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Abstract

The COVID-19 outbreak emerged in Wuhan, China, and was declared a global pandemic in March 2020. This study aimed
to explore the association of daily mean temperature with the daily counts of COVID-19 cases in Beijing, Shanghai, Guang-
zhou, and Shenzhen, China. Data on daily confirmed cases of COVID-19 and daily mean temperatures were retrieved from
the 4 first-tier cities in China. Distributed lag nonlinear models (DLNMs) were used to assess the association between daily
mean temperature and the daily cases of COVID-19 during the study period. After controlling for the imported risk index
and long-term trends, the distributed lag nonlinear model showed that there were nonlinear and lag relationships. The daily
cumulative relative risk decreased for every 1.0 °C change in temperature in Shanghai, Guangzhou, and Shenzhen. However,
the cumulative relative risk increased with a daily mean temperature below — 3 °C in Beijing and then decreased. Moreover,
the delayed effects of lower temperatures mostly occurred within 67 days of exposure. There was a negative correlation
between the cumulative relative risk of COVID-19 incidence and temperature, especially when the temperature was higher
than — 3 °C. The conclusions from this paper will help government and health regulators in these cities take prevention and
protection measures to address the COVID-19 crisis and the possible collapse of the health system in the future.
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Introduction pneumonia of unknown etiology were reported in Wuhan
and then the infection spread to other parts of the world
Since late December 2019, SARS-CoV-2 has caused an out-  (Huang et al. 2020). COVID-19 was officially declared a
break of a novel coronavirus disease (COVID-19) in Wuhan, pandemic by the World Health Organization (WHO) on
Hubei Province, China (Wang et al. 2020b). COVID-19  March 11, 2020, due to its widespread and high infectivity.
first gained public attention after a series of patients with  Additionally, it caused over 3.5 million infections and 0.24
million deaths worldwide by May 4, 2020 (Li et al. 2020).
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A COVID-19 infection can cause a series of severe res-
piratory illnesses, similar to other coronaviruses, such as
SARS-CoV and MERS-CoV (Xu et al. 2020). SARS-CoV
(2002) occurred in 37 countries, causing over 8000 infec-
tions and 800 deaths, and MERS-CoV (2012), occurred in
27 countries, infecting nearly 2500 individuals and caused
858 death worldwide (Wu et al. 2020a). The transmission
of coronaviruses can be affected by several factors, includ-
ing population mobility (Chen et al. 2021; Jin et al. 2021;
Zeng et al. 2021) and temperature. It has been suggested
that SARS-CoV, MERS-CoV, and other coronaviruses, such
as influenza, have significant relationships with tempera-
ture (Bi et al. 2007; Chan et al. 2011; Gardner et al. 2019;
Hemmes et al. 1962; Ianevski et al. 2019; Jaakkola et al.
2014; Lowen et al. 2007; van Doremalen et al. 2013; Zhou
and Jiang 2004).

It has been documented that temperature might have
affected the COVID-19 outbreak. Recent studies found
that temperature contributed to the spread of COVID-19
in Jakarta, Indonesia, and Istanbul, Turkey (Shahzad et al.
n.d; Tosepu et al. 2020). A study in Turkey claimed that a
higher temperature can help eliminate SARS-CoV-2 viabil-
ity. Evidence from studies concerning 30 different provinces
in China and New Jersey in the USA has shown negative
associations of temperature with COVID-19 cases (Dogan
et al. 2020; Qi et al. 2020). Other global studies have also
found that mean temperature was negatively correlated
with COVID-19 cases (Wu et al. 2020b; Yuan et al. 2021).
Some scientists also researched temperature and stated no
associations with COVID-19 (Juni et al. 2020; Yao et al.
2020). The effect of temperature on the transmission and
survival of SARS-CoV-2 has been investigated to help pre-
dict prospects in the future. However, few of these studies
focused on differences in population mobility across dif-
ferent regions.

In mainland China, COVID-19 led to 78,064 infected
individuals and 2715 deaths as of February 25, 2020. The
most affected cities outside Wuhan and Hubei were ranked
as Chongqing, Wenzhou, Shenzhen, Beijing, Guangzhou,
Shanghai, and so on. The first-tier cities (Beijing, Shanghai,
Guangzhou, and Shenzhen) enjoy high levels of economic
development and trade, so they have relatively larger migra-
tion populations than other cities. Notably, these 4 cities
have apparently different climatic conditions, which pro-
vides informative results of the effect of temperature. After
COVID-19 was first discovered in Wuhan, these first-tier
cities’ population flows become an important influencer
that caused the spread of COVID-19. In our study period,
the population movement made these 4 first-tier cities
more susceptible to COVID-19 and resulted in more con-
firmed cases. Baidu migration data around the study period
reflect the scale and direction of interprefecture population
movement. Therefore, we further took the influence of the

migrating population into account to determine the associa-
tion between temperature and the incidence of COVID-19.
To provide useful implications for the government and the
public, our study aimed to report new findings concerning
the incidence of COVID-19 and temperature within 4 first-
tier cities of China.

Materials and methods
Study areas

In our study, we choose 4 first-tier cities (Beijing, Shang-
hai, Guangzhou, and Shenzhen) as our study areas. Beijing,
Shanghai, Guangzhou, and Shenzhen are located in north-
ern, central, and southern of China (Fig. 1). Therefore, the
4 first-tier cities had significantly different temperature pat-
terns, which helps to explain the relationship between tem-
perature and the transmission of COVID-19. As the hub of
China’s trade, these first-tier cities not only have geopolitical
advantages but also have developed economies and more
convenient transportation, so population mobility is higher.
During our study period, Shenzhen, Beijing, Guangzhou,
and Shanghai had the third to sixth largest numbers of cumu-
lative confirmed cases outside of Wuhan and Hubei.

Data collection

Data for daily confirmed COVID-19 cases and cumulative
confirmed cases for the period from January 15 to February
25, 2020, were collected from the China National Health
Commission (CNHC, http://www.nhc.gov.cn/) and websites
of the provincial health commission. Daily meteorological
data on mean temperature during the same study period were
obtained from the China Meteorological Data Sharing Ser-
vice System (http://cdc.cma.gov.cn). Population migration
indices for other regions in mainland China of people mov-
ing to Beijing, Shanghai, Guangzhou, and Shenzhen came
from Baidu Migration (http://qianxi.baidu.com). Population
data were retrieved from the China Statistical Yearbook. The
above study period was chosen (from January 15 to February
25, 2020) because overseas cases were imported into China
after February 25.

The calculation of the COVID-19 imported risk index
assumes that the population moving in the study city is in
accordance with the population distribution of their origin
areas, and the incidence of the immigration population is
consistent with their origin areas. The imported risk index
was estimated as follows:

Risk;,, = ) (

case;,
— X iMI;, X 1000)
pop; |
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Fig. 1 Cumulative case distribu-
tions and locations of the four
first-tier cities (Beijing, Shang-
hai, Guangzhou, Shenzhen) in
mainland China
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where Risk,, , is the imported risk index of day ¢; case;, is
the daily count of COVID-19 cases at day ¢ in city i; pop,
denotes the population of city i; and iMI,, is the population
migration index of city i.

Statistical analysis

Due to the existence of a lag effect, exposure to a specific
temperature affects a person’s health for a period lasting
some days after its occurrence (Gasparrini 2011) and as the
incubation period of COVID-19 is estimated to range from 1
to 14 days, with a mean of 7 days, a quasi-Poisson regression
model combined with a 7-day DLNM was used to evaluate
the impact of mean temperature on the incidence of COVID-
19 at different lag days. The case number of COVID-19 on
the day was substituted by a 5-day moving average of daily
confirmed case numbers, thus controlling the effect of arti-
ficial distortion (Shi et al. 2020). The core model is shown
below:

Y, ~ poisson(y,)

log(u,) = a + BT, + ns(Risk;

in,t>

df) + ns(time, df)

where ¢ denotes the day of the observation; Y, is the
observed daily confirmed cases of COVID-19 on day ¢; o
is the intercept; T, represents the cross-basis matrix used
to depict the nonlinear correlation between temperature,
the incidence of COVID-19, and the lag effect of tempera-
ture; f denotes the vector of coefficients for 7;; and [ is the
number of lag days; df is the degree of freedom; and ns()
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denotes the natural cubic spline used to control the effect
of the long-term trends of time. The Akaike information
criterion (AIC) was used to select the df for each variable.
The statistical modeling and analyses were completed in R
version 3.6.3 using the DLNM package by Gasparrini and
Armstrong (2012).

Results

The measures of the total number, mean, SD, median, mini-
mum, maximum and quartiles of daily confirmed cases of
COVID-19, imported risk index, and mean temperature in
the four first-tier cities were calculated (Table 1). Figure 2
shows the temporal patterns of daily cases of COVID-19 and
mean temperatures in Beijing, Shanghai, Guangzhou, and
Shenzhen. By February 25, 2020, a total of 400, 336, 346,
and 417 cases were reported in Beijing, Shanghai, Guang-
zhou, and Shenzhen, respectively.

Figure 3 shows the overall exposure-lag-response rela-
tionships of the four first-tier cities between the mean tem-
perature and daily confirmed cases during the lag range (0
to 7 days). The relative risk was calculated with the median
daily mean temperature as the reference. The estimated
effects of temperature were nonlinear for all studied cities.
We found that the curves for Shanghai and Shenzhen were
basically similar but different from those for Beijing and
Guangzhou. Shanghai and Shenzhen each had a peak RR
at minimum temperature for lag 0, and the temperature was
negatively associated with the relative risk on the lag days.
For Beijing, there were high relative risks at the daily mean
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Table 1 Summary statistics Variables Total Mean SD Percentile
of the daily confirmed cases,
imported risk indices, and mean Minimum  25th 50th 75th Maximum
temperatures in four first-tier
cities, China Beijing
Cases 400 9.52 8.80 0.00 1.25 6.00 1575 29.00
Imported risk index  29.84 0.71 0.65 0.00 0.09 0.53 1.18 2.04
Mean temperature —2.51 332 -7098 =511 =282 -039 496
Shanghai
Cases 336 8.00 8.30 0.00 1.00 6.00 13.00 27.00
Imported risk index  47.36 1.13 1.16 0.00 0.11 0.54 2.01 3.45
Mean temperature 6.91 3.08 1.00 4.70 6.37 8.58 15.16
Guangzhou
Cases 346 8.24 1049 0.00 0.00 3.50 13.50  38.00
Imported risk index  38.15 091 0.80 0.00 0.12 0.98 1.35 2.51
Mean temperature 13.04 3.79 5.52 11.19 13.38 1596  20.20
Shenzhen
Cases 417 993 1295 0.00 0.00 5.50 13.75  60.00
Imported risk index  46.13 1.10 1.10 0.00 0.18 0.64 1.69 4.32
Mean temperature 15.71 2.84 9.53 14.49 16.05 17.82  20.39
SD, standard deviation
Fig.2 Temporal patterns of ' ' ' ' 1 5 ' ' ' ' '
daily cases of COVID-19 and 1 15 -
mean temperatures in Beijing, | =
Shanghai, Guangzhou, and
Shenzhen (period: January 15 to ~ _ - 20
February 25, 2020); blue line: = r2 Y z o
mean temperature; gray line: g ° ¢ g | s %
daily cases of COVID-19 b O F °
L 10 10
5
5
Ls -5
-0 o
2020/‘01/14 2020/‘01/24 I 0. uju 13 ‘ 2020/I01/14 2020)01/24 2020;02/03 2020}02/13 2020/‘02/23
Time Beijing Time Shanghai
20 I 20 - 60
- 50
30 18 4
% 15 | » r’:‘: 40
E 2 § 16 8
Lo © E - 8
14 4
10 20
- 10
12 o
- 10
10 H
Lo Fo
54
2020/‘01/14 2020;01/24 2020;02/03 2020}02/13 2020}02/23 2020;01/14 2020}01/24 2020;02/03 2020‘/02/13 2020;02/23
Time Guangzhou Time Shenzhen

@ Springer



41538

Environmental Science and Pollution Research (2022) 29:41534-41543

Beijing

Shanghai

Contour plot RR Contour plot RR

7 7
12
6 6 15
10
5 5
4 08 4
10
3 3
06
2 2
05
04
1 1
0 02 0
6 -4 2 0 2 4

2 4 6 8 10 12 14

Lag
Lag

MeanT(T) MeanT(C)

Lag
Lag

Shenzhen

Guangzhou

16
Meap y14
NI 12 v

Contour plot

Contour plot

6 8 10 12 14 16 18 20

MeanT(C) MeanT(C)

Fig. 3 Relative risks of daily confirmed cases of COVID-19 by daily mean temperatures during a lag range of 7 days

temperature of approximately — 3 °C, suggesting an inverse
relationship of relative risk with temperature. For Guang-
zhou, there were relatively low relative risks at 3 lag days.
The overall cumulative summary did not show the lag
space but considered the overall effect of daily mean temper-
ature over the whole lag of 7 days (Fig. 4). Figure 4 depicts
the cumulative relative risks at different temperature lev-
els in Beijing, Shanghai, Guangzhou, and Shenzhen. The
results indicated that the mean temperature notably affected
the incidence of COVID-19. We found that for Shanghai,
Guangzhou, and Shenzhen, the curves had highly similar
trends. The curves suggested that the cumulative relative risk
gradually decreased with increasing temperature. For Shang-
hai, the cumulative relative risk of COVID-19 incidence had
a high value at the daily mean temperature of 2 °C (3.50,
95% CI: 1.10-11.19) and a low value at 14 °C (0.017, 95%
CI: 0.0018-0.16). For Guangzhou, the cumulative relative

risk of COVID-19 incidence had a high value at the daily
mean temperature of 6 °C (4.70, 95% CI: 1.92-11.53) and
a low value at 19 °C (0.0081, 95% CI: 0.0015-0.042). For
Shenzhen, the cumulative relative risk of COVID-19 inci-
dence had a high value at the daily mean temperature of
12 °C (15.04, 95% CI: 6.64-34.09) and a low value at 20 °C
(0.0067, 95% CI: 0.0019-0.024). However, for Beijing, the
curve was totally different from the others. The cumulative
relative risk of COVID-19 peaked at the daily mean tem-
perature of approximately —3 °C (1.03, 95% CI: 1.01-1.06).
When the mean temperature was below — 3 °C, the cumula-
tive relative risk increased with the daily mean temperature
and then decreased.

Figures 5, 6, 7, and 8 show the relative risk for COVID-
19 incidence by daily mean temperatures at specific lags (0,
7 days) and by lag days at specific temperatures. Figure 5
shows that at a mean temperature of — 7 °C, the relative
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Fig.4 Daily confirmed cases of COVID-19 cumulative relative risk for daily mean temperatures at lags from 0 to 15 days in Beijing, Shanghai,

Guangzhou, and Shenzhen

@ Springer



Environmental Science and Pollution Research (2022) 29:41534-41543 41539
var=-7 lag=0 var=6 lag=0
©
— | V : _ .
] | o |
x © ] © x N x 2
1 (1l «Q | o = e N
- o ] |
E - ] < T}
< o~ - =— - —
d _I T T T T T T T O - T T T T T T T T T T T T T T < T T T T T T T T
0 2 4 6 -6 -2 2 4 0 2 4 6 6 10 14 18
Lag Var Lag Var
var=4 lag=7 var=19 lag=7
Q -
@ = @ —
o N o o |
X _ ©x © © _ e © o
o - | X o o | o 1
o o o _ o
- — o~ 7] w0
o : - o . —
d - T T T T T T T T o T T T T T T O - T T T T T T T T o T T T T T T T T
0 2 4 6 -6 -2 2 4 0 2 4 6 6 10 14 18
Lag Var Lag Var

Fig.5 The relative risk of daily confirmed cases by daily mean tem-
peratures for lag day (0, 7 days) and temperature (—7, 4 °C)

risks were greater than 1 on the current day, decreased
for 4 days, and then slightly increased until the seventh
lag day; high temperatures (4 °C) had all relative risks
under 1. At a lag of 0 days, the relative risks were larger
than 1 when the mean temperature was below —3 °C and
lower than 1 after it exceeded — 3 °C. At a lag of 7 days,
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Fig.6 The relative risk of daily confirmed cases by daily mean tem-
perature for lag day (0, 7 days) and temperature (3, 14 °C)

Fig.7 The relative risk of daily confirmed cases by daily mean tem-
perature for lag day (0, 7 days) and temperature (6, 19 °C)

all relative risks were less than 1, but they increased with
mean temperatures below — 3 °C and decreased thereafter.

Figure 6 shows that at a mean temperature of 3 °C, the
relative risks were greater than 1 at a lag of 0-2 days and
then were not significantly different from 1. At a mean tem-
perature of 14 °C, the relative risks were statistically less
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Fig.8 The relative risk of daily confirmed cases by daily mean tem-
perature for lag day (0, 7 days) and temperature (10, 20 °C)
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than 1 at a lag of 5-7 days. At a lag of 0 days, the relative
risk decreased with the lag day and did not significantly
differ from 1 at the end of the lag range. At a lag of 7 days,
the relative risk decreased with mean temperature after it
surpassed 6 °C.

Figure 7 shows that at the temperature of 6 °C, the relative
risks were greater than 1 at lags of 0-1 days and 6-7 days
and less than 1 at a lag of 3—4 days. At a mean temperature
of 19 °C, all relative risks were statistically below 0.8. At
lags of 0 and 7 days, the relative risk decreased with mean
temperature.

Figure 8 shows that at mean temperature of 10 °C, the
relative risks were greater than 1 at a lag of 0-2 days and a
lag of 6-7 days. At a mean temperature of 20 °C, in addi-
tion to the current day, all relative risks were less than 1.
On the current day, the relative risk was greater than 1 at
a mean temperature of below 15 °C. Afterward, the rela-
tive risk decreased with the temperature, but they were not
statistically significant. At a lag of 7 days, the relative risk
decreased with the temperature for the whole lag range.

Discussion

In our study, based on data from China’s 4 first-tier cities, the
nonlinear and lag relationships between temperature and the
incidence of COVID-19 after controlling for the imported
risk index, long-term trend, and other potential confound-
ers. We included the variable daily mean temperature in the
DLNMs with a maximum lag of 7 days for the 4 first-tier
cities in China.

Our results showed that increased temperature was sta-
tistically related to decreased COVID-19 incidence, and the
lower temperature effect was also delayed by 6-7 days. This
correlation is consistent with previous studies that showed
the correlation between temperature and COVID-19 trans-
mission. A retrospective cohort study posited that the mean
temperature had an inverse relationship with the incidence
of COVID-19 in China (Ying et al. 2020), which was also
consistent with a dynamic transmission model study (Shi
et al. 2020). This finding is in line with a study based on 4
statistical methods in NJ, USA (Dogan et al. 2020). Simul-
taneously, in Brazil, a study found that an increased tem-
perature (ranging from 16.8 to 27.4 °C) notably correlated
with a decreased incidence of COVID-19 (Prata et al. 2020).

Many studies have found that temperature plays a vital
role in the transmission and survival of other corona-
viruses. A study of SARS in Hong Kong indicated that
temperature was a decisive factor in the transmission
of SARS-CoV, and the risk of daily incidence of SARS
in days with a lower temperature was larger than that in
days with a higher temperature (Lin et al. 2006). Simi-
larly, another study claimed that SARS-CoV persisted
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for longer and was less easily inactivated at 4 °C than
at 20 °C (Casanova et al. 2010). The studies of Gardner
et al. (2019) and van Doremalen et al. (2013) demonstrated
that colder, drier conditions lead to an increase in the risk
of zoonotic transmission of MERS from dromedaries to
humans (Gardner et al. 2019; van Doremalen et al. 2013).
All the findings cited directly or indirectly support the link
between COVID-19 transmission and temperature, and
these above results support with our findings. Although
some researches have discussed the link of COVID-19
and temperature, they may have ignored the contribution
of population mobility to the transmission of COVID-19.
Therefore, they cannot have an in-depth understanding
of the correlation between temperature and COVID-19
without considering population mobility. Previous stud-
ies have showed that population mobility may be related
to transmission of COVID-19 (Z.-L. Chen et al. 2020;
Chinazzi et al. 2020; Fan et al. 2020; C. Lin et al. 2020;
Liu et al. 2020; Tian et al. 2020; Wang et al. 2020a). In
our study, we considered the effect of population mobility
in our model and elaborated on the correlation between
temperature and COVID-19.

The cumulative RR results showed that for Shanghai,
Guangdong, and Shenzhen, increased temperature was asso-
ciated with a decreased incidence of COVID-19. However,
the results for Beijing were not completely consistent with
these results. We found that Beijing had a different tempera-
ture pattern, consisting of mean temperatures between — 7
and 4 °C. When the mean temperature was below —3 °C,
the mean temperature showed a positive association, and
after that, it showed a negative association with the inci-
dence of COVID-19. Sajadi et al. (2020) noted that there
were relatively few cases of COVID-19 in colder regions
in northern latitudes (Sajadi et al. 2020). Another study by
Auler et al. (2020) found that a higher mean temperature
favored the transmission of COVID-19 in tropical regions
(Auler et al. 2020). The same relationship has also been
observed previously in studies about other coronaviruses.
Tan et al. (2005) found a positive correlation between SARS
cases and temperature in Beijing (Tan et al. 2005). It is worth
to mentioning that a study in 14 Algerian cities concluded
that temperature did not influence the COVID-19 pandemic
and that the effect of temperature was weak. However, at the
current day, low temperature increased the relative risk of
COVID-19 in our study. That is, there might be an optimal
temperature range that facilitates the COVID-19 outbreak,
which may partly explain why COVID-19 first broke out
in Wuhan, China. Overall, the samples that were analyzed
have strong operational preparedness capacities, providing
evidence that an effective response to potential health emer-
gencies, including COVID-19, is possible. Capacity build-
ing and cooperation between cities are needed to strengthen
preparedness for epidemic control.
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There are still some limitations in our current study.
First, our study period was much shorter than most epide-
miological studies, mainly overlapping the winter months,
which limited the temperature to a narrow range. Second, we
could not obtain temperature data at the individual level. It
is therefore difficult to determine the exact temperature at
which the patients were infected. Third, sex and age factors
were not considered in our study because there was a lack
of clinical information. Fourth, we only studied the effect of
temperature, but other meteorological factors could possibly
have effects on the transmission of COVID-19. Fifth, our
study merely focused on 4 first-tier cities in China. Further
studies need to be conducted to explore the effects of tem-
perature and other meteorological factors on the transmis-
sion of COVID-19 in other cities and countries.

Conclusion

COVID-19 is a widespread infectious disease that has affected
millions of people worldwide. The COVID-19 pandemic orig-
inated in Wuhan city in China. Beijing, Shanghai, Guangzhou,
and Shenzhen are 4 main first-tier cities with different types
of temperature patterns, which also have higher population
flow rates than other cities in China. Under the conditions of
no imported cases from abroad, the temperature parameter
on the transmission of COVID-19 was investigated in the 4
first-tier cities. First, we found that temperature was a vital
factor affecting the spread of COVID-19 in Beijing, Shanghai,
Guangzhou, and Shenzhen after controlling the influence of
population mobility. We find positive correlations for Shang-
hai, Guangzhou, and Shenzhen between temperatures and the
number of confirmed COVID-19 cases; meanwhile, we find
positive correlation for Beijing when temperature was lower
than —3 °C, but otherwise negative. Second, our study found
that the lower temperature effect was delayed by 6-7 days.
Moreover, the significance of temperature implies that the
COVID-19 pandemic might gradually ease as the tempera-
ture rises in the next few months. In conclusion, the study
provides important information on the effect of temperature
on the COVID-19 pandemic. This work also has implications
for the governance of public health policies by the government
under changing temperature circumstances in cities with high
population mobility.
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