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Abstract: The COVID-19 pandemic has become a global crisis with enormous uncertainty. This study aims to explore what
role weather plays in pandemic transmission. We hypothesize that weather conditions (temperature, wind speed, and
precipitation) significantly influence the transmissibility of the disease and the number of infected people. We tested this
hypothesis by analyzing weather variable in moving-average-windows that varied from 1 to 30 days, and daily new confirmed
cases observed from 23 counties in the United States, during the period of January 22 to August 19, 2020. We found consistent
results that the moving average temperature over 10 days (Tqyg10), the moving average wind speed and the moving average
amount of precipitation over 28 days (Wygs, Pavers) Were the meteorological parameters most closely linked to the outbreak and
growth of new cases of COVID-19 in the US. The correlation statistics differed regionally: (1) temperature is negatively
correlated to the outbreak of COVID-19 in the Northeastern US and positively in other areas; (2) wind speed is negatively
correlated to the COVID-19 pandemic in the Southeastern US while positively in other areas; and (3) precipitation holds a
positive correlation on the east coast of the US and a negative one on the west coast. Our results suggest that meteorological
factors may play a significant role in COVID-19 pandemic transmission in the US and should be considered by policy makers
and crisis administrators.
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respiratory droplets, with the symptoms of fever, cough and
shortness of breath [3, 4]. The coronavirus infection clustered
within groups of humans in close contact, and death can

1. Introduction

In December 2019, a total of 41 cases of pneumonia of

unknown etiology which is a new type coronavirus were ~ OCCUI in severe cases [5, 6]. ,
confirmed in Wuhan city, Hubei Province, China [1]. The According to the data from the Center for Systems Science

World Health Organization (WHO) named the disease as and Engineering at Johns Hopkins University (JHU CSSE),
COVID-19 (coronavirus disease 2019) after it spread to  MOre than 5 million COVID-19 cases have been confirmed in

several countries outside of China in the situation report-22, ~ the US and more than 173 thousand cases of mortality
and the COVID-19 outbreak was declared to constitute a  occurred since the first case reported in Washington State on
January 22, 2020 [7]. The US has been the epicenter of the

Public Health Emergency of International Concern [2]. The k
world [8], and the rapid spread of COVID-19 led to the

COVID-19 is transmitted from human to human by
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closure of various industries such as factory, schools,
competition league, and so on. As of August 19, 2020,
California, Florida, New York, Texas and New Jersey are the
top 5 states with confirmed cases in US, and the number of
confirmed cases is still rising in almost all the states [7].

In the past 2 decades, the occurrences of Severe Acute
Respiratory Syndrome (SARS) and Middle East Respiratory
Syndrome (MERS) were associated with climatic factors
according to previous studies [9, 10]. In particular,
temperature plays an important role in both laboratory and
natural conditions [9, 11]. The climatic conditions can be
considered as good predictors of coronavirus disease such as
SARS, MERS, and COVID-19. Marcos et al. (2020) studied
the association between climate variables and global
transmission of SARS-CoV-2 and identified a negative
correlation between confirmed coronavirus cases and the
average temperature by country [12]. Peng et al. (2020)
concluded that temperature was an environmental driver of
the COVID-19 outbreak in China and temperatures above 8
to 10 Celsius degree were associated with decreased
COVID-19 daily confirmed cases rate [13]. Many studies

Total new confirmed COVID-19 cases

In 23 counties In US states
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that focused on correlation between weather and COVID-19
pandemic in other locations of the world have been
conducted and drew similar conclusions [14-19].

Unlike previous studies, the purpose of this study is to
analyze the correlation between weather conditions’ lag
effect and COVID-19 pandemic. Besides, the spatial
distribution of correlation in different climate zone is also be
analyzed. Given that the incubation period of COVID-19
varies from 1 day to 14 days, moving averages of the
meteorological parameters with window from 1 to 30 days
were considered in this paper.

2. Materials and Methods
2.1. Study Area

Study area was chosen from the worst-hit counties of 23
states of the conterminous United States with severe outbreaks.
Figure 1 shows the COVID-19 pandemic in and the locations
of the 23 counties by August 19, 2020.

N
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]

| 1
@ 1016323188

Figure 1. COVID-19 outbreak in study area of 23 counties and US states from January 22 to August 19, 2020. Data accessed from JHU CSSE, 2020.

https://github.com/CSSEGISandData/COVID-19.
2.2. Data Collection

The COVID-19 data for the period from January 22 to
August 19, 2020 were downloaded from JHU CSSE GitHub
website which collects the global total COVID-19 cases and

updates daily from official source such as WHO, European
Centre for Disease Prevention and Control (ECDC), US
Centers for Disease Control and Prevention (US CDC), etc.
[7]. Table 1 lists the number of total COVID-19 cases, days to
100th case, and date of the first case of select counties.
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Table 1. Total COVID-19 cases and key dates in 23 counties.

106

County State Total cases Days to 100th case Date of 1st case
King Washington 18297 48 2020-1-22
Cook Illinois 118757 53 2020-1-24
Maricopa Arizona 130800 57 2020-1-26
Los Angeles California 227346 51 2020-1-26
Providence Rhode Island 16142 28 2020-3-1
Fairfield Connecticut 18401 9 2020-3-10
Prince George's Maryland 25058 16 2020-3-10
Philadelphia Pennsylvania 32674 13 2020-3-10
Wayne Michigan 29622 10 2020-3-11
Miami-Dade Florida 149162 7 2020-3-12
Hennepin Minnesota 21050 12 2020-3-12
Mecklenburg North Carolina 23593 12 2020-3-12
Salt Lake Utah 22302 10 2020-3-13
Milwaukee Wisconsin 22778 8 2020-3-13
District of Columbia District of Columbia 13409 6 2020-3-16
New York New York 231288 11 2020-3-2
Clark Nevada 54795 15 2020-3-5
Bergen New Jersey 21261 13 2020-3-5
Harris Texas 95631 19 2020-3-5
Marion Indiana 17068 18 2020-3-6
Middlesex Massachusetts 24596 12 2020-3-6
Davidson Tennessee 22461 12 2020-3-8
Fairfax Virginia 17330 19 2020-3-8

The weather data for the same period were obtained from
the National Oceanic and Atmosphere Administration
database [20]. The daily data from meteorological stations
consists of temperature average T (°C), temperature
maximum Tyax (°C), temperature minimum Ty (°C), wind
speed W (m/s) and precipitation P (mm).

In order to investigate the possible time lag effect of
meteorological factors on daily new confirmed cases, the
moving average sequences from 1 to 30 days and the values
from 1 to 30 days ago of meteorological variables were
computed respectively. For example, a family of variables can
be derived from temperature average T as follows.

Tavg, () :é i=1T(k—1i),1<s5<30 )]
Tagos(k) =T(k—5),1<s<30 2)

where T (k) represents the temperature average on day k and

s represents the forward length of a moving average windows.

Tavg (k) and Thg, (k) are the moving average within s
days and the value of s days ago of T(k) respectively.
Derived variables of Tyax, Tum, W and P were processed in
the same way.

2.3. Spearman’s Correlation Coefficient

Spearman’s correlation coefficient is a nonparametric test
without prior knowledge, so it is suitable for the correlation
test of variables with monotone function relationships.
Obviously, the meteorological data used in this study are not
normally distributed, and it is more reasonable to assume that
there is a monotonic function rather than a linear function
relationship between meteorological variables and the spread

rate of COVID-19, so the Spearman’s correlation coefficient
was used rather than Pearson’s correlation coefficient. Take
Tawg and Tgg, for example, for the range of 1 <s < 30,
Spearman’s correlation coefficients were calculated and tested
as follows.

PTavg () = cOr(C(K), Tavg, (K)) )
pTago(s) = Cor(C(k)rTagos(k)) (4)

where C(k) denotes daily new confirmed cases on day k,
and the start date (k = 1) was defined as the day that total
cases exceeded 100 for eliminating the impact of sporadic
data. pTavg(s) is the correlation coefficient between

sequences of C(k) and Tg,g (k), which is a function of
window length s . PTago (s) is defined similarly. Other
correlation coefficients were calculated in the same way.

3. Results and Discussion

According to the climate and land cover type of study area,
the 23 counties are divided into 6 zones, as Table 2 shows.
Representative counties from 6 zones were picked out to
explore the lag effects of meteorological variables on new
daily confirmed COVID-19 cases.

Figure 2 shows the trend of Spearman’s correlation
coefficients between temperature factors mentioned above
and daily confirmed cases for 6 representative counties when
the moving average window varies from 1 to 30 days. Figure
2 also shows that correlation coefficients of single day
variables (diagonal area) are significantly lower than moving
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average variables (grey area), which indicates that moving
average variables reflect the changes of daily new cases
better. Furthermore, the fluctuations of Taye, Tmaxave, TMiNave
are consistent in a narrow range, and T, performs stably.
When s>=10, the correlation between T,, and new cases
tends to be saturated or even to decrease. The Tyye19 (Moving
average of T with a window of 10 days, marked with red
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triangle) is a good indicator to reflect the daily new cases
according to the 6 representative counties in figure 2. In the 6
counties, the correlation in New York County is significantly
negative while in other counties are all positive, which
indicates that higher temperature can not only restrain
COVID-19 but also inspire it in many areas.
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Figure 2. Temperature lag effects of Spearman s correlation coefficient in 6 representative counties with moving-average-windows that varied from 1 to 30 days.
The best window lengths for the counties in study area are noted by the red triangle.

Figure 3 shows the lag effects of W,, and W,, on
COVID-19 over days in the 6 representative counties. The
correlation between moving average of wind speed and new
cases (red solid line) is stronger than that of single day ago
(purple dashed line). As the length of moving average

window increase, the correlation performs better. The
correlations are significant except in the county of King and
Los Angeles. The length of 28 days had the strongest
correlation for all concerned, so the W, is chosen to be the
indicator.
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Figure 3. Wind speed lag effects on Spearman s correlation coefficient in 6 representative counties with moving-average-windows that varied from 1 to 30 days.
The best window lengths for the counties in study area are noted by the red triangles.

Figure 4 shows the lag effects of P,, and P,, on
COVID-19 over days from the 6 representative counties. The
correlation between precipitation and daily new cases is not
significant in New York and Salt Lake County. From the
other counties we can draw the similar conclusion that the

correlation of moving average precipitation (blue solid line)
is significant and obviously stronger and more stable than
that of single day ago (green dashed line), and the P44 is the
better indicator.
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Figure 4. Precipitation lag effects of Spearman’s correlation coefficient in 6 representative counties with moving-average-windows that varied from 1 to 30 days.
The best window lengths for the counties in study area are noted by blue triangles.

Based on the analysis from Figure 2 to Figure 4, T,y10,
Wams and Py were chosen as the best correlation
indicators between meteorological variables and the outbreak
of COVID-19 in US. The correlation coefficient and
significance between the 3 meteorological variables and new
daily cases listed in Table 2 shows the selected
meteorological indicators perform pretty well in almost all
the 23 counties in the study area.

Table 2 shows the details of the 6 climate zones and
Spearman’s correlation coefficients between COVID-19 daily
new confirmed cases and weather variables. Zone 1 (Climate
of temperate deciduous broad-leaved forest) has four distinct

seasons, and it is hot and rainy in summer while cold and dry
in winter. The temperature indicator in 9 counties from Zone
1 on the east coast is negatively correlated with new cases,
which means infection rate of the coronavirus shows a
downward trend after the temperature rises in summer.
Milwaukee and Hennepin are significantly positively
correlated with new cases, because they are located in the
interior of US mainland. Wind speed and precipitation are
positively correlated with daily new cases in most area,
indicates that the persistent wind and precipitation in the past
28 days are good conditions for COVID-19 transmission.



Table 2. Climate Zone and Spearman’s correlation coefficients between COVID-19 daily new confirmed cases and 3 weather indicators in 23 counties.
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Zone Description County Tavg10 Wave2s Payers
Bergen -0.704%** 0.597*** 0.068
Cook -0.299%** 0.315%** 0.235%*
Fairfield -0.63%** 0.689*** 0.322%**
Hennepin 0.439%** -0.401*** 0.3%%*
Marion -0.346%** 0.27*** -0.188*
Zone 1 Climate of temperate deciduous broad-leaved forest Middlesex -0.614%** 0.749%** 0.749%**
Milwaukee 0.705%** -0.531%** 0.626***
New York -0.791%** 0.77%%* 0.047
Philadelphia -0.453%** 0.442%** 0.008
Providence -0.402%** NA 0.413%**
Wayne -0.375%** 0.21** -0.015
Davidson 0.684*** -0.669%** -0.347%**
District of Columbia 0.137 NA -0.019
Fairfax -0.366%** 0.501*** 0.098
Zone 2 Climate of subtropical evergreen broad leaved forest Harris 0.782%** -0.681*** 0.661%**
Mecklenburg 0.727%** -0.642%** 0.009
Miami-Dade 0.758*** -0.863*** 0.294**x*
Prince George's -0.32%** NA 0.133
Zone 3 Climate of subtropical desert and grassland Clar'k 07927+ 0.127 04647
Maricopa 0.778%** 0.856%** -0.559***
Zone 4 Temperate desert Climate Salt Lake 0.752%%* -0.191* 0.005
Zone 5 Temperate marine Climate King 0.29%** 0.067 -0.522%%*
Zone 6 Mediterranean Climate Los Angeles 0.746%** 0.076 -0.697***

sk p_value <=0.001; ** p-value <=0.01; * p-value <=0.05.
*NA: not available.

Zone 2 (Climate of subtropical evergreen broad leaved
forest) contains 7 counties and is very hot and rainy in
summer. Fairfax and Prince George’s are contiguous to Zone
1 and have the negative correlation on temperature indicator.
The rest of the counties except District of Columbia hold
significant positive correlations, which mean the higher
temperature in Zone 2 will help COVID-19 to spread. Unlike
Zone 1, the wind speed is negatively correlated with new
cases in most area. The correlation between outbreak of
COVID-19 and meteorological factors in District of
Columbia (DC) is not significant, and notice that DC is a
famous holiday resort with high population density and high
mobility, which may play a more important role in the
transmission of COVID-19 than weather factors do.

In Zone 3, the temperature and wind speed are
significantly positively correlated with daily new cases while
precipitation holds a negative correlation, which shows that
in dessert and grassland area the higher temperature, higher
wind speed and less rainfall will increase the probability of
coronavirus infection.

In Zone 4, only temperature plays a significant role in the
transmissions of coronavirus in Salt Lake County. By
contrast, in King County from Zone 5, the correlation
between temperature and COVID-19 is not strong as in Salt
Lake County, and the precipitation is the strongest indicator
in King County.

In Zone 6 (Mediterranean climate), it is hot and dry in
summer while mild and rainy in winter, and higher
temperature in a dry climate will contribute to the outbreak of
COVID-19 in the summer in Los Angeles.

The temperature holds a negative correlation with
coronavirus in Zone 1 and a positive one in other zones. The
coronavirus was inactivated more rapidly in higher
atmosphere temperature conditions [11]. Additionally, with
those conditions, the density of residents is lower in Zone 1,
which could lead to the negative correlations. The activities
of humans are also an important factor in the spread of
coronavirus. For example, higher temperatures may motivate
people to take part in activities outdoors, instead of staying at
home. This behavior may increase the probability of infection
in other Zones especially Zone 2, and the higher population
density can amplify the aggregation contact especially in the
holiday resort areas such as Miami. As for wind speed,
although health officials and logic seem to say that windy
conditions would decrease risk of transmission, Table 2
shows that wind speed can increase or decrease the virus
transmissions regionally, which depends on whether people
get together in close contact outside. In New York County,
Our results show that the correlation between COVID-19 and
wind speed is positive. The longer the time lag, the more
significant the correlation, which is consistent with
Muhammad’s and Mehme’s result [8, 22]. The precipitation
holds a significant positive correlation with COVID-19
pandemic in more than half of the counties in study area,
which means rain helps spreading the coronavirus in most
area in US. Conventional wisdom is that COVID is spread
indoors much more than outdoors, and rainy days occurred
more in early months of the year when people are indoors
most of the time.

In previous study, the humidity is also associated with
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higher risk of COVID-19 and influenza virus [19, 20]. We
didn’t consider humidity in this study for lack of the
humidity data in the meteorological stations, but precipitation

(c) P_avg28

can play a significant role as an indicator for COVID-19
instead of humidity.

(b) W_avg28

Spearman'’s correlation coefficients
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Figure 5. The spatial distribution of correlation between COVID-19 and 3 weather indicators (T_avgi,, W_avgas, and P_avgss) in study area.

Figure 5 shows the spatial distribution of correlation
between COVID-19 and meteorological variables. As the
green bubbles in Figure 5(a) shows, the temperature indicator
T avg)y is negatively correlated with COVID-19 in
Northeastern United States, while the other area holds a
positive correlation (red bubbles). It indicates that hot
weather restrains coronavirus infection in Northeastern
temperate area and contributes to infection in other area.

Figure 5(b) shows that in Southeastern United States, there
is a negative correlation between wind speed indicator
W _avgyg and coronavirus, and other area has a positive one.
It means persist wind in the past days is COVID-19’s
favorable factor except southeast subtropical area in US.

Figure 5(c) shows precipitation indicator P_avg,s plays a
positive role in COVID-19 pandemic on the east coast of
USA and a negative one on the west coast. In the interior of
the continent, the effects of precipitation on coronavirus are
not clear compared to that on the edge of continent.

Ramadhan obtained a positive correlation between
temperature and COVID-19 in Indonesia, while Mehmet got
a negative one in Turkey [16, 22]. The results of this study
indicate that the influence of meteorological variables on
COVID-19 can vary in different countries even regions,
because the climate factors and land cover types provide
different context.

It was not only the environmental factors, but also the
human solutions and habits that made significant influences
on the coronavirus transmission. Public health policies of

government departments play a key role in the development
of the COVID-19 epidemic. For example, New York took
measures to close schools, museums, sports events and other
similar activities, encouraged people to wear masks to protect
themselves and work online as far as possible, and even took
curfew measures in a serious situation, and then good effect
of coronavirus suppression has been achieved at present.

4. Conclusions

This study analyzes the effects of weather on COVID-19 in
temporal and spatial scale in US counties. We examined the
associations between meteorological variables and COVID-19
daily new confirmed cases. The findings show that
temperature, wind speed and precipitation significantly
correlate to the outbreak of COVID-19, negatively or
positively, depending on the climate and land cover type.

In the Spearman’s correlation test, the moving average
meteorological variables performed better than single day
variables. This research shows that the average of temperature
within past 10 days, the average of wind speed and
precipitation within past 28 days can achieve the optimum.

Temperature was negatively correlated to outbreak of
COVID-19 in Northeastern US, and positively in other area.
Wind speed was negatively correlated to COVID-19
pandemic in Southeastern US while positively in other area.
Precipitation held positive correlation on the east coast of US
and negative correlation on the west coast. Within the
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continental United States, precipitation held positive or
negative correlation with COVID-19, depending on the
geographical position.

This study can provide decision makers with valuable
information that meteorological factors are significantly
associated with the transmissibility of COVID-19, and local
health policies should be adopted and implemented according
to weather conditions and spatial location.
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