
I. Introduction

Coronavirus disease 2019 (COVID-19) is wreaking havoc 
worldwide, with 88.4 million cases and 1.9 million deaths 
recorded so far [1]. The infectivity of severe acute respira-
tory syndrome coronavirus-2 (SARS-CoV-2) is high, with a 
reproductive number (R0) ranging up to 5.8 [2]. Its mode of 
transmission (through aerosols and droplets) enables easy 
spread through direct or close contact between people. The 
mortality of COVID-19 is as high as 14.8% in patients older 
than 80 years of age [3], which has prompted urgent, active 
interventions to halt its spread. In order to tackle what ap-
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pears to be the worst public health threat of the 21st century, 
governments are undertaking measures to break the trans-
mission chain and control the case numbers. These include 
physical distancing, cough etiquette, universal face masks, 
aggressive tracing of contacts and quarantining, liberal test-
ing strategies such that healthcare systems do not miss cases, 
prompt isolation, and treatment of cases in dedicated facili-
ties [4]. Adherence to physical distancing in urban areas is a 
herculean task considering their higher population density 
than rural areas, burgeoning economic and industrial activ-
ity, and the resultant overcrowding. Lockdowns were one of 
the measures taken during the initial stages of the pandemic 
to enforce physical distancing in urban areas. Lockdowns 
aim to slow down the infection rate by statutory means to 
prevent direct and close contact. These measures are aimed 
at restricting the movements of people in public places to 
give health systems time to prepare to tackle the COVID-19 
outbreak [5]. Lockdowns range from complete closure of 
all non-essential establishments, halting their activities and 
public transport, to partial relaxation of these restrictions. 
People are not allowed to travel or move freely in public, ex-
cept for essential needs at specified times and emergencies. 
These measures restrict population mobility in public and 
social spaces. When explored in terms of time and geogra-
phy, mobility may provide valuable information for under-
standing infectious disease dynamics [6,7]. How an indi-
vidual moves and spends time in different places determines 
the individual’s activity space. This information can assist in 
studying the spatial and temporal risk of a disease for a per-
son in places other than his or her place of residence. Vari-
ous tools and data sources such as travel diaries, personal 

GPS trackers, census, remotely sensed night-time light data, 
social media, open mobile mapping applications, call data 
records, and Google location history (GLH) are used to ana-
lyze people’s mobility [6,7]. GLH is open-source data and an 
underused source of human mobility information that can 
be used in numerous research contexts [6]. 
	 Lockdowns are drastic measures that affect the masses’ 
social, political, and economic livelihood. They might 
also have a deleterious impact on routine non-COVID-19 
healthcare services [8,9]. Hence, the dividends expected 
from such measures should also be high in terms of disease 
control. The effectiveness of lockdown measures has been 
under scrutiny, as studies across the globe have reported 
mixed results. Models explaining the effects of lockdown 
measures on case numbers have shown that the lockdowns 
have reduced the intensity of cases [10-12]. There are also 
countries like South Korea and Taiwan, which have effi-
ciently controlled COVID-19 without lockdown measures 
[13]. India, a low-middle-income country with a population 
of 1.3 billion, recorded its first COVID-19 case on January 
30, 2020. India is a union made up of 28 states and 8 union 
territories [14]. After the first week of March 2020, the CO-
VID-19 epidemic curve of India started climbing up. The 
Union government of India announced a range of measures 
to tackle the COVID-19 outbreak. A complete nationwide 
lockdown was implemented from March 24, 2020 [15] to 
June 30, 2020. However, the lockdown, which was a strategy 
to reduce the public’s mobility and thus slow the transmis-
sion of COVID-19, was only as good as its implementation. 
The association of the lockdown measures with community 
mobility patterns and subsequent COVID-19 cases needs to 

%
c
h
a
n
g
e

fr
o
m

b
a
s
e
lin

e

Feb 16 Feb 23 Mar 1 Mar 15 Mar 22 Mar 29 Apr 5 Apr 12 Apr 19 Apr 26

50

0

50

100
Mar 8

11
th

Mar: WHO
declares pandemic

14
th

Mar: India
declare COVID

a notified disaster

22 Mar: all incoming
international flights suspended

nd

24
th

Mar: India
implemented national

lockdown

1 Apr: single source
cluster reported

st

Grocery & pharmacy
Parks
Residential
Retail & recreation
Transit stations
Workplaces

Figure 1. ‌�Distribution of changes in 
mobility patterns between 
February 15 and April 26, 
2020.



327Vol. 27  •  No. 4  •  October 2021 www.e-hir.org

Population Mobility, Lockdowns and COVID-19 Control

be studied. Multiple vaccines against COVID-19 have been 
introduced, yet the emergence of new variants with high 
transmissibility poses a challenge [16]. Although the variants 
have not been reported to have significant impacts on the 
severity and outcomes of COVID-19 [16], they might do so 
in the future [17]. Therefore, further research on this topic 
will help us understand the effectiveness of lockdowns and 
whether they are a viable option for the future if waves of 
pandemics hit again. Hence, we assessed the effectiveness of 
the lockdown measures taken during the early phase of the 
COVID-19 pandemic in India by exploring community mo-
bility patterns and their relationship with the doubling time 
of COVID-19.

II. Methods

We conducted a retrospective analysis based on data col-
lected on community mobility patterns, the stringency index 
of lockdown measures, and the doubling time of COVID-19 
cases in India for the period between February 15 and April 
26, 2020, in order to include the first month of the lock-

down.

1. Community Mobility Patterns
Google releases anonymized, aggregated data on the mobil-
ity of people using Android phones in various places catego-
rized as retail and recreation, parks, grocery and pharmacy, 
transit stations, workplace, and residential areas [18]. After 
removing all identification details, the data are aggregated 
from the persons who have enabled GLH on their mobile 
devices. Google has released this area-wise, time-series da-
taset intending to help analyze mobility patterns and aid in 
assessing physical distancing efforts made in various loca-
tions during the COVID-19 times. These reports show how 
the density of visits to different places changes compared 
to baseline mobility. The baseline mobility is the median 
value for the corresponding day of the week during the 5 
weeks between January 3 and February 6, 2020. The type 
of data included in the calculation depends on the user set-
tings, connectivity, and whether it meets the Google privacy 
threshold. Mobility patterns may reflect the ground-level 
reality and the actual implementation of the lockdown mea-
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sures as stipulated by the government as a policy decision. 
Data on mobility patterns for India, including all 28 states, 
from February 15 to April 26, 2020 were downloaded from 
Google. The values range from +100 to –100 relative to base-
line mobility. These data sets can be accessed at google.com/
covid19/mobility [18].

2. Stringency Index
The measures taken as policy decisions by the governments 
to ensure physical distancing were quantified using a spe-
cialized index referred to as the stringency index [19]. It is 
formulated and calculated for more than 100 countries by a 
group of researchers at Oxford daily. This index helps to as-
sess variation in governments’ containment and lockdown 
policies across time and geographic distance. The stringency 
index is calculated as a composite score of the following nine 
indicators: School closure, workplace closure, cancellation of 
public events, restrictions on gathering size, public transport 
closure, stay-at-home requirements, restrictions on internal 
movement, international travel, and public information cam-

paigns. The score ranges from 0 to 100, with higher scores 
indicating stricter lockdown policy measures in the country. 
The stringency index for India was obtained from February 
15, 2020, to April 26, 2020 from an open-source [19].

3. Doubling Time
The doubling time of a disease refers to the time taken for 
the number of cases to double [20]. We calculated the dou-
bling time for COVID-19, for each day from February 15 to 
April 26, 2020 based on the daily incidence of the cases and 
the growth rate by using the formula, Td = ln(2/r) [21]. The 
data on the cumulative number of daily COVID-19 cases 
in India from February 15 to April 26, 2020 weres obtained 
from the database published by Johns Hopkins University 
Center for Systems Science and Engineering (CSSE) (https://
datahub.io/core/covid-19#readme). The data were verified 
with the daily World Health Organization (WHO) Situation 
Reports [1]. The doubling time on each day was calculated.
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4. Statistical Analysis
The statistical software package SPSS version 26.0 (trial ver-
sion; IBM Corp., Armonk, NY, USA) was used for archiving 
and analysis. Scatterplots were used to visualize and analyze 
time-series data. Spatial variability maps were generated us-
ing an online tool (https://www.datawrapper.de/) to show 
changes in mobility patterns across the states of India. Pear-
son correlation coefficients were calculated between mobil-
ity patterns and the doubling time of COVID-19 cases, the 
stringency index, and the mobility pattern. Mobility patterns 
at various places and stringency index values were applied 
separately to obtain two different multiple linear regression 
models to predict the doubling time of COVID-19. Any ex-
treme deviation in the doubling time on any particular day 
was removed as an outlier to meet the assumptions of the 
linear regression model. EViews 12 (trial version) [22] was 
used to test for autocorrelation using the Durbin-Watson 
test [23].

III. Results

The changes in the mobility pattern of the population of 
India from February 15 to April 26, 2020, along with the 
landmark events, are shown in Figure 1. The mobility in 
all areas remained fairly consistent relative to the baseline 
until March 9, 2020. March 10 saw a considerable dip in the 
mobility in all outdoor and working areas, as it was a festival 
day in India. The mobility in parks, retail and recreation, 
transit stations, and workplaces decreased slightly from base-
line after the WHO declared COVID-19 to be a pandemic 
on March 11, 2020. The fall in mobility gradually increased 
thereafter, and it steeply fell after March 23. The steep fall 
coincided with the day on which India implemented the 
nationwide lockdown. The category of retail and recreation 
had the highest fall (–87%), followed by grocery and phar-
macy (–76%), transit stations (–74%), workplaces (–72%), 
and parks (–68%). The mobility in all these areas remained 
at or below 40% of the baseline values throughout the entire 
lockdown, thus indicating a ground-level implementation 
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of the lockdown policy. The mobility in residential areas 
increased after March 23, as people were required to stay at 
their residences since outdoor movement was restricted. The 
spatial distribution of the mean percentage of the mobil-
ity changes across the states of India during the lockdown 
between March 24 and April 26, 2020 is depicted in Figure 
2. Maharashtra had the highest decline among the states in 
community mobility in the categories of parks (–67%), tran-
sit stations (–77%), and workplaces (–72%), while Chandi-
garh was the best performer of the union territories in com-
munity mobility reductions (Figures 3-5).
	 As the stringency index of India started to increase, com-
munity mobility in parks, retail and recreation, transit sta-
tions, and workplaces started decreasing. The relative mobil-
ity values dropped below 50% when the stringency index 
crossed 80 (Figure 6). 
	 The mobility changes in all outdoor and social places, 
such as parks (r = –0.58) and retail and recreation areas (r = 
–0.57), were negatively correlated with the doubling time of 
COVID-19 cases. Mobility changes in grocery and pharmacy 

areas (r = –0.45), transit stations (r = –0.58), and workplaces 
(r = –0.48) also showed significant negative correlations with 
the doubling time. Mobility changes in residential places 
were positively correlated with the doubling time (r = 0.51). 
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(Table 1) As mobility decreased in outdoor areas, the above 
findings indicate that the doubling time of COVID-19 cases 
increased.
	 The mobility changes in all outdoor and social places, such 
as grocery and pharmacy (r = –0.89), parks (r = –0.94), retail 
and recreation areas (r = –0.95), transit stations (r = –0.95), 
and workplaces (r = –0.92) had significant negative correla-
tions with the stringency index (p < 0.001). However, mobil-
ity changes in residential places were positively correlated 
with the stringency index (r = 0.93) (Table 1). Thus, as the 
stringency index for India increased, outdoor mobility de-
creased and indoor mobility increased.
	 Multiple linear regression to predict the doubling time 
based on population mobility patterns was performed. The 
Durbin-Watson statistic was found to be 2.131, which is 
very close to 2 and above the upper bound of the critical 
value, revealing an absence of autocorrelation [23]. A highly 
significant regression equation was found (F(6, 63) = 8.44, p < 
0.001), with an R2 of 0.668. Upon adding stringency index to 
the model, R2 increased to 0.726, with a significant regres-
sion equation (F(7, 62) = 9.87, p < 0.001). This finding shows 
that the reduction in mobility accounted for about 60%–70% 
of the change in the doubling time of COVID-19 in India.
	 The time series for the stringency index and the doubling 
time were plotted (Figure 7). A positive correlation was 
found between the stringency index and the doubling time 
of COVID-19 cases (r = 0.62). 
	 The mobility pattern in residential places had high negative 
correlations (r = –0.79 to –0.93) with the mobility patterns 
in all other outdoor areas. In contrast, the mobility changes 
in all outdoor areas had high positive correlations between 
themselves (r > 0.70) (Figure 8). 

IV. Discussion

Lockdowns are a non-pharmaceutical intervention (NPI) 
used to control the pandemic by achieving physical dis-

tancing. Lockdowns have been predicted to reduce hospi-
talization rates drastically [10]. Lockdowns have also been 
suggested as a way to provide breathing time for the health 
system to prepare to tackle the upcoming surge of caseload 
[5,11]. They are seen as a suppression measure against CO-
VID-19. The suppression strategy aims to reverse the epi-
demic growth by reducing the cases and keeping them at a 
diminished level indefinitely [24].
	 The stringency index, which was formulated to assess lock-
down strictness, does not reveal the appropriateness or effec-
tiveness of a country’s response. It only measures the politi-
cal commitment and strictness of governmental policies. A 
higher stringency index value does not necessarily mean that 
a country’s response is better than that of those with lower 
values. The stringency index does not provide information 
on how well policies are enforced, nor does it capture demo-
graphic or cultural characteristics that may affect the spread 
of COVID-19 [19].
	 In order to assess the actual effectiveness of the lockdown 
on the ground level, the present study explored changes in 
people’s mobility patterns. We found that changes in popu-
lation mobility in outdoor areas were negatively correlated 
with disease spread, and this model could predict 60%–70% 

Table 1. Correlations between the doubling time, stringency index, and community mobility patterns 

Mobility changes from baseline
Doubling time Stringency index 

Correlation coefficient (r) p-value Correlation coefficient (r) p-value

Grocery & pharmacy –0.45 <0.001 –0.89 <0.001
Parks –0.58 <0.001 –0.94 <0.001
Residential 0.51 <0.001 0.93 <0.001
Retail & recreation –0.57 <0.001 –0.95 <0.001
Transit stations –0.52 <0.001 –0.95 <0.001
Workplaces –0.48 <0.001 –0.92 <0.001
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of the change in the doubling time of COVID-19. Human 
mobility data using mobile phones have been explored to 
predict infectious disease dynamics in previous studies 
[6,25]. However, collecting data from individual mobile 
phones and dealing with privacy issues has been a chal-
lenge in creating population-level data on mobility patterns 
[25]. Using the community mobility patterns published 
by Google, we tried to address the lacunae in this area by 
providing anonymized population-level data. The mobility 
restrictions might have improved the COVID-19 doubling 
time, indicating the probable usefulness of India’s lockdown 
measures and mobility reduction in explaining disease con-
trol. However, the case numbers might still have increased 
through transmission within households [26]. 
	 Studies around the world have shown that strict lockdown 
measures have positive effects on disease control. Ruktanon-
chai et al. [27] in their analyses from Europe, found that a 
resurgence of the epidemic could occur as early as 5 weeks 
after premature termination of countries’ stringent interven-
tions, such as mobility reduction. Strict physical distancing 
measures—in the form of lockdowns—were shown to have 

been most likely effective in reducing the incidence, mortal-
ity, and growth rate of COVID-19 in China, as well as in-
creasing its doubling time [11,28]. To suppress COVID-19, 
restriction measures for physical distancing at the popu-
lation level must be in place until a vaccine is found and 
distributed, with intermittent relaxation depending on the 
case incidence and transmission rates [24]. However, lock-
downs as isolated interventions cannot contain COVID-19. 
Lockdowns should be combined with other NPIs such as 
aggressive contact tracing, testing, and isolation of cases for 
efficient containment and suppression [11,29].
	 The exact proportion or level of the strictness of lockdown 
measures or the reduction in community mobility required 
for adequately controlling COVID-19 could not be assessed 
in our study. Lai et al. [11] predicted that maintenance of 
25% contact reduction by NPIs such as physical distancing 
would ensure control of the COVID-19 epidemic.
	 The results of our study must be cautiously interpreted, as 
it did not assess or adjust for other crucial factors or strate-
gies for COVID-19 control, such as the testing policy, stage 
of transmission of COVID-19 in India, isolation and quaran-

*Correlation is significant at the 0.01 level (2-tailed).
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tining measures for cases and contacts, and the community 
awareness level. Aggressive testing and contact tracing have 
been advocated as one of the most effective measures to con-
trol COVID-19. Changes in mobility were calculated only 
based on data from Android mobile users who had enabled 
their location history for their Google account. In India, al-
though the vast majority of smartphone users use Android 
devices [30], the data on the proportion of people with 
GLH enabled is unknown. A multi-country survey among 
250 Android users revealed that 43%–72% of them enabled 
GLH, while 5.6%–17.5% disabled GLH [7]. Hence, mobility 
data do not include the entire population and their move-
ments. Instead, this data source represents only a sample of 
Google location service users among Android users. 
	 The mobility pattern of the population within a community 
or region impacts the infectious disease dynamics. Through 
statutory lockdown measures, mobility reduction ensured 
physical distancing, which could control the infection spread 
in a short time in India. Lockdowns may be considered for 
tailored implementation on an intermittent basis whenever 
COVID-19 cases are predicted to exceed—or actually do 
surpass—the health care system’s capacity to manage them. 
The social, political, and economic impact of lockdowns on 
the population must also be studied in detail and factored in, 
to reduce the collateral damage while tailoring lockdowns.
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