 1A).
Floating volume is proportional to the number of
employees squared and inversely proportional to the
household population density. High floating volume
predicts large increases in infections upon lifting
restrictions. As such, cities with both a large number of
employees and a low population density would have a
large increase in infections when lifting restrictions
(e.g., Class 4 in Figure 1). Given the same population
density, cities with more employees would have larger
increases in infections (e.g., Class 3 versus 4,
Figure 1B). Of note, the number of employees plays a
dominant role in determining the degree of increase
because the floating volume is proportional to the
square of the number of employees. Thus, cities with
high population densities could still experience large
increases in infections if the number of employees is
large (e.g., Class 2 in Figure 2).
Finally, high community connectivity and floating
volume predict large increases in both deaths and
infections upon lifting restrictions (e.g., Class 2 in
Figures 2 and 3).
Our results highlight the need for city-specific lifting
strategies in China. Policies targeting the two indexes
need to accompany the lifting of mobility restrictions
to control death rates and infections. Cities with high
community connectivity should consider flexible
working strategies (e.g., rotating schedules, shift work,
and job-sharing) and provide less dense living places
for floating populations. Cities with high floating
volume and community connectivity should ensure
sufficient healthcare resources to care for severely ill
patients prior to lifting mobility restrictions.
To properly interpret our findings, it is important to
consider the study’s limitations. While we have
reduced confounding due to vaccination by restricting
the study to the first wave of the COVID-19
pandemic, which occurred before COVID-19 vaccines
were available, there may exist confounding due to
urbanization. We used the number of employees, largesize companies, hospitals, hospital beds, and physicians
as proxies for urbanization, but these factors may not
fully capture urbanization. Second, since the SARSCoV-2 strain circulating during the first wave of the
678
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COVID-19 pandemic had slower transmission and
higher infection fatality rates than the Omicron
variant, our estimated effects cannot be directly
extrapolated to the current situation. However, because
the variants are transmitted in similar ways, the factors
for predicting effect differences are likely to remain the
same. Furthermore, the effects of lifting restrictions
may be influenced by age distribution and presence of
chronic health conditions in citizens. More
sophisticated indexes that are able to account for these
features are needed. Finally, future research could
continue to explore the causal pathways of how
increased mobility affects epidemiological outcomes.
For example, increased access to ventilators and other
medical resources as well as food supplies, which the
lifting of mobility restrictions may influence, could
play a mediator role.
Our study provides a unique perspective on factors
that drive the heterogeneous effects of lifting mobility
levels in cities. A comprehensive understanding of
these factors is crucial so cities can prepare properly for
lifting their mobility restrictions.
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Vital Surveillances

Genomic Surveillance for SARS-CoV-2 Variants of Concern from
Imported COVID-19 Cases — the Mainland of China, 2021
Yenan Feng1,2,&; Xiang Zhao1,2,&; Zhixiao Chen1; Kai Nie1,2; Zeyuan Yin1; Ying Xia1; Ji Wang1,2; Peihua Niu1,2;
Ruhan A1; Lili Li1; Dayan Wang1; Wenjie Tan1; Xuejun Ma1,2; Shiwen Wang1,2;
Huanyu Wang1; George F. Gao1,2; Cao Chen1,2,#; Wenbo Xu1,2,#

ABSTRACT
Introduction: After the epidemic in Wuhan City
was brought under control in 2020, local outbreaks of
coronavirus disease 2019 (COVID-19) in the
mainland of China were mainly due to imported
COVID-19 cases. The ongoing evolution of severe
acute
respiratory
syndrome
coronavirus
2
(SARS-CoV-2) has continued to generate new variants.
Some have been designated as variants of concern
(VOCs) by the World Health Organization (WHO).
To better assess the role of imported SARS-CoV-2
surveillance and the prevalence of VOCs in 2021, the
genomic surveillance data of SARS-CoV-2 from
imported COVID-19 cases of 2021 in the mainland of
China were analyzed.
Methods: The analyses included the number of
sequence submissions, time of sequence deposition,
and time of detection of the VOCs in order to
determine the timeliness and sensitivity of the
surveillance. The proportions of VOCs were analyzed
and compared with data from the Global Initiative of
Sharing All Influenza Data (GISAID).
Results: A total of 3,355 sequences of imported
cases were submitted from 29 provincial-level
administrative divisions, with differences in the
number of sequence submissions and median time of
sequence deposition. A total of 2,388 sequences with
more than 90% genomic coverage were used for
lineage analysis. The epidemic trend from Alpha to
Delta to Omicron in imported cases was consistent
with that in the GISAID. In addition, VOCs from
imported cases were usually identified after WHO
designation and before causing local outbreaks.
Conclusions: The global distribution of SARSCoV-2 VOCs changed rapidly in 2021. Robust
genomic surveillance of the imported SARS-CoV-2 in
the mainland of China is of great significance.
Severe acute respiratory syndrome coronavirus 2
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(SARS-CoV-2), the etiological agent of coronavirus
disease 2019 (COVID-19), is constantly mutating
under the different circumstances of global
transmission (1). The emerging SARS-CoV-2 variants
may have potential adverse impacts on epidemic traits
and severity. To some extent, it is also capable of
escaping natural and vaccine-induced immunity (2–3).
Some of them were designated as variants of concern
(VOCs) by the World Health Organization (WHO)
(4). Therefore, robust surveillance is essential to assess
the evolution of viruses in real time.
After the epidemic in Wuhan City was brought
under control in 2020, several COVID-19 outbreaks
in the mainland of China have been proven to relate to
SARS-CoV-2 contaminated cold-chain products (5–7),
while most were caused by transmission through
imported cases on flights, at isolation facilities, or in
designated hospitals (8–9). Therefore, genomic
surveillance for SARS-CoV-2 from imported cases is of
great significance for monitoring the risk of different
variants that were imported into the mainland of
China, assessing the risk of importation-associated
domestic spread, and helping guide public health
interventions. On March 17, 2020, the China CDC
released a notice and launched genomic surveillance for
SARS-CoV-2 from imported COVID-19 cases
nationwide. The laboratories of provincial CDCs were
required to conduct SARS-CoV-2 whole-genome
sequencing for samples from imported cases and
submit the genomic sequences to the China CDC in
time. This study includes the analysis of genomic
surveillance data of imported SARS-CoV-2 cases of
2021 from the mainland of China.

METHODS
The sequences of SARS-CoV-2 from laboratories of
the provincial CDC were submitted to the China
CDC for verification and further analyses. Data from
Chinese Center for Disease Control and Prevention
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Hong Kong Special Administrative Region (SAR),
China, Macao SAR, China, and Taiwan, China were
not included in this study. Global SARS-CoV-2
sequence surveillance data were collected from the
Global Initiative of Sharing All Influenza Data
(GISAID) up to March 9, 2022.
Spatial mapping was conducted to describe the
regional distribution of SARS-CoV-2 sequences from
imported COVID-19 cases and the timeliness of
sequence submission. The standard map [No. GS
(2016) 2923] was downloaded without modification
from the standard map service website of the National
Administration of Surveying, Mapping and
Geographic Information. Lineage analysis was
conducted on sequences with genomic coverage above
90%. SARS-CoV-2 lineages were assigned using the
Phylogenetic Assignment of Named Global Outbreak
Lineages web application (PANGOLIN; version 4.0.5)
(10). The SARS-CoV-2 VOCs were classified
according to the WHO’s designation (4). The
proportions of VOCs were calculated based on the date
of sample collection. As it takes several days to weeks
from sample collection to sequence submission, the
number of submitted sequences in December was
lower than the actual value.

imported COVID-19 cases were submitted to the
China CDC from January 1 to December 31, 2021
(upon validation, one sequence of them was submitted
on December 25, 2020). Except for Xizang (Tibet)
Autonomous Region and Qinghai Province, the
remaining provincial-level administrative divisions
(PLADs) had sequences submitted in various amounts
(Figure 1A). The 3 PLADs with the largest submitted
sequences were Shanghai Municipality (23.9%,
803/3,355), Yunnan Province (22.9%, 768/3,355),
and Guangdong Province (16.9%, 568/3,355),
followed by Tianjin Municipality, Fujian Province,
Sichuan Province, and Henan Province, which
submitted more than 100 sequences each. There were
8 PLADs that submitted 30–100 sequences. The
remaining 14 PLADs submitted fewer than 30
sequences each.
To validate the timeliness of the sequence
submission, the deposition time of each sequence was
calculated according to the date of sample collection
and sequence submission. The results showed that
Shaanxi Province had the longest median time of
sequence deposition with 67 days (Q3-Q1=109-8),
followed by Fujian with 23 days (Q3-Q1=44-11). The
remaining PLADs submitted sequences within 3 weeks
of sample collection (Figure 1B).
Of the 3,355 sequences, 3,309 sequences were
collected in 2021. Of the 3,309 sequences, 2,388
(72.2%) had a genomic coverage of >90%, allowing for

RESULTS
The SARS-CoV-2 genomic sequences of 3,355
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FIGURE 1. The surveillance of SARS-CoV-2 genome of imported cases in the mainland of China, 2021. (A) The number of
genomic sequences of imported cases submitted by PLADs. (B) The median sequence deposition time of each PLAD from
sample collection to sequence submission.
Note: Data as of December 31, 2021. Grey part means no data.
Abbreviation: SARS-CoV-2=severe acute respiratory syndrome coronavirus 2; PLAD=provincial-level administrative division.
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further lineage analysis (Figure 2A). From January to
April, the number of submitted sequences was less than
100 available sequences per month. Since May, the
number had increased, with more than 100 available
sequences per month. July and August had the highest
numbers, with 548 and 407 available sequences,
respectively. All five VOCs (Alpha, Beta, Gamma,
Delta, and Omicron) were identified in the imported
cases. The proportion of the Alpha variant was the
highest from February to May. Subsequently, the Delta
variant gradually replaced Alpha, becoming dominant
in June and overwhelmingly dominant from August to
November (more than 95% per month). In December,
Omicron variants were detected, accounting for 54.3%
(151/278) of the sequences, including BA.1 and BA.2
lineages.
The pattern of prevalence of the VOCs from the
imported SARS-CoV-2 surveillance was similar to that
in GISAID (Figure 2B). However, the relative
proportions of VOCs were different, particularly for
the Beta and Gamma variants. From January to May,
the proportion of the Beta variant in the imported
SARS-CoV-2 surveillance was more than 10% per
month, compared to the data of 1.2%–2.2% in
GISAID. The proportion of Gamma variant was the
highest in April (5.1%, 2/39) and decreased to 1.4%
(2/141) and 1.2% (3/259) in May and June,
respectively, in the imported SARS-CoV-2
A

Gamma Delta
Alpha
Beta
Omicron (BA.1*) Omicron (BA.2*)

Other

surveillance. In GISAID, the proportion of Gamma
variant was 5.9% (26,530/449,653) in April, which
increased to 7.5% (25,933/347,752) in May, and
reached a maximum of 7.9% (22,660/285,518) in
June.
To assess the sensitivity of the surveillance, the time
of each VOC for sample collection of the first record,
the initial local transmission in the mainland of China
as well as its designation by the WHO as a VOC were
recorded (Table 1). The time intervals for Alpha,
Delta, and Omicron variants between sample
collection of their first record in the surveillance and
WHO designation were less than one month. Except
for Gamma, the time period for the remaining VOCs
causing local transmission in the mainland of China
was later than that of the sample collection of their first
records in the surveillance. There was no local
transmission caused by the Gamma variant in the
mainland of China.

CONCLUSIONS
This study analyzed SARS-CoV-2 genomic sequence
surveillance data from imported cases in the mainland
of China in 2021. The 29 provincial CDCs with the
submission of sequences performed well overall in
terms of the number and timeliness of sequence
submissions, but with different characteristics.
B
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FIGURE 2. The proportion of SARS-CoV-2 VOCs in the imported SARS-CoV-2 surveillance and in GISAID, 2021. (A) The
imported SARS-CoV-2 surveillance in the mainland of China (Data as of December 31, 2021). (B) GISAID (Data as of March
19, 2022).
Abbreviation: SARS-CoV-2=severe acute respiratory syndrome coronavirus 2; VOC=variant of concern; GISAID=the Global
Initiative of Sharing All Influenza Data.
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TABLE 1. The detection of SARS-CoV-2 VOCs in the mainland of China and the world.
VOC

Earliest recorded sequence in the imported
SARS-CoV-2 surveillance
Submitted PLAD

Alpha

Shanghai

Beta

Hunan

Gamma

Jiangsu

Delta

Chongqing

Omicron (BA.1*)

Tianjin

Omicron (BA.2*)

Guangdong

Submission date

Date of first local
transmission

Earliest documented
samples in the world†

Date of designation
by the WHO†

Beijing,
2021-1-17

United Kingdom,
2020-9

VOC: 2020-12-18

Guangdong,
2021-1-23

South Africa,
2020-5

VOC: 2020-12-18

−

Brazil,
2020-11

VOC: 2021-1-11

Guangdong,
2021-5-21

India,
2020-10

VOI: 2021-4-4
VOC: 2021-5-11

Multiple countries,
2021-11

VUM: 2021-11-24
VOC: 2021-11-26

2020-12-25
(Collection date:
2020-12-14)
2021-2-7
(Collection date:
2021-1-16)
2021-3-30
(Collection date:
2021-3-18)
2021-4-28
(Collection date:
2021-4-22)
2021-12-13
(Collection date:
2021-12-9)
2021-12-29
(Collection date:
2021-12-27)

Guangdong,
2021-12-16
Tianjin,
2022-2-26

* Includes the descendent lineages.
†
According to the official information published by the World Health Organization (4).
Abbreviation: SARS-CoV-2=severe acute respiratory syndrome coronavirus 2; WHO=World Health Organization; VOC=variant of concern;
VOI=variant of interest; VUM=variant under monitoring; PLAD=provincial-level administrative division.

Notably, the number of sequence submissions is
affected by at least two factors. The first was the
number of imported cases. In this regard, Shanghai
and Guangdong were the main ports of entry for the
mainland of China (11), while Yunnan shares a border
with Myanmar and has frequent personnel exchanges.
Therefore, these PLADs had a high proportion of
imported cases. The second was the viral load of the
samples. In general, it is difficult to obtain the viral
genome from samples with Ct values higher than 35
(12).
The epidemic trend from Alpha to Delta to
Omicron in imported cases was consistent with that in
GISAID. However, the proportions of Beta and
Gamma variants imported to the mainland of China
were different from those in GISAID, which may be
affected in two ways. First, the data in GISAID may be
influenced by differences in sampling strategies,
sequencing capacities, and data-sharing time between
countries (13). In contrast to the Alpha, Delta, and
Omicron variants that were globally prevalent, Beta
and Gamma variants were mostly prevalent in Africa
and South America, respectively (14). The relatively
low number of uploaded sequences in some African
countries may explain the low prevalence of Beta
variants in GISAID. Second, surveillance data should
be interpreted with consideration of the limitations,
including
the
difference
in
international
communication, the number of imported cases,
Chinese Center for Disease Control and Prevention

sequence submission, and sequencing capacities
between PLADs.
Our data showed that the detection of VOCs in
imported cases usually occurred after the WHO
designation and before the time of local transmission.
Early detection of imported vital variants is helpful for
timely adjustment of prevention and control strategies
and research. Many countries, including China, have
strengthened their genomic surveillance to track the
emergence of new VOCs in 2021 (15–16). However,
since 2022, several countries have changed their testing
strategies, leading to a decrease in the number of
sequences shared with GISAID (17). This may have
affected the early detection of new VOCs worldwide.
The data in this study provides scientific support for
strengthening
the
surveillance
of
imported
SARS-CoV-2 in the mainland of China.
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Methods and Applications

Modeling Cross-Regional Transmission and Assessing the
Effectiveness of Restricting Inter-Regional Population
Movements in Controlling COVID-19 — Xi’an City,
Shaanxi Province, China, 2021
Tianlong Yang1,&; Yao Wang2,&; Nankun Liu3; Guzainuer Abudurusuli1; Shiting Yang1; Shanshan Yu1;
Weikang Liu1; Xuecheng Yin4; Tianmu Chen1,2,#

ABSTRACT
Introduction: The aim of this study was to
construct an assessment method for cross-regional
transmission of coronavirus disease 2019 (COVID-19)
and to provide recommendations for optimizing
measures such as interregional population movements.
Methods: Taking Xi’an City as the example
subject of this study’s analysis, a Cross-RegionalGravitational-Dynamic model was constructed to
simulate the epidemic in each district of Xi’an under
three scenarios of controlled population movement
(Scenario 1: no intensive intervention; Scenario 2:
blocking Yanta District on December 18 and blocking
the whole region on December 23; and Scenario 3:
blocking the whole region on December 23). This
study then evaluated the effects of such simulated
population control measures.
Results: The cumulative number of cases for the
three scenarios was 8,901,425, 178, and 474,
respectively, and the duration of the epidemic was 175,
18, and 22 days, respectively. The real world
prevention and control measures in Xi’an reduced the
cumulative number of cases for its outbreak by 99.98%
in comparison to the simulated response in Scenario 1;
in contrast, the simulated prevention and control
strategies set in Scenarios 2 (91.26%) and 3 (76.73%)
reduced cases even further than the real world measures
used in Xi’an.
Discussion: The constructed model can effectively
simulate an outbreak across regions. Timely
implementation of two-way containment and control
measures in areas where spillover is likely to occur is
key to stopping cross-regional transmission.

INTRODUCTION
The global spread of mutant strains is the main
Chinese Center for Disease Control and Prevention

reason why coronavirus disease 2019 (COVID-19) is
difficult to control. In March 2022, the subtype
mutant strain BA.2 of Omicron was found in localized
cases in at least 9 regions of China (such as Jilin
Province, Shanghai Municipality, Fujian Province,
etc.). Due to its insidious nature and rapid
transmission (1–2), a large number of widely dispersed
cases emerged in a short period of time. This posed a
great risk of spillover to surrounding areas and made it
extremely difficult for China to achieve its goal of
maintaining a dynamic ‘COVID-zero’ policy.
By reviewing our previously constructed COVID-19
transmission dynamics models, we found that most
studies have only focused on assessing the spread of
COVID-19 within the overall region (3–7), and failed
to consider the differences in control strategies among
regions in cross-regional transmission epidemics. This
could easily lead to misjudgment of the division of
blockade control areas, thus causing unnecessary
economic losses and the wastage of health resources.
The dynamical mechanism of cross-regional
transmission is consistent with the spatial decay
characteristics of the gravitational model (8), i.e.,
where spatial spread is proportional to size and
inversely proportional to distance. Therefore,
constructing a cross-regional transmission model and
considering interregional population movement to
simulate morbidity trends are helpful in achieving
China’s political goal through supporting multiregional joint prevention and control.
In this study, a cross-region transmission epidemic
in Xi’an City, Shaanxi Province in December 2021 was
selected as the research case to analyze the
characteristics of core-peripheral vertical spread in the
Yanta District of Xi’an, and to assess the effect of
population movement containment among regions in
different outbreak periods, through constructing a
Cross-Regional-Gravitational-Dynamic model (CRGD).
CCDC Weekly / Vol. 4 / No. 31
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Yanta District to other districts was considered, with
consistent transmission across districts and different
cross-regional transmission excluded; 2) The model
divides the population into susceptible persons a (Sa),
exposed persons a (Ea), infectious persons a (Ia), and
recovered persons a (Ra) in Yanta District and
susceptible persons i (Si), exposed persons i (Ei),
infectious persons i (Ii), and recovered persons i (Ri) in
other districts; 3) The coefficient of transmission rate
in other regions and Yanta District are βi and βa,
respectively. The coefficient of transmission rate across
regions is βai; 4) ω is the latent coefficient; 5)
Symptomatic patients are defined as removed persons
after an infectious period of 1/γ; 6) Natural births,
deaths, and deaths after illness of the population are
not considered in this model for short time outbreak.
The equations of the model are as follows:

METHODS
Data Collection
Data on reported cases from December 9, 2021, to
January 20, 2022, were collected from the website of
the Shaanxi Provincial Health Commission (http://
sxwjw.shaanxi.gov.cn/). Demographic data and
geographical distribution data were obtained from the
Shaanxi Provincial Statistical Yearbook (http://tjj.
shaanxi.gov.cn/upload/2021/zk/indexch.htm).

Model Framework
The inter-regional transmission mechanism of
COVID-19 from Yanta District to its surrounding
areas is similar to the attractiveness between a place and
other surrounding places as described by the local
gravity model. This study combined the transmission
dynamics model with the local gravity model and used
the Susceptible-Exposed-Infectious-Recovered (SEIR)
model to form the overall framework of COVID-19
propagation. It adjusted relevant parameters according
to the definition of the local gravity model (Figure 1).
Specifically, our model is based on the following
assumptions: 1) Only cross-regional transmission from
N

dSa
= −βa Sa Ia
dt

(1)

dEa
= βa Sa Ia − ωEa
dt

(2)

dIa
= ωEa − γIa
dt

(3)

M8

G ai
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M1

Cumulative conﬁrmed cases
≥200
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12 Dec 2021
13 Dec 2021
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17 Dec 2021
18 Dec 2021
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FIGURE 1. CRGD model framework of COVID-19 in Xi’an City.
Note: The arrows in the figure denote the transmission coefficient of Yanta District spreading to the surrounding areas,
N ×N
indicated by Gai, Gai = ∫ (Nai ⋅ Kai ⋅ c) = βai = βa × aK i × c ; Na denotes the number of residents in Yanta District, Ni denotes
i
the number of residents in other districts, Ki denotes the distance between Yanta District and each other district, and c is a
constant, βai is proportional to the population size and inversely proportional to the distance, a denotes Yanta District, i
denotes other District. Circle M denotes SEIR model, the size of the circle denotes the number of cases in this District, and
the number (or a) after M denotes for Districts (a: Yanta District; 1: Beilin District; 2: Lianhu District; 3: Xincheng District; 4:
Baqiao District; 5: Weiyang District; 6: Lintong District; 7: Gaoling District; 8: Yanliang District; 9: Lantian County;
10: Chang’an District; 11: Huyi District; 12: Zhouzhi County).
Abbreviation: COVID-19=coronavirus disease 2019; CRGD=Cross-Regional-Gravitational-Dynamic; SEIR=susceptibleexposed-infectious-recovered.
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dRa
= γIa
dt

(4)

dSi
= −βi Si Ii − βai Si Ia
dt

(5)

dEi
= βi Si Ii + βai Si Ia − ωEi
dt

(6)

dIi
= ωEi − γIi
dt

(7)

dRi
= γIi
dt

(8)

The values of the parameters in this study were
taken from previous studies (9). We set the parameter
of ω to 0.5, the parameter γ to 0.3 (10), and the
parameters βi, βa, and βai were set from fitting and
extrapolating the actual data.

Pre- and Post-Intervention CrossRegional Transmission Coefficients
βai denotes the transmission coefficient of Yanta
District spreading to the surrounding areas. Before the
intervention, it conforms to the decay law of the
gravity model (Gai) representing disease transmission,
i.e., βai is proportional to the population size and
inversely proportional to the distance. βai is calculated
as follows: Na denotes the number of residents in
Yanta District, Ni denotes the number of residents in
other districts, Ki denotes the distance between Yanta
District and each other district, and c is a constant.
After the intervention, the cross-district transmission is
blocked and βai is 0.
Gai = ∫ (Nai ⋅ Kai ⋅ c) = βai = βa ×

Na × Ni
×c
Ki

(9)

Pre- and Post-Intervention Intra-Regional
Transmission Coefficients
Before the intervention, βi is calculated by fitting
actual reported data and transmission dynamics model
curves. After the intervention, according to previous
studies, the most effective prevention and control of
the outbreak can be achieved when the transmissibility
is reduced by 50% (5), accelerating the end of the
epidemic. It is therefore assumed that the
transmissibility within each district can be reduced by a
factor of 50 after the intervention, as follows:
βi ’ = βi /

(10)

Quantitative Evaluation of
Transmissibility
According to a previous study (6), the effective
Chinese Center for Disease Control and Prevention

reproductive number (Reff) can be used as an indicator
to assess the transmissibility of COVID-19, as follows:
Reffi/ai =

βi/ai × Si
γ

(11)

Scenario Setting
Three scenarios were hypothesized and simulated
using the constructed model based on the possible time
points for implementing prevention and control
strategies for this outbreak in Xi’an. Scenario 1 is no
intervention in all districts of Xi’an; Scenario 2 is a
lockdown measure for all districts in the city on
December 23 following lockdown measures for Yanta
District on December 18; and Scenario 3 is a
lockdown measure for all districts in the city on
December 23. We used the software Berkeley
Madonna (version 8.3.18, Copyright©1993–2001
Robert I. Macey & George F. Oster and developed by
Robert Macey and George Oster of the University of
California at Berkeley in USA.) to perform the curve
fitting and simulation.

Global Spatial Autocorrelation Analysis
OpenGeoDa software (version 1.2.0, Copyright©
2011–2020 Luc Anselin & Mark McCann and
developed by Arizona State University, Phoenix, AZ,
US) was used to calculate the global Moran’s I
coefficient and detect the overall spatial
autocorrelation. The range of Moran’s I coefficient is
[–1, 1]. When the value is greater than 0, the spatial
correlation is positive: the larger the value, the stronger
the spatial clustering. When the value is less than 0, the
spatial correlation is negative. The closer the value is to
–1, the greater the spatial difference (the space itself is
irrelevant). Of note, the significance of Moran’s I
coefficient is based on the Z and P values.

RESULTS
From December 12, 2021 to January 13, 2022,
there were 2,037 cases of this outbreak in Xi’an, and
the outbreak lasted for 32 days. The outbreak involved
a total of 11 districts. It was largely attributed to an
intra-district spread in the Yanta District of Xi’an from
December 10 to 18, 2021 before spreading to other
areas of the city after December 18, 2021. According
to the fitted and calculated equations, the coefficients
of transmission rates and Reff within and across
districts of Xi’an city without intensive interventions
(Supplementary Table S1, available in http://weekly.
CCDC Weekly / Vol. 4 / No. 31
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The assumptions of Scenario 1 resulted in a much
larger outbreak of the epidemic than what actually
occurred in real life. Scenario 1 simulated epidemic
peaked on January 30, 2022, with a peak population of
493,212 cases, and the epidemic lasted for 175 days,
ending on June 5, 2022. The cumulative number of
simulated cases reached approximately 8,901,425. In
other words, Scenario 1 was shown to be 99.98% less
effective than the comprehensive prevention and
control measures actually used in the real world Xi’an
outbreak.
The assumptions of Scenario 2 resulted in a much
smaller outbreak of the epidemic than what actually
occurred in real life. Scenario 2 simulation results
indicated that the epidemic in Xi’an would have
peaked on December 23, 2021, with a peak number of
20 cases and an epidemic duration of 18 days, and
would have ended on December 30, 2021, with a
cumulative number of 178 cases. This represents a
91.26% reduction in the cumulative number of cases
compared to the real world epidemic situation in Xi’
an. In this simulated scenario, there were also no cases
predicted to appear in Baqiao District, Huyi District,
Lintong District, Xincheng District, or Yanliang
District.
The assumptions of Scenario 3 resulted in a much
smaller outbreak of the epidemic than what actually
occurred in Xi’an in real life, although still showed a
larger outbreak than Scenario 2. Scenario 3 assumed
that if all areas of Xi’an were in direct lockdown on
December 23, 2021, then this outbreak would be in all
districts of the city on December 23, 2021. According
to the results of this simulation, the epidemic in Xi’an
would have peaked on December 23, 2021, with a
peak number of 85 cases. The duration of the epidemic
would have been 22 days, and the cumulative number
of cases would have been 474 at the end of the
epidemic on January 3, 2022. This simulated
prevention and control strategy reduced the cumulative
number of cases by 76.73% compared to the real world
epidemic situation in Xi’an. In this simulated scenario,
there were also no cases predicted to appear in Huyi
District, Lintong District, or Yanliang District.
The epidemiological situations for the above three
scenarios are shown in Table 1, Figure 2, and Figure 3.
The global Moran’s I coefficients for COVID-19 in
Xi’an from December 12, 2021 to January 13, 2022,
were not significantly different (P>0.05), and the
COVID-19 distribution showed no spatial correlation
across the districts (Supplementary Table S2, available
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DISCUSSION
The cross-regional transmission model constructed
in this study provides a method to assess the likelihood
and epidemic scale of regional cluster outbreaks to
neighboring regions based on previous transmission
dynamic models as well as incorporates the local
gravitational effects of disease transmission. The
current epidemic status and containment scale of
COVID-19 vary among countries, and modeling the
impact of a new epidemic in one region on other
regions allows relevant authorities to prepare medical
stockpiles in advance to deal with epidemics in other
countries. This assessment method can thus provide
ideas for inter-regional movement and transmission of
diseases, and provide a theoretical basis for the
prevention and control of endemic diseases.
Combining the results of the incidence map and the
global autocorrelation analysis in Xi’an, we found no
spatial correlation between the differences in COVID19 incidence in the various districts of Xi’an, implying
that the cases were randomly distributed across the
districts without regional aggregation. This suggested
that cases were effectively managed and isolated
between most districts in the early stages of the
outbreak in Xi’an. Outbreaks in other districts were
due to transmission and spread of individual cases from
the Yanta District into the district resulting in
transmission within the district, which is consistent
with the simulation results of the CRGD model —
where the transmissibility from the Yanta District into
other districts was less than 1 and the transmissibility
within each district was more than 1. The real world
epidemiological response in Xi’an reduced the number
of cases by 99.98% and the duration of the epidemic
by 175 days compared to Scenario 1, indicating that
the comprehensive interventions implemented in Xi’an
were effective. However, Scenario 2 and Scenario 3
could reduce the cumulative number of cases by a
further 91.26% and 76.73%, respectively, compared to
the outbreak in real life. This indicates that if the first
source of the epidemic (Yanta District) was blocked in
time at the beginning of the epidemic, the scale of the
further spread of epidemic could have been better
prevented and the expected effect of preventing and
controlling the epidemic could have been achieved.
Also, if intra- and inter-regional transmission had been
strictly controlled and blocked in all areas on
December 23, 2021, it would have had a better control
Chinese Center for Disease Control and Prevention
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TABLE 1. Epidemiological results of interventions in Xi’an City and its sub-districts under three scenarios.
Scenario

Scenario 1

Cumulative number
of cases

Cumulative attack
rate (%)

Lasting time
(days)

Xi’an City

8,901,425

68.721

175

1/30/2022

493,212

Yanta District

1,880,632

91.783

109

1/30/2022

117,349

Baqiao District

732,590

71.752

131

2/4/2022

35,512

Beilin District

603,768

79.653

112

2/1/2022

34,201

Huyi District

108,750

18.847

163

2/6/2022

3,909

Lianhu District

907,175

89.026

108

1/30/2022

55,058

Area

Lintong District

213,623

31.601

170

2/7/2022

7,554

1,472,621

94.641

105

1/28/2022

95,543

Xixian New Area

1,088,536

83.438

120

2/2/2022

60,107

Xincheng District

402,634

65.151

117

2/2/2022

20,984

11,066

3.652

106

2/4/2022

510

1,479,973

93.315

106

1/29/2022

94,778

178

0.001

18

12/23/2021

20

Yanta District

38

0.002

11

12/18/2021

7

Baqiao District

–

–

–

–

–

Beilin District

3

0.001

7

12/18/2021

1

Huyi District

–

–

–

–

–

13

12/23/2021

2

Chang’an District
Xi’an City

Scenario 3

Peak number
of cases

Weiyang District

Yanliang District

Scenario 2

Time of peak number
of cases (m/d/y)

Lianhu District
Lintong District

17

–

–

–

Weiyang District

48

0.003

16

12/23/2021

7

Xixian New Area

10

0.001

13

12/23/2021

2

Xincheng District

–

–

–

–

–

Yanliang District

–

–

–

–

–

Chang'an District

38

0.002

16

12/23/2021

6

Xi’an City

474

0.004

22

12/23/2021

85

Yanta District

155

0.008

19

12/23/2021

26

Baqiao District

13

0.001

14

12/23/2021

3

Beilin District

23

0.003

15

12/23/2021

5

Huyi District

–

–

–

–

16

12/23/2021

9

Lianhu District
Lintong District

–

0.002

47
–

–

–
0.005

–

–

–

Weiyang District

101

0.007

18

12/23/2021

20

Xixian New Area

24

0.002

15

12/23/2021

5

Xincheng District

10

0.002

13

12/23/2021

2

Yanliang District

–

Chang'an District

80

–

–
0.005

–

–

–

18

12/23/2021

16

Note: “–” means no data.

effect than how it spread in real life without these
controls. This suggests that the implementation of
outbreak control in Xi’an needs further improvement,
and that timely two-way blockade control measures in
the outbreak regions and potential spillover areas are
Chinese Center for Disease Control and Prevention

key to avoiding cross-regional transmission. As such,
these findings provide a compelling control strategy for
avoiding cross-regional transmission in other areas in
the future.
There were some limitations to this study. First, the
CCDC Weekly / Vol. 4 / No. 31
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FIGURE 2. Changes in cases at different stages of prevention and control in various districts of Xi’an under different
scenarios. (A) Actual scenario; (B) Scenario 1; (C) Scenario 2; (D) Scenario 3.
Note: The trend of this epidemic is divided into 3 stages (Stage 1: before December 18, 2021; Stage 2: from December 18 to
23, 2021; Stage 3: after December 23, 2021). The yellow circle denotes the area where the COVID-19 outbreak started —
Yanta District. Other circles denote the spread of COVID-19 from the Yanta district to other areas thereby causing other
regional spread.
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FIGURE 3. Curves of epidemic of different scenarios in Xi’an City and it's sub-districts. (A) Yanta District; (B) Baqiao District;
(C) Beilin District; (D) Huyi District; (E) Lianhu District; (F) Lintong District; (G) Weiyang District; (H) Xixian New Area; (I)
Xincheng District; (J) Yanliang District; (K) Chang’an District; (L) Xi’an District.

number of cases collected in this paper was calculated
based on the reported date, and thus may have
overestimated the transmissibility of the district at the
beginning of the outbreak by ignoring the occult
transmission that had already occurred before the
report. Second, since cross-transmission between
districts is less likely after the adoption of blockade
control in each district, this study only considered the
spread of the disease from Yanta District to other
districts; cross-transmission between other districts was
not considered in this study, which may have
overestimated the cross-district spread of the disease in
Yanta District. Finally, future studies should also
measure spatial stratified heterogeneity (SSH) to
further interrogate the inter-regional transmission
pattern of this and similar outbreaks (11–12).
However, in terms of this study, a lack of detailed case
locations due to data quality limitations would have led
Chinese Center for Disease Control and Prevention

to spatial applicability issues in assessing
epidemiological spatial distribution for the simulation
results of the three scenarios selected for this study in
particular, which is why SSH was not included.
However, as the aim of this study was to provide a
methodological study of cross-regional transmission of
the risk of spillover from the epidemic source to other
areas, non-inclusion of SSH did not have a major
impact on the construction of this model or its
resulting simulations.
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Supplementary Material
SUPPLEMENTARY TABLE S1. Coefficients for transmissibility and effective reproduction number within and across districts
in Xi’an without intervention.
βi

District
Yanta District
Baqiao District

−7

4.43×10

−7

4.43×10

Reffi

βai

2.72

−

2.72

−7

Reffai

−

5.15×10

−8

0.16

−7

0.32

Beilin District

4.43×10

2.72

1.40×10

Fuyi District

4.43×10−7

2.72

1.14×10−8

0.02

Lianhu District

4.43×10−7

2.72

1.78×10−7

0.54

Lintong District

−7

2.72

1.70×10

−8

0.03

−7

0.80

4.43×10

−7

Weiyang District

4.43×10

2.72

1.72×10

Xixian New Area

4.43×10−7

2.72

6.23×10−8

0.24

Xincheng District

4.43×10−7

2.72

9.20×10−7

0.17

Yanliang District

−7

2.72

3.99×10

−9

0.01

1.31×10

−7

0.62

Chang'an District

4.43×10

−7

4.43×10

2.72

Note: “–” means reference.

SUPPLEMENTARY TABLE S2. Global autocorrelation of the incidence of COVID-19 in Xi’an City from December 12, 2021
to January 13, 2022.
Time

Moron’s I

Z

P

Before December 18, 2021

−0.149

−0.583

0.330

December 18 to 23, 2021

−0.100

−0.168

0.438

After December 23, 2021

−0.025

0.442

0.284

Abbreviation: COVID-19=coronavirus disease 2019.
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Notes from the Field

First Imported Case of SARS-CoV-2 Omicron Subvariant BA.2.12.1
— Guangdong Province, China, April 30, 2022
Lijun Liang1,&; Xiang Zhao2,&; Aiping Deng1; Kuibiao Li3; Jiajun Liu1; Fangzhu Ouyang1; Qianfang Guo1;
Jing Xu1; Shen Huang1; Lirong Zou1; Yang Song2; Kai Nie2,#; Baisheng Li1,#

On April 23, 2022, an international flight KQ880
from Nairobi, Kenya arrived at Guangzhou Baiyun
International Airport, Guangzhou City, Guangdong
Province. All passengers were transferred to the
quarantine hotel for routine 14-day medical
observation and regularly tested of severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2)
nucleic acid. One of the patients, a 27-year-old
Chinese male, reported positive SARS-CoV-2 nucleic
acid on April 27, 2022. The patient had a history of
full coronavirus disease 2019 (COVID-19) vaccination
and denied exposure to other COVID-19 cases in the
past 14 days. After diagnosis, he was transferred to
Guangzhou Eighth People’s Hospital for treatment.
On April 30, 2022, a nasal swab sample from the
patient was sequenced using the Illumina MiniSeq
platform (Illumina, San Diego, CA, USA), and
genotyping results showed that the patient was infected
with Omicron subvariant BA.2.12.1. A total of 33
amino acid mutation sites (T19I, A27S, G142D,
V213G, G339D, S371F, S373P, S375F, T376A,
D405N, R408S, K417N, N440K, L452Q, S477N,
T478K, E484A, Q493R, Q498R, N501Y, Y505H,
D614G, H655Y, N679K, P681H, S704L, N764K,
D796Y, Q954H, N969K and L24del, P25del, P26del)
were detected on the spike gene, two of which (L452Q
and S704L) were key sites defining the signature of
sublineage BA.2.12.1 (1–2) (Figure 1). The sequence
has been submitted to the National Genomics Data
Center (under the accession number WGS025539).
On May 4, 2022, the World Health Organization
reminded to closely monitor BA.2.12.1 subvariant (2).
Compared to other Omicron variants, BA.2.12.1
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subvariant shows stronger immune escape, even after
having been vaccinated with booster dose (3). Several
studies have shown that the transmissibility of
BA.2.12.1 is about 23% to 27% faster than that of
BA.2. Omicron BA 2.12.1 subvariant spread very fast,
which led to the resurgence of the epidemic in many
parts of the United States, and cases have been
reported in at least 17 countries (4). Public health
officials are focusing on this subvariant and trying to
learn more.
doi: 10.46234/ccdcw2022.094
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FIGURE 1. Phylogenetic tree based on the full-length genome sequences of the COVID-19 Omicron subvariants.
Note: Guangdong Province imported VOC/Omicron (BA.2.12.1) variant is indicated with red arrow. Other Omicron
sublineages are indicated on the right side and marked with square brackets.
Abbreviation: COVID-19=coronavirus disease 2019; VOC=variant of concern.
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