
I. Introduction

The core of coronavirus disease 2019 (COVID-19) pandemic 
management is primary prevention utilizing non-pharmaco-
logical interventions (NPIs). NPIs include physical distanc-
ing, hand hygiene, cough etiquettes, and personal protection 
equipment such as face masks, as well as the early detection 
and isolation of infected patients, robust contact tracing, and 
effective quarantining [1]. Physical distancing is advocated 
with the rationale that protection against infection is effec-
tive when people interact at a distance of 1–2 m or more [2]. 
To ensure the maintenance of physical distancing in places 
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where social and community interactions occur, countries 
worldwide framed specific regulations under existing laws 
and imposed lockdowns of varying strictness [3]. 
	 Stringent lockdowns may place vulnerable and disadvan-
taged populations at further risks by severely restricting 
their ability to access non-COVID-19 health-related [4] 
and non-health essential services. The closure of industries, 
retail shops, and small-scale businesses also imposes a sub-
stantial economic backlash on these people. Hence, the ef-
fects of lockdowns on community mobility patterns, their 
direct outcomes, and the ultimate impact on the COVID-19 
disease burden have to be explored. Restrictive governmen-
tal measures on movement need to be complemented by 
people’s responsive behavior to these measures to control 
COVID-19 effectively [5]. Studies using various models to 
analyze the impact of lockdowns and restrictive measures on 
COVID-19 cases have reported positive results in control-
ling the pandemic [3,6,7]. However, these studies did not in-
corporate the mediating link between government measures 
and COVID-19 control, which is people’s response regarding 
actual mobility reduction. Google Location History (GLH), 
an open-source data repository, is a tool that helps us un-
derstand community mobility patterns in public places [8]. 
Social distancing and stringent government measures were 
reported to be the major predictors of COVID-19 cases and 
mortality in the United States of American (USA) [9]. A 
high stringency index and mobility restrictions improved the 
doubling time of COVID-19 cases in India [10]. However, 
those studies were both limited to a single country. Certain 
countries controlled the pandemic even without a lockdown 
[11], and it has also been reported that lockdowns were ef-
fective, but only as short-term measures [12]. Therefore, we 
assessed the efficacy of lockdown measures aimed at control-
ling the COVID-19 pandemic in 16 countries worldwide by 
analyzing the relationship between the community mobility 
pattern during the lockdown and the doubling time of CO-
VID-19. 

II. Methods

1. Study Area
A retrospective record-based analysis was performed of 
population-level data on the doubling time of COVID-19 
and community mobility patterns. The doubling time for 
COVID-19 in the 16 countries studied was calculated based 
on the number of laboratory-confirmed cases reported daily 
over the study period (i.e., February 15 to May 2, 2020). 
The countries were included based on the presence of one 

or more of the following three criteria: countries with the 
highest numbers of COVID-19 patients; countries that have 
implemented the world’s most extensive and stringent lock-
down measures (maximum overall stringency index >80); 
and countries that combatted the disease effectively even 
without a stringent lockdown (Supplementary Table S1).
	 Our pool of selected countries represents different regions, 
ranging from lower to upper-middle-income countries such 
as Brazil, India, Vietnam, and Singapore, and high-income 
countries such as the United Kingdom (UK), USA, and Ger-
many.

2. Community Mobility Patterns
Google has released anonymous and aggregated data reports 
on the mobility patterns of people using Android phones in 
various places such as retail stores, recreation spots, parks, 
grocery shops, pharmacies, transit stations, workplace, and 
residential areas. These reports display the patterns and 
proportional changes in people’s mobility in a particular 
area compared to baseline. The baseline mobility was deter-
mined as the median value for the corresponding day of the 
week during the 5-week period from January 3 to February 
6, 2020. Data were captured based on the actual presence 
of individuals in specific locations at particular times. The 
data on mobility patterns for the 16 countries from Febru-
ary 15, 2020 to May 2, 2020 were downloaded from Google 
(https://www.google.com/covid19/mobility/) [8]. The scores 
range from +100 to –100, relative to the baseline mobility. A 
mobility score of <0 indicates that the mobility in that place 
had decreased, while a score of >0 indicates that mobility has 
increased compared to baseline. 

3. Doubling Time 
The doubling time is used to measure epidemic growth [13]. 
It refers to the time taken for the number of laboratory-
confirmed COVID-19 cases to double [14]. The doubling 
time for the COVID-19 pandemic was calculated for each 
day, from February 15 to May 2, 2020, based on the follow-
ing formula [15]: 

 

𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁𝑁�2���� 

  where N(t) is the number of observations at time t; N0 is the 
initial number of observations; Td is doubling period; and t is 
time.
	 Data on the number of laboratory-confirmed COVID-19 
cases during the study period by date from the countries in-
cluded were obtained from the database (https://datahub.io/

https://www.google.com/covid19/mobility/
https://datahub.io/core/covid-19#readme
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core/covid-19#readme) published by Johns Hopkins Univer-
sity Center for Systems Science and Engineering (CSSE).

4. Government Stringency Index
The strictness of governments' lockdown measures, taken 
as policy decisions, are quantified using a specialized index 
called the stringency index [16], which was formulated and 
calculated for more than 100 countries by a group of re-
searchers at Oxford. The stringency index was calculated as 
a composite score of the following nine indicators: school 
closures, workplace closures, cancellations of public events, 
restrictions on gathering size, closing public transport, stay-
at-home requirements, restrictions on internal movement, 
international travel, and the general information campaign. 
The score ranges from 0 to 100, with higher scores corre-
sponding to stricter lockdown policy measures. The strin-
gency index for countries was obtained from February 15 to 
May 2, 2020 [16].

5. Statistical Considerations
We used principal component analysis (PCA) on six vari-
ables related to mobility patterns—namely, (1) retail shops 
and recreation spots, (2) groceries and pharmacies, (3) 
parks, (4) transit stations, (5) workplaces and (6) residential 
areas—to construct the mobility index. The definitions of 
these variables are given in Supplementary Table S2. The 
fundamental idea of using PCA is to reduce the data set's 
dimensionality while retaining as much variation as possible 
in the data set [17]. In order to explain the magnitude of the 
effect of mobility on doubling time, a finite linear distrib-
uted lag model was fitted [18]. Furthermore, to identify the 
countries that showed similarities in terms of the significant 
co-efficiency of mobility index, the k-means clustering ap-
proach was employed, with the optimal number of clusters 
derived using Elbow’s method [19]. The k-means clustering 
technique was used to identify potential clusters of countries 
in terms of average mobility changes in retail shops and 
recreation spots, groceries and pharmacies, parks, transit 
stations, workplaces, and residential areas. At first, a data 
set was created with five columns, where each column con-
tained the average change in mobility in these places. Before 
applying the k-means clustering technique, this dataset was 
standardized. 
	 The equations for constructing the mobility index via PCA 
are given below:
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	 Here, yi is the ith (i = 1,2,...,6) principal component (mobil-
ity index) and αij is the coefficient for ith component of the jth 
dimension (variable). The fundamental idea of using PCA is 
to reduce the dimensionality of the data set while retaining 
as much as possible variation in the data set [17]. In order to 
explain the magnitude of the effect of mobility on doubling 
time, the finite linear distributed lag model is fitted. RSRS 
denotes retail shops and recreation spots, GP refers to gro-
ceries and pharmacies, TS corresponds to transit stations, 
and RA denotes residential areas.

 

𝐷𝐷𝐷𝐷�� = 𝛼𝛼� + � ��� ∗ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀������

��

���
+ 𝜖𝜖�� , 

where DTit is the doubling time for the ith (i = 1,2,...,16) 
country at the tth time point, Mobilityi(t – s) is the mobility 
index of the ith country at the (t – s)th time point (constructed 
via PCA), αi is the intercept for the ith country, βis is the coef-
ficient of the mobility index for ith country at sth time point, 
and ∈it stands for the error term for the ith country at the time 
point t.
	 All analyses were performed using R version 3.6.2 (RStudio 
version 1.1.383), SPSS version 21.0 (IBM Corp., Armonk, 
NY, USA), and Microsoft Excel version 19.0 (Microsoft 
Corp., Redmond, WA, USA).

III. Results

Figure 1 illustrates the mean changes in mobility patterns 
of selected countries during the lockdown period of the 
COVID-19 pandemic. On average, the maximum mobil-
ity reduction was noticed in retail shops and recreation 
spots, followed by transit stations and workplaces. The larg-
est mobility reduction in retail shops and recreation spots 
was recorded in Spain (60%), followed by Italy (59%) and 
India (51%). For transit stations, the largest reduction was 

https://datahub.io/core/covid-19#readme
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in Italy (57%), followed by Spain (53%) and the UK (45%). 
Compared to retail shops and recreation spots and transit 
stations, the mobility reduction was lower in groceries and 
pharmacies. In Italy and Spain, the mobility reduction in 
groceries and pharmacies was 32%, which was the high-
est compared to other selected countries. Taiwan showed 
the lowest mobility reduction in retail shops and recreation 
spots (11%) and transit stations (19%), followed by Sweden. 
In most of the selected countries, a reduction in mobility 
was observed in parks, but the USA, Canada, Germany, and 
particularly Sweden were exceptions. The residential areas of 
all the selected countries showed an increase in mobility pat-

terns from baseline. The maximum increment was recorded 
in Singapore (23%), followed by Italy (20%), Spain (18%), 
and India (17%).
	 Elbow’s method identified four optimal clusters in average 
mobility changes from baseline Figure 2A. Figure 2B depicts 
countries as clusters, with the centroid of the cluster unique-
ly identifying each cluster. This algorithm groups similar 
color values into k clusters, and each point value is replaced 
by the value of the centroid of the cluster to which it belongs. 
India, Italy, and Spain formed the first cluster, which showed 
the largest reduction in mobility from baseline, while Viet-
nam and Taiwan showed the smallest reduction, as shown in 
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Figure 1. Mean changes in mobility patterns of the selected countries.
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Figure 2B. The two dimensions explain a substantial propor-
tion of variation (95.1%) in mobility changes, which reflects 
the ability of the k-means clustering technique to identify 
the cluster elements. 
	 After applying PCA, we can infer that the percentage of 
variation in mobility captured by the first component was 
the highest for India (95.3%), closely followed by Spain 
(94.9%). In contrast, the percentage of captured variation 
was lowest for Taiwan (47%), with Japan being in the pen-
ultimate position (66.2%). Countries like Canada, Vietnam, 
and the UK showed an intermediate percentage of variation 
captured. Overall, the first component captured a good pro-
portion of the total variation in mobility for all countries. 
Therefore, the first component of PCA was considered as a 
country’s mobility index (Figure 3).
	 Figure 4 illustrates the effect of mobility on the doubling 

time obtained from finite distributed lag models fitted sepa-
rately for each selected country. The results confirm a sig-
nificant inverse relationship between mobility and doubling 
time. The association was measured at a 5% level of signifi-
cance. The associations were significant in Brazil, India, 
Italy, Japan, Singapore, and Spain. Japan showed the highest 
magnitude of the effect of mobility reduction on the dou-
bling time. If the mobility index was reduced by 1 unit on 
the tth day, the doubling time on the (t + 12)th day would be 
increased by 26.3 days, on average. The second-highest effect 
was found in India (–10.9 at the 12th-day lag). Brazil (–1.3 at 
the 14th-day lag), Mexico (–1.3 at the 14th-day lag), Singapore 
(–1.5 at the 14th-day lag), and Spain (–1.6 at the 14th-day lag) 
showed a similar effect of mobility on doubling time. If we 
consider a 10% level of significance, all the selected countries 
except Taiwan and Vietnam experienced a positive effect 
of mobility reduction on the doubling time. The complete 
results of the finite distributed lag models are presented in 
Supplementary Table S3.
	 The x- and y-axes of Figure 5 show the theoretical and sam-
ple quantiles, respectively. For most countries, the normality 
assumption was moderately satisfied, as residuals almost lay 
on the line. However, the normality assumption was slightly 
violated in Sweden, Taiwan, Turkey, and United Kingdom, as 
some upper points fell above the line. As the purpose of the 
present study was to estimate the effect of mobility changes 
on the doubling time, rather than predicting the doubling 
time, we allowed these minor discrepancies from normality.

IV. Discussion

Considering the necessity to maintain physical distancing 
in the COVID-19 pandemic, countries worldwide instituted 
lockdown measures to restrict mobility, and these measures 
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Figure 2. Clusters of average mobility reductions: results from k-means clustering. (A) Optimal number of clusters. (B) Clusters.
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have had a positive effect on COVID-19 control [20]. It was 
predicted that delaying lockdown measures would have had 
a deleterious effect on COVID-19 case numbers in the USA 

and India [21]. 
	 Sweden was one of the few countries that did not impose 
a lockdown and sought to restrict the spread of infection by 

80
70
60
50
40
30
20
10
0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

350
300
250
200
150
100
50
0

D
o
u
b
lin

g
ti
m

e

Italy

M
o

b
ility

in
d

e
x

5
4
3
2
1
0

1
2
3
4
5

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

350
300
250
200
150
100
50
0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

5
4
3
2
1
0

1
2
3
4
5

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

25

20

15

10

5

0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

5
4
3
2
1
0

1
2
3
4
5

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

100
90
80
70
60
50
40
30
20
10
0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

5
4
3
2
1
0

1
2
3
4
5

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

800
700
600
500
400
300
200
100

0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

4

2

0

2

4

6

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

400
350
300
250
200
150
100
50
0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

5
4
3
2
1
0

1
2
3
4

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

100
90
80
70
60
50
40
30
20
10
0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

4

2

0

2

4

8

6

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

350

300

250

200

150

100

50

0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

10

8

6

4

2

0

2

4

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

25

20

15

10

5

0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

4
3
2
1
0

1
2
3
4
5

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

1,200

1,000

800

600

400

200

0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

4
3
2
1
0

1
2
3
4
5

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

70

60

50

40

30

20

10

0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

4
3
2
1
0

1
2
3
4

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

30

25

20

15

10

5

0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

4
3
2
1
0

1
2
3
4

1
5
-F

e
b

-2
0

2
2
-F

e
b
-2

0

2
9
-F

e
b

-2
0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

80
70
60
50
40
30
20
10
0

D
o
u
b
lin

g
ti
m

eM
o

b
ility

in
d

e
x

5
4
3
2
1
0

1
2
3
4
5

1
5
-F

e
b

-2
0

2
2
-F

e
b
-2

0

2
9
-F

e
b

-2
0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

60

50

40

30

20

10

0

D
o
u
b
lin

g
ti
m

e M
o

b
ility

in
d

e
x

5
4
3
2
1
0

1
2
3
4
5

1
5
-F

e
b

-2
0

2
2
-F

e
b
-2

0

2
9
-F

e
b

-2
0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

Spain

New Zealand

Brazil

India

SingaporeMexico

Turkey

Vietnam

United Kingdom

Taiwan

Japan

United States

Canada Germany

Sweden

250

200

150

100

50

0

D
o
u
b
lin

g
ti
m

e

4
3
2
1
0

1
2
3
4
5
6

1
5
-F

e
b
-2

0

2
2
-F

e
b
-2

0

2
9
-F

e
b
-2

0

7
-M

a
r-

2
0

1
4
-M

a
r-

2
0

2
1
-M

a
r-

2
0

2
8
-M

a
r-

2
0

4
-A

p
r-

2
0

1
1
-A

p
r-

2
0

1
8
-A

p
r-

2
0

2
5
-A

p
r-

2
0

2
-M

a
y
-2

0

9
-M

a
y
-2

0

1
6
-M

a
y
-2

0

2

0

2

4

6

90 400 6 400 64

M
o

b
ility

in
d

e
x

Doubling time
Mobility index

Association: significant
Lag: 14th
Estimate: 1.3
95% CI: 2.3, 0.4

Association: not significant Association: not significant

Association: significant
Lag: 11th, 12tj, 13th
Estimate: 4.2, 10.9, 4.9
95% CI: 0.6, 7.8;

14.5, 7.3;
1.4, 8.4

Association: significant
Lag: 14th
Estimate: 2.6
95% CI: 7.2, 0.2

Association: significant
Lag: 12th, 14th
Estimate: 26.3, 16.4
95% CI: 39.9, 12.7;

30.3, 0.26

Association: significant
Lag: 14th
Estimate: 1.3
95% CI: 2.4, 0.2

Association: not significant Association: significant
Lag: 14th
Estimate: 1.5
95% CI: 1.9, 1.1

Association: significant
Lag: 14th
Estimate: 1.6
95% CI: 2.8, 1.1

Association: not significant Association: not significant

Association: not significantAssociation: not significant Association: not significant

Association: not significant

Figure 4. ‌�Associations between mobility and COVID-19 case dou-
bling time: results from finite distributed lag models.
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placing the accountability for following social-distancing 
measures on the people. Meanwhile, Sweden also pursued 
a strategy of vigorous testing, contact tracing, and isolation. 
Vietnam, in addition to a stringent lockdown, thoroughly 
implemented the pandemic prevention, detection, tracing, 
isolation, localization, and suppression approach. Vietnam’s 
early success in preventing the spread of COVID-19 was due 
to their application of science and technology in pandemic 
prevention and control. Vietnam has been a model for other 
countries in the fight against the COVID-19 pandemic, with 
lessons learned in curbing the outbreak's spread and overall 
responses to a public health catastrophe, even though Viet-
nam is not a wealthy country [22-24].

	 Previous studies have explored human mobility data using 
mobile phones to predict infectious disease dynamics [25,26]. 
However, collecting data from individual mobile phones and 
dealing with privacy issues has been a challenge in creating 
population-level data on mobility patterns [26]. Using the 
community mobility patterns published by Google, the pres-
ent study tried to address the lacunae in this area by provid-
ing anonymized population-level data.
	 At the beginning of the lockdown in India, there were de-
creases in mobility by −70.51% in retail shops and recreation 
spots, −64.26% in groceries and pharmacies, −46.17% in 
parks, −65.6% in transit stations, and −60.03% in workplaces 
from baseline in comparison to the pre-lockdown period. 
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Figure 5. Normal Q-Q plots of residuals.
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Residential mobility increased by 26.32% from baseline due 
to people staying home during the lockdown for the CO-
VID-19 pandemic.
	 The countries included in our study had reductions in mo-
bility in commercial and social places after COVID-19 was 
declared as a pandemic by the World Health Organization. 
It has been reported that population mixing has reduced in 
the light of the pandemic [21]. It has also been found that, 
barring Germany, Italy, New Zealand, Singapore, Taiwan, 
and Turkey, reductions in mobility in other countries had 
a significant desirable association with the doubling time 
of COVID-19, although the magnitude of the effect varied 
across counties. A larger mobility reduction was associated 
with a longer time taken for COVID-19 cases to double. Our 
findings are similar to those of Badr et al. [27], who ana-
lyzed patterns in various counties in the USA and found that 
social distancing, measured utilizing reduced mobility, was 
associated with reducing the spread of COVID-19. Sun et al. 
[9] reported similar correlations of the stringency index and 
mobility patterns with COVID-19 cases and deaths in the USA.
	 Voko and Pitter [28] observed that mobility reduction 
contributed to the decrease in COVID-19 cases in Europe. 
Delen et al. [29], in a study similar to ours, reported that 
changes in mobility patterns could predict 47% of the varia-
tion in the disease transmission rate. However, that study 
did not explicitly list the countries included in their analysis. 
Another difference between the study of Delen et al. [29] 
and our study is that they used R0 as the dependent vari-
able, while we assessed disease transmission based on the 
doubling time. In our study, countries such as Taiwan and 
Singapore showed no association between mobility and the 
COVID-19 burden. However, these countries brought the 
infection under control, which may be attributed to other 
efficient public health measures such as facemasks, hand hy-
giene, contact tracing, and quarantining, testing, and isola-
tion of cases.
	 In contrast to our findings, Espinoza et al. [30], in their 
modeling-based study, reported that mobility restrictions 
might not restrict or attenuate the final epidemic size at the 
population level. However, the purpose of mobility reduc-
tion is not just to constrain the overall epidemic size; instead, 
it aims to reduce the burden on health care services by flat-
tening the epidemic curve and postponing the peak of CO-
VID-19 cases. 
	 Our findings must be interpreted with caution since this 
study has the following limitations. Other potential factors 
that might have influenced the doubling time, such as com-
munity awareness levels and testing and treatment strategies, 

varied across the countries over the period and were not 
included in the analysis. Our study used data from two sepa-
rate sources to link two variables. Hence, the ecological fal-
lacy may have an impact on our findings. Furthermore, the 
effects of other determinants such as access to health care 
and literacy levels on COVID-19 infection were not adjusted 
for in the study. The mobility data are available only from 
Android users who permitted Google to access their loca-
tion history data. Hence, our study could not assess mobility 
among non-smartphone, non-Android, and non-mobile us-
ers’, causing limited external validity. 
	 The lockdowns imposed in the wake of COVID-19 
achieved the immediate objective of mobility reduction in 
countries with a high burden of cases. The present study 
supplements the existing literature, as well as adds to it by 
demonstrating the impact of lockdowns (by using the strin-
gency index data) and the effect of mobility (by calculating a 
composite mobility index obtained from the Google data) on 
the spread of COVID-19 through a multi-country analysis. 
Thus, this study explored the COVID-19 pandemic through 
the lens of health informatics. Local governments may try to 
collaborate with manufacturers of other operating systems, 
such as Apple, to collect information on the location data of 
their users as well, in order to enhance the coverage of the 
public health data on population mobility. Further studies 
are needed to estimate the specific effects of the lockdown 
and easing of restrictions on the spread of COVID-19 by 
adjusting for public health measures such as cough etiquette, 
hand hygiene, facemasks, testing, vaccination rates, and 
treatment strategies. 
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