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A B S T R A C T   

COVID-19 has caused almost 770,000 deaths in the United States by November 2021. The nighttime light (NTL), 
representing the intensity of human activities, may reflect the degree of human contacts and therefore the in
tensity of COVID-19 transmission. This study intended to assess the associations between NTL differences and 
COVID-19 incidence and mortality among U.S. counties. The COVID-19 data of U.S. counties as of 31 December 
2020 were collected. The average NTL values for each county in 2019 and 2020 were derived from satellite data. 
A negative binomial mixed model was adopted to assess the relationships between NTL intensity and COVID-19 
incidence and mortality. Compared to the counties with the lowest NTL level (0.14–0.37 nW/cm2/sr), those with 
the highest NTL level (1.78–59.61 nW/cm2/sr) were related with 15% higher mortality rates (mortality rate 
ratio:1.15, 95 %CI: 1.02–1.30, p-value: 0.02) and 23% higher incidence rates (incidence rate ratio:1.23, 95 %CI: 
1.13–1.34, p-value < 0.0001). Our study suggested that more intensive NTL was related with higher incidence 
and mortality rates of COVID-19, and NTL had a stronger correlation with the COVID-19 incidence rate than 
mortality rate. Our findings have contributed solid epidemiological evidence to the existing COVID-19 knowl
edge pool, and would help policymakers develop interventions when faced with the potential risk of the 
following outbreaks.   

1. Introduction 

COVID-19 has spread across countries and been seen as a global 
emergency since January 30, 2020 (Jia, 2020). After more than one 
year, the transmission of COVID-19 remains a grave threat to global 
public health, especially in the U.S. By the end of June 2021, there have 
been the largest number of COVID-19 infection and death cases in the U. 
S. (Johns Hopkins Coronavirus Resource Center, 2021), with nearly 
every county affected (Centers for Disease Control and Prevention, 
2021). Due to the limited efficacy of COVID-19 vaccines to virus variants 
(Lopez Bernal et al., 2021), social distancing is still the most important 
and effective measure to reduce disease transmission by restricting 
human interactions. Some environmental factors, such as greenness 
(Klompmaker et al., 2021), air quality (Wu et al., 2020), temperature, 
and humidity (Ma, 2020), have been found to be indirectly related to the 

COVID-19 transmission process. For example, from a data-driven 
perspective, green space may serve as relatively safe places for social 
interactions while not increasing the risk of infection in densely popu
lated counties in the U.S. (Klompmaker et al., 2021). However, such 
environmental factors cannot directly reflect the intensity of human 
contacts which is necessary to the outbreak and transmission of infec
tious diseases. 

Different from those environmental factors, nighttime light (NTL) 
can serve as direct evidence of the intensity of human contacts (Huang 
et al., 2014). The NTL satellite imagery has been utilized for estimating 
population density (Sutton and Obremski, 2003; Sutton et al., 2001), 
measuring and mapping Gross Domestic Product (GDP) at national and 
sub-national levels (Ebener, 2005; Henderson et al., 2012; Mayuri 
Chaturvedi et al., 2011; Sutton, 2007). According to previous studies, 
NTL intensity could reflect the extents of urbanization (Zhang and Seto, 
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2011), economic growth (Henderson et al., 2012), global poverty 
(Elvidge et al., 2009), etc., which may have direct or indirect impacts on 
COVID-19 transmission. Moreover, individuals’ exposure to more 
intensive NTL has been associated with higher odds of obesity (Zhang 
et al., 2020), and people with obesity may be more susceptible to severe 
COVID-19 outcomes (CDC, 2021). Some studies have examined the 
changes of NTL during the periods of social distancing in several 
megacities, such as Wuhan in China and Los Angeles and New York in 
the U.S. (Liu et al., 2020; Xu, 2021). However, to our knowledge, few 
studies have statistically linked the changes of NTL with both COVID-19 
incidence and mortality together. 

This study intended to investigate the associations between NTL and 
COVID-19 incidence and mortality in the contiguous U.S. We first 
calculated the mean NTL values within each U.S. county in 2019 and 
2020 separately and compared their changes. Then, we adopted a 
negative binomial mixed model to explore the relationships between 
NTL and COVID-19 outcomes, adjusting for comprehensive covariates. 
Furthermore, we conducted sensitivity analysis by adding order (stay at 
home/shelter to end/relax stay at home/shelter in place) issuance days 
and the state-level number of COVID-19 tests. The results can reflect the 
impact of human activities on COVID-19 transmission, which could 
support decision making in controlling the following outbreaks of the 
pandemic and post-pandemic reopening strategies in the U.S. and even 
in other countries of the world. 

2. Methods 

2.1. Exposure variable 

The monthly cloud-free NTL images for the contiguous U.S. in 2019 
and 2020 at 15-arc second resolution (about 450 m) were derived from 
nighttime Visible Infrared Imaging Radiometer Suite Day Night Band 
(VIIR/DNB) on the Joint Polar-orbiting Satellite System, provided by the 
Earth Observation Group of Payne Institute for Public Policy. Compared 
with the commonly used Operational Linescan Sensor (OLS) onboard 
Defense Meteorological Satellite Program (DMSP) satellites, the VIIRS/ 
DNB has significant improvement on the characterization of low levels 
of nighttime light (Earth Observation Group; Elvidge et al., 2013; 
Elvidge et al., 2017; Elvidge et al., 2021), by excluding background 
noise, solar and lunar contamination, data degraded by cloud cover, and 
features unrelated to electric lighting (Elvidge et al., 2017). The annual 
mean NTL value in each year was calculated for each U.S. county, to 
represent the average intensity of NTL over the year and compare the 
NTL changes between the two years. 

2.2. Outcome variables 

We collected the daily numbers of infected and death cases of 
COVID-19 in each U.S. county in 2020, from the U.S. Center for Disease 
Control and Prevention (CDC) and the Center for Systems Science and 
Engineering (CSSE) of Johns Hopkins University (Dong et al., 2020), and 
aggregated them at the county level. 

2.3. Covariates 

Environmental factors, including particulate matter with aero
dynamic diameter < 2.5 µm (PM2.5), temperature, and humidity (Wu 
et al., 2020; Ma, 2020), were adjusted in the study. We calculated the 
summertime and wintertime averages of temperature and relative hu
midity data from 2000 to 2016 for each U.S. county based on GridMET 
data (Abatzoglou, 2013). We made county-level PM2.5 exposure data 
from 2000 to 2016 by an established PM2.5 prediction model (Aaron, 
et al., 2019). 

Eleven county-level census variables, which might be associated 
with NTL and COVID-19 outcome (Klompmaker et al., 2021; Wu et al., 
2020), were also obtained from the 2000–2018 decennial census, the 

America Community Survey (ACS) (The United States Census Bureau 
and Data, 2021) and the 2009–2016 CDC Mortality File (Centers for 
Disease Control and Prevention), and included in our analysis to adjust 
for potential confounders: proportion of inhabitants in poverty, popu
lation density, median household value, percentage of Black inhabitants, 
percentage of Hispanic inhabitants, percentage of residents with a sec
ondary school certificate, median household income, percentage of in
habitants who own their house, percentage of inhabitants older than 65, 
percentage of inhabitants aged 45–64, percentage of inhabitants aged 
15–44. 

The COVID-19 outbreaks and response and the accessibility of health 
services in counties may also confound the connection between NTL and 
COVID-19 outcome. We also calculated the days from the issuance of 
stay at home/shelter to end/relax these policies to assess whether the 
association between NTL and COVID-19 would differ by the state gov
ernment policy (Raifman, et al., 2020). We counted the number of days 
from the first recorded COVID-19 case to represent the extent of the 
COVID-19 pandemic. We collected the number of hospital beds (county- 
level) in 2019 and COVID-19 tests (state-level, up to December 31, 
2020) to evaluate the influence of public sanitation resources on the 
analysis (The COVID Tracking Project. 2021, HIFLD). We additionally 
included two county-level behavioral risk variables, namely, the per
centage of inhabitants with obesity and the percentage of current 
smokers, measured in 2011 and obtained from the U.S. CDC Behavioral 
Risk Factor Surveillance System (BRFSS). 

2.4. Statistical analysis 

A negative binomial mixed model (Zhang et al., 2017; Booth et al., 
2003), which can effectively manage the over-dispersion of the longi
tudinal data (Yau et al., 2003), was adopted to assess the association 
between NTL and the incidence and mortality of COVID-19. All U.S. 
counties were divided into quintiles by the annual mean NTL value, with 
the 1st quintile (the lowest NTL level) as the reference group in the 
model. We took NTL as the exposure of interest and reported COVID-19 
incidence rate ratios (IRR) and mortality rate ratios (MRR) as the 
outcome to estimate the association, adjusted by covariates. To assess 
the effects of potential confounders, we conducted a series of models by 
adjusting covariates step by step. Specifically, Model 1 only included a 
population size offset and a random intercept by state, which was car
ried out to interpret for potential correlation in counties due to similar 
COVID-19 response policies in the same state. All census and BRFSS 
covariates were additionally adjusted in Model 2. In Model 3, we further 
adjusted the days from the first recorded COVID-19 case and the number 
of hospital beds. In Model 4, we further adjusted temperature, humidity, 
and PM2.5. The IRR and MRR for the n-th quintile was considered the 
increase in the COVID-19 incidence and mortality rates related with the 
relative variety from the first quintile to the n-th quintile in NTL expo
sure. We hypothesized that association with NTL and COVID-19 inci
dence and mortality was stronger in high levels of NTL exposure. All 
analyses were carried out in R software and performed model fitting 
using the lme4 package (Bates et al., 2015). The main model takes the 
following form (E[⋅] denotes an expected value, taking IRR as an 
example): 

log[E(COVID-19 cases)] = β0 + β1 NTL +
β2 % living in poverty + β3 population density + β4 median house

hold value 
+ β5 % Black + β6 % Hispanic + β7 % adults with less than a high 

school education + β8 median household income + β9 % owner- 
occupied housing 

+ β10 % inhabitants ≥ 65 + β11 % inhabitants aged 45–64 + β12 % 
inhabitants aged 15–44 + β13 % obesity + β14 % current smokers + β15 
days since first case + β16 number of hospital beds + β17 PM2.5 + β18 
average summer temperature + β19 average winter temperature + β20 
average winter relative humidity + β21 average summer relative hu
midity + offset[log(population size)] + random intercept (state). 
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We reported the IRR and MRR and 95% confidence intervals (CIs) for 
NTL, corresponding to the exponentiated parameter estimate (eβ1). 

To assess the robustness of the result, several sensitivity analyses 
were conducted. First, we added the days from the release of the stay at 
home/shelter in place to the end of the order to evaluate the impact of 
state response in the main model. Second, we added the state-level 
number of COVID-19 tests to the main model to assess the impact of 
public sanitation. Third, we added both variables to the main model. 

3. Results 

3.1. Basic characteristics of the U.S. counties 

The basic characteristics of the 3,134 U.S. counties were presented 
by quintile (Q1-Q5) in Table 1. Among them, 3,106 counties reported 10 
or more COVID-19 cases. Compared to 2019, the mean county-level NTL 
value in highest quintiles (Q5) in 2020 was significantly decreased, 
reaching 6% in Q5 (6.31 in 2019 and 5.94 in 2020). Counties in Q3 had 
the highest incidence rates and mortality rates occurred (IR =

68,280.03, MR = 1,117.98), compared to those in other quintiles. In 
addition, counties with higher NTL had more Blacks and the higher 
population density. The counties with higher NTL had more residents 
aged 15–44 and less aged 45–64 and over 65. The counties in Q3 and Q4 
had a higher proportion of poverty, residents with obesity, and current 
smokers. 

There were spatial heterogeneities in the NTL level (Fig. 1) and 
COVID-19 incidence and mortality rates (Fig. 2) across the U.S. The 
counties with higher NTL values in 2020 were mainly in the midwest, 
northeast, and south of the U.S. (Fig. 1a), and the states on the east coast 
had more counties with NTL in high quintiles (Q4: 0.84–1.65 and Q5: 
1.66–59.61). However, from east to west, the number of counties with 
high-level NTL was decreasing. Moreover, in the central region, there 
were only several states that had counties with NTL in high quintiles (e. 
g., North Dakota, Colorado, New Mexico). To the west, counties with 
high-level NTL were mainly in California and Washington. Also, changes 
in NTL from 2019 to 2020 varied across the U.S. (Fig. 1b). Due to 
lockdown and policies that responded to the COVID-19, the mean NTL of 
most counties decreased in 2020, especially in the western and southern 

counties, but NTL values of midwestern and northeastern counties had 
slightly increased in 2020. As for COVID-19 distributions, the counties 
with the highest incidence rates (Q5) were mainly in midwestern and 
southern regions of the U.S., and counties in northeastern and central U. 
S. had the highest COVID-19 mortality rates (Q5) to the end of 2020 
(Fig. 2). 

3.2. Associations between NTL and COVID-19 incidence and mortality 

Compared to the counties in Q1 (reference group), the counties in Q5 
showed 23% higher incidence rate (IRR=1.23 [95% CI: 1.13–1.34]) and 
15% higher mortality rate (MRR=1.15 [95% CI: 1.02–1.30]) (Table 2). 
The counties in Q4 showed 19% higher incidence rate (IRR=1.19 [95% 
CI: 1.11–1.27]) and 12% higher mortality rate (MRR=1.12 [95% CI: 
1.02–1.24]). The counties in Q2 and Q3 showed only 9% (IRR=1.09 
[95% CI: 1.03–1.14]) and 15% higher incidence rates (IRR=1.15 [95% 
CI: 1.09–1.23]), respectively, without showing the significantly higher 
mortality rates (MRRQ2 VS Q1 = 1.01 [95% CI: 0.93–1.09] and MRRQ3 VS 

Q1 = 1.09 [95% CI: 0.99–1.19]). 
In sensitivity analyses, by adding order issuance days, state-level 

COVID-19 tests, and both variables to the models, we found consistent 
associations between NTL and COVID-19 incidence and mortality rates 
(Table 3). 

4. Discussion 

Many existing epidemiological researches have implied that envi
ronmental factors, such as temperature, air pollution, humidity, and 
outdoor greenness, may influence the spread of COVID-19 because virus 
stability and host susceptibility, and contact rates can be affected by 
them (Klompmaker et al., 2021; Notari, 2021; Wang, 2021; Wu et al., 
2020). However, to our knowledge, few studies have statistically linked 
the changes of NTL with both the incidence and mortality of COVID-19 
together. In this study, we analyzed the associations between NTL and 
COVID-19 outcomes, covering 3134 counties in the U.S and the full year 
time in 2020. We observed that NTL was positively related with both 
COVID-19 incidence and mortality, and NTL had stronger associations 
with incidence rates than mortality rates. 

Table 1 
Descriptive statistics of the 3,134 U.S. counties by quintiles of nighttime light (NTL).  

Variables Q1 Q2 Q3 Q4 Q5 

NTL  
NTL in 2020, nW/cm2/sr, mean (range) 0.28 (0.14–0.36) 0.46 (0.36–0.56) 0.69 (0.56–0.84) 1.14 (0.84–1.65) 5.94 (1.66–59.61) 
NTL in 2019, nW/cm2/sr, mean (range) 0.26 (0.14–0.44) 0.44 (0.28–1.20) 0.68 (0.32–1.59) 1.15 (0.68–1.95) 6.31 (1.55–68.60) 
COVID-19 outcome  
Incidence rate (per million) (median) 59,765.21 65,729.87 68,280.03 66,935.85 63,352.25 
Mortality rate (per million) (median) 791.45 999.17 1117.98 1076.60 1016.90 
Meteorological covariates      
Winter temperature, K 276.49 279.30 281.40 282.64 281.90 
Summer temperature, K 301.63 303.11 303.89 304.06 303.82 
Winter relative humidity, % 89.23 88.92 88.03 87.62 86.27 
Summer relative humidity, % 86.12 91.37 92.86 92.97 91.36 
County-level covariates  
Poverty, % 8.92 9.35 9.96 9.53 8.12 
Population density, people/sq.mi. 5.77 25.70 53.00 114.88 765.40 
Median house value, $ 109,062.50 94,114.29 98,550.00 110266.70 155,220.50 
Black inhabitants, % 0.28 0.66 1.58 2.31 7.46 
Hispanic inhabitants, % 2.99 2.35 2.350 3.09 5.70 
Education, % 14.63 19.16 22.57 22.06 18.25 
Household income, $ 46,275.00 46,051.83 45,525.50 46,908.70 56,333.98 
Owner occupied house, % 77.26 78.90 77.47 76.55 71.11 
Aged over 65, % 19.44 17.19 15.74 14.57 12.65 
Aged 45–64, % 27.99 27.04 26.49 26.30 25.29 
Aged 15–44, % 33.27 36.18 37.77 38.88 41.15 
Obesity, % 30.80 33.20 34.60 34.40 31.50 
Current smoker, % 15.34 16.97 18.32 18.23 16.62 
PM2.5, µg/m3 4.79 7.96 9.30 10.00 10.67 
Rate of hospitals beds (per million) 1,968.43 1,693.77 1,767.46 2,217.82 3,066.40  
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The county-level NTL values in the U.S. were decreased during the 
COVID-19 period than previously, which was consistent with the NTL 
change in China (Liu et al., 2020). Population density, economic activ
ity, and state-level policy response to COVID-19 may affect the mean 
NTL value of counties in 2020 (Fig. 1a) and NTL difference between 
2019 and 2020 (Fig. 1b). Studies had reported that NTL was corre
sponded with population density (Sutton et al., 2001). The same as 
shown in Table 1, the population density increased by multiples with the 
change of NTL quintiles. For example, compared to Q1 (5.77 people/ 
square miles), the population density in counties within Q5 has 
increased nearly 132 times to 765.40 people/square miles. In addition, 
NTL had a close relationship with economic activity (Henderson et al., 
2012; Mayuri Chaturvedi et al., 2011). The real GDP in the third and 
fourth quarter in 2020 increased 33.4% and 4.3%, respectively, and the 
real GDP of almost all U.S. states increased in the 2020 final quarter (The 
U.S. Bureau of Economic Analysis, 2020). This may account for the 
slight increase in NTL in some counties compared to 2019, even though 
the national annual real GDP reduced 3.5% in 2020 compared to 2019. 
Another reason for the increased NTL in some counties could be the 
difference in the state-level policy response to COVID-19. North Dakota, 
for example, did not execute the stay-at-home/shelter in place order 
(Raifman, et al., 2020). 

We found that compare to the first quintile of NTL value, the fifth 

quintile was associated with 15% and 23% higher incidence and mor
tality rates, respectively, of COVID-19. Our results of incidents rates 
were consistent with Meng, Zhu (Meng et al., 2021), which reported a 
notable positive relationship between NTL intensity and COVID-19 
incidence rates in New York and Connecticut. Different from Meng, 
Zhu (Meng et al., 2021), we also studied the relationship between NTL 
and COVID-19 mortality rates, and our results included all counties in 
the U.S. and covered a more extended period. According to a priori 
knowledge, NTL can be used as a proxy for investigating diverse 
anthropogenic activities from the regional to the country scale (Ma 
et al., 2018), and zones of high economic activity were highlighted in 
NTL imagery (Kyba et al., 2015). In response to the COVID-19 outbreak, 
policies, such as stay at home and non-essential business closure, had 
restricted many kinds of anthropogenic activities, and thus influenced 
NTL distribution. Therefore, NTL can also serve as a proxy for human 
contacts which may further impact COVID-19 transmission (Small and 
Sousa, 2021). Counties with NTL in high quintiles may be related to 
higher economic activities, while higher economic activities increased 
the risk of exposure to COVID-19. For example, air travel contributed to 
the transmission of COVID-19 throughout the world and accelerated the 
global pandemic (Murphy et al., 2020); the transportation of cold-chain 
food has been confirmed as a way of transmission COVID-19 (Ji et al., 
2021); exposed public transportation also increased attack rate of 

Fig. 1. Spatial distribution of nighttime light in 2020 (a) and the differences in nighttime light between 2019 and 2020 (b) within each U.S. county.  
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COVID-19 (Shen, 2020). This may account for why the higher quintile 
NTL was associated with higher rates in incidence and mortality in 
COVID-19 compared to the lowest quintile of NTL. 

The results indicated that NTL had stronger associations with 
COVID-19 incidence rates than mortality rates, perhaps due to the time 
span between infection and possible death. Furthermore, some deaths 
due to COVID-19 complications may not be counted as COVID-19 
deaths. A study suggested that COVID-19 patients who got infected 
have a 59% higher risk of death up to 6 months after infection than non- 
infected people, and there were eight additional deaths every 1,000 

patients within six months due to long-term COVID-19 complications 
were not counted as COVID-19 deaths (Al-Aly et al., 2021). In lower 
quintile (Q2 and Q3), NTL has little association with mortality rates, and 
neither of the p-values was statistically significant.. Counting errors in 
the number of COVID-19 deaths may be responsible for the little asso
ciations between COVID-19 mortality rates and NTL in the lower quin
tile of NTL. Deaths through long-term COVID-19 complications were not 
counted as COVID-19 deaths (Al-Aly et al., 2021). And counties with 
lower quintiles NTL had more residents aged over 65 (Table 1), and 
elderly people with conditions could be more inclined to have severe 

Fig. 2. County-level COVID-19 incidence rate (a) and mortality rate (b) in the U.S.  

Table 2 
Associations of nighttime light (NTL) with COVID-19 incidence and mortality rates.   

COVID-19 incidence rate COVID-19 mortality rate 

NTL in quintile Incidence rate ratio 95% CI p-value Mortality rate ratio 95% CI p-value 

Q1 Ref Ref 
Q2 1.09 1.03–1.14 0.002 1.01 0.93–1.09 0.88 
Q3 1.15 1.09–1.23 <0.0001 1.09 0.99–1.19 0.07 
Q4 1.19 1.11–1.27 <0.0001 1.12 1.02–1.24 0.02 
Q5 1.23 1.13–1.34 <0.0001 1.15 1.02–1.30 0.02  
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COVID-19 symptoms (CDC, 2021). 
To evaluate the robustness of our results, we conducted several 

sensitivity analyses by adjusting for more COVID-related variables. A 
strong relationship has been found between the issuance date of stay-at- 
home orders and COVID-19 incidence during the early stage of COVID- 
19 (Klompmaker et al., 2021). We used the effective days of the stay-at- 
home order by the end of 2020 as the proxy of the state response to 
COVID-19 (January 25, 2021, for California). After adjusting for the 
stay-at-home orders in the sensitivity analysis, the fifth quintile was 
associated with 15% and 23% higher incidence and mortality in COVID- 
19 than the lowest quintile, which was consistent with the main model. 

This study has some major limitations. First, an ecological study 
design at the county level, although cost-effective and straightforward to 
analyze the association between NTL and COVID-19 incidence and 
mortality, may not reveal individual risk factors due to the ecological 
fallacy, which leaves us incapable to make inferences of individual-level 
associations (Jia, 2019). Second, NTL derived from satellite imagery 
may merely be a proxy measure of the NTL exposure from outdoor 
rather than indoor nightlight (Jia et al., 2019), which may bring about 
misclassification in NTL exposure (Zhang et al., 2020; Jia et al., 2020). 
The number of underreported COVID-19 cases may also influence our 
analysis. Third, like most of epidemiological studies, this study aimed to 
examine the associations between NTL and COVID-19 incidence and 
mortality rates, rather than predicting COVID-19 incidence and mor
tality rates. Therefore, the associations found in this study are to be 
validated in future research which aims at COVID-related prediction. 

5. Conclusions 

This study suggests that more intensive NTL may be associated with 
the higher COVID-19 incidence and mortality rates, and NTL may be 
more strongly associated with COVID-19 incidence rate than mortality 
rate. A total of 3,134 U.S. counties and 98% of the U.S. population are 
covered in this study, and the NTL data for the entire year of 2020 were 
used, overlapping with different stages of the COVID-19 pandemic in the 
U.S. Adjusting for a wide range of covariates obtained from multiple 
sources and additional sensitivity analysis further consolidate the 
robustness of our models. Our findings have added solid epidemiological 
evidence to the existing COVID-19 knowledge pool, and would help 
policy-makers develop interventions when faced with the potential risk 
of the following outbreaks. 
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