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ARTICLE INFO ABSTRACT

Keywords: The first incident of COVID-19 case in India was recorded on 30th January, 2020 which turns to 100,000 marks
COVID-1'9 on May 19th and by June 3rd it was over 200,000 active cases and 5,800 deaths. Geographic Information Sys-
Pandemic tem (GIS) based spatial models can be helpful for better understanding of different factors that have triggered
GWR COVID-19 spread at district level in India. In the present study, 19 variables were considered that can explain the
MGWR s ps . . . o . . . . I .

India variability of the disease. Different spatial statistical techniques were used to describe the spatial distribution of

COVID-19 and identify significant clusters. Spatial lag and error models (SLM and SEM) were employed to exam-
ine spatial dependency, geographical weighted regression (GWR) and multi-scale GWR (MGWR) were employed
to examine at local level. The results show that the global models perform poorly in explaining the factors for
COVID-19 incidences. MGWR shows the best-fit-model to explain the variables affecting COVID-19 (R2= 0.75)
with lowest AICc value. Population density, urbanization and bank facility were found to be most susceptible for
COVID-19 cases. These indicate the necessity of effective policies related to social distancing, low mobility. Map-
ping of different significant variables using MGWR can provide significant insights for policy makers for taking

necessary actions.

1. Introduction

The pandemic of this century which is created by the COVID-19, has
become a major challenge to the nations. As of June 5th 2020, more
than 6,704,010 peoples are reported positive worldwide and more than
393,233 peoples lost their life due to COVID-19. Following the devas-
tating impact of this infectious virus, the United Nations has declared
the situation as human, economic, and social crisis (United Nations. De-
partment of Economic and Social Affairs Social Inclusion. 2020). As per
record of the World Health Organization, this virus was first observed
in the Wuhan city of China. Later on, the virus has moved in differ-
ent countries through human body transmission and the international
passengers have worked as the carrier unknowingly and unintention-
ally (Lau et al., 2020). India, a south Asian country, has also affected
critically by this. Initially, the number of corona virus positive case was
very low in India and the Government of India has undertaken several
crucial steps immediately to stop the spread of this virus in the country
(Tata Capital blog, 2020). However, despite of several actions like sus-
pension of visas, shut down of all educational institutions, compulsory
14 days of isolation of people who had travelled abroad, taking samples
for COVID test etc., the number of positive cases in India is increasing
gradually. Currently, each day India registers record number of positive
cases and, most importantly, the report of positive cases are coming out

* Corresponding author.

almost from every state. As of June 5%, 2020, more than 0.22 million
confirmed cases have been reported in India. Though the number of
cases is not very high in respect to the entire country’s population size
at present, it becomes crucial in terms of its intensity and increasing
rate. Therefore, the number of positive cases will likely to increase in
the upcoming days. Besides, due to the high negative impact of lock-
down on the country’s economy, the Government of India has decided
to end the lockdown in the country phase wise on and from June 1st,
2020. It will also lead to the increase in the number of positive cases at
a rapid speed.

Recent researches regarding COVID-19 had identified multiple fac-
tors associated with this incident, such as, temperature (Liu et al., 2020;
Wang et al., 2020; Yongjiana et al., 2020; Zhu and Xie, 2020), air pollu-
tion (Wu et al., 2020), humidity (Auler et al., 2020; Gupta et al., 2020;
Ma et al., 2020), smoking (Taghizadeh-Hesary and Akbari, 2020) and
WaSH effects (Das et al., 2020), social vulnerability (Kang et al., 2020)
which may regulate the severity and rate of COVID-19 spread. Identifi-
cation of risk factors related to demographic, socio-economic, building
environment is essential at every phase of this pandemic for all practi-
cal purpose of preventing the spread of COVID-19 virus. It is already
observed that poor demographic, socio-economic, building environ-
ment, poor health structure are considered possible factors for spreading
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Table 1

List of variables taken as explanatory variables in the study.
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Dimension Indicator Source Description
Adaptive Availability of health facility per lakh District wise RHS data,
2019
Availability of banking facility Census of India, 2011
Literacy rate Census of India, 2011
Asset index Census of India, 2011 Average of HHs have Radio/Transistor, Television,
computer/laptop, telephone/mobile, bicycle, Scooter/
Motorcycle/Moped, Car/ Jeep/Van
Housing index (good condition, permanent hh, own) Census of India, 2011 Average of HHs have good condition of house,
permanent house and own house
% of population have very high blood sugar NFHS 4 Includes both male and female
% of population have very high hypertension NFHS 4 Includes both male and female
Sensitivity Percentage of population of age 60 and more NFHS 4
Percentage of population of age 6 and less Census of India, 2011
% of HH having water inside premises Census of India, 2011
% of HH having sanitation inside premises Census of India, 2011
% of Households use clean source of fuel Census of India, 2011 Fuel sources that do not cause much pollution to the
environment
% of Households having electricity Census of India, 2011
Exposure Max temperature World climate

Min temperature
Precipitation
Urbanization rate
Household density
Population density

World climate
World climate
Census of India, 2011
Census of India, 2011
Census of India, 2011

Percentage of urban population to total population

infectious diseades like HIV, Influenza, Tuberculosis, Pneumonia etc.
(Khalatbari-Soltani et al., 2020; Bluhm and Pinkovskiy, 2020;
Bérnighausen et al., 2020; Huang et al., 2017; Farr et al., 2000). These
studies may suggest that similar pattern might be visible for this newly
emerged virus. However, more studies are needed in context of develop-
ing countries in different contexts that considers large variety of deter-
minants for getting a complete scenario. Developing country like India
with huge population of 1.38 billion faces major problems in different
issues like lack of proper infrastructure, unemployment, social inequal-
ity, poor health structures etc, could be a perfect unit of study for un-
derstanding different contributing factors of COVID-19. Moreover, most
of the studies do not emphasize these important factors which need to
be explored to gain more awareness about this pandemic. Therefore the
main question arise here is that what is the potential impact of demo-
graphic, socio-economic, building environment or health structure on
COVID-19 incidence.

GIS is an excellent platform to examine the spatial epidemiology and
mapping of infectious diseases. Spatial statistics and mapping can aid the
process of providing insights to fight against a pandemic and improving
public health (Mollalo et al., 2020; Ramirez-Aldana et al., 2020). Very
few researches had been made using GIS technique regarding the vectors
of COVID-19 pandemic (Das et al., 2020; Das et al., 2020b; Gibson and
Rush, 2020; Lakhani, 2020).

Spatial statistics tools are excellent way to investigate the relation-
ship between different independent variables and COVID-19 disease out-
break (Ramirez-Aldana et al., 2020). In this study, different spatial anal-
ysis and regression models were performed to examine the COVID-19
situation in India and how well the models can explain the vectors of
COVID-19 outbreak in India considering different explanatory variables.
This study in India with respect to COVID-19 will be helpful in (i) access-
ing the role of different influencing factors to the practitioners and ad-
ministrators; (ii) addressing the spatial vulnerability of the community
to the COVID-19 district-wise; (iii) development of effective mitigation
strategies.

2. Data and methodology
2.1. Study area

India, a country of South Asia with 1.38 billion people
(https://www.worldometers.info), is the second largest populous

country in the world. As per the Census of India 2011, the population
density in India is 382 persons/sq. km, which is comparatively very
high concerning the western world. This country is very vulnerable to
the spread of corona virus due to very dense population. Therefore,
it becomes essential to find out the role of different factors that are
associated with high possibility of the spreading of the virus. India
is composed of 640 districts (Census of India 2011). This study is
conducted in case of the whole India (Fig. 1).

2.2. Data collection

For this study, relevance data were collected from different offi-
cial websites. District level COVID-19 cases across the country were re-
trieved from https://www.covid19india.org on June 3rd, 2020. COVID-
19 data was used as the dependent variable.

A list of 19 variables (Table 1) categorized into three broad di-
mensions namely adaptive, sensitivity and exposure were considered.
These variables are related to the demographic, economic, health facili-
ties, community facilities, building environment etc. As discussed earlier
these variables may be considered as the explanatory factors for COVID-
19 cases.

2.3. Spatial autocorrelation

Moran’s I statistics was used to estimate the global autocorrela-
tion and spatial distribution of COVID-19 cases and different variables.
Moran’s I helps to understand the distribution pattern. The outcome of
the analysis is produced in two types of map, LISA cluster map and
LISA significant map. LISA cluster map were generated to understand
the contribution of each district in the analysis. LISA cluster types are:
high-high (HH), low-low (LL), low-high (LH) and high-low (HL). HH
and LL clusters indicate significant clusters surrounded by clusters with
similar high or low values respectively.

In this study both univariate and bivariate LISA cluster maps were
obtained. In a bivariate cluster, HH cluster refers to a cluster with high
value of first variable surrounded by a cluster with high value in second
variable. Bivariate cluster naps were use to understand the individual
effect of variables over the COVID-19 diseases.
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2.4. Spatial linear models

To understand the relationship between variables and COVID-19
rates, five different spatial models were used. These are ordinary least
squares (OLS), spatial lag model (SLM), spatial error model (SEM), geo-
graphically weighted regression (GWR) and multiscale GWR (MGWR).
The former three models are global models and the later are local mod-
els.

2.4.1. Ordinary least squares (OLS)
OLS is a global regression method which investigates the relationship
between a dependent and various independent variables. It is shown as-

Yi= Pot+xipte (¢))

Where, y; is the dependent variable (in this study COVID-19 inci-
dence) in an area i, f0 is the intercept, x; is the vector of selected ex-
planatory variables, § is the vector of regression coefficients, and ¢; is a
random error term.

2.4.2. Spatial Lag Model (SLM)
This method shows the dependency between the dependent and in-
dependent variables. It is denoted as-

yi= Bt xB+pWy +e¢; )

where p is the spatial lag parameter, and W; is a vector of spatial weights
(a row of the spatial weights matrix). Eq. (2) is formed by disintegrating
the error term in Eq. (1) (Ward and Gleditsch, 2018).

2.4.3. Spatial Error Models (SEM)
SEM postulates spatial dependence in the error term of OLS and ex-
plain the errors in Eq. (1). It can be shown as-

3

where at county i, ¢i indicates the spatial component of the error, A
indicates the level of correlation between these components, and &i is a
spatially uncorrelated error term (Ward and Gleditsch, 2018).

yi= B+ x;p+ AW +¢;

2.4.4. Geographically weighted regression (GWR)

GWR is an extension of global regression models that fail to show
relationship between variables over space. GWR helps to derive param-
eters for each location separately (Mollalo et al., 2020). It is denoted as-

vi= o+ 2B “

Jj—1

jX,-j+s,», i=1,2, ..., n

where at an area i, y; is the value for dependent variable, g;, is the
intercept, fj; is the jy, regression parameter, X;; is the value of the jg,
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Fig. 2. Spatial distribution of COVID-19 cases (3" June, 2020)

explanatory parameter, and ¢; is a random error term (Mollalo et al.,
2020).

2.4.5. Multiscale GWR (MGWR)

It is expected that the scale of all involved variables could not be
same over the space as GWR does. Therefore, MGWR is an extension of
GWR that helps to study this relationship at different scales with multi-
ple bandwidths. It can be formulated as-

m

y,.=2pbwjxij+ei, i=1,2 ..,n 5)
=0

where f,,; is the bandwidth used for calibration of the jg, relationship

(Mollalo et al., 2020), and the rest of the parameters are the same as
Eq. (1).

2.5. Data validation

In this part, procedures were taken to eliminate the non-significant
variables . Pearson’s correlation was applied to identify the highly cor-
related variables and variance inflation factor (VIF) was used to identify
the multi-collinearity among the variables. The global models and spa-
tial autocorrelation and LISA (Local Indices of Spatial Correlation) were
obtained using Geoda 1.12. GWR was implemented using GWR 4.0 soft-
ware and MGWR was implemented using MGWR 2.2 software. R2 value
and AICc values were taken into consideration to compare the perfor-
mance of models in explaining COVID-19 incidences across the country
(Mollalo et al., 2020).
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3. Results and analysis
3.1. Spatial distribution and autocorrelation of COVID-19 between districts

Spatial distribution of COVID-19 cases is presented in Fig. 2. It is
observed that the highest rates of COVID-19 cases are located in the
western and southern parts of India. Significant autocorrelation can be
observed from Fig. 3 (Moran’s I= 0.35, p= 0.001), indicates that COVID-
19 cases between the districts is highly spatially correlated.

Fig. 3 shows significant clusters of COVID-19 cases. The cluster was
delimited with four zones. High-high cluster with red colour indicates

towards the district of Maharashtra, Tamilnadu and West Bengal with
significant COVID-19 cases surrounded by similar cases. In contrast, lo-
low cluster with blue colour is delimited with low COVID-19 cases sur-
rounded by similar cases towards the districts of North-eastern states,
Jammu and Kashmir, Madhya Pradesh, Chhattishgarh, Orissa (Fig. 3).

3.2. Summary statistics of variables for COVID-19 spread

After the selection and correlation analysis among the 19 selected
variables, only three variables were selected to be included in the suit-
able model analysis. These are, households having bank facility, urban-
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Fig. 4. Bivariate LISA cluster and significant map between significant variable and COVID-19 cases, A) Population density, B) Urbanization in 2011, C) Households

have banking facility.
Table 2 Maps for each significant variable with COVID-19 cases are pre-
Summary statistics for OLS model. sented in Fig. 4. Bivariate LISA significant cluster was performed be-
Variable Coefficient T-statistics sig. VIF tween each variable and COVID-19 case. A positive autocorrelation was
observed between population density and COVID-19 rates (Moran’s I=
CONSTANT ~428.30 -1.07 0.28 B 0.13, p= 0.002). Districts with high population density and high COVID-
Bank facility 4.19 0.62 0.54 1.09 T ' ' A | N .
Urbanization 11.01 1.74 0.08 1.45 19 cases are almost same with the areas with high-high and low-low
Population density 0.34 7.97 0.00 1.38 COVID-19 clusters. There is a positive spatial correlation between urban-

ization and population density. It is observed from Table 2 that, these
selected variables have very low multi-collinearity as the VIFs value is
less than the threshold value of 5 (less than 1.5) (Mollalo et al., 2020;

O’brien, 2020).

ization and COVID-19 rates (Moran’s I= 0.07, p= 0.001). The positive
relationship between bank facility and COVID-19 cases is also confirmed
(Moran’s I= 0.03, p= 0.001). Both high-high and low-low clusters are
almost same with the district of cluster for COVID-19 cases. This shows
that inspite of having low Moran’s I value, overall the variables are spa-
tially correlated with COVID-19 rates indicates the direct association
among them.
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Table 3

Summary Statistics for SLM and SEM models.
Variable Coefficient Std. Error Z-Score P-Value

SLM SEM SLM SEM SLM SEM SLM SEM

CONSTANT -396.53 -749.83 374.04 526.71 -1.06 -1.42 0.29 0.15
Bank facility 3.23 9.50 6.36 8.60 0.51 1.10 0.61 0.27
Urbanization 5.92 8.51 5.93 6.49 1.00 1.31 0.32 0.19
Population density 0.33 0.44 0.04 0.04 7.97 10.23 0.00 0.00
LAMBDA - 0.54 - 0.05 - 11.55 - 0.00
W_Covid case 0.44 - 0.05 - 8.92 - 0.00 -

Table 4
Comparison of different models for goodness of fit in modelling COVID-19 rates.

Criterion OLS SEM SLM GWR MGWR
Adj R2 0.15 0.30 0.25 0.74 0.75
AlCc 11977.06 11887.36 11921.26 11253.73 963.90

3.3. Spatial modelling for COVID-19 rates

A suitable spatial model is necessary as OLS model has shown a very
low adjusted R2. Low adjusted R2 of OLS implies that almost 85% of the
COVID-19 cases across India are caused by unknown variables which are
not captured by the model. Therefore this study confirmed the need for a
spatial model to picture the COVID-19 incidents. Table 3 shows the sum-
mary statistics of spatial lag model (SLM) and spatial error model (SEM).
These models show an improvement of performance than global OLS
model in modelling the COVID-19 factors in India. In both cases autore-
gressive lag coefficients (i.e., p and 1) are strongly significant (p<0.000).
Between these two models, lag model shows relatively low standard er-
ror than error model. However, both SLM and SEM models shows better
performance than OLS, but still a poor performance regarding the fram-
ing of COVID-19 cases in India (Table 4). This result may be caused by
the neglected scale at local level involved in modelling the COVID-19
incidence in India.

To test the factor of scale in modelling the COVID-19 incidences, two
local level regression model were employed namely GWR and MGWR.
According to Table 4, adjusted R2 value increases significantly and it is

15% in OLS, 30% in SEM, 25% in SLM, 74% in GWR model and 75% in
MGWR model. This numeric figure showed that MGWR can explain upto
75% of the variables that are causing the COVID-19 incidences in India.
This fact is also supported by the dropping figure of AICc from 11977.06
for OLS to 963.90 for MGWR. This indicates that MGWR model is the
most suitable model for modelling COVID-19 incidences with the high-
est R2 value and lowest AICc which is slightly higher than the regular
GWR model.

Figs. 4, 5 and 6 show the results of coefficients of GWR and MGWR
for the selected variables. As observed form the Fig. 5, effect of popula-
tion density demonstrates almost similar pattern describing the COVID-
19 incidence in India at district level for both GWR and MGWR models.
Population density is an important factor in influencing the COVID-19
rates across the country especially in the western parts like Gujarat, Ma-
harashtra for both models.

In Fig. 6 the impact of bank facility over COVID-19 incidences is
inconsistent between GWR and MGWR models. However, it shows the
similar kind of impact like the population density. The western part
is showing high coefficients values than the north, eastern and north-
eastern part of India.

Fig. 7 describes the impact of urbanization on COVID-19 cases. This
figure also shows the inconsistency between the impact in GWR and
MGWR models. In GWR model, it is observed that there is not any gen-
eral spatial pattern whereas the MGWR model reflects a similar spatial
pattern like Figs. 4 and 5.

Fig. 8 shows the spatial distribution of local R2 values associated
with population density, bank facility and urbanization in India in both
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GWR and MGWR model. In GWR model, it is observed that there is
no significant general pattern of R2 distribution at local level. On the
contrary, in MGWR, it is found that the district of Gujarat, Maharashtra,
Karnataka, Kerala, Tamilnadu, Andhra Pradesh, West Bengal, Tripura,
Mizoram had very high R2 value which indicates a very decent fit of the
model in these areas. Although there is a clear difference between the
goodness of fit of both GWR and MGWR model, it is found that MGWR
model is most suitable for predicting the COVID-19 incidences in India.

4, Discussion

In this study, GIS based approach was adopted for modelling the
COVID-19 incident and its vectors. 19 explanatory variables were

considered that could potentially explain the pattern of COVID-19
outbreaks. These variables were broadly categorized under three
groups, such as, adaptive, sensitivity and exposure. After analyzing
the variables and removing the tendency of multi-collinearity, three
important variables were considered for the further study namely
population density, HHs (Households) having bank facility and rate
of urbanization. Several statistical models had been used to model the
incidence and the relationship with the explanatory variables. Among
the models, MGWR was found to be the best model in explaining the
factors of COVID-19 incidence rate.

The study demonstrates that urbanization rate shows a positive effect
over COVID-19 cases. As a demographic process, it leads to an increase
in human mobility and population density, which ultimately reduces the
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social distancing. Along with that, the level of pollution, overcrowding
becomes also relevant for COVID-19 outbreaks. More importantly, this
study shows that population density has the most significant effects over
COVID-19 outbreaks. Findings of GWR and MGWR show a significant
positive relationship between COVID-19 diseases and population den-
sity. Increasing population density facilitates spread of the disease at a
very fast rate due to lower social distancing.

However, this study does not found any significant contribution
of climatic phenomena over COVID-19 outbreaks. In their study
over China, Ma et al., (2020) found positive integration between
temperature range and COVID-19. The role of older adults also does
not show any significant contribution in controlling COVID-19 diseases.
In Iran, Ramirez-Aldana et al., (2020) found this factor as the most
important factor having the maximum effect over COVID-19 outbreaks.
They predicted that, 1% increase of older aging more than 60, can
cause a multiplicative effect of 1490 COVID-19 cases.

However, this study has some limitations. The main limitation of this
study was the data availability. Most of the data of the variables used
as explanatory variables were backdated and not updated. Another lim-
itation was, different states and union territories (UT) have their own
perspective of policy making. Therefore, this generalised proposal of
policy taking may cause extraordinary impacts on different cases. This
study also does not include different pre-existing health issues such as,
mental tension, cardiovascular conditions which are considered vulner-
able to COVID-19. Incorporation of such risk factors may be helpful in
influencing COVID-19 (Bansal, 2020; Saha and Chouhan, 2020). For ex-
ample, it is observed that persons with pre-existing health issues are
more susceptible and vulnerable to the Covid-19 (Mhango et al., 2020;
Tahmasebi et al., 2020). Therefore, inclusion of the number of persons
having co-morbidity may deliver slightly better output. Future studies
may focus in improving the vectors that not only transmit disease but
also relates transmission dynamics.

5. Conclusion

Despite all the limitations, this study approached a spatial statistical
analysis that helps to identify district level variation of potential factors
that facilitates COVID-19 disease. It may be also applicable for others
countries with similar characteristics. This study considers multiple fac-

tors for the outbreak of this pandemic and could help to monitor the
areas with high incidence rates. GWR and MGWR are very helpful in
monitoring the relationship between COVID-19 and variables. The result
confirmed that MGWR accomplished the highest goodness-of-fit among
the other models. The performance of MGWR can vary over different
nation in response to different variables. This study could be helpful for
further research for modelling disease.
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