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Abstract The world has now facing a health crisis due to

outbreak of novel coronavirus 2019 (COVID-19). The

numbers of infection and death have been rapidly

increasing which result in a serious threat to the social and

economic crisis. India as the second most populous nation

of the world has also running with a serious health crisis,

where more than 8,300,500 people have been infected and

123,500 deaths due to this deadly pandemic. Therefore, it

is urgent to highlight the spatial vulnerability to identify

the area under risk. Taking India as a study area, a

geospatial analysis was conducted to identify the hotspot

areas of the COVID-19. In the present study, four factors

naming total population, population density, foreign tourist

arrivals to India and reported confirmed cases of the

COVID-19 were taken as responsible factors for detecting

hotspot of the novel coronavirus. The result of spatial

autocorrelation showed that all four factors considered for

hotspot analysis were clustered and the results were sta-

tistically significant (p value\ 0.01). The result of Getis-

Ord Gi* statistics revealed that the total population and

reported COVID-19 cases have got high priority for con-

sidering hotspot with greater z-score ([ 3 and [ 0.7295

respectively). The present analysis reveals that the reported

cases of COVID-19 are higher in Maharashtra, followed by

Tamil Nadu, Gujarat, Delhi, Uttar Pradesh, and West

Bengal. The spatial result and geospatial methodology

adopted for detecting COVID-19 hotspot in the Indian

subcontinent can help implement strategies both at the

macro and micro level. In this regard, social distancing,

avoiding social meet, staying at home, avoiding public

transport, self-quarantine and isolation are suggested in

hotspot zones; together with, the international support is

also required in the country to work jointly for mitigating

the spread of COVID-19.
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1 Introduction

The newly discovered 2019 coronavirus (COVID-19 or

2019-nCoV) is an example of severe acute respiratory

syndrome coronavirus or commonly known as SARS-CoV,

which was rapidly spread over 37 countries of the world

during 2002–2003 and caused more than 8000 confirmed

cases and 800 deaths [1]. On 11th March 2020, the

COVID-19 was declared as a pandemic by the world health

organization [2]. The new coronavirus is a respiratory tract

infection that started in the Wuhan city of China. But

presently spread over many countries of the world. By 25th

July 2020, about 15,676,604 confirmed cases and about

638,577 deaths across 188 countries had reported [3].

In India, the first 2019-nCoV case was reported in

Kerala on 30th January 2020, the positive COVID-19

patient was a student returning from Wuhan, China [4].

Since the beginning of the COVID-19 in India, major

strategies for enhanced vigilance and preparedness were

initiated at both state and district level to fight with

2019-nCoV. But the situation was not hopeful and 360
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more confirmed cases were reported on 22nd March from

23 states/union territories throughout India, which resulted

to announce nationwide lockdown by Prime Minister till

14th April. However, the cases rapidly increased after 22nd

March and currently reach to 13,37,022 confirmed cases in

all 33 states/union territories as on 25th July 2020 [5].

In this crisis of public health, the Government of India

continuously making new initiatives to fight with the

COVID-19 and extend the timeline of nationwide lock-

down till 3rd May. To reinforce the government’s initia-

tives, all districts of the country have now categorised into

three zones, naming red, orange, and green. More than 170

districts have declared as red zone (a large number of

positive cases) and 207 as green zone (limited number of

positive cases) based on the number of confirmed cases

reported [6]. With constantly increasing the number of

cases, maximum districts have a chance to come under the

red zone. In this regard, the present study aimed to identify

major hotspot (red zone) of the COVID-19 by considering

responsible factors and using the geospatial technique.

The hotspot is an emerging and dynamic concept which

changes with time-based on diseases spread. A hotspot is a

spatial tool that helps in ensuring the centre of emerging

cases. Presently, different geospatial techniques have been

frequently applied for tracing and monitoring the

2019-nCoV pandemic. A recent study showed the appli-

cation of geographic information system and spatial tools

for mapping the incidences of SARS-CoV-2 globally [7].

Their findings suggest that how spatial methods can be

helpful to identify locations of new health facilities to the

affected groups. As a critic of this work due to lack of

available resources and time to build new health facilities,

the present emphasized to identify locations of new cases

and hotspot which can more help to make emergency

measures in existing facilities available.

As an aim to deal with a communicable and infectious

disease, it is difficult to decide a particular factor for the

COVID-19 based on which hotspot can be declared. That’s

why the present study employed three more responsible

factors towards the outbreak of this disease besides with

reported 2019-nCoV cases. Data from the Registrar Gen-

eral & Census Commissioner, Government of India was

used to show spatial pattern and cluster of the district-wise

total population and population density. The foreign tourist

arrivals data was collected from the Ministry of Tourism,

Government of India to spatial interpolate and recognize

the high percentage of foreigner’s arrivals. Additionally,

district-wise total infected persons were mapped to identify

the hotspot throughout India. The locations of hotspot were

recognized and suggested for critical preparedness, readi-

ness and response actions towards this health crisis of the

COVID-19.

2 Materials and methods

The present study aimed to map COVID-19 hotspot in

India. To reach such aim different conditioning factors had

been considered and geostatistical assessment performed.

The detail of methodology adopted in this study is shown

in Fig. 1.

2.1 Study area

India is the second-largest populous country of the world,

located in South Asia between 08�040N to 37�060N and

68�70E to 97�250E. Presently, India has 28 states and 8

union territories. India is the home of 1,369 million pop-

ulations. Many health risks can arise due to overpopulation.

Human health is at risk as to the denser the population [8].

The rapid growth of population has created many envi-

ronmental challenges and the emergence of various air-

borne and infectious diseases. In the past, several diseases

like malaria, cholera, influenza, dengue, and tuberculosis

were also spread in India and affected a large population

[9].

Now, India is running by another health problem, it is a

novel coronavirus. Even after taking many initiatives, after

1st July constantly more than 20,000 coronavirus cases

have been reporting every day. No medical treatment,

medicine, and the vaccine can fight to decrease the rate.

Based on numbers and frequency of cases, many cities like

New Delhi, Mumbai, Pune, Thane, Ahmedabad, Chandi-

garh, Bengaluru, Kanpur, Kasaragod, Indore, Bhopal,

Kochi, Bhubaneswar, Mohali, Jaipur, Chennai, Kolkata,

Tirunelveli, Guntur, Gurugram, and Noida are now treated

as the COVID-19 hotspot (Fig. 2). These areas can also be

considered as hotbeds for spreading this community

infection to other areas shortly. The Government of India

has enhancing rapid vigilance and preparedness measures

to fight against the COVID-19 in every corner of the

country. Besides, the present study, hotspot analysis would

offer a new finding for increasing spatial surveillance for

the country.

2.2 Conditioning factors for mapping COVID-19

hotspot

In the present study, total population, population density,

total foreign tourist arrivals (FTAs) to India and total

confirmed cases of the COVID-19 were considered as

determining factors for hotspot mapping. The COVID-19 is

a novel coronavirus and researches are still going on to

understand more about this fatal virus. About little infor-

mation of the COVID-19 says that this disease spreads

through close contact by breathing, coughing, sneezing and
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even after touching an object or materials that has this

virus. There are still not invented any measure or treatment

to fight with this virus, but the rate of spread can be slowed

by keeping social distance, avoiding social meet, staying at

home, avoiding transport, managing for self-quarantine and

isolation.

Thus, the areas with a high proportion of the population

can be considered as vulnerable areas of spreading this

disease. Along with those places that are recently visited by

outer country’s people that has this virus can also be vul-

nerable towards the outbreak of this disease. So, in the

present study, four factors i.e. total population, population

density, foreign tourist arrivals (FTAs) and last one month

confirm cases of the COVID-19 were considered for spatial

mapping and hotspot analysis in Indian districts.

A large number of population and high population

density is a responsible factor for spreading the COVID-19

pandemic. Many innovative and productive cities with

large clustering of people have also vulnerable to this

infectious disease. Population density is a key factor that

determines the vulnerability of a place. It is evidenced by

the reported cases of the COVID-19 that has hit hard in

many places across the world. A densely populated city

like New York, London, and Mumbai with a large

population, dense residential areas, and diverse global flow

of foreign tourists have reported the worse situation to this

pandemic and it is important to differentiate hotspots by

considering the characteristics of places from where it first

cropped and spread [10].

In the case of India, the novel coronavirus has spread

because of many factors that have found by analysing

many cases of highly affected states. Indian state like

Maharashtra, Delhi, Chennai, Kolkata, Bangalore, Hyder-

abad etc. are highly urbanised, densely residential areas

and a high proportion of the floating population. These

cities have also busiest airport service in the country which

supports maximum foreign tourist inflow inside India from

different countries like USA, China, UK, Russia, Germany,

France, Italy and many others. Indeed, this kind of foreign

passenger’s inflow inside India is the warning of high risk

to this fatalities infection in this situation [11]. The first

confirmed case of COVID-19 in India was reported on 30th

January 2020 in a south-western state. The affected person

had travelled from Wuhan city, China [12]. But till 1st

March 2020, either confirmed or deceased cases were

raising, although Mumbai, New Delhi, Bengaluru, Hyder-

abad, Kolkata, and Patna were in the high suspected list.

After 20th March, both confirmed and deceased cases are

Fig. 1 Flow chart showing details of methodology adopted in the present study
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continuously raising and now reached to more than

158,093. Not only large population and high density are

responsible for such spreading, one of the important reason

behind this crisis is that the passengers arrived from abroad

were initially not checked in the busiest airport or other

check post.

Now India is going a nationwide lockdown since mid-

night 23rd March and ordered of Prime Minister to con-

tinue till 31st May, which may extend further after that

dateline. But even after completely lockdown no expected

result appeared and constantly increasing both confirmed

and deceased cases. Thus, in this worse situation of the

Fig. 2 The COVID-19 hotspot areas based on number and frequency of reported cases
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COVID-19, it is relevant to the spatial analysis of this

novel coronavirus in India.

Based on reported cases, the Government of India has

declared many districts as a hotspot to COVID-19, while

others are classified as non-hotspot and non-infectious

districts. But this was done only based on reported cases.

Those districts have reported a large number of confirmed

cases, were declared as hotspot district. Indeed, it is correct

for analysing hotspot, the number of infected cases is

important but this will not predict the future areas of the

hotspot to this pandemic. Thus, in the present study, the

relevant factors mentioned above (i.e. the total population,

population density, foreign tourist arrivals (FTAs) in India

between December and February, and reported COVID-19

cases) were considered for hotpots detection which not

only shows the present hotspot areas but also predicts more

vulnerable areas to novel coronavirus for future.

For micro-level analysis, district wise-population data,

total FTAs in the last three months and confirmed cases of

COVID-19 were taken into consideration. The district-wise

total population and population density are shown in the

supplementary file (Table S1). As per the data of the

Ministry of Tourism, a total number of 377,092, 738,803,

and 381,267 foreign tourists arrived in India during

December 2019, January 2020, and February 2020

respectively. The average percentage of shares of topmost

countries has mapped (Fig. 3). The district-wise COVID-

19 confirmed cases were also considered as an important

factor for analysing the hotspot.

2.3 Data source

Three types of numeric data like number and density of

population, the percentage of foreigners arrived, and the

latest data on confirmed COVID-19 cases were used in this

study. The district-wise population data of 2011 was

obtained from the official website of the Registrar General

& Census Commissioner, Government of India. The total

population of each district of India were divided with the

respective area to calculate the density. The data on foreign

tourist inflow to India for December, January, and February

was collected from the Ministry of Tourism, Government

of India. Moreover, the data on COVID-19 from 30th

January to 17th May 2020 was collected from the Ministry

of Health and Family Welfare (MoHFW), Government of

India and data of 17th May 2020 was used for spatial

mapping (Table S1). For preparing GIS database and spa-

tial distribution, the district-level shapefile was created

from district administrative division (Scale-1:25,000,000)

and numeric data were joined in attribute field of each

district by geo-coding and matching with district code in a

GIS environment.

2.4 Spatial autocorrelation

Spatial autocorrelation had been used to show the degree of

similarity in respect of other nearby objects. Generally,

Global Moran’s I statistics had been used to measure the

spatial correlation in which three types of classification

statistics have appeared as positive, negative and no auto-

correlation [13]. The positive and negative autocorrelation

shows respectively similar and dissimilar values cluster in

a map. The Global Moran’s I statistics are comparable to

the Karl Pearson coefficient [14], which is expressed as:

MI ¼
N

Sa

X

l

X

k

Wlk
yl � pð Þ yk � pð Þ
P

l yl � pð Þ2

where MI is the Global Moran’s I statistics, N is the No. of

districts; and Sa is the spatial attribute, which is further

defined as:

Sa ¼
X

l

X

k

Wlk

Wlk is the component in the spatial weight equivalent to the

observation pair l, k, yl and yk for areas l and k with mean y.

The summation of spatial weights are equal to 1

(
P

Wlk = 1). Primarily in spatial autocorrelation, a spatial

matrix needs to construct that contains evidence about the

neighbouring location. The non-neighbouring locations are

assumed weight of 0.

The spatial autocorrelation produces five statistical

values, naming Moran’s I index, expected index, variance,

z-score, and p value. Where z-score and p value indicate

statistical significance. The value of Moran’s I index ranges

between ? 1 and - 1; where a positive value points

toward clustering and a negative value points toward dis-

persion (Table 1).

2.5 Cluster-outlier analysis

The Global Moran’s I statistics generally specify the ten-

dency of clustering and dispersing of similar and dissimilar

values. While, Cluster-outlier distinguishes between sta-

tistically significant (p\ 0.01) and insignificant (p[ 0.01)

cluster of low values (low-low) and high values (high-

high), the outlier of low value which is surrounded by high

values (low–high), an outlier of high value surrounded by

low values (high-low). Additionally, Anselin Local Mor-

an’s I was used here to observe the spatial outlier. A pos-

itive and negative value of ‘I’ indicates that the selected

feature is respectively enclosed with similar and dissimilar

values. The Anselin Local Moran’s I is interpreted with the

context of returned z-score and p value. A p value less than

0.01 (99% significance level) was taken for local auto-

correlation (Table 2).
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Fig. 3 The source countries from where foreigners came during last three months (based on e-Tourist Visa)

Table 1 Spatial autocorrelation of different factors considered for hotspot analysis of the COVID-19 using Moral’s I statistics

Factors Observed (Moral’s I) Expected Variance z-score p value Pattern

Total population 0.6075 - 0.0013 0.000268 37.167 0 Clustered

Population denisty 0.1035 - 0.0013 0.000241 6.7563 0 Clustered

Foreign tourist arrivals (FTAs) 0.11 - 0.0013 0.000257 6.956 0 Clustered

Reported 2019-nCoV cases 0.0879 - 0.0013 0.000258 5.5559 0 Clustered

The value of Moran’s I index (observed) ranges between ? 1 and - 1. The positive values imply more clustering and significant. p\ 0.01

indicates statistically significance of the cluster
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2.6 Incremental spatial autocorrelation

For hotspot analysis in a GIS environment, the scale of

analysis is important which specify the distance value.

Incremental spatial autocorrelation is an autocorrelation by

distance. It runs the Global Moran’s I (spatial autocorre-

lation) for measuring the intensity of clustering with

increasing distances. The output z-score is used to deter-

mine the intensity of clustering. Usually, z-score indicates

the rate of clustering that intensified with increasing dis-

tance. But at a certain distance, z-score become peaks,

which reveal distances where clustering are most promi-

nent (Fig. 10).

2.7 Hotspot analysis and detection of vulnerable

zones (Getis-Ord Gi* statistics)

A hotspot is defined as a region which has a greater con-

centration of incidences as compared to the expected

number of random distribution [15]. Hotspot indicates the

form of clustering in spatial distribution [16]. The main

difference between density and hotspot is that both analyse

the cluster but density is not statistically significant, while

hotspot uses features to identify statistically significant

locations in the data.

Hotspot generates z-scores and p values. A significant

hotspot is indicated by a high z-score and low p value,

while a negative and low z-score indicates a significant

cold spot. In the present study, Getis-Ord Gi* (G�
i ) was

used to separate the clusters of high values (hotspot) from

clusters of low values (cold spots). The Getis-Ord Gi*

statistics is expressed as:

G�
i ¼

Pn
l¼1 Wl;kyk � Y

Pn
l¼1 Wl;kffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

p
Pn

l¼1
W2

l;k
�
Pn

l¼1
Wl;kð Þ2

n�1

S

r

where yk is the attribute value of the feature k;Wl;k is the

spatial weight of l and k, n is the total number of features,

and;

X ¼
Pn

k¼1 yk

n

S ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

k¼1 y2k
n

r
� X
� �2

The result expresses the high z-score and low p value of

computed G�
i which represent the statistical significance of

spatial clusters. In the present study, G�
i was used to detect

the vulnerable and non-vulnerable areas of the COVID-19

by representing hotspot (spatial clusters of high values) and

cold spots (spatial clusters of low values) respectively.

3 Results

3.1 Spatial results

The hotspot mapping of 2019-nCoV in the present study

was based on a number of the total population, population

density, foreign tourists arrival in the last three months, and

reported confirmed cases of the COVID-19. Hotspot and

cold spot were identified by district-wise data. The pre-

sumption was areas with high population, density, and high

rate of tourists from abroad could be more vulnerable to the

COVID-19. The spatial autocorrelation was then run to

prove the presumption. The spatial results based on total

population revealed that the ‘Thane’ district of Maharash-

tra with 11,060,148 populations is the highest populous

district and Dibang Valley of Arunachal Pradesh is the

lowest populous district in India. Many other districts of

Maharashtra, Gujarat, Bihar, Tamil Nadu, Haryana, Uttar

Pradesh, Andhra Pradesh, and West Bengal have a high

population (Fig. 4). In term of population density, about

80% districts of Uttar Pradesh, Bihar, West Bengal,

Telangana, Kerala, and Tamil Nadu have greater than

500/Km2 population density. Additionally, maximum

COVID-19 confirmed cases have been reporting from some

districts of these states like Mumbai, Kolkata, Hyderabad,

Chennai, East Delhi, North East Delhi, Central Delhi,

Nizamabad, and Kamareddy, where population density is

more than 20,000/km2 (Fig. 5).

Table 2 Cluster-outlier analysis of different factors considered for hotspot analysis of the COVID-19 using Getis-Ord Gi* statistic

Factors Observed (Moral’s I) Expected Variance z-score p value Remarks

Total population 0.375776 - 0.00132 0.000068 45.59242 \ 0.01 HC

Population denisty 0.129985 - 0.00132 0.00005 18.49292 \ 0.01 LC

Foreign tourist arrivals (FTAs) 0.180797 - 0.00132 0.000086 19.65839 \ 0.01 LC

Reported 2019-nCoV cases 0.263732 - 0.00132 0.000054 36.07419 \ 0.01 HC

HC highly considered for COVID-19 hotspot, LC least considered for COVID-19 hotspot
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In the beginning, foreign tourist’s arrival was also

played an important role in spreading COVID-19

throughout India. Result of the last three months data

(December to till the international flight ban to India)

revealed that USA, UK, Russian Federation, and China

constantly shared a large percentage of FTAs to India.

Others major countries like Malaysia, Australia, Canada,

France, Italy, Germany, Singapore, and Japan also shared a

countable percentage (Fig. 6). Three international airport

naming, Delhi airport, Mumbai airport, and Dabolim (Goa)

airport received about 10–35% of the total incoming for-

eigners. Others important airports like Chennai, Bengaluru,

Kolkata, Kochi, Hyderabad, and Ahmedabad also received

denumerable percentage (Fig. 7).

The attribute data of foreign tourist arrivals have map-

ped using inverse distance weighting (IDW) interpolation

technique (Fig. 8). The result revealed that Delhi, Punjab,

Haryana, Rajasthan, and maximum districts of Madhya

Pradesh and Maharashtra are major states that have maxi-

mum spatial coverage of FTAs and the maximum con-

firmed cases of COVID-19 have been reported from these

states. District-wise reported confirmed cases of the

COVID-19 from 30th January to 15th July was mapped to

show the spatial distribution of this pandemic in India

(Fig. 9). The spatial result showed that there are more than

110 districts of different states like Delhi, Maharashtra,

Punjab, Haryana, Rajasthan, Gujarat, Andhra Pradesh,

Kerala, Tamil Nadu, Telangana, Uttar Pradesh, Chhattis-

garh, and West Bengal where greater than 300 per/district

COVID-19 positive cases have been reported. Some dis-

tricts have reported higher confirmed cases like Mumbai

(98,980), Chennai (82,198), Thane (87,781), Pune

(66,614), Ahmadabad (20,097), Kolkata (13,808), Surat

(8421), Indore (5182), Jodhpur (4311), Bhopal (3894) and

Jaipur (3902).

3.2 Spatial autocorrelation of the COVID-19

The Global Moran’s I statistics of spatial autocorrelation

showed that all four factors considered for hotspot analysis

of the COVID-19 were clustered and the results were also

highly significant (p value\ 0.01) (Table 1, Fig. 10). The

Fig. 4 District-wise total

population of India
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Fig. 5 District-wise population

density (persons/km2)

Fig. 6 The % shares of topmost

source countries availing

e-Tourist Visa
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Fig. 7 The % shares of topmost

airports in tourist arrivals on

e-Tourist Visa

Fig. 8 The interpolation map

showing foreign tourist arrivals

in India through major airports
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spatial autocorrelation result of the distribution of total

population produces the highest Moran’s I value as 0.6075

which reveals that the probability of random chances is

[ 1%. On the contrary, reported 2019-nCoV cases to offer

lowest Moran’s I value as 0.0879. We can, therefore,

conclude that the similar values of each factor tend to have

a similar distribution, can be high or low. Also, the lower

value of Moran’s I, indicating that the random probability

of cluster occurs in a very close or small district. This

finding specifies that the COVD-19 is being occurred in the

cluster which is randomly distributed throughout the

country. Based on this result, the output locations may be

considered a hotspot for the future days, where strategies

should strictly execute for controlling this crisis.

3.3 Cluster analysis and incremental spatial

autocorrelation of the COVID-19

The high and low value of cluster analysis indicates the

pattern of COVID-19 distribution with respect to distance.

The result of G�
i statistics showed that every factor

considered for hotspot analysis of the COVID-19 is highly

clustered (Table 2). In this table, the p value highlights the

possibility of the observed spatial distribution of points

generated by a random process. The low p value means it is

less possibility that observed value is the result of random

processes. Contrary, high value shows more chances of

random processes. A higher value of z-score and lower p

value indicates the best result and highly cluster. The

values of z-score related to G�
i statistics revealed that dis-

trict-wise total population and reported COVID-19 cases

have high z-score. Thus, for analysing hotspot, these two

factors were given more priority.

3.4 Hotspot areas

Hotspot analysis helps in identifying statistically signifi-

cant locations of an incidence and mapping the areas of

hotspots and cold spots with the help of z-score. A minus

value of z-score indicates cold spots, while plus value

means hotspot. In the present study, there were found some

locations with high spatial clusters that can be considered

Fig. 9 District-wise confirmed

cases of COVID-19
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for the hotspot of COVID-19 in India. In Fig. 11, the red

and green spots indicate statistically significant hotspot and

cold spot respectively. The figure shows spatial locations of

novel coronavirus that spread over maximum districts of

India. Among four factors, distribution of total population

and the COVID-19 cases have got more priority based on

z-score of Getis-Ord Gi* statistic. Based on the total pop-

ulation of respective districts of each state, the map shows

that Maharashtra, Andhra Pradesh, Uttar Pradesh, West

Bengal, and Rajasthan state have more hotspot with a high

value of z-score ([ 3). Based on district-wise reported

COVID-19 cases, the result portrayed that excepting the

districts of the north-eastern state of India and Union ter-

ritory (UT) like Puducherry, Andaman & Nicobar Islands,

Lakshadweep, Daman Diu, and Dadra & Nagar Haveli,

more or fewer districts of all others states and UTs are

hotspot to the COVID-19 with a high value of z-score

([ 0.8745). While, two other factors i.e. population density

and foreign tourist arrivals to India also produce statisti-

cally significant hotspot with a positive value of z-score as

[ 0.7836 and[ 0.7698 respectively, but these were least

considered due to lower z-score of Getis-Ord Gi* statistic.

4 Discussion

Coronavirus is a newly discovered virus and infectious

disease that rapidly spreading in every corner of the world

and causes more than 1,220,500 deaths globally. Presently

no treatment or vaccine invented for this fatal disease. The

Fig. 10 Graphical presentation of the result of spatial autocorrelation a total population, b population density, c foreign tourist arrivals and

d confirmed cases of COVID-19
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Fig. 11 The COVID-19 hotspot

map of India a based on district-

wise total population; b based

on based on district-wise

population density; c based on

percentage of foreign tourists

arrivals to India; d based on

district-wise confirmed cases of

the COVID-19
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Fig. 11 continued
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only solution to protect individual is self-quarantined,

social distancing, stay home, and avoid social gathering. In

this respect, hotspot detection will play an important role to

identify risk-prone regions and practice health safety

strategies. Many countries like India have been trying to

detect hotspots of the COVID-19 for taking reckonable

actions, but these are based on reported confirmed and

positive cases. However, the present study used geospatial

and geostatistical technique and other relevant factors

instead of only the COVID-19 cases to identify the most

significant factor which can be considered for detecting

hotspots of novel coronavirus in India. Currently, many

studies have been continuously focused on different aspects

of novel coronavirus throughout the world, like non-res-

piratory symptoms of the COVID-19 patients [17], control

and special attention towards the COVID-19 [18], pre-

dicting the possible domestic and international spread of

2019-nCoV outbreak [1], modelling and forecasting of the

2019 coronavirus outbreak [19], geographic information

system (GIS) and big data technologies in tracking, pre-

dicting, and effective assessment of COVID-19 [20], risk

map of COVID-19 infection in mainland Portugal using an

ensemble of geostatistical realizations [21]. But in their

study the application to geospatial technique and spatial

analysis of the COVID-19 have been not found. However,

this study is an attempt to apply the geospatial technique

and spatial statistics to examine and detect the hotspot of

novel coronavirus pandemic in India. The result of other

studies on different aspects had also shown the applica-

bility of geospatial analysis and its accuracy for decision

making [22–28].

The present work has some strength in this worse situ-

ation of the COVID-19 crisis, like (1) this is a GIS-based

study on novel coronavirus in India, which could offer a

foundation for further geospatial analysis and risk factor

determination of this deadly pandemic, (2) the findings of

this study reveal that geospatial mapping and spatial

statistics could be applied for rapid display and produce

maps by highlighting spatial and temporal variation of risk-

prone areas, (3) the results of the present study may be

helpful for a quick presentation of the COVID-19 hotspot

which further help for preparing effective control and

preventive strategies, (4) the COVID-19 hotspot is shown

in this study are distributed at smallest geographical areas

of India and which may be taken for emergency planning in

those districts come under hotspot zone.

The present study showed that geospatial and statistical

analysis plays a significant role in hotspot detection and

analysis of the COVID-19 pandemic. We used Moran’s I

and G�
i statistics revealed that the spatial structure of the

COVID-19 was statistically significant and highly

clustered, and detected hotspot throughout the country.

This proved that spatial autocorrelation is a significant tool

for studying the spatial structure of an incidence. Our

analysis suggested that district-wise total population is

more responsible for high numbering and out breaking of

the COVID-19 positive cases in the Indian subcontinent,

because of the high possibility of crowding and the social

contract. Another factor like a large number of confirmed

cases also revealed the possibility of more hotspot gener-

ation in the future.

5 Conclusions

In this worse situation of a health crisis due to the COVID-

19 pandemic, more researches are required to analyse risk

factor and spatial location. This initiative will support in

decreasing the doubling rate of confirmed cases. The pre-

sent study highlighted alike objective. A very high popu-

lous country like India needs to prepare an action plan

immediately to react, respond and recover the affected

groups and make strategies for vulnerable areas. The hot-

spot analysis of the present study can be helpful to reach

this target that which location of state or district should

give more attention, which locations are more effected and

which locations highly are more vulnerable in near future.

Hotspot analysis is a technique through which potential

diseases outbreak areas can be identified based on

responsible factors. Looking towards the nature of the

COVID-19, district-wise total population, population den-

sity, reported confirmed COVID-19 cases, and foreign

tourist arrivals in India were taken as a responsible factor

for detecting hotspot areas. The geospatial analysis and

spatial statistics suggested that these all factors are spatially

clustered (p value\ 0.01). The hotspot generated using

Getis-Ord Gi* statistic also revealed that the total popula-

tion and reported COVID-19 cases produced more accurate

hotspot as they produced higher z-score value (z-score[ 3

and [ 0.7295 respectively). Thus, the resultant hotspot

generated using these two factors will be considered as the

COVID-19 hotspot for India. The spatial locations of the

hotspot in our study will help the Government, district

administrative, local authorities, as well as residents of

hotspot location for taking actions and precautions against

this novel infectious disease.
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