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a b s t r a c t 

In this study, we trace the COVID-19 pandemic’s footprint across India’s districts. We identify its primary 

epicentres and the outbreak’s imprint in India’s hinterlands in four separate time-steps, signifying the 

different lockdown stages. We also identify hotspots and predict areas where the pandemic may spread 

next. Significant clusters in the country’s western and northern parts pose risk, along with the threat of 

rising numbers in the east. We also perform epidemiological and socioeconomic susceptibility and vul- 

nerability analyses, identifying resident populations that may be physiologically weaker, leading to a high 

incidence of cases and pinpoint regions that may report high fatalities due to ambient poor demographic 

and health-related factors. Districts with a high share of urban population and high population density 

face elevated COVID-19 risks. Aspirational districts have a higher magnitude of transmission and fatality. 

Discerning such locations can allow targeted resource allocation to combat the pandemic’s next phase in 

India. 

© 2020 Elsevier Ltd. All rights reserved. 
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. Introduction 

The emergence of the COVID-19 pandemic from Wuhan, China 

 Columbus et al., 2020 ; Lupia et al., 2020 ; Torales et al., 2020 ),

n December 2019 and its rapid dispersion across the globe 

 Bonilla-Aldana et al., 2020 ; Cruz et al., 2020 ), caught most coun-

ries and healthcare systems off-guard. Ameliorative measures 

anged from initially quarantining patients to progressively con- 

aining entire provinces ( Harapan et al., 2020 ), as the virus’ ambit 

rew beyond political and geographic boundaries. However, with 

he virus’ spread continuing unabated and being supplanted by 
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ransmissions from pre-symptomatic and asymptomatic individu- 

ls ( WHO 2020b ), partial and complete lockdown of regions and 

ntire countries were quickly adopted. Nations like India, where 

he outbreak became potentially threatening after its initial ram- 

age in East Asia and Western Europe Ceylan, 2020 , were some- 

hat quicker to impose such lockdown measures ( Lancet, 2020 ). 

Yet, despite such restrictions being imposed, many countries, 

ndia included, have experienced sharp jumps in cases due to ex- 

sting gaps in their healthcare systems and vulnerabilities in their 

ocioeconomic and political-administrative setups ( McAleer 2020 ), 

hich exacerbate contamination risk and dampen recovery rates. 

urthermore, the closure of offices and factories has already cast 

 lasting effect on the global economic landscape ( Ajami 2020 ; 

ong et al., 2020 ; McKibbin and Fernando 2020 ). Large numbers 

f low-income migrant workers, who mostly live on-site at their 

orkplaces or are heavily dependant on daily incomes/wages for 

ustenance, have perforce been uprooted. This has, in all proba- 
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ility, further reduced their ability to withstand a viral outbreak 

ue to impaired health from malnutrition/hunger and the need to 

ravel long distances to return to their original homes Singh, 2020 . 

uch a situation has especially emerged in India, where thousands 

f migrant workers mostly from the southern and western zones 

f the country, have thronged bus terminals and railway stations 

r have even attempted to travel across states on foot ( Lal 2020 ;

ingh et al., 2020 ), raising the spectre of further widespread com- 

unity transmission and the incursion of the virus into especially 

ocioeconomically vulnerable areas (and more importantly into ru- 

al hinterlands) that are ill-equipped in terms of healthcare (both 

t the individual and community level for resident populations and 

eturning migrants- Nacoti et al., 2020 ) and economic resources to 

eal with a surge in infections. 

We therefore seek to examine a number of aspects in this pa- 

er. Firstly , we delve into the pattern of the COVID-19 outbreak in 

ndia, relating this with air-travel from abroad (as the COVID-19 

s essentially an ’imported’ virus- WHO, 2020b ) and those availing 

he same within the country. Secondly , we track the contagion’s 

pread through the nation during the successive lockdown phases 

y mapping its geographic trajectories and its potential outreach 

ones, i.e. the areas where the virus is most likely to spread into. 

or doing this, we have had to perforce use slightly older data than 

hat which reflects the current situation, due to the intervening 

ag time for computation, analysis and writing up of the results. 

ome research accounts have noted that the contagion’s virulent 

ature is dampened and hindered by higher temperatures ( Briz- 

edon and Serrano-Aroca, 2020 ; Prata et al., 2020 ; Wu et al., 2020 ;

ie and Zhu, 2020 ) and that it reacts to raised humidity levels 

 Ahmadi et al., 2020 ; Luo et al., 2020 ; Qi et al., 2020 ), conditions

hich mostly persist across India. Along with this, some stud- 

es have reported that hydroxychloroquine or chloroquine-based 

rugs may be useful in combating this virus ( Colson et al., 2020 ;

ao et al., 2020 ; Singh et al., 2020 ), though this finding is dis-

uted as well ( Boulware et al., 2020 ; Hernandez et al., 2020 ). India

as had a history of chloroquine use and vaccination due to its 

istorical struggles with malaria ( Das et al., 2012 ; Anvikar et al., 

014 ), and it may thus be seemingly possible that her citizens are 

ikely more resistant to the COVID-19 threat. Based on the above 

wo aspects, we first estimate the epidemiological susceptibility of 

 particular location (since this is a medical/health issue foremost), 

dentifying those areas where the disease is most likely to affect 

eople. Subsequent to this, we examine the overall susceptibility 

f a region to a COVID-19 outbreak, factoring in the socioeconomic 

nd health conditions of its residents, which makes them more 

rone to succumbing to the virus. Finally, we look at the overall 

ocioeconomic vulnerability of the districts (i.e. where deaths are 

ost likely to occur) and its variation across the country. 

. Susceptibility and vulnerability analyses in context 

Susceptibility analyses are important to ascertain the likely 

ncidence of a disease and the populations it can affect 

 Lohmueller et al., 2003 ). This also helps health-care providers per- 

eive the risks involved for certain groups, in order to better in- 

uence their health-related behaviour ( BMJ, 2020 ; Brewer et al., 

007 ). In relation to the COVID-19 virus, a range of susceptibil- 

ty studies have been performed to understand how the phys- 

ological attributes of patients condition their response to the 

irus ( Rothan and Byrareddy, 2020 ; Shi et al., 2020 ; Zhao et al.,

020 ), and its links with the disease’s spread in different areas 

 Fanelli and Piazza, 2020 ; Karako et al., 2020 ). Other studies have

ompared habits like smoking ( Wang et al., 2020b , 2020c ) or ambi-

nt environmental conditions ( Coccia, 2020 ; Wu et al., 2020 ) with 

he virus’ threat and examined how co-morbidities can occur due 

o underlying health issues ( Li et al., 2020 ; Yang et al., 2020 ). 
2 
Attempts to estimate this coronavirus’ spread have how- 

ver been comparatively less in the overall Indian context 

e.g. Biswas and Sen, 2020 ; Dhanwant and Ramanathan, 2020 ; 

andey et al., 2020 ), with some regression models being em- 

loyed to predict virus outbreaks across the country ( Tomar and 

upta, 2020 ; Singh and Adhikari, 2020 ). Others have tried to 

stimate the COVID-19 ′ s prevalence within smaller regions (e.g. 

imha et al., 2020 for the southern Indian state of Karnataka and 

umar, 2020 for the western state of Maharashtra), measures of 

ontrolling its rampage across the country ( Mandal et al., 2020 ) 

nd the debilitating effects it can engender on the nation’s overall 

ealthcare system/setup ( Chatterjee et al., 2020 ). The other aspect 

xamined in the Indian context has been the efficacy of the imple- 

ented lockdown measures (e.g. Paital et al., 2020 ), following sim- 

lar studies that were undertaken elsewhere (e.g. Ibarra-Vega 2020 ; 

obias 2020 ). Sardar et al. (2020) in examining the effects of the 

nitial lockdown measures have opined that it would have little ef- 

ect in the western Indian states that are the most affected by the 

irus but can prove to be somewhat beneficial in other areas, while 

as et al. (2020) have provided guidelines on the critical commu- 

ity size required to make lockdowns effective. 

However, it has been demonstrated that there exists a great 

eal of heterogeneity in how people and regions respond to and 

re affected by this pandemic ( Sominsky et al., 2020 ), with an 

rgent need for further science-based assessments of the virus’ 

pread ( Bedford et al., 2019 ). With India being an extremely di- 

erse country, in geographic as well as socio-demographic aspects, 

t is very much feasible that the virus’ impact and spread will vary 

arkedly across regions. Furthermore, due to the large variations 

n economic and healthcare attributes across the nation, the phys- 

ological response and case-fatalities will also differ significantly 

cross areas. Therefore, we seek to examine the COVID-19 ′ s foot- 

rint across the nation and link it intricately with the situational 

ealities in different locales, something which is sorely required but 

as received scarce attention in the current context. 

. Database and methods 

.1. Data collection 

The entire analysis has been based on the district-level admin- 

strative zones ( Fig. 1 ) denoted in the Indian Population Census of 

011, which lists 640 districts nationwide, in order to keep par- 

ty with the Census datasets used. The number of district-level 

OVID-19 cases as reported by the Ministry of Health and Fam- 

ly Welfare (MoHFW), Government of India (GoI) was the principal 

econdary dataset utilised. This data was also used for the identi- 

cation of COVID-19 hotspots and analysis of its possible outreach. 

n 24th March 2020, the GoI ordered a nationwide lockdown for 

1 days (Phase-I), from 25 March - 14 April 2020, further extend- 

ng this in Phase-II (15 April–3 May) and then to Phase-III (May 

–May 17). Therefore, when this study was commenced in April 

020, the district-wise number of COVID-19 cases were collected 

n four dates from the MoHFW (GoI), database to understand the 

atterns of the virus’ spread in each timeslot and feasibly represent 

ach of the lockdown phases. These dates were- a) Pre-lockdown 

hase (on 23rd March); b) Early lockdown Phase (29th March); 

) Mid-lockdown Phase (10th April); and d) Late lockdown Phase 

18th April). Subsequently, the lockdown was extended till 31 May 

Phase-IV, though with significant allowances for transport and in- 

ustries/commercial establishments). To show this evolving situa- 

ion, we have subsequently also mapped the nationwide situation 

n 1 June 2020 and again on 15 July 2020 (see Section 4.5 ). 

Two sets of indicators were used for the ensuing suscep- 

ibility and vulnerability analyses. For selecting these, we con- 

idered all the relevant information at the district level that 

https://www.mygov.in/covid-19


K. Imdad, M. Sahana, M.J. Rana et al. Spatial and Spatio-temporal Epidemiology 36 (2021) 100390 

Fig. 1. India, with different States, Union Territories and their districts (Note: Administrative divisions are shown as per the Indian Population Census of 2011). 
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ould feasibly be associated with the COVID-19 outbreak (these 

atasets were collated from information made available by Office 

f the Registrar General of India (2011) , MoHFW (2016) , IIPS and 

CF (2017) and similar other sources – see Tables 1 and 2 ). The 

istrict-level susceptibility is related to the viral transmission, 

hile the vulnerability denotes the risk of fatality after infec- 

ion. We identified the various potential indicators based on an 

xtensive literature review (e.g. Coudhry and Avindandan, 2020 ; 

owd et al., 2020 ; França et al., 2009 ; Rocklov and Sjodin, 2020 ;

ajadi et al., 2020 ; Wang et al., 2020a , 2020b , 2020c ; WHO, 2020a ;

hong et al., 2020 ) and the parameters finally selected for both the 

usceptibility and vulnerability analyses basically encapsulate the 

istrict-wise overall socioeconomic, demographic, climatic, health 
3 
nd hygiene conditions. Their descriptions and references are listed 

n Tables 1 and 2 , respectively, while the conceptual framework de- 

ised for the entire workflow is depicted in Fig. 2 . 

.2. Methods 

.2.1. Linking air travel and COVID-19 cases 

Since the dispersion of the COVID-19 virus from its source re- 

ion and its subsequent entry into other locales was mostly via re- 

urning air-travellers, the initial spreading centres were most likely 

o develop around cities that handled large volumes of air traffic. 

he annual air passenger data for 2018–2019 was collected from 

he Airports Authority of India ( https://www.aai.aero/en ) for 54 in- 

https://www.aai.aero/en
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Table 1 

Indicators for estimating the susceptibility of infection by COVID-19. 

Indicators Assumptions/ Justifications/ References Data sources Weight (%) - 

Epidemiological 

susceptibility 

Weight (%) - 

Socioeconomic 

susceptibility 

Population density 

(per sq. km) 

Densely populated areas raise the risk of greater physical 

contact amongst people. As the SARS-COV-2 is a highly 

contagious virus, population density is an unavoidable 

measure ( Rocklöv and Sjödin 2020 ) 

Office of the 

Registrar General 

of India (2011) 

1 7 

Percentage of the total 

population living in 

urban areas 

Urban areas are particularly most vulnerable as they are the 

initial centres of the outbreak. The prevalence of slums 

within cities especially raises the risk of this viral 

transmission ( Coudhry and Avindandan, 2020 ). 

Office of the 

Registrar General 

of India (2011) 

1 7 

Percentage of women 

having 10th standard 

education and above 

Proxy parameter for awareness about the COVID-19 spread. It 

is assumed that if an area has a higher proportion of women 

with 10 or more years of schooling, then the overall 

household awareness will be higher and this can lower 

transmission ( Zhong et al., 2020 ). 

IIPS and ICF (2017) 1 7 

Percentage of 

households exposed to 

smoking 

Smoking or being exposed to smoking in any form can 

elevate the risk of infection from COVID-19 (WHO 2020). 

IIPS and ICF (2017) 1 7 

Percentage of anaemic 

women 

Undernourishment or micronutrient deficiency in the body 

raises the risk of infection from any communicable diseases 

( França et al., 2009 ). 

IIPS and ICF (2017) 1 7 

Percentage of 

underweight women 

IIPS and ICF (2017) 1 7 

Percentage of children 

stunting 

IIPS and ICF (2017) 1 7 

Percentage of children 

underweight 

IIPS and ICF (2017) 1 7 

Percentage of children 

anaemia 

IIPS and ICF (2017) 1 7 

Average temperature 

(in °C) 

Both lower temperature and humidity increases the risk of 

spreading COVID-19 ( Sajadi et al., 2020 ; Pramanik et al., 

2020a , 2020b ; Wang et al., 2020a ) 

WorldClim dataset 1 7 

Relative humidity (%) NASA GES 1 7 

Number of reported 

cases 

A higher number of cases already reported from an area may 

push it towards becoming a hotspot for further spreading. 

MoHFW 87 0 

Percentage of large 

household size (5 + ) 

Congestion of household members may elevate the risk of 

infections. 

IIPS and ICF (2017) 1 7 

Percentage of 

households with 

places for hand 

washing 

Hand-washing would reduce the risk of infection. IIPS and ICF (2017) 1 7 

Malarious districts/ 

chloroquine drug 

distributed areas 

Generally, malaria cases are calculated by Annual Parasite 

Index (API) [i.e. Plasmodium vivax (Pv) and Plasmodium 

falciparum (Pf)]. In malarious districts, chloroquine is the 

main drug used to alleviate symptoms. Since recent research 

proves that chloroquine has the potentiality to treat patients 

infected by SARS-CoV-2/COVID-19 ( Colson et al., 2020 ; 

Gao et al., 2020 ), it is assumed that immunity capabilities of 

people in malarious districts shall be higher than those in 

other areas. 

NVBDCP and 

Battle et al., 2015 

0 9 

Source: Prepared by the authors. 

Note: Zero (0), if specified in the columns of weights, indicates the exclusion of that variable from the model. 
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ernational airports across the country. The number of COVID-19 

ases within a district was used as an attribute of its centroid, and 

 spatial buffer analysis was done to understand the relation be- 

ween the distance from the airport and the number of COVID-19 

ases. The Inverse Distance Weighting interpolation method was 

sed to represent the ratio between the number of COVID-19 cases 

nd the number of air passengers for each international airport, 

ith higher ratios obviously indicating the greater likelihood of a 

arge number of COVID-19 cases emanating from or being trans- 

itted by passengers who have passed through that particular air- 

ort. 

.2.2. Geographic trajectories of the COVID-19 outbreak and hotspot 

dentification 

The district-level number of COIVD-19 cases in the different 

ime periods were visualised through a series of maps. Similarly, 

hanges in the virus hotspots and its potential outreach were iden- 

ified for each time step using the Getis-Ord Gi ∗ statistic ( Getis and 

rd, 1992 ; Ord and Getis, 1995 ). In contrast, the Moran’s I values
4 
 Moran, 1950 ) were used to distinguish between statistically signif- 

cant COVID-19 clusters and their relations with other such proxi- 

ate clusters (cf. Drück et al., 2004 ). 

.2.3. COVID-19 potential outreach analysis 

The COVID-19 ′ s potential outreach was assessed using the 

ector-based double and vector-based integer assessment through 

ython coding. The Euclidean distance was computed from each 

istrict’s centroid and the number of COVID-19 cases for that dis- 

rict was used as its mass (cf. Dong et al., 2015 ; Klobucnik and Ma-

ikova, 2016 ). As such, the higher the number of COVID-19 cases in 

 district, the higher would be its outreach potentiality towards the 

urrounding districts – with this following a distance-decay func- 

ion (e.g. Frolov, 1977 ; Pueyo et al., 2013 ). The estimated COVID- 

9 potential value was normalised (cf. Choi et al., 2010 ) in the 

ange of 0–1 for weighting each conditioning parameter. Subse- 

uently, the derived normalised district potential outreach values 

ere also scaled between 0 and 1 and the natural breaks classifi- 
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Table 2 

Indicators for estimating the vulnerability to infection by COVID-19. 

Indicators Assumptions/ Justifications/ References Data sources Weight 

(%) 

Percentage of children stunted Immunity is one of the major drivers to counter 

the COVID-19 virus. As no district-level indicators 

of immunity are available, we have relied on 

other proxy health indicators (e.g. França et al., 

2009 ). 

IIPS and ICF (2017) 8 

Percentage of children underweight 8 

Percentage of anaemic children 8 

Percentage of women underweight 8 

Percentage of anaemic women 8 

No. of diabetic patients and those having heart 

ailments 

9 

Percentage of women with 10th standard education 

or lower 

Educated people are not only aware about how to 

prevent infection but also can deal with 

asymptomatic and mild symptomatic persons 

better than uneducated counterparts. They can 

also help others (family members and 

neighbours) to deal with an infected person more 

effectively. Furthermore, educated people are 

likely to have better attitudes and practices for 

enabling COVID-19 prevention ( Zhong et al., 

2020 ). 

IIPS and ICF (2017) 8 

Percentage of aged population (60 + years) Aged population have a higher risk of death after 

infection ( Dowd et al., 2020 ) 

Office of the 

Registrar General of 

India (2011) 

9 

Wealth status The economically wealthier section can make 

better arrangements for rigid interventions such 

as lockdown while poor people may be forced to 

go out to arrange food supplies. Accessing meals 

from community kitchens, receiving food items 

from donations, buying essentials items from the 

government fair shops, may elevate the 

probability of the less economically well-off

sections to catch the infection. 

IIPS and ICF (2017) 8 

Percentage of households exposed to smoking Smoking may not only increase the risk of viral 

transmission but also raise the probability of 

dying, as the COVID-19 primarily afflicts the 

pulmonary system. 

IIPS and ICF (2017) 8 

Malarious districts/ chloroquine drug distributed 

areas 

Generally, malaria cases are calculated by Annual 

Parasite Index (API) [i.e. Plasmodium vivax (Pv) 

and Plasmodium falciparum (Pf)]. In malarious 

districts, chloroquine is the main drug used to 

alleviate symptoms. Since recent research proves 

that chloroquine has the potentiality to treat 

patients infected by SARS-CoV-2/COVID-19 

( Colson et al., 2020 ; Gao et al., 2020 ), it is 

assumed that immunity capabilities of people in 

malarious districts shall be higher those in other 

areas 

NVBDCP and 

Battle et al. 2015 

9 

Population per district or sub-district hospital A higher population per health care institution 

implies lower resilience of an area. Although the 

PHCs/CHSs may not be capable enough to deal 

with COVID-19 cases especially, they can aid in 

providing services for other morbidities, while 

the hospitals deal with COVID-19 cases. 

MoHFW(2016); Office 

of the 

Registrar General of 

India (2011) 

9 

Source: Prepared by the authors. 
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ation scheme was used to group the districts on the basis of their 

espective values. 

.2.4. Developing an area-based COVID-19 susceptibility and 

ulnerability index 

The term susceptibility and vulnerability are often used inter- 

hangeably for individuals and communities with excessive health 

urdens or issues. More specifically, the vulnerability component 

ndicates the external factors (i.e. exposure to a disease), while the 

usceptibility aspect refers to the inherent (mostly physiological) 

haracteristics/capabilities of individuals and communities of cop- 

ng with the diseases ( Kovats et al., 2003 ). In this study, the COVID-

9 susceptibility indicates the efficiency of the disease’s spread into 

egions/communities, whereas the vulnerability implies the degree 

o which these regions/communities may be unable to cope with 

he adverse effects of COVID-19 infection and thereby suffer grave 

ealth consequences and possible death ( Kovats et al., 2003 ). So, 

igher values of susceptibility indicate an enhanced risk of the 
5 
pread of this infection, while higher values of the vulnerability 

ndex imply a greater threat of death from the COVID-19 infection. 

The epidemiological susceptibility analysis dataset, therefore, 

ncludes the actual number of COVID-19 cases in the country 

long with other relevant socioeconomic, demographic and cli- 

atic factors. The socioeconomic susceptibility analysis dataset, 

n the other hand, excludes the variable denoting the number of 

OVID-19 cases in a district. We sought to undertake such a dual 

nalysis in order to represent both, the actual situation which has 

merged (keeping in mind data limitations and lags) as well as the 

ituation that can arise (i.e. if all areas are eventually targeted or 

ntruded into by the virus, which ones may succumb more eas- 

ly). While constructing the epidemiological susceptibility index, 

he maximum weightage was given to the variable denoting the 

istrict-wise number of COVID-19 cases, as the virus’ mere pres- 

nce in a district endangers that area the most and makes it more 

iable to become a spreading centre than any other ambient socioe- 

onomic, demographic or climatic factor. For the socioeconomic 
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Fig. 2. The outline devised for the analysis. 
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usceptibility index, all variables were given almost equal weights 

see Table 1 ). With the widespread transmission of COVID-19 al- 

eady underway, it is tricky to conduct any susceptibility analysis 

sing real-time information due to the obvious time-lag between 

nformation gathering and analysis. In this paper, we have used the 

hen most recent available data for the districts as released by the 

oHFW (GoI), when we commenced our analysis in the latter half 

f April 2020. Similar to the weightage pattern accorded for the so- 

ioeconomic susceptibility computation, the index for ascertaining 

he socioeconomic vulnerability was also developed by assigning 

qual weightage to all variables ( Table 2 ). 

The above computed socio-economic susceptibility and vulner- 

bility indices have some indicators that are common to both and 

ome that are exclusive to each. The justification for each indica- 

or has been mentioned in the relevant tables. For example, some 

f the indicators which are not related to the spread of infection 

and thereby the computation of the susceptibility index) but are 

ssociated with fatality (such as old age population and health in- 

rastructure) were considered only while computing the vulnera- 

ility index (see Table 2 ). 

The susceptibility or vulnerability index is the normalised value 

f the Un-normalised Index . For computing the susceptibility and 

ulnerability indices, an un-normalised index (i.e. the summation 

f all the weighted indicators) was first computed ( Eq. (1) ). After 

his, a normalised index was prepared, which ranged between 0 and 

00 ( Eq. (3) ). Before beginning the statistical enumeration, all the 

ariables were converted to positive directions (i.e. a higher value 

ould show a greater risk of susceptibility or vulnerability). The 

ndex construction procedure can be specified as follows: 

n − normalised index ( UI ) = 

∑ 

( w i ∗ x nm,i ) (1) 

here, w i stands for the weight assigned to each i th indicator. 

he x nm 

expresses the scale free indicator obtained by dividing the 

riginal value (x) by the mean value ( ̄x ) for the variables ( Eq. (2) ).

he rationale of this scale free indicators has been previously anal- 
6 
sed in the literature ( Kundu 1984 , 2004 c.f. Haque, 2016 ). 

 nm 

= 

x 

x mean 
(2) 

Eventually, the normalised index was computed as follows: 

ormalized Index = 

(
U I − U I minimum 

U I maximum 

− U I minimum 

)
∗ 100 (3) 

The final output value obtained ranged between 0 and 100 ( nor- 

alised index ), with a higher value representing a greater risk of 

usceptibility or vulnerability to COVID-19. 

.2.5. Socioeconomic, demographic and climatic correlates of 

OVID-19 cases 

The assessment of spatial heterogeneity in the relationship be- 

ween two variables may be useful if the presence/number of 

OVID-19 cases are available for all districts. Due to the unavail- 

bility of this data, we have only focussed on eliciting linear and 

on-linear relationships of the district-wise number of COVID-19 

ases with the ambient socioeconomic, demographic and climatic 

ariables. In computing the linear relationship, we obtained the 

earson’s correlation plot using the ’ corrplot ’ package in R ( Wei and

imko, 2017 ). For the multivariate analysis, the non-linear relation- 

hip of COVID-19 cases and its correlates were computed using 

he Generalised Additive Model (GAM), via the ’ gam ’ package in 

 ( Hastie, 2019 ). 

. Results and discussion 

.1. COVID-19 ′ s spread, its hot spots and clusters - the initial 

cenarios during the lockdown 

COVID-19 cases were first diagnosed in India in late January 

020 and crossed 60,0 0 0 cases by the end of the second week 

f May 2020 (with present numbers in early-August 2020 being 

ore than 19 lakhs). With this highly contagious disease trans- 

itting primarily through international tourists and returning trav- 

llers from aboard, the initially affected sites in India were mostly 
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Fig. 3. Spread of COVID-19 across India’s districts, with the situation as on: (A) On 23rd March 2020; (B) 29th March 2020; (C) 10th April 2020, and (D) 18th April 2020. 
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ities that have international airports (or regions adjoining such 

laces) or are major tourist destinations. This is made apparent 

y the district-wise spread pattern of the COVID-19 virus ( Fig. 3 ). 

n the first phase ( Fig. 3 A), cases were reported from western In-

ia (around Mumbai and Ahmedabad- two of the main commer- 

ial hubs of the country), from around New Delhi (the national 

apital) and Ladakh (popular tourist destination and a prominent 

ndian Army base) and from the southern states of Kerala (from 

here many residents migrate/travel for work to the Gulf re- 

ion), Tamil Nadu, Andhra Pradesh and Karnataka (all of which 

ave major metropolitan centres and commercial hubs- Chennai, 

yderabad and Bengaluru). Further intensification of the above 
7 
attern in the next time step of 29th March 2020 was appar- 

nt, with the adjoining regions reporting substantial case num- 

ers ( Fig. 3 B). Broad swathes of the eastern part of the country 

till remained mostly unaffected, except for Kolkata (the major re- 

ional metropolitan centre) and its surroundings. In the next time 

tep (10th April 2020), two large contiguous zones in northern In- 

ia and western-central-south India reported high case numbers 

 Fig. 3 C). The northern entity manifested in a broad swathe from 

estern Rajasthan, through Haryana, Delhi, western Uttar Pradesh 

nd Punjab, up to Ladakh and parts of Jammu and Kashmir. The 

est-central-southern entity, while contiguous in nature, had two 

road trends- one portion stretched into the interior of the coun- 
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Fig. 4. Relation between incidence of COVID-19 cases and distance from nearest international airport. 
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ry from west to east across Maharashtra and Madhya Pradesh, the 

ther followed the alignment of the eastern and western coastal 

lains, with one arm trending from Gujarat down to Kerala via 

aharashtra, Goa and Karnataka’s littoral districts and the other 

ncorporating the coastal tracts of Andhra Pradesh and Tamil Nadu 

with the adjoining parts of Telangana and Karnataka). Even at this 

omparatively advanced stage of the pandemic in India, the eastern 

ortion of the country reported markedly lower numbers of cases, 

ith only a few centres in Gangetic West Bengal, coastal Orissa 

nd along the Ganga valley in eastern Uttar Pradesh and Bihar. The 

andemic’s footprint in the north-eastern states of India was by 

nd large negligible. The final time step map of 18th April 2020 

 Fig. 3 D), showed the merging of the two entities described above, 

ith infilling of their intervening districts (i.e. reporting of cases 

rom previously unaffected areas) and a rise in cases in districts 

lready afflicted. This resulted in a near-continuous stretch, from 

ashmir to Kanyakumari, along the central and western corridors 

nd down the eastern and western coastal belts, reporting COVID- 

9 cases. By now the eastern zone had noted a rise in cases (with

ts epicentre at Kolkata). This manifested as a narrow line of dis- 

ricts along the densely populated Ganga plains in Uttar Pradesh 

nd Bihar, which merged into the larger/more contiguous zone fur- 

her west. 

The above trends highlighted that, as expected, the distance 

rom an international airport and the numberof COVID-19 cases 

ere characterised by distance-decay [i.e. were inversely correlated 

nd with increasing distance from the airport, case numbers de- 

reased ( Fig. 4 )]. During the successive lockdown phases, the per- 

entage of cases within 50 km of an airport had decreased slightly, 

ut numbers rose gradually for locations within 50–100 km of an 

irport. Thus, districts situated within this distance buffer (50–

00 km) seemingly had a higher probability of being affected by 

OVID-19 and thereby swelling the overall case numbers. This in- 

icated that the virus had spread out from its initial centres during 

he latter part of the lockdown and that its footprint was becoming 

uch more apparent across the hinterland. Of the 50 international 

irports examined, the ratio of air passengers to COVID-19 cases 

ere far higher for the Mumbai, Delhi, Bengaluru and Hyderabad 

irports ( Fig. 5 ). Mumbai and Delhi handle the maximum inter- 

ational air traffic and passengers in the country and most inter- 

ational and domestic connecting flights are also routed through 

hem. COVID-19 cases in India started to increase from the mid- 

le of March onwards, with this rise occurring after the virus’ out- 

reak and spread in most European countries and in the Middle 

nd the Far East. In economic as well as geographic terms, Mum- 

ai is intricately connected with the Middle East and also linked 

ith all major European markets and the Far East. Similarly, Hy- 
8 
erabad and Bengaluru (the main information technology hubs of 

ndia) are also entwined with global markets while New Delhi (the 

ational capital) is connected by flights worldwide for diplomatic, 

dministrative and tourism purposes. Thus, the initial outbreaks 

ccurred mostly through these four airports. As mentioned before, 

any residents of Kerala work in the Gulf countries and this state 

s also a major tourist destination, with numerous flights routed to 

t through the Mumbai and Bengaluru airports. Therefore, it was 

lso an initial hub of COVID-19 cases. 

The Getis-Ord Gi ∗ method was used to identify the spatial dis- 

ribution of potential hot spots (statistically significant high val- 

es) and cold spots (low values) of the virus’ spread/concentration 

hrough z-score, p -value and confidence level (Gi_Bin) analysis 

 Fig. 6 ). The 23rd March 2020 dataset indicated a spread of various 

OVID-19 clusters, with a z-score of 6.90 representing high clus- 

ering along the northern, western and southern regions of India 

 Fig. 6 A). A significant cold spot was visible in the eastern region, 

omprising of Assam, West Bengal, Bihar and their surrounding ar- 

as. The 29th March 2020 dataset ( Fig. 6 B) indicated clustering of 

ases in the west and south-western region of India, encompassing 

erala, Karnataka, Tamil Nadu, Maharashtra and Gujarat. The loca- 

ion of the cold spots remained almost similar to that discerned 

rom the pre-lockdown phase data of 23rd March 2020, with clus- 

ering mainly around West Bengal. The mid-lockdown phase data 

f 10th April 2020 ( Fig. 6 C) indicated intense clustering of high 

alues around Maharashtra and Gujarat. However, the initial high 

alues clustering around Kerala started diminishing in this mid- 

ockdown phase, possibly due to the pre-emptive actions regarding 

esting and quarantine taken by the Kerala State Government and 

he Union Government’s policies. In fact, Kerala was initially con- 

idered as the first Indian state likely to ’beat the curve’ when it 

howed a continuous downtrend/decrease in its number of active 

OVID-19 cases from 6th April till 10th May (this situation has sub- 

equently changed markedly for the worse and the patterns/trends 

s of 1st June 2020 and 15th July 2020 for the whole country have 

lso been discussed in Section 4.5 ). The cold spot intensity had 

eclined in the eastern part, almost throughout West Bengal. The 

8th April 2020 dataset ( Fig. 6 D) revealed a much more concen- 

rated hot spot with a z-score of 7.84 in Maharashtra and Gujarat. 

y then, the entirety of Kerala and Andhra Pradesh had ceased to 

e part of any hot spot region. However, the area and intensity 

f the cold spot region located in the eastern part of the country 

ad also declined significantly, indicating that the next phase of 

he virus’ spread could target this zone. Again, subsequent events 

nd updated news reports about the COVID-19 spread has vali- 

ated just this, with the eastern region around Kolkata presently 

merging as one of the most affected areas by the pandemic. 
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Fig. 5. Airport passenger volume link with COVID-19 incidence across India. 
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While the Getis-Ord Gi ∗ analysis of the district-level COVID- 

9 cases identified the clustering of low and high index values, 

t only delineated large clusters through neighbourhood analysis 

nd ignored those districts that had a high number of cases but 

ere surrounded by low-value neighbours or vice versa. Thus, the 

oran’s I ( Jackson et al., 2010 ) was computed to obtain additional 

nsights into the statistically significant High-High, High-Low, Low- 

igh and Low-Low clusters derived previously for each of the four 

atasets ( Fig. 7 ). Results reveal that the Moran’s I outputs gen- 

rally follow the pattern of the Getis-Ord Gi ∗ hot spot and cold 

pot classification and additionally provide further visual identi- 

cation of all High-Low and Low-High value neighbours amongst 

he COVID-19 affected districts. The Moran’s I map for 18th April 

020 ( Fig. 7 D) indicates some locations in cold spot regions that 
9 
ave attribute values higher than the overall average while their 

eighbours’ attribute values are lower than the average. Such ar- 

as include Nalanda and Siwan districts of Bihar, Korba district 

n Chhattisgarh, Khordha district in Orissa and Lucknow in Uttar 

radesh. Contrastingly, the hot spot regions derived from the same 

ata show that the attribute values of many districts are lower 

han the average while their respective neighbours have higher 

han average attribute values. All the High-Low designated districts 

n the cold spot areas are mostly important tourist destinations 

nd the Low-High designated districts in the hot spot zones are 

n the whole, not as developed or as urban as their higher value 

eighbours. However, more in-depth research is required to fully 

iscern the observed pattern of High-Low and Low-High Moran’s I 

alues and its temporal changes across the four examined datasets. 
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Fig. 6. Hot-spot and Cold-spot clusters of COVID-19 cases across India’s districts, with the situation as on: (A) 23rd March 2020; (B) 29th March 2020; (C) 10th April 2020, 

and (D) 18th April 2020. 
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The subsequent spread of cases across India (after the lock- 

own phases) does show similarities with the secondary areas 

f infection that were discerned from the model-based analysis. 

he district-wise case numbers as of 15 July 2020 correlate well 

 r = 0.64) with the epidemic susceptibility that was modelled us- 

ng data from the initial stage of COVID-19 infections. This corre- 

ation value is continuously rising as case numbers become more 

idespread across India. The epidemic susceptibility is also well 
10 
orrelated with the Moran’s I values computed from the 15th July 

020 dataset and this value too is steadily rising as the infections 

ise and advance. Marked similarities are apparent between the 

pidemic susceptibility values and many Moran’s I High-High clus- 

ers in Delhi, western Maharashtra and the contiguous zones along 

ndhra Pradesh, Tamil Nadu and Karnataka’s borders. Moran’s I 

ow-Low clusters in eastern India also share similarities with the 

pidemic susceptibility zones and High-Low districts like Lucknow 
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Fig. 7. Moran’s I value-based clustering of COVID-19 cases across India’s districts, with the situation as on: (A) 23rd March 2020; (B) 29th March 2020; (C) 10th April 2020, 

and (D) 18th April 2020. 
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nd Kanpur Nagar in Uttar Pradesh, Chandrapur in Maharashtra 

nd Khordha in Orissa are easily visually correlated as districts 

ith high epidemic susceptibility. 

.2. Estimating the potential outreach of the COVID-19 pandemic 

cross India 

The potential gravity of the COVID-19 spread was assessed 

or the four different time steps to ascertain its likely outreach 

reas ( Fig. 8 ). The possible potential outreach on 23rd March 2020 

 Fig. 8 A) was mostly around the Delhi NCR (National Capital Re- 
11 
ion). Some small outreach pockets were seen in Kerala and Maha- 

ashtra (e.g. Mumbai and Pune). From the 29th March 2020 dataset 

 Fig. 8 B), potential outreach epicentres were found in three signif- 

cant locations- Delhi-centric, Mumbai-centric and Kerala-centric 

due to reasons outlined in Section 4.1 ). In the 10th April 2020 

ataset, Kerala displayed a marked improvement in controlling the 

utbreak, as discussed previously ( Fig. 8 C). However, rapid growth 

as observed for Mumbai and its surrounding areas and this 

cenario continued into the next phase as well ( Fig. 8 D). We thus

redicted that based on the potential outreach analysis, the gravity 

f the COVID-19 outbreak was likely to be very high in western 
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Fig. 8. Potential outreach zones of the COVID-19 virus across India’s districts, with the situation as on: (A) 23rd March 2020; (B) 29th March 2020; (C) 10th April 2020, and 

(D) 18th April 2020. 
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ndia, especially in Maharashtra. The current situation reflects this, 

s this state ranks highest within India in COVID-19 incidence with 

ver 13.8 million reported cases, number of active cases as well 

s deaths (India Covid-19 Tracker at https://www.covid19india.org/ 

s on 1st October 2020). Maharashtra is overwhelmingly afflicted 

n Mumbai and its nearby areas of Thane and Pune. Neighbour- 

ng Gujarat has also been hardest hit in Ahmedabad, Surat and 

adodara. As per the performed potential outreach analysis, the 

orth-eastern states (except Assam) and the Himalayan states are 

elatively less affected by the COVID-19 outbreak. However, the 
12 
astern districts of Bihar, Jharkhand and West Bengal are seen to 

radually come under the pandemic’s grasp, over the different 

imes-steps, pointing towards this zone possibly carrying forward 

he rising patient numbers in the near future, as the spread in 

estern/northern India may start to peak or gradually decline. 

ost of the COVID-19 afflicted residents in eastern India have a 

ravel history from either Mumbai, Kerala or Delhi. Initially, only a 

ew cases were observed in this region due to its lower volume of 

nternational air traffic (as denoted by the lower air passenger to 

OVID-19 case ratio) but case numbers have risen during the latter 

https://www.covid19india.org/
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Table 3 

Class ranges taken to prepare the susceptibility and vulnerability maps. 

Quintile range notation Epidemic susceptibility (for Fig. 9 ) Socio-economic susceptibility (for Fig. 10 ) Socio-economic vulnerability (for Fig. 11 ) 

Very Low 0.000–0.011 0.000–0.099 0.000–0.249 

Low 0.011–0.021 0.099–0.130 0.249–0.390 

Moderate 0.021–0.041 0.130–0.153 0.390–0.525 

High 0.041–0.081 0.153–0.178 0.525–0.666 

Very High 0.081–1.000 0.178–1.000 0.666–1.000 

Source: Prepared by the authors. 
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ockdown phases and beyond it due to inter-state in-migration 

rom the western and southern parts of the country, particularly 

s a result of large number of returning migrant workers ( Mullick, 

020 ). 

Overall, the potential outreach analyses denoted that the virus’ 

picentres have been mostly concentrated in and around Mumbai 

n Maharashtra. As Kerala and also Karnataka initially recovered 

uite quickly, the earlier epicentre in southern India was reduced 

uring the subsequent lockdown phases (however, infections have 

gain risen sharply in Karnataka and Tamil Nadu towards the end 

f the final lockdown phases in May 2020 as restrictions have re- 

axed and presently, these two states along with Andhra Pradesh 

ccupy the second to fourth positions in the country in terms of 

OVID-19 incidence). The eastern part of the country now faces the 

mminent threat of becoming an epicentre if further transmissions 

nto the region occurs from the ongoing return of many currently 

nemployed migrant labourers from other parts of the country 

nd consequent community transmissions. The comparative out- 

ooks of the undertaken hotspot and the potential outreach anal- 

ses differed slightly in perspective. While the hot spot enumera- 

ion discerned COVID-19 affected zones based on the actual ground 

ituation/data as ascertained for that point in time, the potential 

utreach maps denoted the gravity factors for the four different 

ime periods and depicted how conditions may worsen in the ma- 

or epicentres or have eased off in other areas (based on the then 

vailable data). The outreach analysis thus gauges the outbreak’s 

otential across India and denotes zones likely to be affected next. 

.3. Interpreting the COVID-19 susceptibility and vulnerability indices 

Using the indicators listed in Tables 1 and 2 , we had devel- 

ped the area-based composite COVID-19 susceptibility and vulner- 

bility indices at the district level-for India, with a view towards 

roviding policy makers with some indication on which districts 

re likely to be most susceptible or vulnerable to a COVID-19 out- 

reak and specifically where should the Government target its re- 

ources and accordingly plan a data-driven intervention strategy. 

he elicited results from these indices are presented below. 

.3.1. Epidemic susceptibility index 

A five-pronged classification scheme (ranging from Very High to 

ery Low) was used to visualise the enumerated district-level epi- 

emic susceptibility values (derived using quintile class – Table 3 ). 

here are significant regional clusters in the northern, eastern, 

outhern and parts of the north-eastern states of India ( Fig. 9 ). 

arge swathes of south-western and northern India, covering most 

istricts of Kerala, Tamil Nadu, Telangana, Andhra Pradesh, Kar- 

ataka, Maharashtra, Gujarat, Rajasthan, Delhi, Haryana and Pun- 

ab are highly susceptible to this pandemic. Primarily, these were 

he areas where the initial outbreak occurred and the subse- 

uent transmission of COVID-19 has been phenomenal, with peo- 

le therein being seemingly less able to cope with the COVID-19 

irus (i.e. their physiology is more easily affected by it). Possibly, 

he prevalence of urbanisation (which creates congestion), an ex- 

sting burden of non-communicable diseases (hyper tension, dia- 
13 
etes and obesity) and a greater proportion of the elderly popu- 

ation in these regions may have heightened the overall epidemic 

usceptibility. Ironically, most of the highly urbanised and econom- 

cally well-off states seem to have reported higher COVID-19 sus- 

eptibility, since the initial epicentres of the virus outbreak were 

n their large cities. Contrarily, almost all districts in the seven 

orth-eastern states of Assam, Meghalaya, Manipur, Tripura, Mi- 

oram, Arunachal Pradesh and Sikkim fall under the low to very 

ow COVID-19 susceptible class. The northern, central and eastern 

arts of India comprising of Odisha (Orissa), Chhattisgarh, Jhark- 

and, Madhya Pradesh, Uttar Pradesh, Bihar and West Bengal are 

oderately susceptible to the pandemic. It is interesting that de- 

pite being economically poorer and having low indicators with re- 

pect to almost every socioeconomic and health related parameter 

han the rest of India, these areas are less susceptible to the pan- 

emic, suggesting that the COVID-19 outbreak might be an erratic 

henomenon that cannot be explained solely by traditional socioe- 

onomic theories and which might require further investigation. 

s many districts in the moderate susceptibility to COVID-19 class 

ie in economically poorer zones, this can have important con- 

otations in terms of impaired health-care services and facilities, 

hereby deteriorating immune response and patient recovery. Fur- 

hermore, as discerned in previous sections, India’s eastern region 

s likely to become a secondary virus epicentre. Thus, even though 

his zone is denoted in the moderate susceptibility category, its 

ower socioeconomic standing and existing poorer healthcare as- 

ets and availability/accessibility accord it high priority for pre- 

mptive future resource allocation in order that the likely forth- 

oming challenges can be met adequately. 

.3.2. COVID-19 related district-wise socioeconomic susceptibility 

Fig. 10 visualises the socio-economic susceptibility index for In- 

ia’s districts, following a similar classification to that adopted for 

ig. 9 (see Table 3 ). The underlying assumption of this particular 

ndex is that if all districts are evenly infected by the COVID-19 

utbreak, then what would be the magnitude or susceptibility of 

urther transmission in a certain area, with this being dependant 

n its socioeconomic status. Results reveal that large portions of 

astern, north and north-western India are high to very highly so- 

ioeconomically susceptible to this pandemic. These areas are par- 

icularly characterised by high population densities, chronic mal- 

utrition, poor health infrastructure, larger family sizes, poor hy- 

iene practices, poverty concentration and marginalisation includ- 

ng lower health-related knowledge and awareness, thereby precip- 

tating such outcomes. On the contrary, most districts in the north- 

astern, southern and extreme northern regions (e.g. in the north- 

rn part of Rajasthan and in Punjab, Himachal Pradesh, Jammu 

nd Kashmir, and Uttarakhand), are found to be socioeconomically 

ess susceptible in terms of COVID-19 transmission. Interestingly, 

ome areas that initially had higher number of COVID-19 cases 

ave emerged in the low susceptible category (e.g. Kerala) and this 

erits further explanation. In Kerala, after the initial outbreak was 

eported, effective State Government measures temporarily low- 

red further transmissions by facilitating mass testing, awareness 

reation at the community level and through stringent physical 
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Fig. 9. District-level epidemiological susceptibility to COVID-19 in India. 
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istancing and lockdown norms. Alongside this, most importantly, 

here has been efficient management of both international and 

nter-state migrants in the state. However, conditions have progres- 

ively worsened as restrictions have eased, and large number of 

xpats have returned from the Gulf region and from other parts 

f the country ( Nidheesh, 2020 ). The state has also seen a very

igh jump in the number of reported cases in the aftermath of 

he annual Onam festival (held from 22 August to 2 September) 

The Hindu, 2020 ), with numbers rising from about 50,0 0 0 before 

t to above 190,0 0 0 presently by the end of September 2020 (India

ovid-19 Tracker at https://www.covid19india.org/ as on 1st Octo- 

er 2020). With the autumn festival season approaching fast, there 

re thus grave fears that there could be a significant rise in case 

umbers across the country ( CNA, 2020 ), while fears over such a 

ise have also affected local economies further ( Sharma, 2020 ). 

Aspirational Districts (ADs) are more susceptible to COVID-19 

utbreaks due to their already limited coping-up capacities, as they 

re some of the socio-economically poorest/most backward regions 

f India. The overall health infrastructure and particularly the num- 

er of primary and community health centres in such locales are 

lso less, with limited staff and bare minimum facilities further 

ompounding the issue. However, the incidence of COVID-19 cases 

n these areas was initially fairly low, being less than 2% (a to- 

al of 610 cases as of 6th May 2020) of the total cases nation-

ide. Of the 112 ADs affected by the virus on the above date, the 

orst-hit have been Ranchi (55 cases), Baramulla (62), YSR (55), 
14 
uh (57), Jaisalmer (34) and Kupwara (47), which are all located in 

he Red Zone (the locales that faced the most stringent lockdown 

orms) as per the Indian Government’s classification. Considering 

heir susceptibilities, the GoI (through the NITI Aayog) has taken 

teps to ensure appropriate and timely action for resolving supply 

hortages in test kits, Personal Protective Equipment (PPE) and in 

roviding masks to the respective empowered populations/groups 

n these districts. We were also able to identify these districts 

ased on their respective susceptibility indicators, e.g. percentage 

f poor population, household size, impaired child health (i.e. suf- 

ering from anaemia, underweight or stunted development), and 

oor female health (anaemia and underweight). Apart from these 

Ds, we further identified some other districts that are also quite 

usceptible due to their socioeconomic background and these areas 

most districts of Madhya Pradesh, Orissa, Andhra Pradesh, Bihar, 

harkhand, West Bengal and Uttar Pradesh) need support similar 

o that being provided to the ADs (i.e. urgent supply of testing kits, 

PE and masks). 

.3.3. COVID-19 related district-wise socio-economic vulnerability 

Based on the selected set of indicators, the discerned socioeco- 

omic vulnerability to the COVID-19 ′ s impact ( Fig. 11 ) is likely to

e higher in many districts of Madhya Pradesh, Orissa, Telangana, 

ndhra Pradesh, Bihar, Jharkhand, West Bengal and Uttar Pradesh 

nd these areas are likely to report higher fatalities. There is a 30% 

verlap of the places most at risk in these states with those de- 

https://www.covid19india.org/
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Fig. 10. District-level socio-economic susceptibility to COVID-19 in India. 
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M

arcated under the Union Government’s Aspirational Districts Pro- 

ramme, i.e. 75 of the discerned 255 highly to very highly vulner- 

ble districts are also ADs. The scarcity of healthcare facilities and 

ersonnel in these districts remains a major issue and such areas 

lso have a large number of inter and intra state migrants, who 

ave steadily returned home during the lockdown. Therefore, it is 

uite possible that cases of COVID-19 infection shall sharply rise in 

hese locations and that the poorer medical infrastructure shall in- 

rease the infection rate and incidence of deaths, if adequate mea- 

ures are not taken. Contrastingly, this impact shall be markedly 

ower in the states of Kerala, Punjab, Haryana, Himachal Pradesh 

nd in most of the North-eastern states and the Rann of Kachch (in 

ujarat). Some districts of Tamil Nadu, Gujarat, Rajasthan and Ma- 

arashtra are moderately vulnerable. The enumerated index values 

re higher in some districts due to these housing a greater propor- 

ion of those that are more vulnerable to this contagion (i.e. more 

umber of children and women who are anaemic and/or under- 

eight, lower female education levels and a higher prevalence of 

iabetic patients). Therefore, these districts are likely to find it dif- 

cult to cope with the COVID-19 threat and its related morbidity 

spect. On the other hand, the lesser vulnerable districts seemingly 

o have sufficient capability to deal with the threat, as observed in 

he districts of Kerala, from where very few morbidity cases were 

nitially reported, compared to the other parts of India, despite this 

tate being an early epicentre of COVID-19. 
a

15 
.4. COVID-19 incidence and its correlations with climatic, 

emographic and socioeconomic aspects 

Fig. 12 shows the correlations derived between the COVID-19 

ases (i.e. the number of cases per district) and its socioeconomic, 

emographic and climatic factors. This pandemic is positively as- 

ociated with the percentage of urban population and the pop- 

lation density of a district. It is also positively associated with 

he percentage of women having attained 10th or lower standard 

f schooling. Furthermore, districts with a higher share of poorer 

ouseholds (40%) had lower viral transmissions. In the second half 

f April 2020, although the virus had spread across 377 districts, 

he gravity of the outbreak was mostly concentrated in districts 

hat were major urban agglomerations, such as Mumbai, Delhi and 

yderabad. People in urban areas are relatively more mobile (with 

he resultant greater public transport congestion and crowds) than 

uralites. They may also be forced to maintain lower residential 

nd social distances due to the higher densities of built-up zones 

s well as population, especially within slums areas where hous- 

ng shortages are quite severe ( Haque et al., 2020 ). These factors 

ogether with the inherent economic deprivation faced by slum 

esidents would likely enable a more widespread outbreak in such 

ongested locales ( Ahmed et al., 2020 ), as has been evidenced by 

he large number of cases reported from the Dharavi slum area of 

umbai, which is one of the largest such entities in Asia. This is 

lso the likely cause for the extremely high number of infections 
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Fig. 11. District-level socio-economic vulnerability to COVID-19 in India. 
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eing subsequently reported from Delhi and its surrounding urban 

gglomeration and from Chennai and its neighbourhoods. As ur- 

anites generally attain a higher level of education, the pandemic’s 

utbreak is also positively associated with the educational status, 

ore so because this ’imported’ virus mainly came into the coun- 

ry via air-travel (i.e. from the movement of economically well-off

ections of the population, who can be expected to have also at- 

ained higher education levels). 

The above bivariate linear relationships do not provide the non- 

inear associations between variables. For this, the multivariate 

on-linear association was evaluated via the GAM. The outcome 

ariable for this model was the cumulative number of COVID-19 

ases in the district, i.e. the total tested/confirmed positive cases. 

he obtained findings predict a flexible relationship between the 

numerated variables ( Fig. 13 ). Districts with a population density 

etween 1500 and 2500 people/km 

2 specifically have a higher risk 

f this virus spreading amidst them. Of the 377 districts affected 

y the virus (as per the last date on which the data for this paper

as collected), apart from a few situated in urban metropolitan 

ities, all others contain medium to large towns which have a 

oderate level of population density. The highly urban districts 

ace a greater threat of a COVID-19 outbreak, particularly when the 

rban population share crosses 60%. In the urban agglomerations 

f India, a significant proportion (17.4%) of residents live in slums 

e.g. about half the population of Greater Mumbai lives in such 

ocales). While they play a vital role in the city’s functioning, 
16 
hese slum areas are poorly planned and obviously very densely 

opulated, as a result of the ever-accelerating urbanisation trend 

n India. Such sites thus become potential hotspots for infectious 

iseases like COVID-19. This unplanned urban growth also poses 

onsiderable risk in terms of impaired preparedness and ready re- 

ponse to any infectious disease outbreak, with mass quarantining 

t such close quarters, while maintaining social distancing, being 

lmost impossible. Hence, the responses of healthcare officials, 

overnments and communities to this ongoing pandemic can be 

evised towards generating a paradigm shift in how urban spaces 

nd residences are planned and designed, with possible ramifica- 

ions for future peri–urban transformations, inner-city renewal and 

lum rehabilitation ( Jha, 2020 ; Regmi, 2020 ; Van den Berg, 2020 ). 

The findings also suggest that although districts with a higher 

revalence of children suffering from anaemia and/or being under- 

eight face an elevated risk of this viral transmission, the relation- 

hip slope is not very significant. Thus, these health indicators are 

ot strongly correlated with COVID-19 cases in the Indian context. 

 possible reason for this seemingly discordant finding is that may 

e the GoI and/or State Governments had till the last date of the 

nitial data collection for this paper (i.e. 18th April 2020) not con- 

ucted an adequate number/proportion of population-level tests, 

ather testing only those who had already developed COVID-19 re- 

ated symptoms. Therefore, a similar analysis performed on a big- 

er and possibly more representative sample obtained via large- 

cale population-level testing may yield better explanations. 
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Fig. 12. Enumerated relations between the district-level incidence of COVID-19 cases and its climatic, demographic and socioeconomic correlates. 
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Several studies have found that climatic parameters such as 

ean annual temperature and relative humidity have a crucial role 

n spreading the COVID-19 virus ( Sajadi et al., 2020 ; Wang et al.,

020a , 2020c ), with evidence suggesting that a mean temperature 

f 10 °C and a medium to high (60% to 90%) relative humidity 

ange is most suitable for its transmission Wu et al., 2020b . The 

reater majority of India’s districts have a higher daily mean tem- 

erature than 10 °C in April and except for a few districts in the 

imalayan and coastal belts, all districts have an average relative 

umidity less than the suitable level. Therefore, unlike as discerned 

n other studies, we could not find any significant relationship be- 

ween the currently prevalent climatic parameters and this viral 

utbreak. 

.5. COVID-19 spread scenario across India after the lockdown phases 

The lockdown measures in India were extended to 31 May 

Phase-IV, though there were significant allowances in terms 

f movement and industries/commercial establishments gradually 

uring this period), with the period from 1 June till 30 June being 

enoted as Unlock-1 and again as Unlock-2 (from 1 July to 31 July), 

s the nation reopened and eased off restrictions further. Each of 

he three attributes- the spread of COVID-19 cases, the clustering 

f cases and the hot/cold spots have thus evolved further since this 

tudy was commenced with the initial database of the first few 

ockdown phases in mid-April 2020. This section has thus been 

repared to show the changed conditions as on 1st June 2020, and 

n 15th July 2020, in the above aspects, thereby denoting the com- 

lete scenario at the end of all the lockdown phases, that effec- 

ively ended on 31st May 2020, and the continued evolution of the 
17 
isease in India during the Unlock-1 (1–30 June) and Unlock-2 (1–

1 July) phases. 

.5.1. Dataset of 1st June 2020 (the situation at the end of the 

ockdown phases) 

It was apparent that the spread of COVID-19 in India could 

ot be wholly attained simply by the various lockdown measures. 

his was evidenced by the overall continued rise in case num- 

ers throughout the country [ Fig. 14 (A)], though crucially, the lock- 

own may have brought some relief in terms of a lowered rate 

f increase and the time to arrange for or create adequate med- 

cal care and quarantine facilities. The nodal growth areas were 

gain around the principal metro cities, with particularly Mumbai, 

elhi and Chennai reporting large numbers of cases. Notably, the 

irus had spread substantially in the north-eastern part of India, 

here its footprint was quite absent in the previously enumerated 

hases and northern Kerala had shown an upturn in cases as well. 

reater mobility during the latter lockdown phases as a result of 

owered restrictions and the carrier effects of migrants returning 

ome would likely have boosted case numbers throughout, hint- 

ng at large-scale community transmission being underway. Only 

n the central portion of the country (in parts of Madhya Pradesh 

nd mostly Chhattisgarh) and in some districts of the North-east 

ase numbers were still relatively quite low. Hotspots were clus- 

ered mostly in the western region [ Fig. 14 (B)] and the rise of 

ases in the eastern region had led to the decline of the signifi- 

ant cold spots that had existed previously therein. Cases in the 

astern part of the country were more uniformly spread in this 

ataset while being more concentrated in certain districts in the 
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Fig. 13. Results of the Generalised Additive Model 

Note: Adjusted R 2 = 0.46; Deviance explained = 49.2%; The p-values for population density and urban population are < 0.001, while the same for the underweight women 

is < 0.05. 

Fig. 14. COVID-19 case status on 1st June 2020, showing (A) District-wise spread of COVID-19 cases, (B) Hot/Cold Spots discerned, and (C) Significant clusters. 

18 



K. Imdad, M. Sahana, M.J. Rana et al. Spatial and Spatio-temporal Epidemiology 36 (2021) 100390 

Fig. 15. COVID-19 case status on 15th July 2020, showing (A) District-wise spread of COVID-19 cases, (B) Hot/Cold Spots discerned, and (C) Significant clusters. 
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est, as was evident from the low-low and low-high clustering 

atterns [ Fig. 14 (C)]. 

.5.2. Dataset of 15th July 2020 (the situation at the mid-point of the 

nlock-2 phase) 

The COVID-19 spread had seemingly continued unabated 

hroughout India during the Unlock-1 and Unlock-2 phases, with 

n overall continued rise in case numbers [ Fig. 15 (A)]. Concentra- 

ions are seen around Mumbai, Delhi and along the eastern coast- 

ine and the major urban centres of Chennai, Bangalore and Hy- 

erabad. Notably, the virus had spread substantially in the eastern 

art of India, especially in the districts around Kolkata and in Bi- 

ar. In the central portion of the country overall cases were still 

elatively on the lower side. Hotspots were clustered mostly in a 

road swathe along the western and southern region [ Fig. 15 (B)]. 

ases in the western part of the country were more intensely con- 

entrated in certain districts, as was evident from the low-low and 

ow-high clustering patterns [ Fig. 15 (C)]. 

. Summary and conclusion 

The COVID-19 crisis’ impact on society and the global econ- 

my has been profound and likely to be long-lasting. Possibly, gov- 

rnments either underestimated its threat or did not have robust 

nough socio-political systems and healthcare infrastructure to 

ombat transmissions. Instead, while helpful, the lockdown mea- 

ures have engendered economic instability and developing na- 

ions have been the worst affected, trying to contain the pandemic 

hile addressing rising unemployment and at-stake livelihoods of 

 vulnerable population. Thus, it is paramount that correct and 

ustainable economic/socio-political decisions are taken. For this, 

roper predictions of the pandemic’s path, with pinpointing of ar- 

as that it can affect the most, are pertinent, for prudent and tar- 

eted resource allocation. 

Our analysis has highlighted the initial centres of the COVID-19 

andemic in India and its spread. By identifying its hotspots and 

ignificant clusters, we pinpointed locales where possible commu- 

ity transmissions have occurred. Our computations were based on 

he data garnered during the initial lockdown phases implemented 

n India. However, subsequent reports of the pandemic’s spread 

ave largely validated our earlier estimates of the areas that were 

ost likely to be affected (i.e. the virus gaining a foothold and then 

preading in various clusters of Eastern India, around Kolkata). Our 

nalysis thus lays the groundwork for identifying future hot spot 

ones so that communities and local governments can anticipate 
19 
nd allocate critical resources accordingly. Mass testing of COVID- 

9 in such hotspots can curb the disease’s spread into adjoining 

reas. By also designating locales that are relatively safer and less 

usceptible/vulnerable to the pandemic (i.e. cold spots), we also 

rovide a framework for earmarking places where economic activ- 

ties can be carried out more safely, to boost flagging economies. 

We have also identified districts that are more vulnerable to the 

irus. These locations can, if possible, strive to build food stocks 

o avoid any food-security related issue in case sudden lockdowns 

re again required if a second wave of the virus arises. In the 

ost vulnerable cities and the suburban areas located within 50–

00 km around them, crowds in market places must be stringently 

estricted, with continued social distancing norms and masks be- 

ng mandatory. Districts that have high epidemiological susceptibil- 

ty need enhanced vigilance (possibly through specially constituted 

apid-action teams and through detailed co-morbidity surveys) to 

void transmissions and a higher incidence of death. Areas that 

re socioeconomically susceptible face the greatest threat as they 

ouse substantial number of people who may not be physiologi- 

ally capable of coping with the COVID-19 virus. Overall, our de- 

arcated hot and cold spot areas and those that are epidemiologi- 

ally susceptible or socioeconomically vulnerable tallies quite well 

ith the red-orange-green containment zones delineated by the 

oI ( NDMA, 2020 ), providing further validation of the performed 

nalyses. 

There are still some parts of India where the COVID-19 has 

ot been able to intrude significantly, especially in physiographi- 

ally rugged and isolated tracts and in some rural hinterlands. It 

s paramount that these locations be guarded against community 

ransmissions while more afflicted areas are dealt with adequately. 

hough the quickly enforced lockdown no doubt caused much mis- 

ry, especially for migrant workers far from home, it may have 

lso given the country some time to build up its medical responses 

nd anticipate where the contagion can spread next. We hope that 

ur study has created a framework that enables this to be accom- 

lished fruitfully. 

eclaration of Competing Interest 

None. 

RediT authorship contribution statement 

Kashif Imdad: Investigation, Formal analysis, Validation, Vi- 

ualization, Writing - review & editing. Mehebub Sahana: Con- 



K. Imdad, M. Sahana, M.J. Rana et al. Spatial and Spatio-temporal Epidemiology 36 (2021) 100390 

c

t

t

s

a

P

t

P

&

A

v

s

o

a

R

A

A

A

A

B

B

B

B

B

B

 

B

B

C

C

C  

C

C

C

C

C

C

D  

D  

D

D  

D  

D  

F

F

F

G

G  

G  

H

H

H  

H

H

I

,

J

J

K

K

K

K

K

K

eptualization, Investigation, Formal analysis, Validation, Visualiza- 

ion, Writing - review & editing. Md Juel Rana: Conceptualiza- 

ion, Methodology, Investigation, Formal analysis, Validation, Vi- 

ualization, Writing - review & editing. Ismail Haque: Conceptu- 

lization, Methodology, Investigation, Writing - review & editing. 

riyank Pravin Patel: Conceptualization, Methodology, Investiga- 

ion, Writing - original draft, Writing - review & editing. Malay 

ramanik: Investigation, Validation, Visualization, Writing - review 

 editing. 

cknowledgements 

The authors are grateful to their respective institutions for pro- 

iding the infrastructure required to conduct this research. The as- 

istance of Ms. Sayoni Mondal, Research Scholar at the Department 

f Geography, Presidency University, Kolkata, India in arranging the 

rticle references is gratefully acknowledged. 

eferences 

hmadi, M., Sharifi, A., Dorosti, S., Ghoushchi, S.J., Ghanbari, N., 2020. Investigation 
of effective climatology parameters on COVID-19 outbreak in Iran. Sci. Total En- 

viron. 729, 138705. doi: 10.1016/j.scitotenv.2020.138705 . 
hmed, F., Ahmed, N., Pissarides, C., Stiglitz, J., 2020. Why inequality could spread 

COVID-19. Lancet N. Am. Ed. 5 (5), e240. doi: 10.1016/S2468- 2667(20)30085- 2 . 
jami, R., 2020. Globalization, the challenge of COVID-19 and oil price uncertainty. 

J. Asia-Pac. Bus. doi: 10.1080/10599231.2020.1745046 . 
nvikar, A.R., Arora, U., Sonal, G.S., Mishra, N., Shahi, B., Savargaonkar, D., Kumar, N., 

Shah, N.K., Valecha, N., 2014. Antimalarial drug policy in India: past, present 

and future. Indian J. Med. Res. 139 (2), 205–215. https://www.ncbi.nlm.nih.gov/ 
pmc/articles/PMC4001331/ . 

attle, K.,.E., et al., 2015. Global database of Plasmodium falciparum and P. vi- 
vax incidence records from 1985–2013. Sci. Data 2, 150012. doi: 10.1038/sdata. 

2015.12 . 
edford, J., Farrar, J., Ihekweazu, C., Kang, G., Koopmans, M., Nkengasong, J., 2019. 

A new twenty-first century science for effective epidemic response. Nature 575, 

130–136. doi: 10.1038/s41586- 019- 1717-y . 
iswas, K. , Sen, P. , 2020. Space-time dependence of corona virus (COVID-19) out- 

break. Phys. Soc. 1–3 (preprint) arXiv:2003.03149 [physics.soc-ph] . 
MJ (The British Medical Journal), 2020. Covid-19: risk factors for severe disease 

and death. BMJ 368, m1198. doi: 10.1136/bmj.m1198 . 
onilla-Aldana, D.K., Holguin-Rivera, Y., Cortes-Bonilla, I., et al., 2020. Coronavirus 

infections reported by ProMED. February 20 0 0- January 2020. Travel Med. In- 

fect. Dis., 101575 doi: 10.1016/j.tmaid.2020.101575 . 
oulware, D.R., Pullen, M.F., Bangdiwala, A .S., Pastick, K.A ., Lofgren, S.M., Okafor, E.C., 

Skipper, C.P., Nascene, A .A ., Nicol, M.R., Abassi, M., Engen, N.W., Cheng, M.P.,
LaBar, D., Lother, S.A., MacKenzie, L.J., Drobot, G., Marten, N., Zarychan- 

ski, R., Kelly, L.E., Schwartz, I.S., McDonald, E.G., Rajasingham, R., Lee, T.C., 
Hullsiek, K.H., 2020. A randomized trial of Hydroxychloroquine as postexpo- 

sure prophylaxis for Covid-19. N. Engl. J. Med. 383, 517–525. doi: 10.1056/ 

NEJMoa2016638 . 
rewer, N.T., Chapman, G.B., Gibbons, F.X., Gerrard, M., McCaul, K.D., 2007. Meta- 

analysis of the relationship between risk perception and health behavior: the 
example of vaccination. Health Psychol. 26 (2), 136–145. doi: 10.1037/0278-6133. 

26.2.136 . 
riz-Redon, A., Serrano-Aroca, A., 2020. A spatio-temporal analysis for exploring the 

effect of tem perature on COVID-19 early evolution in Spain. Sci. Total Environ. 

728, 138811. doi: 10.1016/j.scitotenv.2020.138811 . 
eylan, Z., 2020. Estimation of COVID-19 prevalence in Italy, Spain, and France. Sci. 

Total Environ. 729, 138817. doi: 10.1016/j.scitotenv.2020.138817 . 
hatterjee, K., Chatterjee, K., Kumar, A., Shankar, S., 2020. Healthcare impact of 

COVID-19 epidemic in India: a stochastic mathematical model. Med. J. Armed 
Forces doi: 10.1016/j.mjafi.2020.03.022 , (in press). 

hoi, J.-.K., Kim, K.-.D., Lee, S., Won, J.-.S., 2010. In: Application of a Fuzzy

Operator to Susceptibility Estimations of Coal Mine Subsidence in Taebaek 
City, 59. Environmental Earth Sciences, Korea, pp. 1009–1022. doi: 10.1007/ 

s12665- 009- 0093- 6 . 
NA (Channel News Asia) (2020) COVID-19 Sows Dread in India’s Festival Season as 

Infections Cross 6 Million. Available at https://www.channelnewsasia.com/news/ 
asia/covid- 19- india- hindu- festival- season- peak- 6- million- infections- 13156622 

(accessed 1st October 2020). 
occia, M., 2020. Factors determining the diffusion of COVID-19 and suggested strat- 

egy to prevent future accelerated viral infectivity similar to COVID. Sci. Total 

Environ. 729, 138474. doi: 10.1016/j.scitotenv.2020.138474 . 
olson, P., Rolain, J.M., Raoult, D., 2020. Chloroquine for the 2019 novel coronavirus 

SARS-CoV-2. Int. J. Antimicrob. Agents 55, 105923. doi: 10.1016/j.ijantimicag. 
2020.105923 . 

olumbus, C., Brust, K.B., Arroliga, A.C., 2020. 2019 novel Coronavirus: an emerging 
global threat. In: Proceedings of the Baylor University Medical Center, pp. 209–

212. doi: 10.1080/08998280.2020.1731272 . 
20 
oudhry V., Avindandan V. (2020) Why COVID-19 Outbreak in India’s Slums Will 
be Disastrous for the Urban Poor. https://www.outlookindia.com/website/story/ 

opinion- covid- 19- outbreak- in- indias- slums- will- be- disastrous- for- the- urban- 
poor/350335 (accessed on 8th April 2020). 

ruz, M.P., Santos, E., Velazquez-Cervantes, M.A., et al., 2020. COVID-19: A World- 
wide Public Health Emergency. Spanish Clinical Magazine doi: 10.1016/j.rce.2020. 

03.001 . 
as, A ., Anvikar, A .R., Cator, L.J., et al., 2012. Malaria in India: the centre for the

study of complex malaria in India. Acta Trop. 121 (3), 267–273. doi: 10.1016/j. 

actatropica.2011.11.008 . 
as, S. , Ghosh, P. , Sen, B. , Mukhopadhyay, I. , 2020. Critical community size for

COVID-19 – a model based approach to provide a rationale behind the lock- 
down. Popul. Evol. 1–13 https://arxiv.org/abs/2004.03126 [q-bio.PE] . 

hanwant, J.N. , Ramanathan, V. , 2020. Forecasting COVID 19 growth in India using 
Susceptible-Infected-Recovered (S.I.R) model. Popul. Evol. 1–6 arXiv:20 04.0 0696 

[q-bio.PE] . 

ong, N., Yang, X., Cai, H., Wang, L., 2015. A novel method for simulating urban
population potential based on urban patches: a case study in Jiangsu Province, 

China. Sustainability 7, 3984–4003. doi: 10.3390/su7043984 . 
owd J.B., Rotondi V., Adriano L., Brazel D.M., Block P., Ding X., Liu Y., Mills

M.C. (2020) Demographic Science Aids in Understanding the Spread And Fa- 
tality Rates of COVID-19. medRxiv (preprint) https://doi.org/10.1101/2020.03.15. 

20036293 . 

rück, S. , Carvalho, M.S. , Câmara, G. , Monteiro, A.V.M. , 2004. Análise Espacial de

Dados Geográficos. EMBRAPA, Brasıĺia . 
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