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ARTICLE INFO ABSTRACT

Keywords: Background: The viability and virulence of COVID-19 are complex in nature. Although the relationship between
COVID-19 environmental parameters and COVID-19 is well studied across the globe, in India, such studies are limited. This
Pandemic

research aims to explore long-term exposure to weather conditions and the role of air pollution on the infection
spread and mortality due to COVID-19 in India.

Method: District-level COVID-19 data from April 26, 2020 to July 10, 2021 was used for the study. Environmental
determinants such as land surface temperature, relative humidity (RH), Sulphur dioxide (SO2), Nitrogen dioxide
(NO3), Ozone (0O3), and Aerosol Optical Depth (AOD) were considered for analysis. The bivariate spatial asso-
ciation was used to explore the spatial relationship between Case Fatality Rate (CFR) and these environmental
factors. Further, the Bayesian multivariate linear regression model was applied to observe the association be-
tween environmental factors and the CFR of COVID-19.

Results: Spatial shifting of COVID-19 cases from Western to Southern and then Eastern parts of India were well
observed. The infection rate was highly concentrated in most of the Western and Southern regions of India, while
the CFR shows more concentration in Northern India along with Maharashtra. Four main spatial clusters of
infection were recognized during the study period. The time-series analysis indicates significantly more CFR with
higher AOD, O3, and NO; in India.

Conclusions: COVID-19 is highly associated with environmental parameters and air pollution in India. The study
provides evidence to warrant consideration of environmental parameters in health models to mediate potential
solutions. Cleaner air is a must to mitigate COVID-19.

Environmental parameters
Time series
Spatial association

1. Introduction disease, 14% of cerebrovascular disease, 16% of lung cancer, 25% of

lower respiratory infections, and 27% of chronic obstructive pulmonary

Air pollution is a pressing challenge for India. In 2015, it was esti-
mated that nearly 1 million people died in India as a result of air
pollution (Guo et al., 2017). World Health Organization (WHO) has
recognized that 99% of the world population is living in places where
the WHO air quality specified levels are not met (WHO, 2022). It is
evident that air pollution is a key contributor to the world’s 12.4 million
deaths (Balakrishnan et al., 2019; Vulichi et al., 2021) as pollution af-
fects various organs in the human body, especially the respiratory sys-
tem (Manisalidis et al., 2020b; Patankar and Trivedi, 2011; Rajak et al.,
2022). Ambient air pollution was responsible for 17% of ischaemic heart
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disease deaths in 2015 (Cohen et al., 2017). At the same time, indoor air
pollution was responsible for 4 million deaths annually (WHO, 2022).
India accounted for 1.24 million deaths attributable to air pollution in
2017, which increased to 1.67 million deaths in 2019 (Pandey et al.,
2021).

The COVID-19 infection has affected billions of people globally,
killing more than 6 million individuals (WHO, 2022). Caused by the
SARS-CoV-2 virus belonging to the Coronaviridae family, the COVID-19
disease has increasingly been deemed as an occupational disease
(Abdelzaher et al., 2020). Manifestations of symptoms in the varying
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background of genetic landscapes of populations are still not well un-
derstood. Genetic predispositions may alter not only the susceptibility to
infection but also the immune response mounted by our body to the
virus as well as the severity of the symptoms. Polymorphisms in the
ACE2 cellular receptor (to which SARS-CoV-2 binds) or cellular pro-
teases facilitating viral entry into cells have been evidenced to affect the
aforementioned parameters of the infection (Hoffmann et al., 2020;
Hussain et al., 2020; Walls et al., 2020). Genetic sequencing of
highly-sensitive and highly-resistant (asymptomatic) individuals, albeit
challenging, could help in deciphering mechanisms explaining the
diverse spectrum of COVID-19 infections across populations. Amidst the
changing dynamics of the pandemic spread, specific routes of trans-
mission have received much attention in causing rapid outbreaks and
waves. These rely heavily on environmental factors and may cause
temporal and spatial heterogeneity observed in the pandemic. Polluted
air, for example, can amplify existing respiratory or other comorbidities
and regulate aerosol-mediated transport of the virus (Weaver et al.,
2022). Though there is a lack of robust evidence for other environmental
factors such as chemicals or climatic conditions, there are plausible
mechanisms by which these can affect the immune responses to the
infection or aggravate other comorbidities (Weaver et al., 2022).
Several pathological and environmental conditions are linked with
the etiology of COVID-19 (Manisalidis et al., 2020a). People who have
been exposed to long-term air pollution are more vulnerable to the
disease because their respiratory system is more susceptible to the ef-
fects of air pollution serving as a convenient entry point for a variety of
dispersed pollutants (Gerretsen, 2020). Thus, air pollution acts as a
vehicle for viral transmission and aids in compromising a person’s
physiological defensive mechanisms to ambient pollutants; hence,
long-term air pollution exposure leads to the collapse of respiratory
system inflammation, coughing, bronchitis, asthma attacks, and other
health issues (Conticini et al., 2020a; World Health Organization, 2000).
Some recently published researches have established the connection
between air pollution and the risk of COVID-19 in India (Chattopadhyay
and Shaw, 2021a; Chauhan and Singh, 2020; Otmani et al., 2020).
COVID-19 lockdowns resulted in 43% reduction in PMy s levels
compared to the pre-lockdown time (Sharma et al., 2020). A handful of
studies have shown a reduction in PM;s5 concentrations and an
improvement of air quality across different cities in India (Kumar et al.,
2020; Mahato et al., 2020; Ranjan et al., 2020; Srivastava et al., 2020).
However, exposure to air pollution on COVID-19 has been observed in
many cities in China, the USA, the UK, India, Bangladesh, and in many
other countries (Albayati et al., 2021; Ming et al., 2020; Pal et al., 2021;
Rahman et al., 2020; Ropkins and Tate, 2021; Zangari et al., 2020;
Bashir et al., 2020; Fattorini and Regoli, 2020; Frontera et al., 2020b).
Studies revealed that cities with the worst air pollution suffered the
heaviest from the pandemic (Mendy et al., 2021; Naqvi et al., 2021;
Shehzad et al., 2020; Berman and Ebisu, 2020; Karuppasamy et al.,
2020; Peng et al., 2020;Gupta et al., 2021). Country-specific studies in
the USA (Adams, 2020; Bashir et al., 2020; Chen et al., 2020), Italy
(Bontempi, 2020a; Conticini et al., 2020b; Fattorini and Regoli, 2020),
China (Cui et al., 2020; Liu et al., 2020; Zhu et al., 2020), and India
(Chattopadhyay and Shaw, 2021b; Dutta and Dutta, 2021), have shown
a significant association between pollutant exposure and susceptibility
to COVID-19 infection or fatality. In the ongoing saga of COVID-19,
many studies have reported the fast spreading of the virus with higher
levels of air pollution (Bontempi, 2020b; Setti et al., 2020; Fattorini and
Regoli, 2020; Wu et al., 2020; Zhu et al., 2020; Gupta et al., 2021).
The viability and virulence of COVID-19 are very uncertain and
complex in nature. Preliminary studies have shown that the primary

Environmental Research 222 (2023) 115288

mode of infection is via droplets or aerosols and contaminated envi-
ronmental surfaces transmitted from an infected person (Chaudhuri
et al., 2020; Song et al., 2021). Some studies have suggested that at-
mospheric conditions and the local environment play a major role in
transmitting the virus (Ahmadi et al., 2020; Basray et al., 2021; Liu et al.,
2020). Most respiratory viral infections show seasonal fluctuations, with
peaks in specific winter months due to various meteorological controls
like temperature, humidity, dew point and others (Price et al., 2019).
Transmission of COVID-19 is high at low temperatures and humidity
(Bashir et al., 2020; Sajadi et al., 2020). Recent studies indicate that low
relative humidity (RH) affects the viability of the virus as it stabilizes the
droplet and enhances the propagation in the nasal mucosa (Sajadi et al.,
2020; Wang et al., 2021). Nonetheless, low humidity levels in the at-
mosphere prompt the virus to remain airborne for a longer period, and
cold and dry weather weakens the host’s immunity, creating an easy
route of entry for the pathogen (Kudo et al., 2019; Lowen and Steel,
2014). Another important viricidal agent for viral exposure is ultraviolet
(UV) radiation. Diffey (1991) suggested that UV radiation has the po-
tential to deactivate viruses, implying that the virus loses the ability to
proliferate. More shreds of evidence suggest a negative correlation be-
tween UV radiations and COVID-19 (Ahmadi et al., 2020; Hepling et al.,
2020; Sagripanti and Lytle, 2020; Tang et al., 2021).

However, the relation of environmental factors with the novel
infection is country specific and has spatial variations. Currently, we
lack evidence on the role of environment in COVID-19 spread, consid-
ering the huge spatial heterogeneity of India. This paper, first of its kind,
aims to quantify the influence of selected environmental factors on
COVID-19 infection and mortality at national level. No study has yet
been published on spatial analysis of India considering 640 districts to
reveal the association of environmental factors on this infection. Spe-
cifically, our research is the first of its kind in India to understand the
spread of infection based on the spatio-temporal distribution of cumu-
lative infected cases and its linkage with pollution levels. Thus, this
study has considerable potential for informing policymakers to consider
environmental cleanliness to avert such a pandemic in the near future.

2. Data and methods
2.1. COVID-19 data

The analysis in this paper was based on data accumulated up to July
10, 2021, when India was getting a certain peak of the second wave of
COVID-19. Data was obtained from the crowd sourced database http:
//covid19india.org/ (Dibyachintan et al., 2020). A total of 640 dis-
tricts of India were chosen for the spatial analysis. Recently created
(after 2011) districts were merged with their parent district following
Census 2011 (Census, 2011). For the time series analysis, the district
level cumulative cases and mortality data of COVID-19 were collated for
a span of 62 weeks (From April 26, 2020 to July 10, 2021). WorldPop
data was used to measure the 2020-21 district wise total population of
India. The data set provides the raster data with 1 km spatial resolution
of the world’s population, adjusted and matched with the corresponding
official data of the United Nations Population Division (UNPD) of the
Department of Economic and Social Affairs (WorldPop, 2021). However,
the district-wise population was calculated by applying the zonal sta-
tistics using the GIS technique. The CFR was calculated by dividing the
total number of deaths in the district at any given time by the total
number of confirmed cases in the district at that time (WHO, 2020b).

Number of deaths * 100

FR =
¢ Number of confirmed cases
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2.2. Environmental data

Various satellite images were used to understand the association
between environmental factors and CFR of COVID-19. Daily tempera-
ture and precipitation were considered for the analysis. The climatic
data was obtained from ERA5-L. The ERA5-Land data is produced by re-
applying the land component of the ERA5 climate re-analysis and covers
the time period, January 1950 to near real-time (NRT) with a spatial
resolution of ~10 km. The single simulation technique without coupling
to the atmospheric module of the ECMWE’s IFS were used to produce the
data. The core of ERA5-L is the Tiled ECMWF Scheme for surface ex-
changes over land incorporating land surface hydrology (H-TESSEL).
Further information can be obtained from the Climate Data Store (CDS)
Climate Copernicus website (https://cds.climate.copernicus.eu/cds
app#!/dataset/reanalysis-era5-%20land?tab%20=%20overview).

SO,, NO5, O3 and AOD were considered as the determinants of air
pollution and, obtained from Sentinel-5 Precursor (Sentinel-5 P). In
2017, the Sentinel-5 P was launched by Copernicus mission to monitor
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Erath’s atmosphere (Veefkind et al., 2020). The sentinel-5 P is being
operated by the European Commission under the Copernicus program,
which follows the sun-synchronous orbital cycle of 16 days. The
TROPOspheric Monitoring Instrument (TROPOMI) is installed in the
satellite, which provides global coverage of air pollutants with ~5.5 km
of spatial resolution (Veefkind et al., 2020). For the present study, the
near-real-time (NRTI) datasets, were collected from April 26, 2020 to
July 10, 2021. Further, as a proxy of particulate matters, the level-3 (L3)
daily AOD data at 550 nm (MODO08_D3) from Moderate Resolution Im-
aging Spectroradiometer (MODIS) onboard Terra was used in the study.
MODIS satellite images provide worldwide coverage of AOD, which is
derived from the dark target (DT) and deep blue (DB) algorithms. The
DT algorithm covers the ocean and dark surface, whereas the DB algo-
rithm is applied to the land areas of the dark and bright surfaces (Levy
et al., 2013). All the district-level data of environmental parameters
were extracted using the zonal statistics for the study period.
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Fig. 1. Markov Chain Monte Carlo (MCMC) convergence diagnostic plots of CFR and other covariates.
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2.3. Statistical analysis

The bivariate spatial association was used to explore the spatial
relationship between CFR and environmental factors. The spatial data
was analyzed using the Earth Engine Code Editor, R and ArcMap soft-
ware. We applied the Bayesian approach that includes explaining the
data by meaningful mathematical models, and allocating credibility to
parameter values that are consistent with the data and with prior
knowledge. When the data grows rapidly with rare events and increased
expectation of the number of observed rare events, then the best results
are obtained. The final estimates were improved by this method of
analysis to reduce the uncertainty related to the situation and efficiently
manage rare events (Fudenberg et al., 2017).

The Bayesian model used in our analysis is a multivariate linear
regression model that uses a relevant prior distribution. In a regression
model, a p-dimensional normal prior distribution is denoted by N, with
prior mean vector iy and prior covariance matrix » o. Now, for j = 1(1)
p, the regression coefficients p; has a normal distribution with mean y;
and variance cjz. According to Bayes’ rule, the posterior distribution
(Bayes and Hume, 1763) considered in this model is given below-
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n

Posterior= H [(ﬂo +pXia+... J,-ﬁPXip).Vi (1 Byt P Xi +ﬂpXip)liyl]

i=1

A linear probability model with normal priors was created as it is
more appropriate in this context as all the variables are continuous. A
large class of algorithms for generating a representative random sample
from a distribution is called Markov Chain Monte Carlo (MCMC)
methods. Regardless of which particular sampler from the class is used,
in the long run they all converge to an accurate representation of the
posterior distribution. The bigger the MCMC sample, the finer-
resolution picture we have of the posterior distribution (Andrieu et al.,
2003).

Convergence Diagnostics: There are four diagnostic plots for the
convergence which include-times series plots, trace plots, density plots
and auto-correlation plots (Fig. 1). The times series plots indicate good
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Fig. 2. Spatial distribution of the pollutants during the study period (April 26, 2020 to July 10, 2021) over India; (a) NO,, (b) SO,, (c) O3 and (d) AOD.
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convergence over time. The trace plots have the parameter values
plotted at each iteration. There are no visible drifts in the plots, indi-
cating convergence. The kernel density plots do not depict multi-
modality and are roughly Gaussian, although not exact. The density
plots of all the variables satisfy convergence criteria except for RH. The
autocorrelation plots also evidently show convergence with increasing
lag values.

3. Results
3.1. Spatio-temporal distribution of the pollutants

The spatial distribution of different air pollutants during the study
period is presented in Fig. 2. Both SO, and NO» are highly concentrated
over the Eastern region of India. A higher concentration of NOy can be
observed in the capital of India, Delhi. However, a reduction of the
column density of the Os layer was seen towards the Southern part of
India, whereas the density was highest in Northern India. The Gangetic
region and some parts of the Eastern region showed a higher concen-
tration of AOD during the study period. A complete lockdown was
implemented in India from March to May 2020 in India. The effects of
the lockdown on air pollution were reflected in the temporal distribution
of the pollutants (Fig. 3). As our study was carried out from April 2020, a
sudden fall in the concentration of pollutants was observed in the first
twelve weeks. A steady upward trend in AOD after the lockdown period
clearly illustrates the contribution of human activities to air pollution.

3.2. Spatio-temporal shift of COVID-19

This section covers the spatial pattern of confirmed cases, infection,
and CFR over time. Further, it shows a spatial association between
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environmental parameters and cCFR. The estimation of air pollution
factors affecting the CFR of COVID-19 is presented at the end.

The timeline of cumulative confirmed cases and their spatial distri-
bution has been shown in Fig. 4. A rapidly rising graph of cumulative
cases can be observed from July 2020, and during that time, Western
India had the highest number of cases. However, the study observed a
spatial concentration of cases in Western and some parts of Southern
India during the peak of the first wave of COVID-19 in September 2020.
Again, the second wave in India was observed from March 2021, and a
rapidly rising number of reported cases can be seen in Fig 4. In contrast,
Western, Southern, and some parts of Eastern India contributed signif-
icantly. A seasonal pattern of CFR can be observed in Fig. 5. The figure
shows two peaks in June, which had declined until October. The trend
line of CFR increased slowly to January, then shrunk until April, from
where a rapidly growing trend of CFR was identified in the study.

Fig. 6 depicts the spatial pattern of infection rate and CFR across 640
districts of India. It is worth noting that the regional heterogeneity
existing in terms of the infection rate of COVID-19 is distinct in India.
The occurrence of infection rate was concentrated in most of the West-
ern and Southern regions of India. Interestingly, the lowest level of
infection rate was observed in the Central region. The spatial pattern of
CFR shows a higher concentration in Northern and parts of Western
India. Although the infection rate of Sothern India was greater, the CFR
was lower in that region.

3.3. Spatial association between environmental parameters and COVID-
19

The spatial association between environmental parameters and CFR
across the districts of India is shown in Fig. 7. Multiple spatial clusters
are simultaneously formed for environmental determinants and CFR,
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Fig. 3. Temporal distribution of the pollutants during the study period (April 26, 2020-July 10, 2021) over India.
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Fig. 5. Time series plot of CFR in India during the study period, April 26, 2020 to July 10, 2021 in India.

indicating an unequal and varied distribution of CFR across India.
However, four main spatial clusters can be recognized during the entire
study period. The first cluster was developed over Western India for all
the environmental factors, where maximal contribution was from the

state of Maharashtra. The second cluster was observed in Northern
India, especially the Upper Indo-Gangetic region, which covers the
states of Punjab, Haryana, Delhi, Uttar Pradesh, and Bihar. Although a
significant spatial association between CFR and all the pollutants such as
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NOy, SO5, and O3 was identified in the Upper Gangetic region, the as-
sociation was highest for AOD. The last cluster was located in the
Southern part of Tamil Nadu (see Fig. 7) (see Table 1).

3.4. Time-series analysis

The Bayesian linear regression analysis showing the estimation of
environmental factors affecting the CFR has been presented in Table 2 .
The analysis controlled all possible confounders. From the graphical
summaries as already explained in the method section (see Fig. 1) it can
be seen that the MCMC convergence of relevant factors were satisfied.
The regression results show that theCFR increases 40.89 units with one
unit increase in temperature (MCSE: 0.01, p < 0.001). The CFR also
increases significantly by 20.79 units with a unit increase in RH (MCSE:
0.02; p < 0.001). The CFR shows positive relation with AOD, thus
indicating that with a unit increase in AOD there is around a 0.99 unit
increase in CFR (MCSE: 0.01, p < 0.001). With a unit change in NO; in
the atmosphere, there is a 16.54 unit increase in CFR (MCSE: 0.02; p
<0.001). The level of ozone too had a significant positive association
with CFR (MCSE: 0.13, p <0.001). Availability of beds in the hospitals,
state-level burden of cardiovascular and respiratory diseases, the per-
centage contribution to Gross State Domestic Product (GSDP), urban
growth, population density, and dependency ratio were considered in
the model as confounding factors. The predicted case fatality has been
plotted in Fig. 8 after model fitting indicating a good normal fit.

4. Discussion

In this study, we have explored the spatial shift of the COVID-19
pandemic over time across Indian districts. We visualize how the clus-
tering pattern of active COVID-19 infected cases changed from the first
phase to the peak of the second phase of the pandemic across India, i.e.,
from April 26, 2020, to July 10, 2021. The spatial distribution of the
infection rate and CFR of COVID-19 can help depict the pandemic sit-
uation quantitatively. Finally, the time series analysis shows the

association between environmental factors and the CFR for COVID-19 to
bridge the huge gap in Indian literature in this arena of research.

4.1. Indian perspective on air pollution

Air pollution is attributed as one of the most potent environmental
risks to health, especially in low and middle-income countries. The
significant role of air pollution in cardiovascular health and disease is
reflected in the recent WHO estimates of the burden of premature deaths
occurring due to outdoor ambient air pollutants with the highest
numbers reported in South-East Asia and Western Pacific countries
(WHO, 2022). In India, the mandate under the Air (Prevention and
Control of Pollution) Act has aimed to set standards for the quality of air
to meet internationally prescribed requirements. However, as per Cen-
tral Pollution Control Board (CPCB) data from 2009, levels of Particulate
Matters in India far exceed the international recommendations with
annual time-weighted average PM; 5 levels being 4 times higher and
PMj levels being 3 times higher than WHO guidelines (WHO, 2020a).
This calls for a dire need to address measures to cut down PM levels,
among other factors contributing to air pollution as this could signifi-
cantly reduce pollution-related deaths in the country. Our study reveals
a reduction of varying pollutants after imposition of lockdown in India.
While the lockdowns implemented during the course of the pandemic
had an impressive influence on reducing PM levels , policies supporting
cleaner industry, transport, energy-efficiency, and better municipal
waste management are crucial to diminish key sources of outdoor air
pollution and with it bring an expected decline in spread of communi-
cable diseases like COVID-19 (Kumari et al., 2014).

4.2. Spread of the disease

The first case of COVID-19 was detected in the Southern region of
India. A national lockdown was announced on 24™ March 2020 to
decelerate the spread of the virus (Arunachalam and Halwai, 2020). Our
study establishes a clustering of COVID-19 cases in Western India
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10, 2021 in India.

followed by Southern India. Such spatial spread can be explained
through the flow of migration. In the first wave of the pandemic, a huge
number of people were affected in the Western region, where Mahara-
shtra, and especially its metropolis of Mumbai, contributed to the
highest number of infections (Ramasamy and Sundararajan, 2020). The
Census 2011 states that Maharashtra and Delhi support the highest
number of in-migrants in India (IRG, 2011). A large number of
in-migrants reside in Mumbai and adjoining cities for economic oppor-
tunities (Bhagat and Keshri, 2020). Post-lockdown, most of the migrants
tried to return to their place of origin by road transportation or even by
foot (John and Kuruvilla, 2021). Thus, there was a greater possibility of
spreading the virus over space. India announced phased unlocking from
June 2020 onwards (Arunachalam and Halwai, 2020) considering the
economic needs of the nation. Therefore, the movement of people
returning to their permanent residences from different states and
countries was further aggravated. India, especially Southern India is one
of the major origin countries of migrant workers to the Middle East
(Kodoth, 2020; Rajan and Saxena, 2019). Along with rapid testing and
return migration, the virus started spreading across the Southern region
of India (Jesline et al., 2021; Sarkar, 2021).

After the second week of June, the recovery cases started to exceed
the active cases. A reduction in the rate of infection was observed in the
month of September (Murhekar et al., 2021). Post-mid-January, people
gradually started to normalize the situation and tackled the social and
economic burden faced during the lockdown. The government
announced the ‘endgame’ of COVID-19 at the beginning of 2021 (Lan-
cet, 2021). People started gathering for social and political events.
Although the vaccination program against the pandemic commenced in
January, initially it was slow-paced, as the first priority was for the

frontline workers followed by older persons with comorbidities and
lastly, the general population (Kumar et al., 2021).

Our study depicts a laggard spread of the infection in North and East
India. Such lag is due to the resurgence of the infection in the second
wave in mid-2021 in India. The second wave of COVID-19 began in
March 2021 and this wave was more dangerous as compared to the first
wave (Lancet, 2021). This wave surged with a national emergency due
to the relaxation of lockdown for several humanitarian and realistic
reasons leading to uncontrolled public gatherings. Such free movement
led to a crisis in Northern and Eastern India (Chakraborty et al., 2021;
Quadri, 2020). The delta variant in the second wave was found to be
60% more transmissible than the alpha variant. The strain was also more
deadly and common among the young and affluent population (Shieh-
zadegan et al., 2021). A national emergency was observed due to the
huge number of hospitalizations (Lancet, 2021). A large number of
deaths was seen in the second wave with the death rate reaching 1.4
from 1.0 in the first wave. However, previous studies found spatial
disparities in infection and death rate of COVID-19 (Salvatore et al.,
2021). The COVID-19 infected patients with comorbidities such as lung
diseases, heart diseases, hypertension, and obesity were more prone to
severe infection and death (Asirvatham et al., 2021).

4.3. Environment and infection

Our study observed a significant association of environmental pa-
rameters with the CFR of COVID-19 in India. Air temperature, AOD, SO,
and O3 were found to be significantly associated with CFR of COVID-19
in the study. Past environmental studies explored that respiratory dis-
eases are closely influenced by environmental factors
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Table 1
Study area-wise literature review showing environmental pollution impact on COVID-19.
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Authors Pollutants Country Study period Health Effect
Rahman et al. (2020)  Temperature, CO» 149 countries January 1, 2020-May COVID-19 lethality was negatively associated with temperature.
10, 2020
Bashir et al. (2020) Temperature, Relative humidity, USA March 1, 2020-April Mean temperature, minimum temperature, and air quality were
Wind Speed, Air Quality, Rainfall 12, 2020 significantly associated with the COVID-19 pandemic
Fattorini & Regoli NOy, O3, PM;, PMa.5 Italy 2016-2019 Long-term air-quality data was significantly correlated with COVID-19
(2020) cases across 71 Italian provinces
Mendy et al. (2021) PMay.5 USA 2009-2018 1pg/mincrease in annual PM, 5 was associated with 18% higher
hospitalization rates.
Chattopadhyay and SOy, NOy, PM;o India 2017-2019 Spatial auto regressive models suggest that COVID-19 death in
Shaw, 2021b Mumbeai is associated with higher ambient NO,.
Liu et al. (2020) Temperature, Relative humidity China January 5, Various meteorological factors were associated with increasing
2020-March 2, 2020 COVID-19 cases with accumulated time duration up to 14 days.
Zhu et al. (2020) daily mean temperature, relative China January 23, 1°Crise in the mean temperature was associated with a 4.8% increase

humidity, air pressure, and wind

2020-February 29,

in the daily COVID-19 cases in China.

speed 2020
Gupta et al. (2021) PM;, PMa.5 India, Pakistan, 2020 Exposures to PM; s over a long period, was significantly correlate with
Indonesia, China COVID-19 mortality per unit reported cases compared to PM;q (p <
0.05).
Setti et al. (2020) PM;o Italy February 24, PM; appeared to be a significant predictor of COVID-19 infection
2020-March 13, 2020 across 110 Italian provinces (p < 0.001).
Sajadi et al. (2020) Temperature, Relative humidity, =~ Multi-Country January 1, 50 cities across the globe, along the 30° N to 50° N latitudes cities have

2020-March 10, 2020

Wang et al. (2021) Temperature, Relative humidity China, USA 2020

Adhikari and Yin Ozone, PM; 5 USA 2019
(2020)

Comunian et al. PM Italy 2020
(2020)

Kolluru et al. (2021) PM; 5, PM;, CO, O3, AQI India 2020

shown transmission of COVID-19 with 5-11 °C temperature combined
with low specific and absolute humidity.

Negative correlations are found between temperature/relative
humidity and the reproductive number (R value) in both China and
the USA.

Daily average temperature, daily maximum 8-h ozone concentration,
average relative humidity, and cloud percentages were significantly
and positively associated with daily COVID-19 infection.

PM played a significant influence in the transmission of COVID-19
across different Italian cities where the daily PM concentrations were
found to be greater than the permissible limit in the months prior to
the pandemic.

Temperature was strongly correlated with the COVID-19 cases and
deaths during the lockdown (r = 0.54; 0.25) and unlock period (r =
0.66; 0.25). While, O3 and temperature explained variability, up to
34% and 30% of COVID-19 confirmed cases and deaths respectively.

Table 2
Bayesian multivariate linear regression model estimation of environmental
factors with CFR of COVID-19.

Covariates Case fatality rate
Mean Coefficient (CI) MCSE

Temperature (°C) *(40.782,41.002) 0.0087
RH 20.790%**(20.454,21.157) 0.0217
AOD 0.997%**(0.865,1.132) 0.0108
SO, (mol/km?) —1.170%**(-1.276, —1.076) 0.0135
NO, (mol/km?) (16.392,16.674) 0.0183
03 (mol/km?) *%%(0.121,0.131) 0.0003

Note: ***-p<0.001; **- p < 0.01; *-p<0.05; MCSE: Monte Carlo Standard error;
RH: Relative humidity, AOD: Aerosol Optical Depth, SO: Sulphur dioxide, NOy:
Nitrogen dioxide, Os: Ozone, Controlled for hospital beds, cardiovascular disease,
respiratory disease, Gross State Domestic Product, urban , population density, de-
pendency ratio .

(Campbell-Lendrum and Priiss-Ustiin, 2019; Santana et al., 2020;
Schraufnagel et al., 2019). However, in India, this is the first pan-nation
research that reveals a strong relation between COVID-19 and envi-
ronmental condition, especially the air quality.

Past studies explored a negative association between temperature
and mortality due to COVID-19 and these studies are from developed
countries (Adhikari and Yin, 2020; Malki et al., 2020; Li et al., 2020). On
the contrary, Rahman et al. (2020) stated that temperature is positively
associated with COVID-19 mortality in low and middle-income coun-
tries. Our study also found a positive association of CFR with tempera-
ture, consistent with the previous study conducted in India and the
subcontinent. A time-series analysis further stated that rising levels of
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Fig. 8. Predicted case fatality rate (CFR) after model fitting.

temperature increase the COVID-19 mortality rate (Ma et al., 2020).
High temperature is not only responsible for chronic diseases among
older people but also among those who possess a weak immune system,
leading to deaths with comorbidities among COVID-19 infected persons
(Lin et al., 2009). The mean age of the deceased person in India is 62 and
85% of them were suffering from one or multiple comorbidities
(Asirvatham et al., 2021). In addition, India is the leading country in the
world in premature deaths and disability-adjusted life years (DALY)
attributable to high temperatures (Song et al., 2021). One study from
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Pakistan, the neighbouring country of India, also found a similar asso-
ciation (Basray et al., 2021). Thus, the study found a potent role of
temperature with mortality due to COVID-19. Further, a seasonal
pattern of CFR was observed in the study. The peak of CFR was observed
in the month of June which corroborates the previous studies conducted
in India (Jha et al., 2022; Laxminarayan et al., 2021). However, a
virological investigation is required to understand the mechanisms
behind it.

In the study, a significant association was also observed between CFR
for COVID-19 and air pollutants such as AOD (PMy 5 and PMjg), SO,
and O3. PMj 5 is the leading health risk factor as it can penetrate deep
into the human body (Xing et al., 2016). Air pollution and exposure to
SARS CoV-2 lead to “double-hit” and severe lung injury (Frontera et al.,
2020a). PMy 5 enters peripheral airspace and may facilitate viral in-
fections by interacting with the renin-angiotensin system (RAS) of the
lungs. SARS-CoV-2 binding to ACE-2 can lead to deficient
anti-inflammatory action in severe lung injury (Bourdrel et al., 2021;
Xing et al., 2016). Moreover, long exposure to PM; 5 is associated with
cardiovascular and respiratory dysfunctions, which increases the risk of
death among COVID-19 infected patients (Semczuk-Kaczmarek et al.,
2021).

India ranks 168 out of 180 countries worldwide in terms of PMs 5
concentration (Wendling et al., 2020). Moreover, 14 most polluted cities
among the top 15 are contributed by India (Environmental Performance
Index, 2020). India loses 1.36% of GDP due to premature deaths and
morbidity attributable to air pollution (Balakrishnan et al., 2019).
Interestingly, we found a spatial association of CFR with PMjy 5 in the
Upper-Gangetic region, where AOD is at its highest level in India (Das
et al., 2021). Long term exposure to air pollutants can increase the
susceptibility to the infection (Semczuk-Kaczmarek et al., 2021). This
virus can be transmitted through particulate matters, especially PM; 5
(Comunian et al., 2020; Nor et al., 2021).

The air pollutants decreased during the lockdown periods of the
pandemic. However, an increasing level of surface ozone was observed
in India during that period (Allu et al., 2021; Das et al., 2021). Ozone,
one of the primary greenhouse gases, is extremely harmful to human
health. Long exposure to ozone is not only responsible for premature
deaths but also comorbidities such as cardiovascular and respiratory
diseases (Adhikari and Yin, 2020; Allu et al., 2021; Xu, 2021). In addi-
tion, pre-exposure to Og increases cellular protease activity, which helps
the virus to enter the host cells. This proteolysis has a major role in
spreading respiratory viruses, including SARS CoV-2 (Bourdrel et al.,
2021; Kesic et al., 2012). In line with our findings, previous studies also
found a positive association between mortality for COVID-19 and
exposure to Os (Adhikari and Yin, 2020; Kolluru et al., 2021).

Our study indicates that a high level of SO is significantly associated
with death due to COVID-19. Previous epidemiological studies found
that long exposure to SO is a risk factor for respiratory inflammation
and a series of respiratory complications (Marques and Domingo, 2022;
Reno et al., 2015; Santana et al., 2020). Moreover, short-term exposure
to SO5 has been considered by past evidence as a risk factor for ischemic
heart disease, leading to comorbidities for COVID-19 death (Orellano
et al., 2021).

4.4. Issues related to data and possible explanations

One of the major limitations of the study includes the lack of socio-
economic and demographic profile of the expired cases, where the
analysis could have controlled those factors for more robustness. Future
studies, including more in-depth inclusion of factors catering to social,
economic, medical and other climatic factors, are recommended for a
more comprehensive understanding. We were not able to include the
most recent scenario of the disease due to limited information that is not
deemed fit for spatial analysis. We could not deny the reporting error
related to infection and death. However, the argument in favor of our
findings is that, in the case of reporting error of death, fatality would
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have also been higher in the South and other better urbanized/devel-
oped states of India for better reporting of such deaths, and that is not
the case. The study reveals that the infection was higher in South India,
Maharashtra, and Punjab which could be due to more testing. Had there
been reporting bias in fatality, it would have shown higher concentra-
tion in states where health surveillance, testing and reporting, etc were
better. However, the North has more fatality and one of the strong
reasons for higher CFR is air pollution as shown in our study. The state-
wise overall excess mortality during this critical period of pandemic is
given in the recently published paper of Jha et al. (2022). States that
experienced excess mortality can easily be linked to COVID-19 deaths
and again it is supporting our findings of more mortality concentration
in North India.

India’s notably higher COVID-19 death rate in 2021, compared to the
lower-than-expected death rate in 2020, requires further research due to
the fact that the nature of the virus changed between these two waves.
Similarly, tracking infection and death rates, and release of detail data
are essential to understand the effects of future viral variants.

5. Conclusions

This study provides evidence to support the role of environmental
factors in the spread of COVID-19 in India. The study suggests that air
quality is a significant element associated with COVID-19 related
morbidity and mortality, which demands concentrated attention for air
quality management and disease control. Policies should be designed to
tackle this as one of the risk factors, which has the potential to exacer-
bate the infection, especially in highly susceptible population groups.

A spatial shifting of the COVID-19 clustering from Western to
Southern India followed by the Northern and the Eastern parts of India
were observed in the research. We established a significant association
between COVID-19 and pollution (AOD, Os, and NO,). Long-term
exposure to poor air qualityleads to living with multi-morbidities and
dysregulated immune systems, which increases the possibility of dying
due to COVID-19. Clean air should be part of the approach to protecting
human health. Since a significant relation of environmental factors on
CFR is observed in India, it is important to develop an effective miti-
gation policy and a public attitude towards precautionary measures to
overcome this epidemic in India.
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