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Abstract

Although coronavirus disease 2019 (COVID-19) remains
rampant in many countries, it has recently waned in Sichuan,
China. This study examined spatiotemporal variations of the epi-
demiological characteristics of COVID-19 across its course. Three
approaches, i.e. calendar-based, measure-driven and data-driven
ones, were applied to all individual cases reported as of 30"
November 2020, dividing the COVID-19 pandemic into five peri-
ods. A total of 808 people with confirmed diagnosis and 279
asymptomatic cases were reported, the majority of whom were
aged 30-49 and <30 years, respectively. The highest risk was seen
in Chengdu (capital city), with 411 confirmed and 195 asymp-
tomatic cases. The main sources of infection changed from impor-
tation from Hubei Province to importation from other provinces,
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then local transmission and ultimately importation from foreign
countries. The periods highlighted by the three methods presented
different epidemic patterns and trends. The calendar-based periods
were even with most cases aggregated in the first period, which
did not reflect various transmission patterns of COVID-19 due to
various sources of infection; the measure-driven and data-driven
periods were not consistent with each other, revealing that the
effects of implementing prevention measures were reflected on
the epidemic trend with a time lag. For example, the decreasing
trends of new cases occurred 7, 3 and 4 days later than the first-
level emergency response, the district-level prevention measures
and the second-level emergency response, respectively. This study
has advanced our understanding of epidemic course and fore-
shown all stages of COVID-19 epidemic. Many countries can
learn from our findings about what will occur next in their time-
lines and how to be better prepared.

Introduction

According to the Centres for Disease Control and Prevention
(CDC) in the U.S., the coronavirus disease 2019 (COVID-19) is a
highly contagious, viral disease that mainly spreads through respi-
ratory droplets between people who are in close contact with one
another (CDC, 2020). Since the onset of the outbreak in early
January 2020, the epidemic trend in China has gradually trans-
formed from local infections to infections by cases arriving from
foreign countries. On 11™ March 2020, the World Health
Organization declared COVID-19 a pandemic and on 30"
November 2020, the global number of COVID-19 infections had
reached 61.8 million, including more than 1.4 million deaths
(WHO, 2020). However, in China transmission of the infection
started to slow down after the first outbreak in Hubei Province,
and only a few new confirmed cases were detected after February
2020. Still, as of 30" November 2020, a total of 93,329 confirmed
COVID-19 cases had been detected across 34 provinces and spe-
cial regions in China, resulting in 4750 deaths (WHO, 2020).

Compared to snapshots on the ground and numerical and tex-
tual results from non-spatial analyses, spatial epidemiological
research can provide an overview of the geographic distribution
and variations of health outcomes from a unique perspective,
which would be more informative for targeting limited resources
to the areas of the greatest need. Moreover, spatial epidemiologi-
cal analyses on the basis of individual cases with detailed epi-

[Geospatial Health 2022; 17(s1):1023]



demiological information can provide further insights for imple-
menting fine-scale prevention measures that would be useful for
local health sectors. Such spatial epidemiological studies of
COVID-19 with respect to variations of infection source and
potential individual risk factors have been lacking, although a
handful geographic studies examined spatial clustering patterns of
COVID-19 incidence (Li ef al., 2020; Yang et al., 2020). An isola-
tion between epidemiology and geography may underlie the lack
of spatial epidemiological analyses based on individual epidemio-
logical data (Jia and Yang, 2020a).

To be better prepared for decision-making for future epi-
demics, a comprehensive understanding of characteristics of
COVID-19 transmission at different stages over the whole epidem-
ic course is needed (Jia, 2020). The epidemic course of COVID-19
has been recognized as giving a useful overview that could assist
our understanding of the dynamic characteristics over its epidemic
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cycle (Lipsitch et al., 2020). However, no studies have examined
the COVID-19 from this perspective. Our study aimed to under-
stand the epidemic course on the basis of a provincial dataset of
true COVID-19 cases over the epidemic cycle. Taking one step fur-
ther, we used three approaches, i.e. a calendar-based, a measure-
driven and a data-driven one, to divide the course of the disease
into different periods and investigate spatiotemporal variations of
epidemiological characteristics of COVID-19 infection across
periods, which would advance our understanding of spatial life
course of the epidemic (Jia et al., 2020). Our fine-scale findings
would also guide local health sectors to be better prepared for the
next wave of COVID-19 or other future epidemics. More impor-
tantly, given that COVID-19 has waned in China, many countries
in which COVID-19 remains rampant can learn from our results
how to deal with the pandemic from a spatiotemporal perspective.
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Figure 1. The number of confirmed and asymptomatic COVID-19 cases in Sichuan, China in 2020. A) Aggregated numbers; B) daily

numbers.
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Materials and methods

Study site

Sichuan, a central-western Chinese province, consists of 21
city-level administrative units (18 cities and 3 autonomous prefec-
tures) and has the fourth largest population in China (90.99 million
by the end of 2019). The first case of COVID-19 was confirmed in
Sichuan on 21* January 2020. The epidemic has been waning in
Sichuan as only cases imported into China from foreign countries
have been detected since 22™ June 2020. This has made Sichuan a
suitable study area for our purpose of understanding the COVID-
19 epidemic course.

Data collection

Information on the individual COVID-19 cases during 21%
January to 30" November 2020 in Sichuan, both confirmed and
asymptomatic (i.e. those without self-perceived or clinically iden-
tified symptoms such as fever, cough and sore throat, yet test pos-
itive), was obtained from the Health Commission of Sichuan
Province and field surveys that included gender, age, date of onset,
date of diagnosis, place of reporting, clinical severity and source of
infection. All cases tested positive for COVID-19 when diagnosed

by clinical experts according to the Covid-19 treatment plan (Trial
version 7) released by the National Health Commission of the
People’s Republic of China (2020a). The clinical severity of the
confirmed COVID-19 cases was classified into critical, moderate
and mild cases: critical cases had respiratory failure, septic shock
or multiple organ dysfunction failure; moderate cases had fever,
respiratory tract symptoms and image manifestations of pneumo-
nia; and mild cases presented mild symptoms without fever or
image manifestations of pneumonia (National Health Commission
of the People’s Republic of China, 2020a; Yu et al., 2020). The
asymptomatic cases were reported according to the COVID-19
prevention and control plan (6th edition) (National Health
Commission of the People’s Republic of China, 2020b). The
sources of infection included importation from Hubei, importation
from other Chinese provinces, local infections, imported cases
from foreign countries, and uncertain.

The epidemic course

We used three methods, both subjective and objective, to
divide the epidemic course. A calendar-based method divides the
epidemic course evenly into five periods: 21* January to 23"
March (C1); 24™ March to 25" May (C2); 26™ May to 27" July
(C3); 28" July to 28™ September (C4); and 29™ September to 30™

Space-time clusters of high incidence
/77| 24 January to 18 February 2020

km

Figure 2. Spatiotemporal clustering patterns of the city-level incidence of COVID-19 in Sichuan, China.
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November 2020 (C5). A measure-driven method divides the epi-
demic course on the basis of the implementation of different types
and levels of emergency response and prevention measures into
five different periods: M1) 21% January to 4" February, during
which the first-level emergency response (implementing strict
quarantine measures) came into force on 24" January; M2) 5™ to
12" February, in which city-level prevention measures were imple-
mented by classifying all cities into areas with local outbreaks,
sporadic cases and no cases; M3) 13" to 25" February, in which
district-level prevention measures were implemented by the same
classification (local outbreaks, sporadic cases and no cases) for
fine-scale prevention measures; M4) 26" February to 17" March,
in which the second-level emergency response took effect by sug-
gesting people to reduce the frequency of going out and visiting
crowded places; and M5) 18™ March to 30™ November, in which
quarantining and conducting polymerase chain reaction (PCR)
tests for travellers/visitors from overseas were implemented. The
third-level emergency response (i.e. resuming normal life with
caution regarding potential importation of COVID-19 from over-
seas and local resurgences) also took effect on 25™ March. Such
divisions could reveal the effectiveness of a given measure by
comparing the distribution patterns before and after its implemen-
tation. A data-driven method divided the epidemic course into five

periods on the basis of landmark changes in the temporal trend of
COVID-19 cases, such as increasing, peaking, lowering, disap-
pearance and resurgence.

= .Cpress

Data analyses

The epidemiological characteristics of the COVID-19 cases
(overall and by period) and the temporal trends of the daily num-
bers of new cases (overall, confirmed and asymptomatic) were
analysed. All individual COVID-19 cases were geocoded and
aggregated by city in which they resided at present, which was also
where they were confirmed (symptomatic) or detected (asymp-
tomatic). The space-time scan statistics, using discrete Poisson
models, were conducted at the city level on a daily basis to identify
spatial clustering patterns of high COVID-19 incidence, which
have also remained over time (Kulldorff er al., 1998). Local
Moran’s / (Anselin, 2010), another type of spatial clustering anal-
ysis, was employed to scrutinize the degree and scope of spatial
clustering of the aggregated cases and the average daily incidence
of COVID-19 across periods among cities. This approach shows
five types of spatial clustering patterns: high number(s) surrounded
by high numbers (HH), low number(s) surrounded by low numbers
(LL), a high number surrounded by low numbers (HL), a low num-

Table 1. Characteristics of the COVID-19 cases in Sichuan of China within the data-driven epidemic periods.

Age group
0-19 46 (5.7) 6 (3.5) 24 (1.8) 4(6.9) 0 12 (45) 33 (11.8)
20-29 135 (16.7) 28 (16.3) 36 (11.7) 7(12.D) 0 64 (23.8) 84 (30.1)
30-39 194 (24.0) 53 (30.8) 56 (18.2) 9(15.5) 1 (100) 75(27.9) 80 (28.7)
40-49 200 (24.8) 42 (244) 81 (26.3) 9(15.5) 0 68 (25.3) 47 (16.8)
50-59 138 (17.1) 21 (12.2) 58 (18.8) 18 (31.0) 0 41 (15.2) 25 (9.0)
60-69 62 (7.7 18 (10.5) 29 (94) 7(12.D 0 8 (3.0) 6(22)
70-79 24 (3.0) 2(12) 18 (5.8) 3(52) 0 1(0.4) 2(0.7)
>80 9 (LD 2(12) 6 (1.9) 1(1.7) 0 0 2(0.7)
Sex
Male 517 (64.0) 98 (57.0) 157 (51.0) 30 (51.7) 0 232 (86.2) 197 (70.6)
Female 291 (36.0) 74 (43.0) 151 (49.0) 28 (48.3) 1 (100) 37 (13.8) 82 (294)
Clinical severity
Critical 3(04) 1(0.6) 2 (0.6) 0 0 0
Moderate 547 (67.7) 104 (60.5) 181 (58.8) 47 (81.0) 1 (100) 214 (79.6)
Mild 258 (31.9) 67 (39.0) 125 (40.6) 11 (19.0) 0 55 (20.4)
Occupation
Service worker 119 (147) 38 (22.1) 30 (9.7) 2 (34) 0 49 (18.2) 64 (22.9)
Public official 82 (10.1) 29 (16.9) 32 (10.4) 1(1.7) 0 20 (74) 22 (7.9)
Healthcare worker 10 (1.2) 4 (2.3) 6 (1.9) 0 0 0 0
Home worker 132 (163) 30 (17.4) 65 21.1) 5(8.6) 0 32 (11.9) 38 (13.6)
Farmer 155 (19.2) 24 (14.0) 87 (28.2) 41 (70.7) 1 (100) 2.(0.7) 27(9.7
Migrant worker 159 (19.7) 22 (12.8) 24 (7.8) 3(52) 0 110 (40.9) 73 (26.2)
Student/Child 73 (9.0) 12 (7.0) 26 (8.4) 2 (34) 0 33 (12.3) 44 (15.8)
Others 78 (9.7 13 (7.6) 38 (12.3) 4 (6.9) 0 23 (8.6) 11 (3.9)
Source of infection
From Hubei 235 (29.1) 135 (78.5) 96 (31.2) 3(52) 0 1(0.3) 0
From other provinces 81 (10.2) 17(9.9) 57 (18.5) 5 (8.6) 1(100) 1(0.3) 0
Local infection 140 (17.3) 18 (10.5) 100 (32.5) 22 (37.9) 0 0 0
From overseas 267 (33.0) 0 0 0 0 267 (99.3) 0
Uncertain sources 85 (10.5) 2(12) 55 (17.9) 28 (48.3) 0 0 279 (100)

D1, 21* to 30™ January; D2, 31 January to 15" February; D3, 16" to 29" February; D4, 1 to 12t" March; D5, 13" March to 30" November.
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ber surrounded by high numbers (LH) and no spatial clustering
(randomness). Note that, to be more comparable across cities with
different population densities, the incidence of COVID-19 in each
city (daily or within a given period) was calculated as the number
of cases per 10 million population as given at the end of 2019.

Descriptive statistics, space-time scan statistics and spatial
clustering analysis and visualization were conducted in RStudio,
version 1.3.1093 (https://www.rstudio.com/), SaTScan, version 9.6
(https://www.satscan.org/), and ArcGIS, version 10.3 (ESRI,
Redlands, CA, USA), respectively.

= .Cpress

Results

Epidemiological characteristics

The ages of 808 confirmed COVID-19 cases ranged from 1
month to 87 years, with a median age of 42 years (Table 1). About
64.0% of those cases were males, and 29.1% were imported from
Hubei. In terms of clinical severity, most (67.7%) were moderate
cases, followed by mild (31.9%) and critical cases (0.4%). The
largest percentage of cases among the occupations was migrant
workers followed by farmers, home workers and service workers.
Most confirmed cases were reported during 21 January and 17"
February in a dramatic increase (Figure 1A), with the daily number
of new cases gradually increasing to 40 on 30™ January and
remaining at this level until 17" February (Figure 1B). After that,
the number of new infections trended lower.

The 279 asymptomatic cases were from 8 months to 81 years
old and had a median age of 31 years (Table 1). About 70.6% of
the patients were males and the largest percentage of the asymp-
tomatic cases consisted of migrant workers (26.2%) followed by
service workers (22.9%). The epidemic pattern of the asymptomat-
ic cases was different from that of the confirmed ones, with the
first asymptomatic case reported 10 days later than the first con-
firmed one (Figure 1A). The asymptomatic cases increased rapidly
during February although at a smaller scale than that of the con-
firmed ones.

A high-incidence COVID-19 cluster was detected covering the
centre of the province, including Chengdu and the surrounding

cities Deyang, Mianyang, Yaan and Meishan and the north-western
regions of Sichuan (Ganzi and Aba), which remained significant
(P<0.001) from 24" January to 18" February 2020 (Figure 2).

The calendar-based division

During 21* January to 23" March (C1), the total COVID-19
case number in Chengdu was 162, which was higher than in any of
the other 20 cities (Figure 3). The pandemic then entered a stable
stage in the province with a mean daily incidence of 0.05, 0.10,
0.25 and 0.39 cases/10 million during 24" March to 25" May (C2),
26™ May to 27" July (C3), 28™ July to 28™ September (C4) and 29™
September to 30™ November (C5), respectively (Table 2).

The measure-driven division

The epidemic course was divided into five periods, according
to different types and levels of emergence response and prevention
measures taken in Sichuan (Figure 1B). In the middle of the M1
period (before the city-level prevention measures were implement-
ed), the number of new confirmed cases peaked (on 30" January)
after which the growth rate started to slow down, which seemed to
be attributed to the strict quarantine measures of the first-level
emergency response implemented three days after confirming the
first case. A continuing downward trend of new confirmed cases
was observed during the M2 period when the city-level prevention
measures were being implemented, and this trend continued during
the M3 period when the district-level prevention measures were
being implemented. The M4 period (i.e. when the second-level
emergency response was implemented) was a stable stage, with 20
new cases reported over 21 days. In the M5 period, the government
focused on preventing the imported COVID-19 cases from foreign
countries, as the first overseas case was reported on 13" March,
with a total of 462 cases during that period (about 1.79 cases per
day). Travellers arriving in Sichuan from overseas during the M5
period were quarantined for two weeks and several received PCR
tests during their quarantine.

The average daily incidence was highest in the M2 period
(2.39 cases/10 million), followed by the M1 (2.18 cases/10 mil-
lion) and M3 (1.12 cases/10 million) periods (Table 2). Also, there
were strong spatial heterogeneities in the average daily incidence,

Table 2. New cases and the average daily incidence of COVID-19 in Sichuan, China as measured by the three division approaches.

Calendar-based

Number of new cases 634 29 58 141 225
Accumulated number of cases 634 663 721 862 1087
Average daily incidence 1.1 0.05 0.10 0.25 0.39
Measure-driven 01/21-02/04 02/05-02/12 02/13-02/25 02/26-03/17 03/18-11/30
(15 days) (8 days) (13 days) (21 days) (258 days)
Number of new cases 298 174 133 20 462
Accumulated number of cases 298 472 605 625 1,087
Average daily incidence 2.18 2.39 1.12 0.10 0.20
Data-driven 01/21-01/30 01/31-02/15 02/16-02/29 03/01-03/12 03/13-11/30
(10 days) (16 days) (14 days) (12 days) (263 days)
Number of new cases 172 351 94 1 469
Accumulated number of cases 172 523 617 618 1087
Average daily incidence 1.89 241 0.74 0.01 0.20

The case numbers are counted per 10 million population within the five epidemic periods.
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with high-risk cities changing ranking places over the five periods
(Figure 4). With 92 aggregated cases, Chengdu had the highest
number of cases during the M1 period (Figure 5); Ganzi was the
city with the highest average daily incidence of 7.22 cases/10 mil-
lion. During the M2 period, the intensity of COVID-19 in Ganzi
(7.22 10 26.04 cases/10 million) and Dazhou (1.98 to 5.03 cases/10
million) increased observably, while the average daily incidence of
Panzhihua decreased dramatically (5.91 to 2.02 cases/10 million).
Most of the cities in Sichuan saw a slowdown during the M3 peri-
od, while the opposite happened in Ganzi, with an average daily
incidence of 33.97 cases/10 million, which was 7.93 higher than in
the M2 period. During the M4 period, 12 cities of Sichuan had no
new case, while Ganzi reported seven ones, which was the highest
in Sichuan so far. Compared with the M4 period, there was a
rebound in some cities during the M5 period due to importation of
COVID-19 from foreign countries, especially in Chengdu with 451
cases arriving from overseas.

@

The data-driven division

According to the varying trends of COVID-19 cases (Figure
1B), the epidemic course was divided into five periods. During 21*
to 30™ January (D1), the number of new confirmed cases grew
rapidly, most of them imported from Hubei (Table 1). During 31*
January to 15" February (D2), the number of new confirmed cases
rose at a lower increasing rate, with decreasing numbers of cases
from Hubei and increasing local infections; also, asymptomatic
cases started to be reported at this time. Local infection became the
main source of infection during 16" to 29" February (D3), with the
growth rate of new asymptomatic cases peaking on 15" February
and then gradually declining. The period of 1% to 12™ March (D4)
was a stable stage, with only 1 case over 12 days. Imported cases
from foreign countries started to emerge on 13™ March and lasted
till 30™ November (DS5), with a total of 460 cases over 263 days
(1.75 cases per day on average).
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Figure 3. Numbers of the aggregated COVID-19 cases in Sichuan of China within five calendar-based epidemic periods.

[Geospatial Health 2022; 17(s1):1023]

OPEN 8 ACCESS



@‘

The epidemiological characteristics of the confirmed cases
varied across the five periods (Table 1). The mean age of the
majority of the confirmed cases had increased before the stable
period, and it decreased due to younger cases during the D5 period.
The percentage of clinically moderate cases was larger than that of
critical and mild cases during all periods, and critical cases disap-
peared completely after the D3 period. Among the occupations,
farmers comprised the largest percentage of confirmed cases dur-
ing most periods, except at the beginning of the epidemic (D1)
when service workers overtook them in this respect together with
migrant workers during the D5 period. Countries from which large
percentages of the cases had been imported to Sichuan included
Egypt (71 cases), followed by Philippines (69), Iraq (53), Pakistan
(34), Nepal (31), Ethiopia (29), Singapore (23), Nigeria (22), Saudi
Arabia (17), the UK (15), the US (13) and Qatar (12).

The average daily incidence was highest in the D2 period (2.41
cases/10 million), followed by the D1 (1.89 cases/10 million) and

21 January-4 February

D3 (0.74 cases/10 million) periods. Compared to cities, such as
Beijing, Shanghai and Guangzhou, only a limited number of inter-
national flights landed in Sichuan. This made the magnitude of the
cases in the D5 period significantly less than in the periods D1-3
(Table 2). Also, there were strong spatial heterogeneities in the
average daily incidence, with high-risk places changing ranking
places in this respect over all the periods (Figure 6): until 30"
January, the number of total cases in Chengdu was 64, which was
the highest of Sichuan (Figure 7); each of the other cities had less
than 20 cases during the D1 period. During the D2 period, the
number of aggregated new cases in Chengdu was 81, which was
still the highest in the province, but the average daily incidence
decreased slightly (3.92 to 3.10 cases/10 million). The intensity of
COVID-19 in some cities increased apparently during the D2 peri-
od, such as Ganzi (4.17 to 29.69 cases/10 million), Panzhihua
(0.81 to 6.55 cases/10 million) and Dazhou (1.05 to 4.26 cases/10
million). There was a slowdown of the trend in most of the cities

26 February-17 March

Average daily incidence
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Figure 4. Spatial patterns of the average daily incidence of COVID-19 in Sichuan within the five measure-driven epidemic periods.

Unit: number of cases per 10 million population.
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during the D3 period, while the opposite happened in Ganzi that
had an average daily incidence of 21.43 cases/10 million.
Compared with the D4 period, which was a stable period, there
was a rebound in some cities during the DS period due to importa-
tion from foreign countries, especially in Chengdu with an average
daily incidence of 1.06 cases/10 million.

Discussion

This first, spatial epidemic course analysis on the basis of indi-
vidual COVID-19 cases in Sichuan Province of China includes an
epidemiological analysis of the distribution and transmission of the
disease. Compared with other studies (Wang et al., 2020; Yu et al.,
2020), our study period was more complete covering all main
stages of COVID-19 in our study area. The confirmed cases were
generally older prior to the final period of infected travellers from

@‘

foreign countries, where the majority of the cases were younger.
The main sources of infection changed from the initial importation
from Hubei to importation from other provinces, then to local
infection and ultimately to imported cases from foreign countries.
The clinical symptoms of the COVID-19 cases have become less
severe over time. The largest proportion consisted of cases involv-
ing migrant workers, both confirmed and asymptomatic, and par-
ticularly cases arriving from foreign countries.

We implemented the three different approaches to divide the
epidemic course of COVID-19 in Sichuan into five separate peri-
ods, with spatiotemporal epidemic patterns presented in each peri-
od under each approach. The epidemic trends of COVID-19 by
period varied by approaches (i.e. time windows) selected for divid-
ing the epidemic course: the calendar-based periods were even, so
dynamic transmission patterns of COVID-19 due to various
sources of infection were neither considered nor hence reflected,

R 18 March-30 November
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Number of cases
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Figure 5. Numbers of the aggregated COVID-19 cases in Sichuan of China within five measure-driven epidemic periods.
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with most cases aggregated in the first period (M1), while the mea-
sure-driven and data-driven approaches resulted in a temporal lag
between the periods.

There was a time lag observed between the implementation of
prevention measures and the change in the epidemic trend. The
most abrupt decrease in the number of new confirmed cases (start
of D2) was seven days later than the beginning of the first-level
emergency response (during M1). The steepest decline in the num-
ber of new asymptomatic cases (start of D3) occurred three days
after the implementation of the district-level prevention measures
(start of M3). The stable period (D4) started four days after down-
grading the first-level emergency response to the second-level
(start of M4). Such temporal lags visualize the influence of the
first-level emergency response and city/district-level prevention
measures on COVID-19 transmission, here showing a clear reduc-
tion. There were also apparent differences in the spatial patterns of

pagepress

the COVID-19 incidence between each pair of periods from the
two methodological approaches. The greatest differences were
seen during the 4" periods, with new cases in nine cities during M4
and only one case in Chengdu during D4. These disparities show a
better alignment of the data-driven periods with the real-world epi-
demic trends.

We compared the measure-driven and data-driven periods to
better understand the time lag between the implementation and
effects of the measures, in order to forecast more accurately the
effects of implementing prevention measures on epidemic trends
in future epidemics. A study in the U.S. has also revealed a time lag
of 1-5 weeks before seeing a decreased growth rate of the con-
firmed cases by implementing the containment measures (e.g.,
stay-at-home orders, workplace closures and public information
campaigns) (Li et al., 2021). The change in epidemic trends from
one stage to another may vary by the time windows selected for the
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Figure 6. Spatial patterns of the average daily incidence of COVID-19 in Sichuan within the five data-driven epidemic periods. Unit:

number of cases per 10 million population.
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stages in the analyses, something which is referred to as the mod-
ifiable temporal unit problem (MTUP) (Tao et al., 2014). Results
from a single approach-based division of a given epidemic period
are usually subject to MTUPs. Due to the time lag between imple-
mentation and effects of counteractive measures against COVID-
19, this type of arbitrary outcomes has impeded an adequate under-
standing of its epidemic course and obstructed accurate assess-
ments of the value of early-stage measures. To overcome these
conceptual problems and methodological limitations, there is a
need for the application of multiple approaches dividing the epi-
demic course, so that different results can be compared and com-
bined to achieve a more predictable and MTUP-free epidemic
trend. Indeed, this approach would also be generalizable.

At late stages of COVID-19, imported cases from foreign
countries constitute the main source of infection. When only
adopting the measure-driven division approach, it was difficult to

3 13 March-30 November
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demonstrate the severity of importation from overseas, which,
unlike importation from Hubei and local transmission, is affected
by the global pandemic situation and preventive measures imple-
mented by origin countries and international airlines. Therefore,
the effect of measures preventing infection via imported cases
could not be evaluated only by counting the number of new cases.
In the beginning of the M5 period, measures aimed at preventing
foreign influx of COVID-19 were implemented by the Sichuan
government. From 20™ March 2020, all people entering Sichuan
from overseas were collectively quarantined and subjected to PCR
testing, a measure effectively precluding further local transmis-
sion.

The entire epidemic course of COVID-19 was over in Sichuan
already in late 2020, which was earlier than most regions, and def-
initely compared to other countries. This is mainly attributed to the
implementation of a region-specific, multi-level approach at the
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Figure 7. Numbers of the aggregated COVID-19 cases in Sichuan of China within five data-driven epidemic periods.
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early stage of the pandemic. In the beginning of February 2020, the
region-specific and sector-specific COVID-19 control strategies
were proposed at the national level, promptly followed in Sichuan
by adapting and tailoring the national strategies to the local situa-
tion and issuing detailed regulations within 10 days. In mid-
February 2020, all districts/counties (an administrative resolution
below the city level) in China were divided into three classes with
different levels of risk (low, moderate and high). This was adopted
in Sichuan immediately (after three days) by dividing
districts/counties one step further into sub-districts/towns and
introducing four local classes with different levels of risk, with
consideration of both epidemic prevention at the broad scale and
convenience of local residents in their daily life, an approach not
recommended at the national level until late February 2020. All
these factors have greatly contributed to the success of local epi-
demic control; thus it is extremely important to adapt national
strategies and guidelines to local contexts without the slightest
delay. Last but not least, Sichuan’s success would not be possible
without the support and strong popular cooperation.

There were several limitations in this study. First, we could not
evaluate the effects of individual measures because, in addition to
the main prevention measures, the Sichuan government imple-
mented multiple interventions in the same period to control the
epidemic. Second, we referred to the date of diagnosis, instead of
the date of onset, to calculate the number of cases, which may to
some extent account for the time lag between the implementation
and effects of the preventive measures (Wang et al., 2020).
However, this has been a common limitation of most, if not all,
COVID-19 epidemiological studies. Third, there was a consider-
able percentage of COVID-19 cases arising from uncertain
sources, especially for asymptomatic cases, which, once revealed,
may affect the current results (Yang et al., 2021).

Conclusions

The control and prevention measures undertaken by the
Sichuan government so far have been effective. The spatiotempo-
ral patterns of COVID-19 in Sichuan varied across the stages of its
epidemic course, and the patterns within each period also varied as
the disease developed. Covering the whole cycle of the disease
made it possible to reveal a reliable and predictable epidemic
course. With COVID-19 waning in China, understanding the epi-
demic course at this time is critical for deep insights into represen-
tative transmission patterns. From the results presented here, the
world can learn about what will probably occur next in their own
COVID-19 timelines and how to be better prepared for the forth-
coming stages. Also, the approaches used for the division of the
time periods in this study would assist controlling the development
of'this disease in other Chinese provinces and in other countries, as
well as preventing other (re)emerging infectious diseases in the
future (Jia and Yang, 2020b).
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