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Abstract

Background: Association between human mobility and disease transmission has been established for COVID-19, but quantifying
the levels of mobility over large geographical areas is difficult. Google has released Community Mobility Reports (CMRS)
containing data about the movement of people, collated from mobile devices.

Objective: The aim of this study isto explore the use of CMRs to assess the role of mohility in spreading COVID-19 infection
inIndia

Methods: In this ecological study, we analyzed CMRs to determine human mobility between March and October 2020. The
data were compared for the phases before the lockdown (between March 14 and 25, 2020), during lockdown (March 25-June 7,
2020), and after the lockdown (June 8-October 15, 2020) with the reference periods (ie, January 3-February 6, 2020). Another
data set depicting the burden of COVID-19 as per various disease severity indicators was derived from a crowdsourced API. The
relationship between the two data setswas investigated using the Kendall tau correl ation to depict the correl ation between mobility
and disease severity.

Results: At the national level, mobility decreased from —38% to —77% for all areas but residential (which showed an increase
of 24.6%) during the lockdown compared to the reference period. At the beginning of the unlock phase, the state of Sikkim
(minimum cases: 7) with a—60% reduction in mobility depicted more mobility compared to —82% in Maharashtra (maximum
cases. 1.59 million). Residential mobility was negatively correlated (—0.05 to —0.91) with all other measures of mobility. The
magnitude of the correlations for intramobility indicators was comparatively low for the lockdown phase (correlation =0.5 for
12 indicators) compared to the other phases (correlation =0.5 for 45 and 18 indicators in the prelockdown and unlock phases,
respectively). A high correlation coefficient between epidemiological and mobility indicators was observed for the lockdown
and unlock phases compared to the prel ockdown phase.

Conclusions; Mobile-based open-source mobility data can be used to assess the effectiveness of social distancing in mitigating
disease spread. CMR data depicted an association between mobility and disease severity, and we suggest using thistechniqueto
supplement future COVID-19 surveillance.

(JMIR Public Health Surveill 2021;7(8):e29957) doi: 10.2196/29957

KEYWORDS

COVID-19; lockdown; nonpharmaceutical Interventions; socia distancing; digital surveillance; Google Community Mobility
Reports; community mobility

https://publichealth.jmir.org/2021/8/e29957 JMIR Public Health Surveill 2021 | vol. 7 | iss. 8| €29957 | p. 1
(page number not for citation purposes)


mailto:drmadhurverma@gmail.com
http://dx.doi.org/10.2196/29957
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Introduction

Infectious diseases have caused profound disruptionsthroughout
the history of humanity. Despite a decrease in the number of
deaths attributed to contagious diseases, there has been a
constant risein the number of outbreaks over the past few years
due to emerging and re-emerging infectious agents [1].
Influenza, dengue fever, and HIV/AIDS are the three leading
contagious diseases that have infected millions of people
globally [2]. In addition to these, approximately 215 different
infectious agents have caused 12,102 outbreaksin 219 countries
over thelast 30 years[3]. In general, there have been significant
advances in the treatment and curing of infectious diseases.
However, infectious diseases pose a considerable challenge to
the health system due to their frequency, infectivity, and
mobility intoday’s extensively interconnected world. Therefore,
early detection and prevention of infectious diseases continues
to be atop priority among the global health community.

The current COVID-19 pandemic has disrupted and
overwhelmed hedlth systems worldwide. COVID-19 is an
infectious disease that is caused by a newly discovered
coronavirus, and the main route of transmission is thought to
bethrough respiratory droplets[4]. Theindex case of COVID-19
was traced to December 1, 2019, in Wuhan, China [5]. The
aggressive nature of the spread of COVID-19 led to its
declaration as a “public health emergency of international
concern” and then apandemic by the World Health Organization
(WHO) on January 30 and March 11, 2020, respectively. As
per the WHO, 216 countries had reported more than 121 million
cases and 2.6 million deaths due to COVID-19 as of March 17,
2021 [6]. There were 11.4 million confirmed cases in India
alone, with 0.16 million deaths, and it is among the most
severely affected countriesto date[7]. Dueto alack of effective
treatment strategy, nonpharmaceutical interventions (NPIs),
such as restricted mobility, home quarantine, and lockdown
measures, were enforced worldwide to halt interhuman
transmission of the virus [8]. As India is the second most
populous country in the world, with suboptimal investment,
NPIswere seen asthe most crucial part of pandemic mitigation.
Hence, the Government of India aso implemented a
countrywide lockdown to halt disease progression on March
24,2020 [9].

Research has demonstrated the association between mobility
and disease transmission for various infectious diseases, such
as cholera, dengue, influenza, Ebola, malaria, measles, and
COVID-19[10-17]. NPIsareintended to slow therapid disease
transmission and contain the disease burden until effective
pharmacological management options become accessible
[18,19]. Implementing NPIs in response to infectious disease
outbreaksis not anew method to limit mobility; they have been
used for centuries [20,21]. More recently, such measures were
implemented during the containment of the severe acute
respiratory syndrome (SARS) and Middle East respiratory
syndrome (M ERS) epidemics, which occurred inthelast decades
[22,23].

Although the connection between mobility and disease has been
known for centuries, establishing this causal association is
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challenging, as measuring and quantifying the level s of mability
at the population level is difficult. This can be attributed to the
challenges in obtaining access to mobility and disease data.
However, numerous mathematical models have demonstrated
such associations between mobility and infectious disease
transmission dynamics [24-26]. Moreover, during the current
pandemic, the digital ecosystem has supplemented traditional
surveillanceto provide data about disease severity and mobility
inreal time.

Given the highly infectious nature of COVID-19, theimportance
of digital epidemiology could be felt in disease containment
[24-27]. Digital epidemiology isabranch of epidemiology that
uses data generated outside the public health system [28].
Google Flu and Google Trends have been successfully used to
study various communicable and noncommunicable diseases
[29,30]. On similar lines, Googl e released Community Mobility
Report (CMR) data collated from people who accessed its
applications using mobile and handheld devices. Therestriction
in mobility by the Indian government and the data availability
provides researchers with an opportunity to empirically study
the relationship between socia activity, mobility, and
COVID-19incidence. However, thereisashortage of scientific
literature that documents the use of these data for surveillance
purposes. Very few researchers have tried to correlate mobility
trends with the aggressiveness of the disease [31-34]. Sulyok
and Walker [31] depicted negative correlations between CMR
data and case incidence for major industrialized countries of
Western Europe and North America. Wang and Yamamoto [32]
also depicted that a model using CMR data can describe the
combined effects of mobility at the local level and human
activities on the transmission of COVID-19. Cot et al [33]
analyzed Google and Apple mobility data. They concluded that
asubstantial decrease in the infection rate occurred 2-5 weeks
after the onset of mobility reduction [33]. None of these studies
explored the association of mobility with any other
epidemiological indicators except disease incidence; meanwhile,
it has been established that disease incidence alone is not an
ideal measure for making comparisons [35]. Therefore, in this
study, we attempt to understand and explore the role of mobility
in spreading COVID-19 infection in India using mobility data
from Google. During the pandemic, the central government has
issued various health advisories; however, because hedlth is a
state responsibility, the fina implementation of those
instructions depends on the state itself. Therefore, we
hypothesized that the states with strict enforcement of lockdown
would witness fewer cases and vice versa. Hence, we have also
examined the states with the maximum and minimum numbers
of casesfor changesin mobility as per CMR data.

Methods

Study Design
In this ecological study, we analyzed secondary data available
in the public domain between March 14 and October 16, 2020.
Study Period

Many interventions were implemented in India a the national
and subnational levels during the lockdown period and were
subsequently eased out in a phased manner. To begin, India
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issued travel advisories and restricted international travel
between January and March 2020. By early March, when case
numbers started to increase, states scaled up movement
restrictions. On March 25, Indiaentered anationwide lockdown
to ramp up preparedness [36]. The mobility data were assessed
for three significant periods, based on the implementation of
social mobility restrictions by the Indian government to mitigate
the pandemic [37]. Robust data for COVID-19 disease burden
were available in the public domain from March 14, 2020.
Hence, the three phases were labeled as prelockdown (March
14-24, 2020), lockdown (March 25-June 7, 2020), and unlock
(June 8-Octaber 15, 2020).

Data Sources

COVID-19 Data

The data setsfor COVID-19 casesin Indiawere crowdsourced
and made freely available through an API by avolunteer group.
The APl maintains the records of confirmed, active, recovered,
and deceased people for al the Indian states and union
territories. The data in the APl are gathered daily using state
bulletins and official handles. After the data are validated, they
are made available daily through Google Sheets [7].

Mobility Data

Google collectsand storesindividuals commuting information
through a GPS linked to Google Maps. These data are made
available on the web in the public domain, after aggregating
and anonymizing personally identifiable information, as
“COVID-19 Community Mobility Reports’ (Multimedia
Appendix 1) [38]. A CMR compares the changes in activity
and mobility during and after lockdown compared to before
lockdown. At the start of the study, the mobility data for 135
countries were available from Google. The mobility data for
India have been made available at the state and union territory
levelssince February 15, 2020. Multimedia Appendix 1 contains
further details about this website. The CMR provides the
percentage changes in activity for 6 key categories (groceries
and pharmacies, parks, transit, retail and recreation, residential,
and workplaces) compared to the baseline days before the advent
of COVID-19 (5 weeks, from January 3 to February 6, 2020)
[39]. Daily activity changes are compared to the corresponding
baselinefigure day. For example, dataon Monday are compared
to corresponding data from the baseline series for a Monday.
Baseline day figures are calcul ated for each day of the week for
each country and are calculated as the median value [38]. The
values represent the relative changes in percentage compared
to the baseline days, not the absolute number of visitors. For
instance, avalue of —50 in the workplaces data set on aMonday
indicates a 50% drop compared to the Monday in the reference
period. Similarly, a positive value indicates an increase in
mobility compared to the reference period.

Primary Outcome Variables and Covariates

The frequency of daily infected cases, deaths, and recovered
cases were the primary variables of this study. The disease
burden data for India by individual states and union territories
were depicted in cases per million (CPM), case fatality rate
(CFR), and doubling rate (DR), which were calculated using
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the standard formulae [40-42]. We used census popul ation data
from the different states of India as a reference [43]. The
mobility indicators pointing toward disease spread were the
covariates of interest. A CMR provides data for 6 mobility
indicators, used as covariates, which give information on
people's movement. It was significant to assess the variability
in people’'s mobility during the unlocking phase in response to
the caseload of each state during thelockdown. For the principle
of parsimony, we report the frequency of casesusing the median
and range valuesfor the states with the maximum and minimum
numbers of cases.

Data Analysis

We downloaded the mobility and COVID-19 data in the .csv
format on October 16, 2020, and we replaced the state codes
for the India COVID-19 data with state names using metadata.
The mobility data at the national and state levels were filtered
and stored. Subsequently, we merged the mobility and
COVID-19 data for India and the respective states and union
territories using the date variable and created anew spreadshest.
Finally, we arranged the data in separate spreadsheets for the
national and state levels for further analysis. Subsequently, the
relationship between mobility and COVID-19 spread for the
prelockdown and unlock phases was investigated using the
Kendall tau correlation. This approach is more general and
consistent with the ranking system and is proportional to the
number of concordant pairs minus the number of discordant
pairs. The value of tau ranges from +1 to—1 for identically and
oppositely ranking pairs, respectively. Because it is an initial
empirical investigation of the relationship between mobility
and epidemiol ogical indicators, the emphasisis on the magnitude
of the correlation rather than the P value. Further, we cal culated
and reported the 95% CI with all the point estimates to provide
readers with an idea of the estimate range.

Ethical Clearance

Ethical clearance for the study was obtained from the
Ingtitutional Review Board of the Postgraduate Institute of
Medical Education and Research, Chandigarh, India, videletter
INT/IEC/2020/SPL-1594.

Results

Disease Burden During Different Phasesof L ockdown

Theline graphs display the mobility trend and risein the number
of cases during these phases (Figure 1). At the end of phase 1,
as in, just before the national lockdown, the numbers of
cumul ative cases, cumul ative deaths, and cumulative recoveries
throughout India were recorded to be 567, 40, and 10,
respectively. Thelockdown was enforced for 75 days, until June
8, 2020, but the surge in the cumulative caseloads continued
(Table 1). This was followed by sequential unlocking, after
which a further surge was witnessed. As of October 15, 2020
(second unlock phase), the reported numbers of cumulative
cases, cumulative deaths, and cumulative recoveries in India
surpassed 7.5 million, 0.1 million, and 6.6 million, respectively,
with marked interstate variations.

JMIR Public Health Surveill 2021 | vol. 7 | iss. 8| €29957 | p. 3
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Kishoreet d

Figure 1. Line diagram depicting COVID-19 cases and mobility trends for Indiafrom March 14 to October 14, 2020.
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Table 1. Statewise burden (cumulative total) of the COVID-19 pandemic in India during the different phases of the lockdown (March-October 2020).

Region and state in Number of cases in each phase of lockdown, n (%)

India
Prelockdown (before March 25,  Lockdown (March 25-June 7, 2020) Unlock (June 8-October 15, 2020)
2020)
c? p°  RC C D R C D R
India 567 (100) 10 40(100) 257,478 7205 (100) 123,848 7,546,965 114,042 6,658,418
(1200) (1200) (100) (200) (100) (200)
North
Delhi 30(5.3) 1(10) 6(15) 28,936 812 (11.3) 10,999 (8.9) 331,017 6009 (5.3) 301,716(4.5)
(11.2) 4.9
Haryana 30(5.3) 00 1 4448 (1.7) 28(0.4) 1473 (1.2) 150,033 1640 (1.4) 138,350(2.1)
(27.5) (2.0)
Punjab 29(5.1) 1(10) 0(0) 2608 (1) 51(0.7) 2106 (1.7) 127,154 3999 (3.5) 116,925(1.8)
(1.7)
Jammu and 6(1.1) 0 0(0 4087 (1.6) 41 (0.6) 1216 (1) 87,942 (1.2) 1379(1.2) 77,886 (1.2)
Kashmir
Uttarakhand 4(0.7) 0 0(0 1355 (0.5) 13(0.2) 528 (0.4) 58,024 (0.8) 927 (0.8) 50,982 (0.8)
Himachal 3(0.5) 1(10) 0(0) 411 (0.2) 6(0.1) 219(0.2) 18,967 (0.3) 263(0.2) 16,038 (0.2)
Pradesh
Chandigarh 7(12) 0 0(0 314 (0.1) 5(0.1) 274(0.2) 13,646 (0.2) 208 (0.2) 12,554 (0.2)
Ladakh 13(2.3) 0 0(0 103 (0) 1(0) 50 (0) 5598 (0.1) 66 (0.1) 4615 (0.1)
Central
Uttar Pradesh 35(6.2) 00 11 10,536 (4.1) 275(3.8) 6185 (5) 455,146 6658 (5.8)  415,592(6.2)
(27.5) (6.0)
Rajasthan 32(5.6) 0(0 3(75 10599 (4.1) 240(3.3) 7754 (6.3) 173,266 1747 (1.5) 150,379(2.3)
(2.3)
Chhattisgarh 1(0.2) 0 0(0 1073(0.4) 4(0.1) 266 (0.2) 160,396 1478 (1.3) 132,168(2)
(2.1)
MadhyaPradesh 7 (1.2) 00 0(0) 9401 (3.7)  413(5.7) 6331(5.1) 160,188 2774 (2.4)  144,134(2.2)
(2.1)
West
Maharashtra 107 (18.9) 2(20) 0(0) 85,975 3059 39,314 1,595,381 42,114 1,369,810
(33.4) (42.5) (31.7) (21.1) (36.9) (20.6)
Gujarat 34 (6) 1(10) 0(0) 20,097 (7.8) 1249 (17.3) 13,643(11) 159,725 3637 (3.2) 141,753(2.1)
(2.1)
Goa 0(0) 0 0(0 300 (0.1) 0(0) 65 (0.1) 40,587 (0.5) 544 (0.5) 36,395 (0.5)
Dadraand Nagar 0 (0) 0 0(0 20 (0) 0(0) 2(0) 3176 (0) 2(0) 3079 (0)
Haveli
Daman and Diu  0(0) 0 0(0 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
South
AndhraPradesh 8 (1.4) 0 0(0 4659 (1.8) 75 (1) 2669 (2.2) 782,123 6425 (5.6) 739,307(11.2)
(10.4)
Karnataka 41(7.2) 1(10) 3(7.5) 5452(2.1) 61 (0.8) 2132 (1.7) 765,586 9889 (8.7) 645,826(9.7)
(10.2)
Tamil Nadu 18(3.2) 1(10) 1(25 31,667 272 (3.8) 16,999 687,400 10,642 (9.3) 637,637(9.6)
(12.3) (13.7) 9.
Kerala 109 (19.2) 0(0) 4(10) 1915(0.7) 16 (0.2) 803 (0.6) 341,860 1162 (1) 245,394(3.7)
(4.5)
Telangana 37(6.5) 00 1(25 3650(1.4) 137 (1.9) 1742 (1.4) 221,601 1271 (1.1) 198,790(3)
(2.9)
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Region and state in Number of cases in each phase of lockdown, n (%)

India
Prel o)ckdown (beforeMarch 25,  Lockdown (March 25-June 7, 2020) Unlock (June 8-October 15, 2020)
2020
@ D° R® C D R C D R
Puducherry 1(0.2) 0(0) 0(0) 119 (0) 0(0) 49 (0) 33,143 (0.4) 574 (0.5) 28,290 (0.4)
Andamanand  0(0) 0(0 0(0) 33(0) 0(0) 33(0) 4104(0.1) 56 (0) 3859 (0.1)
Nicobar Islands
L akshadweep 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
East
West Bengal 9(1.6) 1(10) 0(0) 8187(3.2) 396 (5.5) 3303(27) 0(0) 6056 (5.3) 281,053
(4.2)
Odisha 2(0.4) 0(0 0(0) 2856 (1.1)  11(0.2) 1894 (15) 268,364 1188 (10) 246,837
(36) (3.7)
Bihar 3(0.5) 1(10) 0(0) 5070 (2.0)  30(0.4) 2405(1.9) 204,212 996 (0.9) 192,594
(2.7) (2.9)
Jharkhand 0(0) 0(0 0(0) 1103(0.4) 7(0.1) 490 (0.4) 96,327 (1.3) 39(0.7) 890,011 (1.3)
Nor theast
Assam 0(0) 0(0 0(0) 2682(1.0) 3(0) 637 (0.5) 200,607 872 (0.8) 171,680(2.6)
(2.7)
Tripura 0(0) 0(0 0(0) 802 (0.3) 0(0) 192 (0.2) 29,465 (0.4) 326 (0.3) 26,199 (0.4)
Manipur 1(0.2) 0(0) 0(0) 172 (0.1) 0(0) 52 (0) 15,463 (0.2) 116 (0.1) 11,741 (0.2)
Arunachal 0(0) 0(0 0(0) 48 (0) 0(0) 1(0) 13,348 (0.2) 30(0) 10,315 (0.2)
Pradesh
Meghalaya 0(0) 0(0) 0(0) 36 (0) 1(0) 13 (0) 8404 (0.1) 75(0.1) 6034 (0.1)
Nagaland 0(0) 0(0) 0(0) 116 (0) 0(0) 8(0) 7816 (0.1)  21(0) 6142 (0.1)
Sikkim 0(0) 0(0) 0(0) 7(0) 0(0) 0(0) 3610 (0) 60 (0.1) 3185 (0)
Mizoram 0(0) 0(0) 0(0) 34.(0) 0(0) 1(0) 2253 (0) 0(0) 2148 (0)

4C: confirmed cases of COVID-19.
bD: deceased due to COVID-19.
R: recovered from COVID-19.

Disease Severity/Epidemiologic I ndicators

Table 2 presents crucia epidemiologic indicatorsthat were used
to estimate disease burden in terms of the CPM, DR, and CFR
of COVID-19. CPM increased to 40 (36.6-43.3) at the national
level by the end of phase 3 (unlock). The disease DR aso
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increased to 33.4 (30.3-36.5), while CFR—a vital indicator of
the severity of the disease in an epidemic—decreased to 2.3%
(95% CI 1.9%-2.6%) on October 15, 2020. The states of Punjab
(4.6%, 95% Cl 4.0%-5.3%) and Maharashtra (4.1%, 95% CI
3.4%-4.8%) reported the highest CFRs; meanwhile, Mizoram,
L akshadweep and Daman, and Diu reported CFRs of zero.

JMIR Public Health Surveill 2021 | vol. 7 | iss. 8| €29957 | p. 6
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Kishore et al

Table 2. Interstate comparison of COVID-19-related statistics during the different phases of lockdown in India (March-October 2020).

Region and statein India  Statistics in each phase of lockdown, mean (95% CI)
Prelockdown (before March 25, 2020) Lockdown (March 25-June 7, 2020) Unlock (June 8-October 15, 2020)

cPm?2 DR CFR® CPM DR CFR CPM DR CFR
India 0(0-01) 41(28- 220(0 25(2-3) 106(9.6- 12(9.7- 40(36.6- 334(30.3- 23(1.9-
5.5) 47.6) 11.5) 14.3) 43.3) 36.5) 2.6)
North
Delhi 0.1(0-0.2) 2.3(0-48 0 20.6 (15.6- 12.6(10.6- 12.6(7.2- 121.4 585(53- 28(15
25.6) 14.6) 18) (111.7- 64) 4.1)
131)
Haryana 0.1(0-0.2) 4.3(0-89) 0 21(1.3- 209(14.7- 43(0.9- 388(349- 354(3L7- 15(1.2-
2.9) 27.2) 7.6) 42.8) 39.1) 17)
Punjab 0.1(0-02) 23(0-53) 0 11(0.7- 50.8(8 12 (6.3- 31.2(26.9- 359(29.6- 4.6(4-5.3)
1.5) 93.7) 17.7) 35.5) 42.3)
Jammu and Kashmir  0(0-0.1)  0.8(0-23) 0 4(2.6-54) 144(121- 59(1.7- 46.3(41.1- 37.8(33.9- 26(2.2-3)
16.8) 10.1) 51.6) 41.6)
Uttarakhand 0(0-01) 05(0-13 0 16(08- 11.2(76- 48(04  379(3L9- 36.8(3L3- 2(L7-24)
2.4) 14.7) 10) 43.8) 42.3)
Himachal Pradesh 0001 © 10.0 (O- 0.7(05-1) 115(8 29(1.1- 187(16- 324(286- 15(11-2)
32.6) 14.9) 6.8) 21.4) 36.1)
Chandigarh 05(02- 05(0-16) O 35(23- 247(122- 88(1.2- 865(714 39.9(33- 3.3(L55)
1.2) 4.8) 37.2) 16.4) 101.7) 46.7)
Ladakh 41(.7- O 0 42(15  39(14 16(1.6- 143(1236- 57.3(438 0
9.9) 6.8) 6.4) 4.8) 162.3) 70.8)
Central
Uttar Pradesh 0.1(0.0- 62(35 0 06(05- 13.7(12- 6.7(3- 14.1(12.6- 35.5(30.6- 2.3(2-2.6)
0.2) 8.8) 0.7) 15.5) 10.3) 15.5) 40.5)
Rajasthan 0(0-01) 25(.7- 0 17(15-2) 146(127- 7.3(3 151 (13.8- 35.3(33.7- 15(L3
4.2) 16.5) 11.7) 16.4) 36.9) 1.6)
Chhattisgarh 0 0 0 05(03- 744 04(01-  40.7(33.7- 224(206- 15(1L.2-
0.7) 10.8) 0.8) 47.7) 24.3) 1.9)
Madhya Pradesh 0.1 09(0-25 0 15(1.2- 182(12.7- 16.1(104- 13.3(11.6- 36.8(34.2- 2.3(21-
1.7) 23.7) 21.8) 14.9) 39.4) 2.6)
West
Maharashtra 0.1(0,0.1) 58(36- 33.3(0 9.3(7.4- 10.7(94 191(14.2- 92.2(841- 39.5(35.3- 4.1 (34
8.0) 87.5) 11.2) 12) 24.1) 100.2) 43.7) 4.8)
Gujarat 0(0,0.1) 1.7(0-40) O 42(35  14(115- 221(16- 16.4(157- 49.5(465 25(2.1-
4.9) 16.4) 28.1) 17.2) 52.5) 2.8)
Goa 0 0 0 25(08- 6225 0 191(169.5- 285 (24.7- 1.4 (L2
4.2) 9.9) 212.4) 32.3) 1.6)
Dadra and Nagar 0 0 0 04(01- 04(1- © 25.3(34.2- 1143 0.1(0.1-
Haveli 0.9) 0.8) 42.9) (63.4- 0.3)
165.1)
Daman and Diu 0 0 0 0.4(0-09) 0 0 385(34.2- 0 0
42.9)
South
Andhra Pradesh 0.1 2(0-42 O 12(1-1.3) 17.3(146- 7.5(3 108.4 36.1(29.9- 15(1.2-
19.9) 11.9) (96.5- 42.3) 17)
120.4)
Karnataka 0.1(0-0.1) 3.2(0-57) 0 11(0.7- 165(13- 84(42- 846(76- 269(241- 27(23-
1.4) 20.1) 12.5) 93.2) 29.7) 3.1)
https://publichealth.jmir.org/2021/8/e29957 JMIR Public Health Surveill 2021 | vol. 7 | iss. 8| €29957 | p. 7

(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Kishore et d

Region and statein India

Statistics in each phase of lockdown, mean (95% CI)

Prelockdown (before March 25, 2020) Lockdown (March 25-June 7, 2020)

Unlock (June 8-October 15, 2020)

cpm? DR® CFR® CPM DR CFR CPM DR CFR
Tamil Nadu 0 12(0-21) 0 54(42- 11.9(103- 51(1.8- 633(604- 435(39- 1.9(L7-2)
6.7) 13.6) 8.3) 66.3) 48)
Kerala 03(0.1- 49(0:99) 0 07(05  42.4(265- 22(054) 7L6(57.9- 19.7(185 0.6 (0.5-
0.4) 0.9) 58.4) 85.3) 20.8) 0.7)
Telangana 01(0-0.1) 33(19- 0 12(1-15) 34.4(22.3- 109(54- AMEB/6M7) 38(333- 2.6(05
48) 46.5) 16.4) 42.7) 47)
Puducherry 01(0-02) © 0 11(06- 2(0832) O 175.7 27.3(231- 2.7(2-3.4)
1.7) (153.3- 31.6)
198)
Andaman and Nicobar 0 0 0 11(04- 04(02- O 73.4(58.3- 70.7(56.3- O
Islands 1.7) 0.9) 88.5) 85.2)
L akshadweep 0 0 0 0 0 0 0 0 0
East
West Bengal 0.1 0.7(0-1.9) 0(0,0) 11(0.8- 99(86- 145(8.7- 23.6(21.7- 199(18.8 2.4(2.2-
1.4) 11.1) 20.2) 25.6) 21.1) 2.6)
Odisha 0.0 0 0 0.8(0.6- 105(8-13) 3.6(0-7.9) 43.1(37.8- 26.3(23.3- 0.7(0.6-
1.1) 48.3) 29.3) 0.7)
Bihar 0.0 03(0-1) O 05(04- 128(9.7- 1(0.3-16) 12(10.6- 46.8(40.2- 0.6(0.5-
0.7) 15.8) 13.4) 53.3) 0.7)
Jharkhand 0 0 0 04(02- 136(9.3 21(15  186(16- 339(28.9- 1.6(12-2)
0.5) 17.9) 5.6) 21.1) 39)
Northeast
Assam 0.0 0 0 1(06-15) 64(42- 47(06- 41.8(37.1- 434(334- 0.1(0-0.2)
8.7) 10) 46.5) 53.3)
Tripura 0.0 0 0 26(L2- 88(25 0 51.7 (44.3- 46.9(34.6- 2.3(0.6-
3.9) 15) 50.1) 59.2) 3.9)
Manipur 00001 O 0 07(04- 14(01- 0 37.2(325- 34.8(304- 15(0.7-
1.1) 2.8) 41.9) 39.2) 2.4)
Arunachal Pradesh 0.0 0 0 0.4(0-08) 08(0.1- 0 64.5(55.3- 24.8(21.4- 1.1(05-
15) 73.8) 28.2) 2.7)
Meghalaya 0.0 0 0 01(0.1- 16(05 O 187 (153- 26(22.3- 26(0.7-
0.2) 2.8) 22.1) 29.6) 4.5)
Nagaland 0.0 0 0 07(02- 05(01- 0 25.7(21.5- 54.7(44- 09(0-17)
1.2) 0.9) 30) 65.4)
Sikkim 0.0 0 0 01(0-03) 0(0-01) O 39.2(32.8- 47.2(346- 24(L1-
45.7) 59.7) 3.7)
Mizoram 0.0 0 0 04(0-0.7) 02(01- 0O 135(10.6- 69.8(65.7- O
0.6) 16.3) 73.1)
8CPM: cases per million.
PDR: doubli ng rate.
°CFR: case fatality rate.
dy/alues <0.1 are rounded to O.

Mability Indicatorsand I ntramobility Correlation

Table 3 depicts the changes in the mobility patterns in all 6
categories reported in CMRs for India and for the states of
Maharashtra (most cases) and Sikkim (fewest cases). At the
national level, mobility in 5 of the 6 categories was reduced
during the lockdown period compared to the reference period,
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with the exception being residential areas. During thelockdown,
maximum restrictions were seen at retail and recreation areas,

followed by transit, parks, and workplaces. The leading drop
of —77.2% (95% Cl —78.7% to —75.8%) at the national level
occurred for the retail and recreation category during the
lockdown. In contrast, residential mobility increased by 24.6%
(95% ClI 23.4%to 25.8%) during the lockdown. During unlock,
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the areas with the lowest to highest mobility were residential,
groceries and pharmacies, workplaces, transit, parks, and retail
and recreation. With the maximum number of cases,
M aharashtra State di splayed the highest restriction in movement,
with a drop of —82.4% (95% CI —83.3% to —81.5%) in the
lockdown phasefor retail and recreation. Sikkim depicted higher
mobility compared to Maharashtrafor all 6 categories of places
reported in CMRs. The state of Sikkim displayed a drop of
—65.4% (95% ClI —67% to 63.9%) during lockdown for retail

Kishore et d

and recreation. The spiral bar charts in Figure 2 display the
changes in mobility for the states of Sikkim and Maharashtra
aswell as at the national level acrossthe different phases of the
lockdown. Table 4 exhibits the intramobility correlation. In
general, residential mobility was negatively correlated with all
other measures of mobility. The magnitude of correlations for
the intramobility indicators was comparatively low for the
lockdown phase compared to the prelockdown and unlock
stages.

Table 3. Percentage changes in mobility patterns during different stages of lockdown during the COVID-19 pandemic as per the Google Community

Mobility Reports for India (March-October 2020).

Region and mobility indicator Percentage change in each phase of lockdown, median (95% CI)

Prelockdown (before March 25, 2020)

Lockdown (March 25-June7,2020) Unlock (June 8-Octaber 15, 2020)

India

Retail and recreation
Transit

Parks

Workplaces

Groceries and pharma-
cies

Residential

Retail and recreation
Transit

Parks

Workplaces

Groceries and pharma-
cies

Residential

Retail and recreation
Transit

Groceries and pharma-
cies

Parks
Workplaces

Residential

—29.6 (—46.7 to—12.4)
—25.7 (-42t0-9.4)
-18.3(-31.2t0-5.3)
—21.1(-36.2t0-5.9)
-14.0 (314 t0 3.4)

9.4 (3.810 15)

—40.3 (-58.8t0-21.8)
-35.6 (-53.810-17.3)
-30.7 (~45 to ~16.5)
-31.8(-50.1t0-13.6)
~20.1 (~38.6 to —1.6)

14.5(7.310 21.6)

State with lowest number of casesat the end of lockdown (Sikkim)

-8.6(-23.3t06.1)
—22.4(-38.810-5.9)
-125(-30.8105.9)

-16.4 (-29.9t0-2.8)
0.8(-8.1t09.7)
3.6 (0.4106.7)

—77.2(-78.7t0-75.8)
-59.5 (-62.0t057.1)
-56.8 (—58.0 t0 —55.6)
-51.9 (-55.2 t0 —48.6)
~38.0 (-42.410-33.6)

24.6 (23.410 25.8)

State with highest number of casesat the end of lockdown (M ahar ashtr a)

-82.4(-83.310-81.5)
—71.3(-72.810-69.8)
~70.4 (71510 -69.2)
—65.3 (—68 t0 —62.6)
—48 (-50.9 t0 —45.2)

31.8(30.6t0 32.9)

—65.4 (-67.0 10 -63.9)
—65.2 (-67.3t0—63)
—48.3 (-52.5t0-44.1)

—43.5 (—44.1t0-42.8)
—20.2 (-23.3t0-17.1)
12.8 (12.1t0 13.5)

—50.5 (-52.1 10 -48.9)
—35.2 (-36.4 t0 —34)
—49.0 (—49.7 t0-48.2)
—28.2 (-29.5t0-27)
5.7 (-7.2t0-4.1)

13.9 (13.6 t0 14.3)

—29.4(-33.5t0-25.3)
—44.3 (-46.2 to -42.4)
—52.2 (-54.1t0-50.2)
4.4(-05109.3)

—52.5 (-55.7 t0 —49.4)

22.2(21.31023.2)

—52.3 (-55.1 t0 -49.6)
545 (-57.1t0 -51.9)
—39.3 (-43 0 —35.6)

—43.6 (—44.1t0-43.1)
-15.6 (-17.8 to -13.4)
135 (12.7t0 14.3)
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Figure2. Spira bar chartsdisplaying the changesin the Google Community Mobility Reports mobility patternsfor the states of Sikkim and Maharashtra

compared to India across the different phases of lockdown.
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Table4. Intracorrelations between the mobility indicators during the COVID-19 pandemic in India (March-October 2020).

Correlation coefficients
Prelockdown (before March 25, 2020)

Mohbility indicators

Lockdown (March 25-June7,2020)  Unlock (June 8-Octaber 15, 2020)

India Maharashtra Sikkim India Maharashtra Sikkim India Maharashtra Sikkim

Retail and recreation

Qroceri% and pharma-  0.60 0.93 0.90 0.40 0.40 0.17 0.37 0.68 0.38

cies

Parks 0.96 0.99 0.81 0.45 0.48 0.32 0.69 0.81 0.17

Transit 0.97 0.96 0.95 0.38 0.29 0.27 0.77 0.79 0.52

Workplaces 0.85 0.82 0.72 0.29 0.20 0.14 0.26 0.43 0.25

Residential -0.91 -0.84 -0.85 -0.44 -0.33 -0.29 -0.30 -0.50 -0.33
Groceriesand pharmacies

Parks 0.67 0.95 0.85 0.03 -0.07 -0.11 0.46 0.75 0.25

Transit 0.56 0.96 0.96 0.91 0.80 0.69 0.47 0.66 0.59

Workplaces 0.47 0.82 0.71 0.63 0.51 0.70 -0.08 0.27 0.63

Residential -0.58 -0.81 -0.74 —0.60 -0.40 -0.71 -0.05 -0.34 -0.80
Parks

Transit 0.90 0.99 0.87 -0.04 -0.23 -0.15 0.67 0.72 0.10

Workplaces 0.77 0.84 0.60 -0.18 -0.27 -0.22 0.10 0.34 0.24

Residential -0.91 -0.85 -0.73 0.07 0.14 011 -0.08 —0.36 -0.19
Transit

Workplaces 0.88 0.86 0.67 0.70 0.70 0.72 0.35 0.57 0.37

Residential -0.89 -0.84 -0.79 -0.69 -0.61 -0.79 -0.35 -0.64 -0.53
Workplaces

Residential -0.88 -0.99 -0.78 -0.84 -0.85 —0.66 -0.49 -0.74 -0.63

Correlation Between Mobility and Epidemiological
Indicators

A genera trend of a high correlation coefficient between
epidemiological and mobility indicators was observed for the
lockdown and unlock phases compared to the prelockdown
phase. With few exceptions, the correl ation coefficients between
epidemiological and mobility indicators for India and
Maharashtra are similar. The highest correlation for India,
Maharashtra, and Sikkim was observed in the unlock stage for
retail and recreation and all epidemiological indicators. It was
interesting to see a substantial increase in correlation between

https://publichealth.jmir.org/2021/8/e29957

RenderX

park visits and epidemiological indicators from the lockdown
phaseto the unlock phase. Only 7 caseswerereported in Sikkim
before unlock; therefore, intercorrelationsfor CFR and recovery
are not available during the pre-unlock phases. Table 5 gives
details of the correlation coefficients between mobility and
epidemiological indicators. Initial exploration indicated that
there are substantially high correlations between various
epidemiological and Google mobility indicators. Figure 1
displays the cumulative rise in the frequency of cases with the
mobility indicators. There was a rapid surge in the number of
cases in the unlock phase after flat linear growth up to the
lockdown stage.
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Table5. Intercorrelation between the mobility and epidemiological indicators during the COVID-19 pandemic in India (March-October 2020).

Mohbility and epidemiological  Correlation coefficients

indicators
Prelockdown (before March 25, 2020)

Lockdown (March 25-June 7,2020) Unlock (June 8-Octaber 15, 2020)

India Maharashtra  Sikkim India Maharashtra Sikkim India Maharashtra  Sikkim

Retail and recreation

Doubling rate 0.00 0.11 _a 0.29 0.29 0.15 0.72 0.66 0.27

Casefatality rate -0.49 -0.55 — -0.21 -0.33 — -0.64 -0.55 0.37

Recovery 0.02 — — 0.32 0.30 — 0.63 0.64 0.12
Groceriesand pharmacies

Doubling rate 0.00 0.16 — 0.78 0.62 0.19 0.15 0.43 -0.01

Case fatality rate -0.44 -0.37 — -0.69 -0.41 — -0.05 -0.35 -0.16

Recovery -0.14 — — 0.85 0.76 — 0.00 0.37 -0.30
Parks

Doubling rate 0.05 0.11 — —0.06 -0.13 0.05 0.51 0.59 0.02

Casefatality rate -0.41 -0.57 — 0.14 -0.06 — -0.44 -0.48 -0.07

Recovery —0.06 — — -0.07 -0.20 — 0.43 0.55 -0.05
Transit

Doubling rate -0.02 0.11 — 0.79 0.62 0.14 0.59 0.60 0.13

Case fatality rate -0.53 -0.55 — -0.68 -0.39 — -0.51 -0.49 0.09

Recovery 0.04 — — 0.87 0.80 — 0.47 0.55 -0.08
Workplaces

Doubling rate -0.09 0.07 — 0.59 0.46 0.13 0.35 0.35 -0.10

Casefatality rate -0.40 -0.55 — -0.56 -0.23 — -0.37 -0.35 -0.06

Recovery -0.02 — — 0.70 0.57 — 0.35 0.38 -0.31
Residential

Doubling rate 0.05 -0.07 — -0.55 -0.40 -0.16 -0.35 -0.41 0.02

Casefatality rate 0.36 0.57 — 0.51 0.23 — 0.30 0.34 0.08

Recovery 0.06 — — —0.65 -0.48 — -0.25 —0.36 0.31

#Not applicable.
Discussion Inter- and intramobility networks play significant rolesin disease

We used the CMRs provided by Google to assess the national
and subnational patterns of mobility before, during, and after
the COV1D-19 pandemic | ockdown enforced by the government
of India and their correlations with disease severity. There are
specific critical findingsin our study. First, there were marked
interstate variationsin the disease burden during the three phases
of our study period. By the end of thelockdown phase, although
the CPM and DR continued to increase, disease severity, as
depicted by the CFR, started to decrease. The CMR data
depicted that mobility decreased during the lockdown and then
increased again during the unlock phase. We observed
intramobility solid patterns among the 6 mobility indicators.
Residential mobility was seen to be inversely associated with
mobility in public places. A significant correlation was seen
between mobility and epidemiological indicators.

https://publichealth.jmir.org/2021/8/e29957

transmission dynamics in the modern era [44]. We observed
wide subnational variations in the disease burden, as depicted
by various epidemiological indicators used in the study. The
state of Maharashtrawas among the most greatly affected states
inthe country. This can be attributed to itslarge popul ation size,
as it is the second most populous state in India after Uttar
Pradesh. Moreover, COVID-19 was a relatively urban
phenomenon during the study period, and Maharashtra is one
of India's most urbanized states (more than 50% urbanized).
More than half of the COVID-19 cases in Maharashtra were
reported from four major cities: Mumbai, Thane, Pune, and
Nagpur. In contrast, the proportion of urbanization in other
populous states such as Uttar Pradesh is 22%. Also, Maharashtra
attracts more people from other states for education and jobs;
hence, it has avery high population density. This demographic
profile has a significant impact on the COVID-19 transmission
dynamics. However, if we consider total CPM, many other
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states, such as Goa, Delhi, and Andhra Pradesh, reported more
casesthan Maharashtra by the end of lockdown. Also, any state
with an efficient and sensitive surveillance system in place will
detect more cases during an epidemic. Maharashtra has always
been among the top performersin Indiain thisregard [45]. On
the other hand, the state of Sikkim depicted the minimum
number of cases throughout the country. Sikkim is a remote
state in a hilly area, with a small population size and lower
population density, fewer migrations, morerural areas, and less
interstate trade and transit; this explains its lower number of
cases during the study period.

In our study, residential mobility increased during the lockdown.
It also correlated negatively with other measures of mobility.
These findings are consistent with studies conducted by Saha
et a [34,46], which found that people stayed at home during
the lockdown. The mobility trends display that mobility started
to decrease even before the government implemented the
lockdown measure. Although legal enforcement was the prime
reason for reducing mobility, people also restricted their
movements voluntarily and avoided crowded places due to
apprehensions regarding the disease [47-49]. Mohility in other
places was reduced during the lockdown and then gradually
rescaled during the unlock phase. This pattern is coherent with
those in other studies, which found that people rescheduled or
canceled travel and transport plansin the wake of public health
emergencies [50,51].

We used the Kendall tau correlation to quantify the relationship
between mobility and epidemiological indicators, as this
correlation is more robust and consistent for nonnormal data.
The mobility indicators depicted strong correlations with
epidemiological characteristics for both the lockdown and
unlock phases. This trend is consistent with many theoretical
studies that have predicted the role of mobility for infectious
diseases [10,52,53]. Previous studies have demonstrated the
utility of mobility in the spread of COVID-19 data globally
[31,54]. Our analysisindicatesthat mobility isapotential metric
to monitor and predict disease outbreaks. However, the statistical
analysis is exploratory and univariate and requires rigorous
statistical evaluation before mobility can be adopted as an
indicator of surveillance.

Moreover, our models depicted wide interstate variations in
mobility patterns. We discussed variations only in the states of
Maharashtra and Sikkim, as they reported the maximum and
minimum numbers of cases, respectively, at theend of lockdown
to understand the relationship between mobility and disease
dynamics. Addressing diseases such as COVID-19 from a
mathematical perspective can reveal the internal pattern and
potential structure of pandemic control, and it can help provide
insights into the transmission dynamics of such diseases and
thepotential role of different public health intervention strategies
[55]. Lockdown interventionsto prevent the spread of infection
lead to different patterns of mobility. However, lockdown
measures only serve their purpose when they ate strictly
enforced. Our data suggest that the growth trajectory for the
rise in cases was linear compared to the steep trajectory post
lockdown. Many authors have previously discussed the impact
of lockdown in controlling the spread of COVID-19 in India
[56,57]. However, lockdown measures to save lives were
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recommended and championed by the WHO and other |eading
agencies. There are numerous discussions and debates in the
literature regarding the appropriateness of total lockdown
measures [58-60]. A group of medical researchers published
the “Great Barrington Declaration,” in which they emphasized
the concept of “Focused Protection” as an alternative to
lockdowns [61]. Simultaneously, other researchers disagreed
and called for strict measures until avaccine became available;
they published the “ John Snow Memorandum” [62]. However,
it may take a long time to assess the overall strengths and
shortcomings of the lockdown.

This study is the first pan-Indian empirical study quantifying
therole of mobility in disease transmission. However, there are
some obvious limitations to our study. The major limitation is
the dynamic nature of COVID-19 and the mobility patterns.
Therefore, it is challenging to obtain robust estimates unless
disease transmission stabilizes. Moreover, an ecological study
uses normative mobility data; this study may thus be impacted
by ecological falacy. The disease infection rate varies per
gender, accessibility to health care, and literacy level; however,
the data for the current study limit its generalization to these
subgroups.

Similarly, no attempt can be made to examine the psychol ogical
and sociological issues affecting mobility. The data used by
Googleto generate the mobility estimates may have questionable
concordance with the actual mobility rates. M obile phones may
not reflect the actual mobility in the community, especialy in
rural areas, where GPS-enabled smartphones are not used by
many people. Similarly, apprehensions about data misuse may
prevent many smartphone users from using maps, undermining
the actual estimates. Less frequent GPS usage may be areason
why we could not find intermability patterns for Sikkimin our
analysis. Finally, per CMR, baseline dates do not account for
the seasonality of movements. The lack of accounting of
seasonality may aso affect the accuracy and precision of
estimates. Moreover, Google’'s CMR datado not directly equate
to some specific COVID-19 control measures. We could not
assess the reasons underlying the patterns observed in mobility.

To conclude, we can use mobile-based open-source mobility
data to assess the effectiveness of socia distancing. CMR data
depicted an association between community mobility with
disease severity indicators. We suggest that data related to
community mobility can be of utility in future COVID-19
modeling studies. With the declaration of COVID-19 as a
pandemic, mobility levels declined, which can be primarily
attributed to legal enforcement or increased fear of disease
leading to personal behavioral changes. Google’'s CMR depicts
the effect of these measures on community movement. CMR
can provide an effective tool for the authorities to evaluate the
timing and impact of social distancing efforts, mainly related
to movement restrictions. We recommend using these data
whenever applicable to supplement the existing surveillance
methods in any country. This approach does not involve any
additional cost and can provide quick action points about the
adherence to social distancing measures. This method can be
used to forecast mass movements during nonpandemic
conditions, such as the famous gatherings during Kumbh Mela
in India, and can help us assess preparedness accordingly. An
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attempt can also be made to forecast mass movements, which  the cultural, social, and economic issues that are responsible
is needed to make informed decisions. With the increase in  for some of the differences in adherence to social distancing
mobile internet usage, the real-time data method isexpectedto  measures.

increase accuracy. Future studies should focus on establishing

Acknowledgments

We are thankful to Prof Nishtha Jaswal, Director, National Law University, Shimla (India), for her relentless support in the
language editing of this paper. The authors received no funding for the study.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Summary of mobility reports generated by Google to combat the COVID-19 pandemic and snapshot of the process to download
community mobility reports and data.
[DOCX File, 180 KB-Multimedia Appendix 1]

References

1.  Christiansen J. Global infections by the numbers. Scentific Am 2018 May;318(5):48-49 [FREE Full text]

2. Bloom DE, Cadarette D. Infectious disease threats in the twenty-first century: strengthening the global response. Front
Immunol 2019;10:549 [FREE Full text] [doi: 10.3389/fimmu.2019.00549] [Medline: 30984169]

3. Smith KF, Goldberg M, Rosenthal S, Carlson L, Chen J, Chen C, et a. Global rise in human infectious disease outbreaks.
JR Soc Interface 2014 Dec 06;11(101):20140950 [EFREE Full text] [doi: 10.1098/rsif.2014.0950] [Medline: 25401184]

4.  Coronavirus. World Health Organization. URL : https.//www.who.int/health-topics/coronavirusttab=tab 1 [accessed
2021-06-08]

5. Anastassopoulou C, Russo L, Tsakris A, Siettos C. Data-based analysis, modelling and forecasting of the COVID-19
outbreak. PLoS One 2020;15(3):€0230405 [ FREE Full text] [doi: 10.1371/journal.pone.0230405] [Medline: 32231374]

6.  Coronavirus disease (COVID-19) situation reports. World Health Organization. URL: https://www.who.int/publications/
m/item/weekly-operati onal -update-on-covid-19---22-march--2021 [accessed 2021-08-23]

7.  COVID19-India API. URL: https://api.covidl9india.org/ [accessed 2021-04-26]

8. AskitasN, Tatsiramos K, Verheyden B. Estimating worldwide effects of non-pharmaceutical interventions on COVID-19
incidence and popul ation mobility patterns using amultiple-event study. Sci Rep 2021 Jan 21;11(1):1972 [FREE Full text]
[doi: 10.1038/s41598-021-81442-x] [Medline: 33479325]

9. Ray D, Subramanian S. India's lockdown: an interim report. Indian Econ Rev 2020 Aug 19:1-49 [FREE Full text] [doi:
10.1007/s41775-020-00094-2] [Medline: 32836357]

10. Bengtsson L, Gaudart J, Lu X, Moore S, Wetter E, Sallah K, et a. Using mobile phone data to predict the spatial spread
of cholera. Sci Rep 2015 Mar 09;5(1):8923 [FREE Full text] [doi: 10.1038/srep08923] [Medline: 25747871]

11. Kraemer MUG, Yang C, Gutierrez B, Wu C, Klein B, Pigott DM, Open COVID-19 Data Working Group, €t a. The effect
of human mobility and control measures on the COVID-19 epidemic in China. Science 2020 May 01;368(6490):493-497
[FREE Full text] [doi: 10.1126/science.abb4218] [Medline: 32213647]

12. Barmak DH, Dorso CO, Otero M, Solari HG. Dengue epidemics and human mobility. Phys Rev E Stat Nonlin Soft Matter
Phys 2011 Jul;84(1 Pt 1):011901. [doi: 10.1103/PhysRevE.84.011901] [Medline: 21867207]

13. CharuV, Zeger S, Gog J, Bjarnstad ON, Kissler S, Simonsen L, et al. Human mobility and the spatial transmission of
influenzain the United States. PLoS Comput Biol 2017 Feb 10;13(2):€1005382 [FREE Full text] [doi:
10.1371/journal.pchi.1005382] [Medline; 28187123]

14. Peak CM, Wesolowski A, Zu Erbach-Schoenberg E, Tatem AJ, Wetter E, Lu X, et al. Population mobility reductions
associated with travel restrictions during the Ebola epidemic in Sierra Leone: use of mobile phone data. Int J Epidemiol
2018 Oct 01,;47(5):1562-1570 [FREE Full text] [doi: 10.1093/ije/dyy095] [Medline: 29947788]

15. Wesolowski A, Eagle N, Tatem AJ, Smith DL, Noor AM, Snow RW, et al. Quantifying the impact of human mobility on
malaria. Science 2012 Oct 12;338(6104):267-270 [FREE Full text] [doi: 10.1126/science.1223467] [Medline: 23066082]

16. YangW, WenL, Li S, Chen K, Zhang W, Shaman J. Geospatial characteristics of measles transmission in Chinaduring
2005-2014. PLoS Comput Biol 2017 Apr 4;13(4):€1005474. [doi: 10.1371/journal.pchi.1005474]

17. Grenfell BT, Bjarnstad ON, Kappey J. Travelling waves and spatial hierarchies in meases epidemics. Nature 2001 Dec
13;414(6865):716-723. [doi: 10.1038/414716a] [Medline: 11742391]

18. Moghadas SM, Shoukat A, Fitzpatrick MC, Wells CR, Sah P, Pandey A, et al. Projecting hospital utilization during the
COVID-19 outbreaks in the United States. Proc Natl Acad Sci U SA 2020 Apr 21;117(16):9122-9126 [FREE Full text]
[doi: 10.1073/pnas.2004064117] [Medline: 32245814]

https://publichealth.jmir.org/2021/8/e29957 JMIR Public Health Surveill 2021 | vol. 7 |iss. 8| €29957 | p. 14
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=publichealth_v7i8e29957_app1.docx&filename=932d5afaa5b89ccc5c149fd682b69631.docx
https://jmir.org/api/download?alt_name=publichealth_v7i8e29957_app1.docx&filename=932d5afaa5b89ccc5c149fd682b69631.docx
https://www.scientificamerican.com/article/global-infections-by-the-numbers/
https://doi.org/10.3389/fimmu.2019.00549
http://dx.doi.org/10.3389/fimmu.2019.00549
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30984169&dopt=Abstract
http://europepmc.org/abstract/MED/25401184
http://dx.doi.org/10.1098/rsif.2014.0950
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25401184&dopt=Abstract
https://www.who.int/health-topics/coronavirus#tab=tab_1
https://dx.plos.org/10.1371/journal.pone.0230405
http://dx.doi.org/10.1371/journal.pone.0230405
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32231374&dopt=Abstract
https://www.who.int/publications/m/item/weekly-operational-update-on-covid-19---22-march--2021
https://www.who.int/publications/m/item/weekly-operational-update-on-covid-19---22-march--2021
https://api.covid19india.org/
https://doi.org/10.1038/s41598-021-81442-x
http://dx.doi.org/10.1038/s41598-021-81442-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33479325&dopt=Abstract
http://europepmc.org/abstract/MED/32836357
http://dx.doi.org/10.1007/s41775-020-00094-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32836357&dopt=Abstract
https://doi.org/10.1038/srep08923
http://dx.doi.org/10.1038/srep08923
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25747871&dopt=Abstract
http://europepmc.org/abstract/MED/32213647
http://dx.doi.org/10.1126/science.abb4218
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32213647&dopt=Abstract
http://dx.doi.org/10.1103/PhysRevE.84.011901
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21867207&dopt=Abstract
https://dx.plos.org/10.1371/journal.pcbi.1005382
http://dx.doi.org/10.1371/journal.pcbi.1005382
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28187123&dopt=Abstract
http://europepmc.org/abstract/MED/29947788
http://dx.doi.org/10.1093/ije/dyy095
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29947788&dopt=Abstract
https://www.sciencemag.org/cgi/pmidlookup?view=long&pmid=23066082
http://dx.doi.org/10.1126/science.1223467
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23066082&dopt=Abstract
http://dx.doi.org/10.1371/journal.pcbi.1005474
http://dx.doi.org/10.1038/414716a
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11742391&dopt=Abstract
http://www.pnas.org/cgi/pmidlookup?view=long&pmid=32245814
http://dx.doi.org/10.1073/pnas.2004064117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32245814&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Kishore et al

19. Stang A, Stang M, Jockel KH. Estimated use of intensive care beds dueto COVID-19 in Germany over time. Dtsch Arztebl
Int 2020 May 08;117(19):329-335 [FREE Full text] [doi: 10.3238/arztebl.2020.0329] [Medline: 32527378]

20. Gensini GF, Yacoub MH, Conti AA. The concept of quarantinein history: from plague to SARS. J Infect 2004
Nov;49(4):257-261 [FREE Full text] [doi: 10.1016/j.jinf.2004.03.002] [Medline: 15474622]

21. Tognotti E. Lessons from the history of quarantine, from plague to influenza A. Emerg Infect Dis 2013 Feb;19(2):254-259
[FREE Full text] [doi: 10.3201/eid1902.120312] [Medline: 23343512]

22.  Jang WM, Jang DH, Lee JY. Socia distancing and transmission-reducing practices during the 2019 coronavirus disease
and 2015 Middle East respiratory syndrome coronavirus outbreaksin Korea. J Korean Med Sci 2020 Jun 15;35(23):e220
[FREE Full text] [doi: 10.3346/jkms.2020.35.220] [Medline: 32537955]

23.  Ferguson NM, Cummings DAT, Fraser C, Cajka JC, Cooley PC, Burke DS. Strategiesfor mitigating an influenza pandemic.
Nature 2006 Jul 27,442(7101):448-452 [FREE Full text] [doi: 10.1038/nature04795] [Medline: 16642006]

24. Christaki E. New technologiesin predicting, preventing and controlling emerging infectious diseases. Virulence 2015 Jun
11,6(6):558-565 [FREE Full text] [doi: 10.1080/21505594.2015.1040975] [Medline: 26068569]

25. Tom-AbaD, Nguku PM, Arinze CC, Krause G. Assessing the concepts and designs of 58 mobile apps for the management
of the 2014-2015 West Africa Ebolaoutbreak: systematic review. IMIR Public Health Surveill 2018 Oct 29;4(4):e68 [FREE
Full text] [doi: 10.2196/publichealth.9015] [Medline: 30373727)

26. Nsoesie EO, Kluberg SA, Mekaru SR, Majumder MS, Khan K, Hay Sl, et al. New digital technologiesfor the surveillance
of infectious diseases at mass gathering events. Clin Microbiol Infect 2015 Feb;21(2):134-140 [FREE Full text] [doi:
10.1016/j.cmi.2014.12.017] [Medline: 25636385]

27. Eysenbach G. SARS and population health technology. J Med Internet Res 2003 Jun 30;5(2):e14 [FREE Full text] [doi:
10.2196/jmir.5.2.€14] [Medline: 12857670]

28. Sdathé M. Digital epidemiology: what isit, and whereisit going? Life Sci Soc Policy 2018 Jan 04;14(1):1 [FREE Full
text] [doi: 10.1186/s40504-017-0065-7] [Medline: 29302758]

29. Fond G, Gaman A, Brundl L, Haffen E, LlorcaP. Google Trends: Ready for real-time suicide prevention or just aZeta-Jones
effect? An exploratory study. Psychiatry Res 2015 Aug 30;228(3):913-917. [doi: 10.1016/j.psychres.2015.04.022] [Medline:
26003510]

30. VermaM, Kishore K, Kumar M, Sondh AR, Aggarwal G, Kathirvel S. Google search trends predicting disease outbreaks:
an analysis from India. Healthc Inform Res 2018 Oct;24(4):300-308 [FREE Full text] [doi: 10.4258/hir.2018.24.4.300]
[Medline: 30443418]

31. Sulyok M, Walker M. Community movement and COVID-19: aglobal study using Google's Community Mobility Reports.
Epidemiol Infect 2020 Nov 13;148:€284 [FREE Full text] [doi: 10.1017/S0950268820002757] [Medline: 33183366]

32. Wang HY, Yamamoto N. Using a partial differential equation with Google Mobility datato predict COVID-19 in Arizona.
Math Biosci Eng 2020 Jul 13;17(5):4891-4904 [FREE Full text] [doi: 10.3934/mbe.2020266] [Medline: 33120533]

33. Cot C, Cacciapaglia G, Sannino F. Mining Google and Apple mobility data: temporal anatomy for COV1D-19 social
distancing. Sci Rep 2021 Feb 18;11(1):4150 [FREE Full text] [doi: 10.1038/s41598-021-83441-4] [Medline: 33602967]

34. SahaJ, Barman B, Chouhan P. Lockdown for COVID-19 and its impact on community mobility in India: an analysis of
the COVID-19 Community Mobility Reports, 2020. Child Youth Serv Rev 2020 Sep;116:105160 [FREE Full text] [doi:
10.1016/j.childyouth.2020.105160] [Medline: 32834269]

35. Middelburg RA, Rosendaal FR. COVID-19: How to make between-country comparisons. Int JInfect Dis 2020 Jul;96:477-481
[FREE Full text] [doi: 10.1016/].ijid.2020.05.066] [Medline: 32470605]

36. GRID COVID-19 Study Group. Combating the COVID-19 pandemic in aresource-constrained setting: insightsfrom initial
responsein India. BMJ Glaob Health 2020 Nov 13;5(11):e003416 [FREE Full text] [doi: 10.1136/bmjgh-2020-003416]
[Medline: 33187963]

37. COVID-19lockdownin India. Wikipedia. URL: https://en.wikipedia.org/wiki/COVID-19 lockdown in_India#Unlock 5.
0_(1-31 October) [accessed 2021-04-26]

38. COVID-19 Community Mobility Reports. Google. URL : https://www.google.com/covid19/moability/ [accessed 2021-04-26]

39. Overview - Community Mobility Reports Help. Google. URL: https://support.google.com/covid19-mobility/answer/
9824897 ?hl=en& ref_topic=9822927 [accessed 2021-06-13]

40. Sornette D, Mearns E, Schatz M, Wu K, Darcet D. Interpreting, analysing and modelling COVID-19 mortality data.
Nonlinear Dyn 2020 Oct 01;101(3):1-26 [FREE Full text] [doi: 10.1007/s11071-020-05966-z] [Medline: 33020681]

41. Patel SB, Patel P. Doublingtime and itsinterpretation for COVID 19 cases. Natl JCommmunity Med 2020 Mar;11(3):141-143
[EREE Full text]

42. Edtimating mortality from COVID-19. World Health Organization. 2020 Aug 04. URL: https://www.who.int/news-room/
commentari es/detail/estimating-mortality-from-covid-19 [accessed 2021-04-26]

43. State/UT wise Aadhaar saturation (overall) - al age groups. Goverment of India. 2020 Dec 31. URL: https://uidai.gov.in/
images/state-wise-aadhaar-saturation.pdf [accessed 2021-04-26]

44. Koopman J. Modeling infection transmission. Annu Rev Public Health 2004;25:303-326. [doi:
10.1146/annurev.publ health.25.102802.124353] [Medline: 15015922]

45. Health performance. Government of India. URL: http://social.niti.gov.in/hit-ranking [accessed 2021-06-15]

https://publichealth.jmir.org/2021/8/e29957 JMIR Public Health Surveill 2021 | vol. 7 |iss. 8| €29957 | p. 15

(page number not for citation purposes)


https://doi.org/10.3238/arztebl.2020.0329
http://dx.doi.org/10.3238/arztebl.2020.0329
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32527378&dopt=Abstract
http://europepmc.org/abstract/MED/15474622
http://dx.doi.org/10.1016/j.jinf.2004.03.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15474622&dopt=Abstract
https://dx.doi.org/10.3201/eid1902.120312
http://dx.doi.org/10.3201/eid1902.120312
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23343512&dopt=Abstract
https://jkms.org/DOIx.php?id=10.3346/jkms.2020.35.e220
http://dx.doi.org/10.3346/jkms.2020.35.e220
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32537955&dopt=Abstract
http://europepmc.org/abstract/MED/16642006
http://dx.doi.org/10.1038/nature04795
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16642006&dopt=Abstract
http://europepmc.org/abstract/MED/26068569
http://dx.doi.org/10.1080/21505594.2015.1040975
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26068569&dopt=Abstract
https://publichealth.jmir.org/2018/4/e68/
https://publichealth.jmir.org/2018/4/e68/
http://dx.doi.org/10.2196/publichealth.9015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30373727&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1198-743X(14)00170-0
http://dx.doi.org/10.1016/j.cmi.2014.12.017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25636385&dopt=Abstract
https://www.jmir.org/2003/2/e14/
http://dx.doi.org/10.2196/jmir.5.2.e14
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12857670&dopt=Abstract
http://europepmc.org/abstract/MED/29302758
http://europepmc.org/abstract/MED/29302758
http://dx.doi.org/10.1186/s40504-017-0065-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29302758&dopt=Abstract
http://dx.doi.org/10.1016/j.psychres.2015.04.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26003510&dopt=Abstract
https://www.e-hir.org/DOIx.php?id=10.4258/hir.2018.24.4.300
http://dx.doi.org/10.4258/hir.2018.24.4.300
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30443418&dopt=Abstract
http://europepmc.org/abstract/MED/33183366
http://dx.doi.org/10.1017/S0950268820002757
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33183366&dopt=Abstract
https://www.aimspress.com/article/10.3934/mbe.2020266
http://dx.doi.org/10.3934/mbe.2020266
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33120533&dopt=Abstract
https://doi.org/10.1038/s41598-021-83441-4
http://dx.doi.org/10.1038/s41598-021-83441-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33602967&dopt=Abstract
http://europepmc.org/abstract/MED/32834269
http://dx.doi.org/10.1016/j.childyouth.2020.105160
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32834269&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1201-9712(20)30373-8
http://dx.doi.org/10.1016/j.ijid.2020.05.066
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32470605&dopt=Abstract
https://gh.bmj.com/lookup/pmidlookup?view=long&pmid=33187963
http://dx.doi.org/10.1136/bmjgh-2020-003416
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33187963&dopt=Abstract
https://en.wikipedia.org/wiki/COVID-19_lockdown_in_India#Unlock_5.0_(1�31_October)
https://en.wikipedia.org/wiki/COVID-19_lockdown_in_India#Unlock_5.0_(1�31_October)
https://www.google.com/covid19/mobility/
https://support.google.com/covid19-mobility/answer/9824897?hl=en&ref_topic=9822927
https://support.google.com/covid19-mobility/answer/9824897?hl=en&ref_topic=9822927
http://europepmc.org/abstract/MED/33020681
http://dx.doi.org/10.1007/s11071-020-05966-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33020681&dopt=Abstract
http://njcmindia.org/uploads/11-3_141-143.pdf
https://www.who.int/news-room/commentaries/detail/estimating-mortality-from-covid-19
https://www.who.int/news-room/commentaries/detail/estimating-mortality-from-covid-19
https://uidai.gov.in/images/state-wise-aadhaar-saturation.pdf
https://uidai.gov.in/images/state-wise-aadhaar-saturation.pdf
http://dx.doi.org/10.1146/annurev.publhealth.25.102802.124353
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15015922&dopt=Abstract
http://social.niti.gov.in/hlt-ranking
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Kishore et al

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.
62.

Saha J, Chouhan P. Lockdown and unlock for the COVID-19 pandemic and associated residential mobility in India. Int J
Infect Dis 2021 Mar;104:382-389 [FREE Full text] [doi: 10.1016/j.ijid.2020.11.187] [Medline: 33253865]

Sadique MZ, Edmunds WJ, Smith RD, Meerding WJ, de Zwart O, Brug J, et a. Precautionary behavior in response to
perceived threat of pandemic influenza. Emerg Infect Dis 2007 Sep;13(9):1307-1313 [FREE Full text] [doi:
10.3201/eid1309.070372] [Medline: 18252100]

Barr M, Raphael B, Taylor M, Stevens G, Jorm L, Giffin M, et a. Pandemic influenzain Australia: using telephone surveys
to measure perceptions of threat and willingness to comply. BMC Infect Dis 2008 Sep 15;8:117 [FREE Full text] [doi:
10.1186/1471-2334-8-117] [Medline: 18793441]

Liao Q, Cowling BJ, Wu P, Leung GM, Fielding R, Lam WWT. Population behavior patterns in response to the risk of
influenza A(H7N9) in Hong Kong, December 2013-February 2014. Int J Behav Med 2015 Oct 27;22(5):672-682 [FREE
Full text] [doi: 10.1007/s12529-015-9465-3] [Medline: 25622816]

Goodwin R, Gaines SO, MyersL, Neto F. Initial psychological responses to swine flu. Int J Behav Med 2010 Mar
2;18(2):88-92. [doi: 10.1007/s12529-010-9083-7]

Anke J, Francke A, Schaefer L, Petzoldt T. Impact of SARS-CoV-2 on the mobility behaviour in Germany. Eur Transp
Res Rev 2021 Jan 26;13(1). [doi: 10.1186/s12544-021-00469-3]

Wesolowski A, Buckee CO, Engg-Monsen K, Metcalf CJE. Connecting mobility to infectious diseases: the promise and
limits of mobile phonedata. JInfect Dis2016 Dec 01;214(suppl_4):S$414-S420 [ FREE Full text] [doi: 10.1093/infdis/jiw273]
[Medline: 28830104]

Eshraghian EA, Ferdos SN, Mehta SR. The impact of human mobility on regional and global efforts to control HIV
transmission. Viruses 2020 Jan 06;12(1):67 [FREE Full text] [doi: 10.3390/v12010067] [Medline: 31935811]
Yilmazkuday H. Stay-at-home worksto fight against COVID-19: international evidence from Google mobility data. SSRN
Journal. Preprint posted online on April 15, 2020. [doi: 10.2139/ssrn.3571708]

Xiang Y, JiaY, ChenL, GuoL, ShuB, Long E. COVID-19 epidemic prediction and theimpact of public health interventions:
areview of COVID-19 epidemic models. Infect DisModel 2021;6:324-342 [FREE Full text] [doi: 10.1016/j.idm.2021.01.001]
[Medline: 33437897]

Ambikapathy B, Krishnamurthy K. Mathematical modelling to assess the impact of lockdown on COVID-19 transmission
in India: model development and validation. IMIR Public Health Surveill 2020 May 07;6(2):€19368 [FREE Full text] [doi:
10.2196/19368] [Medline: 32365045]

Meo S, Abukhaaf A, Alomar A, AlMutairi F, Usmani A, Klonoff D. Impact of lockdown on COVID-19 prevalence and
mortality during 2020 pandemic: observational analysis of 27 countries. Eur JMed Res 2020 Nov 10;25(1):56 [FREE Full
text] [doi: 10.1186/s40001-020-00456-9] [Medline: 33168104]

Jribi S, Ben Ismail H, Doggui D, Debbabi H. COV1D-19 virus outbreak lockdown: what impacts on household food wastage?
Environ Dev Sustain 2020 Apr 19;22(5):1-17 [FREE Full text] [doi: 10.1007/s10668-020-00740-y] [Medline: 32837271]
Lenzer J. Covid-19: Experts debate merits of lockdowns versus "focused protection™. BMJ 2020 Nov 03;371:m4263. [doi:
10.1136/bmj.m4263] [Medline: 33144279]

Siqueira CDS, Freitas YD, CancelaMDC, Carvalho M, Oliveras-Fabregas A, de Souza DLB. The effect of lockdown on
the outcomes of COVID-19 in Spain: an ecological study. PLoS One 2020;15(7):€0236779 [FREE Full text] [doi:
10.1371/journal .pone.0236779] [Medline: 32726363]

Martin K, Gupta S, Bhattacharya J. Great Barrington Declaration. 2020. URL : https.//gbdeclaration.org/ [accessed 2021-08-23]
Alwan NA, Burgess RA, Ashworth S, Beale R, Bhadelia N, Bogaert D, et al. Scientific consensus on the COVID-19
pandemic: we need to act now. Lancet 2020 Oct 31;396(10260):e71-e72 [FREE Full text] [doi:
10.1016/S0140-6736(20)32153-X] [Medline: 33069277]

Abbreviations

CFR: casefatality rate

CPM: cases per million

DR: doubling rate

MERS: Middle East respiratory system
NPI: nonpharmaceutical intervention
SARS: severe acute respiratory syndrome
WHO: World Health Organization

https://publichealth.jmir.org/2021/8/e29957 JMIR Public Health Surveill 2021 | vol. 7 |iss. 8 | €29957 | p. 16

(page number not for citation purposes)


https://linkinghub.elsevier.com/retrieve/pii/S1201-9712(20)32502-9
http://dx.doi.org/10.1016/j.ijid.2020.11.187
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33253865&dopt=Abstract
https://www.cdc.gov/eid/content/13/9/1307.htm
http://dx.doi.org/10.3201/eid1309.070372
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18252100&dopt=Abstract
https://bmcinfectdis.biomedcentral.com/articles/10.1186/1471-2334-8-117
http://dx.doi.org/10.1186/1471-2334-8-117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18793441&dopt=Abstract
http://europepmc.org/abstract/MED/25622816
http://europepmc.org/abstract/MED/25622816
http://dx.doi.org/10.1007/s12529-015-9465-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25622816&dopt=Abstract
http://dx.doi.org/10.1007/s12529-010-9083-z
http://dx.doi.org/10.1186/s12544-021-00469-3
http://europepmc.org/abstract/MED/28830104
http://dx.doi.org/10.1093/infdis/jiw273
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28830104&dopt=Abstract
https://www.mdpi.com/resolver?pii=v12010067
http://dx.doi.org/10.3390/v12010067
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31935811&dopt=Abstract
http://dx.doi.org/10.2139/ssrn.3571708
https://linkinghub.elsevier.com/retrieve/pii/S2468-0427(21)00003-8
http://dx.doi.org/10.1016/j.idm.2021.01.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33437897&dopt=Abstract
https://publichealth.jmir.org/2020/2/e19368/
http://dx.doi.org/10.2196/19368
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32365045&dopt=Abstract
https://eurjmedres.biomedcentral.com/articles/10.1186/s40001-020-00456-9
https://eurjmedres.biomedcentral.com/articles/10.1186/s40001-020-00456-9
http://dx.doi.org/10.1186/s40001-020-00456-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33168104&dopt=Abstract
http://europepmc.org/abstract/MED/32837271
http://dx.doi.org/10.1007/s10668-020-00740-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32837271&dopt=Abstract
http://dx.doi.org/10.1136/bmj.m4263
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33144279&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0236779
http://dx.doi.org/10.1371/journal.pone.0236779
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32726363&dopt=Abstract
https://gbdeclaration.org/
http://europepmc.org/abstract/MED/33069277
http://dx.doi.org/10.1016/S0140-6736(20)32153-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33069277&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Kishore et al

Edited by T Sanchez, submitted 26.04.21; peer-reviewed by S Sahoo, R Rohilla, R Krukowski; comments to author 21.05.21; revised
version received 10.06.21; accepted 17.06.21; published 30.08.21

Please cite as:

Kishore K, Jaswal V, Verma M, Koushal V

Exploring the Utility of Google Mobility Data During the COVID-19 Pandemic in India: Digital Epidemiological Analysis
JMIR Public Health Surveill 2021;7(8):€29957

URL: https://publichealth.jmir.org/2021/8/e29957

doi: 10.2196/29957

PMID: 34174780

©Kamal Kishore, Vidushi Jaswal, Madhur Verma, Vipin Koushal. Originally published in IMIR Public Health and Surveillance
(https://publichealth.jmir.org), 30.08.2021. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
inany medium, provided the original work, first published in IMIR Public Health and Surveillance, is properly cited. The complete
bibliographic information, alink to the origina publication on https://publichealth.jmir.org, as well as this copyright and license
information must be included.

https://publichealth.jmir.org/2021/8/e29957 JMIR Public Health Surveill 2021 | vol. 7 | iss. 8 | €29957 | p. 17
(page number not for citation purposes)

RenderX


https://publichealth.jmir.org/2021/8/e29957
http://dx.doi.org/10.2196/29957
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34174780&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

