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Objectives: To evaluate the long- and short-term effects of air pollution on COVID-19
transmission simultaneously, especially in high air pollution level countries.

Methods: Quasi-Poisson regression was applied to estimate the association between
exposure to air pollution and daily new confirmed cases of COVID-19, with mutual
adjustment for long- and short-term air quality index (AQI). The independent effects
were also estimated and compared. We further assessed the modification effect of
within-city migration (WM) index to the associations.

Results: We found a significant 1.61% (95%CI: 0.51%, 2.72%) and 0.35% (95%Cl:
0.24%, 0.46%) increase in daily confirmed cases per 1 unit increase in long- and short-
term AQI. Higher estimates were observed for long-term impact. The stratifying result
showed that the association was significant when the within-city migration index was low.
A 1.25% (95%Cl: 0.0.04%, 2.47%) and 0.41% (95%ClI: 0.30%, 0.52%) increase for long-
and short-term effect respectively in low within-city migration index was observed.

Conclusions: There existed positive associations between long- and short-term AQI and
COVID-19 transmission, and within-city migration index modified the association. Our
findings will be of strategic significance for long-run COVID-19 control.

Keywords: COVID-19, transmission, short-term exposure, long-term exposure, air quality index, human mobility

INTRODUCTION

COVID-19, firstly emerging in Wuhan, China has become the focus of global public attention [1, 2].
The epidemic scale of COVID-19 has increased with a rapid increase with confirmed cases increasing
across China and worldwide [3]. A mandatory lockdown policy initially launched in Wuhan on
January 23 and was followed shortly afterwards by another 95 cities [4]. However, although local
government had utilized restriction measures, the coronavirus still spread widely across China.
Previous studies have concluded that the spatial distribution of coronavirus infection may not be
explained through the epidemic model, geographical distance, population distribution, and age
composition [5-8]. Therefore, it will be of great significance to clarify the possible influencing factors
such as atmospheric conditions for the COVID-19 epidemic, considering what should be done
further to control COVID-19 in the long run [9, 10].

Among the atmospheric conditions, prior studies have explored the impact of ambient air
pollution exposure on survival and transmission of coronaviruses. There appeared evidence from
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China, America, Korea, and Italy [11-14]. However, most of the
studies focused on single pollutants, which lacked
representativeness of overall air quality conditions and some
of them obtained contradictory results [10, 13]. Air quality
index (AQI) is a comprehensive indicator reflecting the
emissions of particulate matters and gaseous pollutants [15],
which may exert a significant impact on the transmission and
infection of COVID-19 [16]. This is owing to the fact that
COVID-19 is a respiratory disease, and a denser level of
adverse air quality exposure would carry the coronavirus in
the air for longer, and across larger distances [10]. Also, heavy
air pollution could damage lung function and render people more
vulnerable to coronavirus disease [17]. Existing literature which
employed AQI provided evidence from China that the effect of
AQI on confirmed cases associated with an increase in each unit
of AQI with statistical significance in several cities [3, 8, 18].

Taking the time scale into consideration, many researchers
have demonstrated that the increase of disease incidence or case
fatality rate of coronavirus infection was associated with air
pollution, with short-term or long-term effects examined
separately. For example, Chen, Zhang, and Peng reported the
dependent short-term impact of air pollution on COVID-19
transmission [8, 19, 20]; and Yao revealed the long-term effect
solely [16]. Early application of the combined method with
mutual adjustment in Beijing, China indicated that the
mortality effects of short- and long-term exposure to air
pollution were related [21]. However, whether the short-term
effect affects the daily new confirmed cases of COVID-19
independently from the long-term exposure is still not clear
now, as there has been no concerning research. Moreover,
scholars pointed out that differences in the structure of fitting
models challenge their mutual adjustment in the exposure-
response relationship models [21]. Thus, it is imperative to
investigate whether and how short-term and long-term
exposure to adverse air quality affect the transmission of
COVID-19 at the same time.

Hence, our study aimed to provide evidence on AQI and
COVID-19 transmission based on data from 257 Chinese cities. A
mutually adjusted model was developed to estimate the short-
term and long-term effects of AQI simultaneously. The
independent effects were also estimated and comparisons were
made to the previous model to help us better understand the
associations. We also explored the effect modification of within-
city migration index.

METHODS

Study Design and Data Collection

Our research included 257 cities in mainland China between
January 23 to April 30, 2020. At least one confirmed case was
reported for each of the sample cities. The beginning point was set
after January 23 when Wuhan locked down. Cities from Hubei
were excluded to eliminate the effects of extreme values and
endogenous influence. Cities from Qinghai province and Tibet
were also excluded as the local confirmed cases were mainly
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imported cases from abroad. Plus, cities lacking air pollution data
were excluded to confirm the quality of database.

Daily new confirmed cases for each city were selected as the
dependent variables in our study and gathered from daily
reports from the China National Health Commission and
the Provincial Health Commissions. Artificial distortion
occurred in Hubei Province on February 12, 2020 and in
other provinces on February 20, 2020 due to changes in
diagnostic criteria. To deal with this artificial distortion, we
used a 5-days moving average of the number of confirmed
COVID-19 cases to replace case number on the day [22]. Air
pollution, measured by the air quality index (AQI) was regarded
as the crucial independent variable. Hourly data of AQI were
downloaded from the National Urban Air Quality Publishing
Platform, a platform administered by China’s Ministry of
Environmental Protection. The individual air quality index
(IAQI) values for six pollutants (PM, s, PM;o, NO,, O3, SO,,
and CO) were calculated by comparing each pollutant to its
standard, and the maximum of the six IAQIs was reported as
AQI [23]. The details could be found in Supplementary Table
S1 of supplemental materials.

With respect to the covariates, first we obtained daily
meteorological data on mean temperature, relative humidity,
and wind speed from the National Meteorological Information
Center. Second, the city-level covariates were retrieved from
China City Statistical Yearbook 2019. Third, considering the
huge impact of human mobility, the real-time intracity
migration index was calculated from the ratio of the number
of people traveling in a city to the number of people living in that
city [24]. Immigration index and within-city migration index was
attained from the Baidu Qianxi online platform, which collected
human movements through tracking mobile phone data from
Baidu location-based services. Fourth, we also controlled the
logarithm of the number of new confirmed cases in city i and
the whole country on day t-1 to account for potential serial
correlation and the effects of national intervention policy on
COVID-19 in China [8, 25]. Additionally, the introduction of
province in the regression model aimed to control the influence of
provincial spatial characteristics. The missing meteorological data
(<1%) were interpolated by imputing with the mean of the
previous day and the next day.

Statistical Analysis

We fit a Quasi-Poisson regression based on generalized additive
model (GAM) to estimate the association between air pollution
exposure and COVID-19 daily new confirmed cases. The quasi-
Poisson model was used to control for possible overdispersion
[26]. To investigate the lag pattern of AQI, potentially delayed
and cumulative associations were estimated in multiple lag days
within 1 week (mv0~0, mv0~1, mv0~2, mv0~3, mv0~4, mv0~5,
mv0~6). Comparing the percent change (%) in daily new
confirmed cases estimated by the model with both short- and
long-term exposure to air pollution at all lag days, the 4-days
moving average (mv0~3) of AQI showed the largest estimate with
statistical significance, AQI at mv0~3 was selected in our main
analysis.
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log () = Ai + B; X AQligng-term + By X AQlior—rerm + B
x Immigration index + 8, x Within
— city migration index + f8; x log (Y1) + f5¢
X log(Ycounm/,t,l)
+ s(meteorological covariates, df = 3) + city

— level covariates + factor (province) + dow (1)

Where p;, is expected confirmed case in city i on day-of-year t; A; is a
random intercept for each city; 3; and f3, are coefficients of short-term
and long-term impact of AQL; AQIjoyg.erm is the 1-year moving average
ending on day t in each city; AQILy,or ferm is the deviation of the 4-days
average from its long-term average (AQliong.term) in e€ach city; log(Y;,.1)
and log(Ycouniry,-1) indicate the logarithm of the number of confirmed
new cases in city i and the whole country on day t-1, respectively; s
means the spline function of meteorological covariates with 3 degrees
of freedom including mean temperature ("C), relative humidity (%)
and wind speed (m/s); and city-level covariates include population
density (per 1km [2]), doctors per 10,000 people; proportion of
unemployed (per 10,000 people); proportion of green space and
Gross Domestic Product (GDP) per capita (10,000 yuan) data. To
control the spatial heterogeneity, province is introduced to the
regression model as a categorical variable; dow was an indicator
variable for “day of week” to account for possible variation in a week.

On the first hand, short-term impact of AQI without mutual
adjustment was separately estimated by emitting the long-term impact
term in Eq. 1. Long-term impact was also estimated in a similar way.
On the other hand, the Quasi-Poisson regression model with an
intercept was used to fit daily new confirmed cases with both short-
and long-term AQI simultaneously [27]. In this mutually adjusted
model, the long-term exposure was subtracted from the short-term
exposure to avoid collinearity issues. The potential confounding
originated from the spatial difference in AQI was controlled when
assessing the short-term effects. Only time-varying variables at a
specific location could contribute to the short-term effects in the
analysis [21]. In all models, the percent change (%) in COVID-19
transmission corresponding to 1 unit increase in AQI was estimated.
We also conducted a stratified analysis using within-city migration
index as the stratifying factor to explore the modifying effect of within-
city migration index. We first calculated the average within-city
migration index in each city during the study period and obtained
the median value of 257 cities as the cutoff that was 4.01. Then we
could divide the data into two layers for stratified analysis.

Finally, for both short-term and long-term analyses, we fit
penalized regression splines in the model to assess the dose-
response relationship and capture the shape of curve. All the
statistical analyses were conducted using R version 3.6.2.
Statistical significance was defined as two-sided p < 0.05.

RESULTS

Descriptive Statistics
Table 1 presents the descriptive statistics of COVID-19 daily
confirmed cases, AQI and other covariates in 257 Chinese cities
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during January 23 to April 30, 2020. The average of daily confirmed
cases, air quality index and within-city migration index were 0.52,
62.04, and 3.97, respectively. AQI ranged from 9 to 451 during the
study period and long-term AQI (1 year average) ranged from 27.45
to 110.21. In the study period, PM, 5, PM;, and O; were responsible
for AQL PM, s, PM;4 and O; were driving the AQI in 59, 17.5, and
22% of the days, respectively. Average daily mean temperature,
relative humidity and wind speed were 9.52°C, 65.21%, and 2.38 m/s,
respectively. As for the city-level variables, the average immigration
index and within-city migration index were 0.74 and 3.97. The mean
population density, proportion of doctors and unemployed were
450.80, 26.21, and 61.67. Average proportion of green space and
Gross Domestic Product (GDP) per capita were 0.01 and 6.04.
Figure 1 shows the spatial distribution of COVID-19 cumulative
confirmed cases, long- and short-term AQI on April 30, 2020 in 257
cities in China. Overall, both short- and long-term AQI were higher
in northern China and lower in southern area.

Short- and Long-Term Exposure Effects in
Both Models With or Without Mutual

Adjustment

Table 2 shows the estimated percent change in daily new
confirmed cases with 95% CIs for a 1 unit increase for both
short-term and long-term AQI with or without mutual
adjustment in two models. Model a was adjusted for
covariates including meteorological conditions, human
mobility, and COVID-19 cases, while model b further
controlled the extra city-level covariates. Long- and short-term
AQI was significantly associated with COVID-19 transmission in
both models. With mutual adjustment, in the fully-adjusted
model b, we found a significant 1.61% increase in daily
confirmed cases (95%CIL: 0.51%, 2.72%) for each 1 unit
increase in long-term AQIL A 0.35% increase was observed
(p < 0.001, 95%CI: 0.24%, 0.46%) in short-term AQI. Without
mutual adjustment, a significant 2.21% (95%CI: 1.10%, 3.33%)
and 0.37% (95%CIL: 0.26%, 0.48%) increase in daily new
confirmed cases per 1 unit increase for long-term and short-
term AQI in model b, respectively. Both long- and short-term
effects increased slightly in model a. The results were relatively
robust to the choice of lag pattern for short-term impact.

In addition, in the mutually adjusted model, COVID-19
transmission attributed to short- and long-term AQI was smaller
than those estimated by the model without mutual adjustment. Daily
new confirmed cases due to the long-term effects of AQI were much
larger than those caused by short-term effects.

Exposure-Response Curves for the

Association Between Long-Term and
Short-Term Air Quality Index and Log
Relative Risk With Mutual Adjustment

Figure 2 demonstrates the exposure-response curves for the
association between long-term and short-term AQI and log
relative risk with mutual adjustment. The curves showed a
consistent increasing tendency. We can see a nonlinear
relationship between short-term AQI and log relative risk of
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TABLE 1 | Summary characteristics of COVID-19 daily confirmed cases, meteorological and pollution variables, and covariates from January 23 to April 30, 2020, China.

Estimating Short- and Long-Term Associations Between Air Quality Index and COVID-19 Transmission: Evidence From 257 Chinese Cities, China, 2020.

Variables Mean(SD) Min Max
Daily confirmed cases 0.52(2.66) 0.00 201.00
Immigration index 0.74(0.92) 0.01 11.37
Within-city migration index 3.97(1.22) 0.30 8.88
Mean temperature (°C) 9.52(8.44) -27.90 28.20
Relative humidity (%) 65.21(20.39) 6.33 100.00
Wind speed (m/s) 2.38(1.28) 0.00 15.40
AQI 62.04(35.71) 9.00 451.00
AQI-1 year average 60.95(16.28) 27.45 110.21
Population density (per square kilometer) 450.80(361.33) 9.79 2,5678.45
GDP per capita (ten thousand yuan) 6.04(3.45) 1.27 18.96
Proportion of unemployed (per ten thousand people) 61.67(45.03) 4.42 314.11
Doctors per ten thousand people 26.21(12.27) 11.00 88.31
Proportion of green space 0.01(0.04) 0.00 0.49
A short-term AQI B long-term AQI C cumulative confirmed cases

AQI mv0~3 D 40 [I 60 (M 80 l 100

AQI!year[]AoDso!eoIioo

FIGURE 1 | The spatial distrioution of COVID-19 cumulative confirmed cases, long- and short-term air quality index in 257 cities in China, 2020. (A) The spatial distrioution of
short-term air quality index (mv0-3) on April 30, 2020. (B) The spatial distribution of long-term air quality index (1-year average) on April 30, 2020. (C) The cumulative confirmed
cases on April 30, 2020. Estimating Short- and Long-Term Associations Between Air Quality Index and COVID-19 Transmission: Evidence From 257 Chinese Cities, China, 2020.

Cumulative Confirmed Cases D 200 [:I 400 I 600

TABLE 2| Percent change in COVID-19 daily new confirmed cases (95% Cl) per 1
unit increase for both short-term and long-term air quality index with or without
mutual adjustment. Estimating Short- and Long-Term Associations Between Air
Quiality Index and COVID-19 Transmission: Evidence From 257 Chinese Cities,
China, 2020.

AQl Percent change(%, 95%Cl) p value

with mutual adjustment

short-term AQI? 0.35(0.24, 0.46) <0.001
short-term AQI° 0.35(0.24, 0.46) <0.001
long-term AQI? 2.46(1.44,3.48) <0.001
long-term AQIP 1.61(0.51, 2.72) 0.004
without mutual adjustment
short-term AQI? 0.39(0.28, 0.49) <0.001
short-term AQI° 0.37(0.26, 0.48) <0.001
long-term AQI* 3.07(2.05, 4.11) <0.001
long-term AQIP 2.21(1.10, 3.33) <0.001

“Model a: adjusted for covariates including meteorological conditions: daily average
temperature, relative humidity, wind speed; human mobility: immigration index, within-
city migration index; Cases: the logarithm of the number of new confirmed cases on day
t-1 in each city and the country-level daily new confirmed cases.

PModel b: adjusted for above covariates including extra city-level covariates. City-level
covariates: population density (per 1 km [2]), doctors per 10,000 people; proportion of
unemployed (per 10,000 people); proportion of green space; GDP per capita (10,000 yuan).

COVID-19 transmission. The association was linear with a steeper
slope when AQI < 100 and the curve appeared to flatten at a higher
concentration up to 200 and showed a slow linear increase again. A
larger confidence interval was also observed in the high pollution
level. As to the long-term impact, the dose-response curve was
almost linear with no discernible threshold.

Short- and Long-Term Exposure Effects in
Both Models With Mutual Adjustment
Stratified by Within-City Migration Index

On account that since the lockdown policies put into effect, the trip
intensity within the city may play the dominant role. As shown in
Table 3, for short-term impact, a 0.41% increase (95%CI: 0.30%,
0.52%) in daily new confirmed cased was observed in low within-
city migration index stratum and the difference between subgroups
were significant (p = 0.011), suggesting stronger association
between short-term impact of AQI and COVID-19 daily new
confirmed cases when the within-city migration index was low.
Similarly, a non-significant effect of 2.33% (95%CI: 0.20%, 4.50%)
in high within-city migration index stratum compared with low
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log relative risk
0
1

T T T T
40 60 80 100

1-year average AQI

FIGURE 2| The exposure-response curves for the association between long-term and short-term air quality index and log relative risk with mutual adjustment. (A)

The exposure-response curves for the association between long-term air quality index and log relative risk with mutual adjustment. (B) The exposure response curves for
the association between short-term air quality index and log relative risk with mutual adjustment. Estimating Short- and Long-Term Associations Between Air Quality
Index and COVID-19 Transmission: Evidence From 257 Chinese Cities, China, 2020.

1.0

log relative risk
0.0

-0.5
1

-1.0

-15
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TABLE 3| Percent change in COVID-19 daily new confirmed cases (95% Cl) per 1
unit increase for both short-term and long-term air quality index stratified by
within-city migration index. Estimating Short- and Long-Term Associations
Between Air Quality Index and COVID-19 Transmission: Evidence From 257
Chinese Cities, China, 2020.

AQl Percent change(%, 95%Cl) p value
short-term AQI
high 0.11(-0.09, 0.31) 0.011
low 0.41(0.30, 0.52)
long-term AQl
high 2.33(0.20, 4.50) 0.391
low 1.25(0.04, 2.47)

4p values were obtained from Q test.
Phigh means high within-city migration index.
low means low within-city migration index.

within-city migration index stratum (1.25%, 95%CI: 0.04%, 2.47%)
for long-term effect was discovered, and there existed no statistical
significance between two subgroups. The findings showed that with
regards to both short- and long-term exposure, only when within-
city migration index was low could the effects of AQI on COVID-
19 transmission be found which supported that cases in high
intensity groups may be mainly influenced by population mobility,
and then the effects of AQI may be masked.

DISCUSSION

To the best of our knowledge, this is the first multi-city study
estimating the associations between short-term and long-term

exposure to air pollution and COVID-19 daily new confirmed
cases simultaneously. We aimed to give evidence on the impact
of air pollution exposure and COVID-19 transmission to
control the long-run disease pandemic, especially in high
pollution level countries like China. Results showed that the
model with mutual adjustment of short-term and long-term
impacts provided better estimation of AQI related health effects
that has not been employed on COVID-19 transmission
previously in China. We concluded that both short- and
long-term AQI increased the daily confirmed cases, and their
effects were overestimated without the mutual adjustment of
them. Plus, long-term exposure to air pollution showed a
stronger effect on COVID-19 transmission than short-term
exposure.

For long-term effects, our finding revealed a 1.61% (95%CI:
0.51%, 2.72%) increase for each 1 unit increment of AQI. An
ecological analysis performed in Canadian health regions
reported that long-term PM, s exposure exhibited a positive
association with COVID-19 incidence (RR = 1.07, 95%CI: 0.97,
1.18) [28]. Nevertheless, research from 49 Chinese cities
revealed results that every 10pg/m’ increase in 4-years
average level PM, 5 and PM,, concentrations, the COVID-19
CFR increased by 0.61% (95%CI: 0.09%, 1.12%) and 0.33% (95%
CI: 0.03%, 0.64%), respectively [16]. Results from our study
showed a larger impact of AQI compared with domestic studies.
This may be due to the inconsistency of endpoint and study
countries in various studies as there was no study on long-term
effect on daily new confirmed cases in China so far. For short-
term effects, a study in Japan found an increased risk of
confirmed cases (RR = 1.03, 95%CI: 1.00, 1.06) associated
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with PM, 5 exposure [29]. Zoran et al. study showed that high
levels of urban air pollution have a significant impact on the
increased rates of confirmed COVID-19 total number, daily new
cases, and total Deaths [30]. Another study conducted in 120
Chinese cities demonstrated that daily confirmed cases
increased by 0.16% per 1 unit increase of AQI [18]. These
findings held important implications for the interpretation of
previous studies without mutual adjustment. Our study
observed a 0.37% (95%CI: 0.26%, 0.48%) increase associated
with AQI which was similar to prior studies.

Higher estimates were found for both long- and short-term
effect without mutual adjustment compared with those with
mutual adjustment, consistent with prior study using the same
method [21], indicating that long-term effect of air pollution
may bias the associations of short-term exposure and daily new
confirmed cases in the model without mutual adjustment. Part
of the cases during the time period at a specific location could
be caused by the long-term exposure of air pollution and thus
both short-term and long-term effects of air pollution on
COVID-19 transmission may be misestimated in studied
with only short- or long-term exposure considered.
Through applying such a mutually adjusted model, we
managed to estimate both the independent effects on
COVID-19 transmission attributable to short- and long-
term exposure of air pollution simultaneously. Nevertheless,
another similar study conducted in New England reported
different results: without mutual adjustment, smaller estimates
were found for both short-term and long-term effects of PM, 5
exposure to mortality than for those with mutual adjustment
[27]. Pollution levels in China and New England variation may
lead to the inconsistency.

Although the short-term and long-term effects were partly
dependent on each other, we found long-term effect was more
pronounced than short-term effect in the overall analysis with or
without mutual adjustment. The long-term effect was much larger than
the short-term effect after controlling for the short-term exposure,
indicating that there existed long-term effects of air pollution which
cannot be solely explained by short-term effects. Elevated AQI level,
which means heavier exposure to air pollution, may increase the risk of
COVID-19 transmission transiently within several days or even hours
[31, 32]. When considering the long- and short-term effect separately,
the biological mechanism behind the long-term effect may lie in the
enhanced susceptibility of population [33]. Prior studies demonstrated
greater susceptibility to particulate matter (PM) exposure-induced C
reactive protein (CRP) response which could also be partly attributed to
the susceptibility to air pollution effects. Furthermore, although the
transmission of COVID-19 has not been proved to be related with
inflammation and oxidative stress, previous studies have supported
that inflammation and oxidative stress do harm to the ability of the
immune system and COVID-19 is an infectious disease strongly
associated with immunity [34]. The cumulative damage may
contribute to a larger impact on the susceptibility to air pollutant-
related abnormality of a population faced with infectious disease. While
for the short-term, it is possibly due to the corresponding spread of
virus, as the potential role of air pollution on viral spread and infectivity
has been explored in one first preliminary observational study of

Air Quality Index and COVID-19

consistent association between the number of COVID-19 infected
people and PM,, peaks [5].

The results of stratified analysis demonstrated the fact that the
impact of air pollution exposure on COVID-19 transmission was
more announced when the within-city migration index was low.
Actually, although the lockdown policy promoted the air quality as a
previous study reported, limiting human movements could reduce
COVID-19 cases by improving air quality besides decreasing social
contact [18], the impact caused by the flow of people may be
sufficiently great and therefore mask the impression that daily
new confirmed cases were AQI-related, so that the impact of AQI
on COVID-19 transmission can only be captured when the within-
city migration index was low, which means that the impact of the
flow of people was weak. Another possible reason for the non-
significant effect for cities with a high within-city migration index was
insufficient statistical power.

In this study, we estimated the long- and short-term effect of
air pollution on COVID-19 transmission simultaneously, which
was our major contribution. Furthermore, we explored the effect
of modification of within-city migration index and tried to
interpret the potential infection source. The present study
also had several limitations. First, the human mobility index
data from Baidu Qianxi Platform may not report the real
number of people going outdoors, which may result in
inaccurate estimates. Second, the study domain limited in
mainland China and the air pollution level was relatively
high in contrast with other countries which may not
represent the whole situation across the world. However,
considering the demand in adjusting long-term COVID-19
transmission control policy and strategies in our country,
evidence from mainland China is necessary. Third, we
measured air pollution by AQI The disadvantage of AQI is
that it does not consider the interaction of various types of
pollutants meaning that AQI cannot capture the additive effects
of multiple air pollutants [35]. Despite its shortcomings,
compared with single types of air pollutants, the AQI is a
comprehensive indicator. Besides, the AQI currently reported
in many countries and regions around the world is a simple and
easily understandable numeric scale ranging from 0 to 500 [36],
so we chose AQI as the indicator of air pollution.

AUTHOR CONTRIBUTIONS

RC: Methodology, Data curation and statistical analysis. YW:
Writing-Original draft, Formal analysis. XP: Resources,
Conceptualization. XJ: Visualization, Methodology. JH: Project
administration, Funding acquisition. GL: Conceptualization,
Methodology. Conceptualization, Supervision.

FUNDING

This work was supported by SEE Foundation, and the Young Elite
Scientists Sponsorship Program from the China Association for
Science and Technology, China (2015QNRC001).

Int J Public Health | Owned by SSPH+ | Published by Frontiers

July 2021 | Volume 66 | Article 1604215



Cao et al.

CONFLICT OF INTEREST

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

ACKNOWLEDGMENTS

We thank the China Meteorological Data Sharing Service System
for providing meteorological data; we also thank the China

REFERENCES

10.

11.

12.

13.

14.

15.

. Huang, C, Wang, Y, Li, X, Ren, L, Zhao, ], Hu, Y, et al. Clinical Features of

Patients Infected with 2019 Novel Coronavirus in Wuhan, China. Lancet
(2020). 395(10223):497-506. doi:10.1016/s0140-6736(20)30183-5

. Lu, R, Zhao, X, Li, J, Niu, P, Yang, B, Wu, H, et al. Genomic Characterisation

and Epidemiology of 2019 Novel Coronavirus: Implications for Virus Origins
and Receptor Binding. Lancet (2020). 395(10224):565-74. doi:10.1016/s0140-
6736(20)30251-8

. Xu, H, Yan, C, Fu, Q, Xiao, K, Yu, Y, Han, D, et al. Possible Environmental

Effects on the Spread of COVID-19 in China. Sci Total Environ (2020). 731:
139211. doi:10.1016/j.scitotenv.2020.139211

. Kang, D, Choi, H, Kim, J-H, and Choi, J. Spatial Epidemic Dynamics of the

COVID-19 Outbreak in China. Int ] Infect Dis (2020). 94: 96-102. doi:10.1016/
j.1jid.2020.03.076

. Setti, L, Passarini, F, De Gennaro, G, Barbieri, P, Licen, S, Perrone, MG, et al.

Potential Role of Particulate Matter in the Spreading of COVID-19 in
Northern Italy: First Observational Study Based on Initial Epidemic
Diffusion. BMJ open (2020). 10(9):¢039338. doi:10.1136/bmjopen-2020-
039338

. Travaglio, M, Yu, Y, Popovic, R, Selley, L, Leal, NS, and Martins, LM. Links

between Air Pollution and COVID-19 in England. Environ Pollut (2021).
268(Pt A):115859. doi:10.1016/j.envpol.2020.115859

. Wu, Y, Jing, W, Liu, ], Ma, Q, Yuan, ], Wang, Y, et al. Effects of Temperature

and Humidity on the Daily New Cases and New Deaths of COVID-19 in 166
Countries.  Sci  Total Environ (2020). 729:139051.  doi:10.1016/
j.scitotenv.2020.139051

. Zhang, Z, Xue, T, and Jin, X. Effects of Meteorological Conditions and Air

Pollution on COVID-19 Transmission: Evidence from 219 Chinese Cities. Sci
Total Environ (2020). 741:140244. doi:10.1016/j.scitotenv.2020.140244

. Xie, ], and Zhu, Y. Association between Ambient Temperature and COVID-19

Infection in 122 Cities from China. Sci Total Environ (2020). 724:138201.
doi:10.1016/j.scitotenv.2020.138201

Zhu, Y, Xie, J, Huang, F, and Cao, L. Association between Short-Term
Exposure to Air Pollution and COVID-19 Infection: Evidence from China.
Sci Total Environ (2020). 727:138704. doi:10.1016/j.scitotenv.2020.138704
Qi, H, Xiao, S, Shi, R, Ward, MP, Chen, Y, Tu, W, et al. COVID-19
Transmission in Mainland China Is Associated with Temperature and
Humidity: A Time-Series Analysis. Sci Total Environ (2020). 728:138778.
doi:10.1016/j.scitotenv.2020.138778

Liang, D, Shi, L, Zhao, ], Liu, P, Sarnat, JA, Gao, S, et al. Urban Air Pollution
May Enhance COVID-19 Case-Fatality and Mortality Rates in the
United  States.  Innovation  (2020). 1(3):100047.  doi:10.1016/
jxinn.2020.100047

Hoang, T, and Tran, TTA. Ambient Air Pollution, Meteorology, and COVID-
19 Infection in Korea. | Med Virolfeb (2021). 93(2):878-85. do0i:10.1002/
jmv.26325

Coker, ES, Cavalli, L, Fabrizi, E, Guastella, G, Lippo, E, Parisi, ML, et al. The
Effects of Air Pollution on COVID-19 Related Mortality in Northern Italy.
Environ Resource Econ (2020). 76:611-34. doi:10.1007/s10640-020-00486-1
Bashir, MF, Ma, BJ, Bilal, Komal, B, Bashir, MA, Farooq, TH, et al. Correlation
Between Environmental Pollution Indicators and COVID-19 Pandemic: A

Air Quality Index and COVID-19

National Urban Air Quality Real Time Publishing Platform for
providing environmental data.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at:
https://www.ssph-journal.org/articles/10.3389/ijph.2021.1604215/
full#supplementary-material

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Brief Study in Californian Context. Environ Res (2020). 187:109652.
doi:10.1016/j.envres.2020.109652

Yao, Y, Pan, ], Wang, W, Liu, Z, Kan, H, Qiu, Y, et al. Association of Particulate
Matter Pollution and Case Fatality Rate of COVID-19 in 49 Chinese Cities. Sci
Total Environ (2020). 741:140396. doi:10.1016/j.scitotenv.2020.140396

Kim, D, Chen, Z, Zhou, L-F, and Huang, S-X. Air Pollutants and Early Origins
of Respiratory Diseases. Chronic Dis translational medicineJun (2018). 4(2):
75-94. doi:10.1016/j.cdtm.2018.03.003

Zhu, Y, Xie, ], Huang, F, and Cao, L. The Mediating Effect of Air Quality
on the Association between Human Mobility and COVID-19 Infection
in  China. Environ Res (2020). 189:109911. doi:10.1016/
j.envres.2020.109911

Chen, G, Zhang, W, Li, S, Williams, G, Liu, C, Morgan, GG, et al. Is Short-
Term Exposure to Ambient Fine Particles Associated With Measles Incidence
in China? A Multi-City Study. Environ Res (2017). 156:306-11. doi:10.1016/
j.envres.2017.03.046

Peng, L, Zhao, X, Tao, Y, Mi, S, Huang, ], and Zhang, Q. The Effects of Air
Pollution and Meteorological Factors on Measles Cases in Lanzhou, China.
Environ Sci Pollut Res (2020). 27(12):13524-33. do0i:10.1007/s11356-020-
07903-4

Liang, F, Xiao, Q, Gu, D, Xu, M, Tian, L, Guo, Q, et al. Satellite-based Short-
and Long-Term Exposure to PM2.5 and Adult Mortality in Urban Beijing,
China.  Environ  Pollut  (2018). 242(Pt A):492-9. doi:10.1016/
j.envpol.2018.06.097

Shi, P, Dong, Y, Yan, H, Zhao, C, Li, X, Liu, W, et al. Impact of Temperature on
the Dynamics of the COVID-19 Outbreak in China. Sci Total Environ (2020).
728:138890. doi:10.1016/j.scitotenv.2020.138890

Plaia, A, and Ruggieri, M. Air Quality Indices: A Review. Rev Environ Sci
Biotechnol (2010). 10(2):165-79. doi:10.1007/s11157-010-9227-2

Bao, R, and Zhang, A. Does Lockdown Reduce Air Pollution? Evidence from
44 Cities in Northern China. Sci Total Environ (2020). 731:139052.
doi:10.1016/j.scitotenv.2020.139052

Liu, K, Hou, X, Ren, Z, Lowe, R, Wang, Y, Li, R, et al. Climate Factors and the
East Asian Summer Monsoon May Drive Large Outbreaks of Dengue in China.
Environ Res (2020). 183:109190. doi:10.1016/j.envres.2020.109190

Ver Hoef, JM, and Boveng, PL. Quasi-Poisson vs. Negative Binomial
Regression: How Should We Model Overdispersed Count Data? Ecology
(2007). 88(11):2766-72. doi:10.1890/07-0043.1

Shi, L, Zanobetti, A, Kloog, I, Coull, BA, Koutrakis, P, Melly, SJ, et al. Low-
Concentration PM 2.5 and Mortality: Estimating Acute and Chronic Effects in
a Population-Based Study. Environ Health Perspect (2016). 124(1):46-52.
doi:10.1289/ehp.1409111

Stieb, DM, Evans, GJ, To, TM, Brook, JR, and Burnett, RT. An Ecological
Analysis of Long-Term Exposure to PM2.5 and Incidence of COVID-19 in
Canadian Health Regions. Environ Res (2020). 191:110052. doi:10.1016/
j.envres.2020.110052

Azuma, K, Kagi, N, Kim, H, and Hayashi, M. Impact of Climate and Ambient
Air Pollution on the Epidemic Growth During COVID-19 Outbreak in Japan.
Environ Res (2020). 190:110042. doi:10.1016/j.envres.2020.110042

Zoran, MA, Savastru, RS, Savastru, DM, and Tautan, MN. Assessing the
Relationship between Surface Levels of PM2.5 and PM10 Particulate Matter
Impact on COVID-19 in Milan, Italy. Sci Total Environ (2020). 738:139825.
doi:10.1016/j.scitotenv.2020.139825

Int J Public Health | Owned by SSPH+ | Published by Frontiers

July 2021 | Volume 66 | Article 1604215


https://www.ssph-journal.org/articles/10.3389/ijph.2021.1604215/full#supplementary-material
https://www.ssph-journal.org/articles/10.3389/ijph.2021.1604215/full#supplementary-material
https://doi.org/10.1016/s0140-6736(20)30183-5
https://doi.org/10.1016/s0140-6736(20)30251-8
https://doi.org/10.1016/s0140-6736(20)30251-8
https://doi.org/10.1016/j.scitotenv.2020.139211
https://doi.org/10.1016/j.ijid.2020.03.076
https://doi.org/10.1016/j.ijid.2020.03.076
https://doi.org/10.1136/bmjopen-2020-039338
https://doi.org/10.1136/bmjopen-2020-039338
https://doi.org/10.1016/j.envpol.2020.115859
https://doi.org/10.1016/j.scitotenv.2020.139051
https://doi.org/10.1016/j.scitotenv.2020.139051
https://doi.org/10.1016/j.scitotenv.2020.140244
https://doi.org/10.1016/j.scitotenv.2020.138201
https://doi.org/10.1016/j.scitotenv.2020.138704
https://doi.org/10.1016/j.scitotenv.2020.138778
https://doi.org/10.1016/j.xinn.2020.100047
https://doi.org/10.1016/j.xinn.2020.100047
https://doi.org/10.1002/jmv.26325
https://doi.org/10.1002/jmv.26325
https://doi.org/10.1007/s10640-020-00486-1
https://doi.org/10.1016/j.envres.2020.109652
https://doi.org/10.1016/j.scitotenv.2020.140396
https://doi.org/10.1016/j.cdtm.2018.03.003
https://doi.org/10.1016/j.envres.2020.109911
https://doi.org/10.1016/j.envres.2020.109911
https://doi.org/10.1016/j.envres.2017.03.046
https://doi.org/10.1016/j.envres.2017.03.046
https://doi.org/10.1007/s11356-020-07903-4
https://doi.org/10.1007/s11356-020-07903-4
https://doi.org/10.1016/j.envpol.2018.06.097
https://doi.org/10.1016/j.envpol.2018.06.097
https://doi.org/10.1016/j.scitotenv.2020.138890
https://doi.org/10.1007/s11157-010-9227-2
https://doi.org/10.1016/j.scitotenv.2020.139052
https://doi.org/10.1016/j.envres.2020.109190
https://doi.org/10.1890/07-0043.1
https://doi.org/10.1289/ehp.1409111
https://doi.org/10.1016/j.envres.2020.110052
https://doi.org/10.1016/j.envres.2020.110052
https://doi.org/10.1016/j.envres.2020.110042
https://doi.org/10.1016/j.scitotenv.2020.139825

Cao et al.

31.

32.

33.

34.

Zhang, Z, Chang, L-y., Lau, AK, Chan, T-C, Chieh Chuang, Y, Chan, J, et al.
Satellite-based Estimates of Long-Term Exposure to fine Particulate Matter
Are Associated With C-Reactive Protein in 30 034 Taiwanese Adults. Int
J Epidemiol (2017). 46(4):1126-36. doi:10.1093/ije/dyx069

Fiordelisi, A, Piscitelli, P, Trimarco, B, Coscioni, E, Iaccarino, G, and
Sorriento, D. The Mechanisms of Air Pollution and Particulate Matter in
Cardiovascular Diseases. Heart Fail Rev (2017). 22(3):337-47. doi:10.1007/
s10741-017-9606-7

Yang, B-Y, Guo, Y, Markevych, I, Qian, Z, Bloom, MS, Heinrich, J, et al.
Association of Long-Term Exposure to Ambient Air Pollutants With Risk
Factors for Cardiovascular Disease in China. JAMA Netw Open (2019). 2(3):
€190318. doi:10.1001/jamanetworkopen.2019.0318

Prata, JC, da Costa, JP, Lopes, I, Duarte, AC, and Rocha-Santos, T.
Environmental Exposure to Microplastics: An Overview on Possible
Human Health Effects. Sci Total Environ (2020). 702:134455. doi:10.1016/
j.scitotenv.2019.134455

35.

36.

Air Quality Index and COVID-19

Stieb, DM, Burnett, RT, Smith-Doiron, M, Brion, O, Shin, HH, and
Economou, V. A New Multipollutant, No-Threshold Air Quality Health
index Based on Short-Term Associations Observed in Daily Time-Series
Analyses. ] Air Waste Manage Assoc (2008). 58(3):435-50. doi:10.3155/
1047-3289.58.3.435

Han, X, Li, H, Liu, Q, Liu, F, and Arif, A. Analysis of Influential Factors on Air
Quality from Global and Local Perspectives in China. Environ Pollut (2019).
248:965-79. do0i:10.1016/j.envpol.2019.02.096

Copyright © 2021 Cao, Wang, Pan, Jin, Huang and Li. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with
these terms.

Int J Public Health | Owned by SSPH+ | Published by Frontiers

July 2021 | Volume 66 | Article 1604215


https://doi.org/10.1093/ije/dyx069
https://doi.org/10.1007/s10741-017-9606-7
https://doi.org/10.1007/s10741-017-9606-7
https://doi.org/10.1001/jamanetworkopen.2019.0318
https://doi.org/10.1016/j.scitotenv.2019.134455
https://doi.org/10.1016/j.scitotenv.2019.134455
https://doi.org/10.3155/1047-3289.58.3.435
https://doi.org/10.3155/1047-3289.58.3.435
https://doi.org/10.1016/j.envpol.2019.02.096
https://creativecommons.org/licenses/by/4.0/

	Estimating Short- and Long-Term Associations Between Air Quality Index and COVID-19 Transmission: Evidence From 257 Chinese ...
	Introduction
	Methods
	Study Design and Data Collection
	Statistical Analysis

	Results
	Descriptive Statistics
	Short- and Long-Term Exposure Effects in Both Models With or Without Mutual Adjustment
	Exposure-Response Curves for the Association Between Long-Term and Short-Term Air Quality Index and Log Relative Risk With  ...
	Short- and Long-Term Exposure Effects in Both Models With Mutual Adjustment Stratified by Within-City Migration Index

	Discussion
	Author Contributions
	Funding
	Conflict of Interest
	Acknowledgments
	Supplementary Material
	References


