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Objectives: Considering the rising menace of coronavirus disease 2019 (COVID-19), it is essential to explore the methods
and resources that might predict the case numbers expected and identify the locations of outbreaks. Hence, we have done the
following study to explore the potential use of Google Trends (GT) in predicting the COVID-19 outbreak in India. Methods:
The Google search terms used for the analysis were “coronavirus’, “COVID”, “COVID 197, “corona’, and “virus”. GTs for these
terms in Google Web, News, and YouTube, and the data on COVID-19 case numbers were obtained. Spearman correlation
and lag correlation were used to determine the correlation between COVID-19 cases and the Google search terms. Results:
“Coronavirus” and “corona” were the terms most commonly used by Internet surfers in India. Correlation for the GTs of
the search terms “coronavirus” and “corona” was high (r > 0.7) with the daily cumulative and new COVID-19 cases for a lag
period ranging from 9 to 21 days. The maximum lag period for predicting COVID-19 cases was found to be with the News
search for the term “coronavirus”, with 21 days, i.e., the search volume for “coronavirus” peaked 21 days before the peak num-
ber of cases reported by the disease surveillance system. Conclusions: Our study revealed that GTs may predict outbreaks of
COVID-19, 2 to 3 weeks earlier than the routine disease surveillance, in India. Google search data may be considered as a
supplementary tool in COVID-19 monitoring and planning in India.
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l. Introduction

Coronavirus disease 2019 (COVID-19) is rapidly spreading
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across the globe and has become a significant public health
threat to humankind infecting millions worldwide [1]. In-
dia is a low middle-income country in the South-East Asia
region with a population of 1.3 billion. India reported its
first case of COVID-19 on January 30, 2020 [2]. The case
numbers were almost static for over a month and gradually
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started to increase during early March. As of July 7, 2020,
India recorded 719,665 cases and 20,160 people succumbed
to COVID-19 [1]. Considering the rising menace of CO-
VID-19, it is essential to explore the methods and resources
that might predict the case numbers expected and help in
identifying the locations of outbreaks. This will help us un-
derstand what to expect and prepare for in terms of caseload
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and intensive care requirements.

India has an established disease surveillance system, the
Integrated Disease Surveillance Program (IDSP), to identify
the signals, suspects, and cases of certain notified diseases
[3]. IDSP enables the government to make evidence-based
decisions on outbreaks. However, the system captures data
only when people access the healthcare service. All around
the world, non-conventional, informal data sources such as
school absenteeism, over the counter drug disbursement,
Internet search engines, and social media are being explored
and used to supplement formal disease surveillance systems
in predicting outbreaks [4]. Search engines and social me-
dia tools include Google Trends (GT; Web search, YouTube
search, News search, Image search), Twitter, Wikipedia,
Baidu, Weibo, and so forth. GTs have been used over the last
decade to provide reliable predictions of outbreaks of influ-
enza and other diseases [4-7].

Internet usage among Indians has been on the rise, reach-
ing about 451 million (36%) active users every month, with
two-thirds of them being daily users [8]. Search engines are
one of the most commonly used facilities in the Internet
for identifying and learning information on a wide range of
subjects. Among search engines, Google has a monopoly in
India, with 98.8% of the total search engine market share [9].
YouTube is an archive/database of videos uploaded across
the world on multiple subjects and topics. India has a ma-
jor share of people accessing and watching YouTube, with
around 265 million active users monthly [10]. Both Google
and YouTube are free to use, and the data on search terms
and patterns are available in open source.

It has been shown that relative search volumes (RSV) of
terms specific to a disease from GTs can predict outbreaks of
that particular disease in India [6]. However, it is necessary
to determine and confirm the correlation, if any, between
GTs and other diseases in the country [6]. COVID-19 is
one such disease which has the additional feature of being a
novel infection in the current scenario. Hence, we have con-
ducted a study to analyze the potential use of GTs to monitor
public concern regarding COVID-19 epidemic infection in
India and to evaluate the GTs data in predicting the CO-
VID-19 outbreak in India.

Il. Methods

Our study was based on a most common search engine data-
base used in India, Google Trends, using different keywords
which the public might have used to access information on
COVID-19, from January 30, 2020 to April 15, 2020. All
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data used in our study were available in open source, and no
explicit permission was required to utilize the data.

1. Data on Google Search Terms

The Google Trends homepage (www.google.com/trends)
features clustered topics that Google detects to be related
and trending together on either Web search, YouTube, or
Google News. Trending keywords are collected based on
Google’s Knowledge Graph technology, and data is normal-
ized and presented on a scale from 0 to 100, where the high-
est point, 100, divides each point on the graph [6,11]. On
the results page, the user can add topics to compare them
simultaneously in the charts by clicking the + Compare but-

«_»

ton or remove an item by clicking the “x” that appears in its
box when the user hovers his or her cursor over it. Using this
comparison method, we assessed 15 possible keywords that
the Indian population might have used. Among them, the
tive most commonly used keywords were considered. The
Google search terms used for the analysis were “coronavirus,
“COVID”, “COVID 19, “corona”, and “virus”.

Web search is a generic search, irrespective of whether the
content is images, videos, or text news. News search is spe-
cific for articles published in the media. The study period
RSVs for each of the search terms were retrieved from the
GTs for India [12]. The RSV number represents the propor-
tion of popularity of a term relative to the peak popularity
during the reference period for the selected region. Hence,
it gives a relative weight in terms of temporal and spatial as-
pects for search phrases in Google. A value of 100 means the
term was at the peak of its popularity, while a value of 25 in-
dicates that the search term was 25% as popular as that of its
peak popularity during the specified time in the particular
region. The reference period for the RSV data for the search
terms was from January 30, 2020 to April 15, 2020. India re-
ported its first case of COVID-19 on January 30, 2020 [2].

2. Data on the Number of COVID-19 Cases

The number of daily new confirmed cases and the cumula-
tive confirmed cases in India were obtained for the period
until April 15 from https://datahub.io/. The data were
sourced from this upstream repository maintained by the
team at Johns Hopkins University Center for Systems Sci-
ence and Engineering (CSSE). The upstream dataset obtains
data from the World Health Organization (WHO), for In-
dia. A confirmed case is defined as one in which the patient
tests positive for COVID-19 in the reverse transcriptase-
polymerase chain reaction (RT-PCR) test.

https://doi.org/10.4258/hir.2020.26.3.175
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Figure 1. Time series plots of Google Trend relative search volume (RSV) in Web search, YouTube search, and News search.

3. Statistical Analysis

Data were downloaded in Excel format. The analysis was
done using SPSS trial version 26.0 (IBM, Armonk, NY,
USA). Spearman correlation was used to determine the
correlation between the daily new confirmed cases, daily
cumulative cases, and the Google search terms. To establish
the temporal relationships for up to 30 days, we also did a
lag correlation analysis. An r-value of >0.7 is considered as
a high correlation, and a p-value of <0.05 is considered as a
statistically significant result.

Vol.26 ® No.3 e July 2020

I1l. Results

Figure 1 shows the overall trends of data from the keyword
search for “coronavirus”, “COVID”, “corona’, “COVID 197,
and “virus” (infective agent category) during the selected
period and the overall mean RSV of these keywords. It was
observed that, among the search terms used, “coronavirus”
and “corona” were the terms most commonly used by surf-
ers using Google. Figure 1 also shows that the dynamics of
GT data in India were related to public concern at the time
of various important announcements and actions taken
by the government of India. The spike in search volumes
started after the WHO declared COVID-19 as a pandemic

www.e-hirorg 177



U Venkatesh and Periyasamy Aravind Gandhi

R ° . ° 0.88" o © °, 0.79" o, 070
$ o o [ (<] (<]
A A 3 g >
g %o o % o s e & &8
z
o o [} ° o ° o
0 [ s [ ‘ . 0.94* ! 0.93* ° .!’. 5. o .o! °g ° .'0’ op
» 0.94* ° 0.94* ° 0.85* ° ° 0.78* ° 0.66*
(0] ° ] <} o o
2] o (<] o [ (<]
8 ° ° ° o °
° (<} o ) [
o ° ) ° ° )
£ o ° O : ‘ e
E > ° & ) 53 8
c
8 L ) o... ’o. .:‘ .:3
) o % o e°
$8 yd om0 oap S 00002290 @ @un 00000 o TR
0.93* 0.94* 0.84* 0.75* 0.60*
& ° o 00 o © o )
12} ° ) ° o °
[0} o [ ° o )
o ° ° ° ° °
£ o o® 8 8 o
() (<] o o o Qo
o ° ° o° < [} 8
° ‘. o° 00 B ° .\.
#. & ——— <> o oopn O _:‘éo&..- -—---::-.M‘-
0.88* 0.85* 0.84* 0.84*
Y 8 8 LI ‘e
wc|o 0o, (<)
20 | &oo ‘0 o| g0 ° ° :‘o‘ ° o {" o q 0o 8°
Sac| o o o ° o|o © ° ° o ©
TP e o0 o® ©|° %00000 © Qw00 &F 0o® °©
[S)te] ° ° °
8 § t ' ' ® o° B R ..0.:
g0 °
I ' I lli.l. ; 092" | 8 °®°
o | @ 0.79* | o 0.78* | g 0.75* | 0.92* o0 00 0.90* °o @
Q o o ° ° )
jn} [ (<] o o °
'S @0 ) @ 0 oo ©°
o ° o o ° °
> |0 §o 8o $ 0 %0
© 0® ) ? 8 )
s |8 o o [8 "e%0 o 8 R o é o o8 8o
5 ° R o o ° ©0%06 500 ° "%®oooe ) o"o f.‘o °
o R0 g0 °
{ | & dul | .>"
% i i °° 4 o€
w5 » ;‘ &* g .¢ 802° o
O 0%¢e
28 |5 s s o I A
T »n |2 % 00 o .‘.’. 0." 0o o 0 %90%
c ° ’ ° ° [9) o o o o
» ° o 00 @ Q
g % i ° 0.0. o © i ....o %0 ; °e ...0’0 ‘. oo’ 00. ‘
o z o o o (<] o
i 0.70* i 0.66* ' 0.60* ' 0.84* ' 0.90*
New cases Confirmed cases Death cases Coronavirus Corona YouTube Coronavirus
Web search News search

*Correlation is significant with p-value of 0.01 (2-tailed).

Figure 2. Correlation matrix of “coronavirus” and “corona” keywords
and daily new cases.

on March 11, 2020 and when the Indian government made
it a notifiable disease on March 14, 2020. It reached its peak
immediately after India instituted a nationwide lockdown
on March 24, 2020. Figure 2 presents the correlations matrix
between the two most common keywords used in various
sub-searches with cumulative confirmed cases, daily new
cases, and cumulative deaths. The calculated Spearman cor-
relation coefficient was found to be highly significant with
all variables at the p-value level of 0.01.
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used in different sub-searches with cumulative confirmed cases

1. Lag Correlation Analysis

Table 1 and Figure 3A-3C show the lag Spearman correla-
tion between the RSV from GTs for various sub-searches
(Web search, YouTube search, and News search), and the
cumulative laboratory-confirmed COVID-19 cases. Cor-
relation between the News search terms “coronavirus” and
“corona” was high (r > 0.7) with the daily cumulative case for
lag periods of 21 days and 20 days, respectively. The strength
of correlation increases as the lag period decreases, reach-
ing the maximum (r = 0.83) during lag periods of 11 days

https://doi.org/10.4258/hir.2020.26.3.175
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Table 1. Lag correlation coefficients and SE between Google Trends data and cumulative laboratory cases in India, January 30, 2020 to

April 15, 2020
Days Web search YouTube search News search
earlier C°T°"a' SE  Corona  SE Cofona' SE  Corona  SE COTO"a' SE  Corona  SE
virus virus virus

30 0.201 0.146 0.171 0.146 0.339 0.146 0.293 0.146 0.454 0.146 0.375 0.146
29 0.232 0.144 0.209 0.144 0.376 0.144 0.332 0.144 0.484 0.144 0.411 0.144
28 0.257 0.143 0.237 0.143 0.402 0.143 0.367 0.143 0.517 0.143 0.448 0.143
27 0.294 0.141 0.268 0.141 0.443 0.141 0.412 0.141 0.552 0.141 0.479 0.141
26 0.328 0.140 0.307 0.140 0.487 0.140 0.46 0.140 0.585 0.140 0.515 0.140
25 0.363 0.139 0.350 0.139 0.535 0.139 0.507 0.139 0.617 0.139 0.551 0.139
24 0.401 0.137 0.394 0.137 0.581 0.137 0.553 0.137 0.644 0.137 0.585 0.137
23 0.439 0.136 0.440 0.136 0.624 0.136 0.595 0.136 0.673 0.136 0.620 0.136
22 0.475 0.135 0.483 0.135 0.662 0.135 0.634 0.135 0.698 0.135 0.651 0.135
21 0.513 0.134 0.524 0.134 0.692 0.134 0.666 0.134 0.722 0.134 0.678 0.134
20 0.551 0.132 0.562 0.132 0.728 0.132 0.699 0.132 0.743 0.132 0.706 0.132
19 0.588 0.131 0.600 0.131 0.761 0.131 0.731 0.131 0.763 0.131 0.731 0.131
18 0.624 0.130 0.638 0.130 0.787 0.130 0.754 0.130 0.779 0.130 0.754 0.130
17 0.658 0.129 0.673 0.129 0.812 0.129 0.777 0.129 0.795 0.129 0.775 0.129
16 0.685 0.128 0.700 0.128 0.830 0.128 0.793 0.128 0.802 0.128 0.792 0.128
15 0.711 0.127 0.725 0.127 0.842 0.127 0.807 0.127 0.810 0.127 0.801 0.127
14 0.735 0.126 0.747 0.126 0.849 0.126 0.816 0.126 0.816 0.126 0.813 0.126
13 0.756 0.125 0.767 0.125 0.852 0.125 0.819 0.125 0.821 0.125 0.822 0.125
12 0.780 0.124 0.784 0.124 0.854 0.124 0.828 0.124 0.824 0.124 0.828 0.124
11 0.804 0.123 0.800 0.123 0.856 0.123 0.835 0.123 0.825 0.123 0.835 0.123
10 0.824 0.122 0.815 0.122 0.854 0.122 0.840 0.122 0.823 0.122 0.838 0.122
9 0.836 0.121 0.828 0.121 0.850 0.121 0.842 0.121 0.820 0.121 0.840 0.121
8 0.845 0.120 0.837 0.120 0.841 0.120 0.842 0.120 0.816 0.120 0.839 0.120
7 0.852 0.120 0.844 0.120 0.829 0.120 0.840 0.120 0.809 0.120 0.837 0.120
6 0.859 0.119 0.852 0.119 0.816 0.119 0.835 0.119 0.800 0.119 0.834 0.119
5 0.864 0.118 0.858 0.118 0.807 0.118 0.829 0.118 0.792 0.118 0.831 0.118
4 0.869 0.117 0.868 0.117 0.788 0.117 0.827 0.117 0.778 0.117 0.830 0.117
3 0.872 0.116 0.872 0.116 0.774 0.116 0.819 0.116 0.763 0.116 0.816 0.116
2 0.880 0.115 0.865 0.115 0.773 0.115 0.801 0.115 0.757 0.115 0.793 0.115
1 0.883 0.115 0.872 0.115 0.758 0.115 0.790 0.115 0.738 0.115 0.782 0.115
0 0.894 0.114 0.891 0.114 0.720 0.114 0.785 0.114 0.702 0.114 0.787 0.114

Value in bold text shows high correlation with r > 0.7 at a statistical significance p-value of 0.01.

SE: standard error.

and 9 days for “coronavirus” and “corona’, respectively. The
correlation fluctuates and falls, thereafter. GTs for the search
terms “coronavirus” and “corona” in Web searches were
found to be highly correlated (v > 0.7) with the daily cumu-
lative cases, for a lag period of 15 days from the peak of the
cumulative case numbers. Similar to the News search, the

Vol.26 @ No.3 e July 2020

strength of correlation increases as the lag period decreases,
and it reaches the maximum (r = 0.89), on the zero-day i.e.,
the day on which the cases peak. With regards to YouTube
search, a high correlation exists between the terms “corona-

virus”, “corona’, and cumulative cases with lag periods of 20
days and 19 days, respectively. The strength of correlation

www.e-hirorg 179



U Venkatesh and Periyasamy Aravind Gandhi

A 1.00 @ "Coronavirus" Web search
@ "Corona" Web search
g 0.80 4 — Interpolation line
i)
=
8 0.60
[&]
c
9o
B 0.40
o
8 020
000 T T T T T T T T T T T T T T 1
30 28 26 24 22 20 18 16 14 1210 8 6 4 2 0
Days
B 1.004 @ Coronavirus YouTube
@ Corona YouTube
_‘S 0.80 -
o
pS
8 0.60
[&]
c
ke
B 0.40
3 t
8 0.20
000 T T T T T T T T T T T T T T 1
30 28 26 24 22 20 18 16 141210 8 6 4 2 O
Days
c 1.007 o Coronavirus News search
@ Corona News search
_E 0.80 -
L2
=
8 0.60
[&]
S
B 0.40
o
8 0.20
000 T T T T T

30 28 26 24 22 20 18 16 14 1210 8 6 4 2 O

Days

HIR

O
-
o
s}

@ Coronavirus Web search
@ Corona Web search
0.80 -

0.60 -

0.40

Correlation coefficient

0.20

0.00

30 28 26 24 22 20 18 16 14 1210 8 6 4 2 O
Days

m

1.007 e Coronavirus YouTube

@ Corona YouTube
0.80 A

0.60

0.40 -
G
<

0.20

Correlation coefficient

0.00

30 28 26 24 22 20 18 16 141210 8 6 4 2 O
Days

-n

0.80
0.60 -
¢
0.40
[

0.20

Correlation coefficient

@ Coronavirus News search
@ Corona News search

0.00

30 28 26 24 22 20 18 16 141210 8 6 4 2 O
Days

Figure 3. Lag correlation of cumulative confirmed cases (A, B, C) and daily new cases (D, E, F) with data from Google Trends.

reaches the maximum for the terms “coronavirus”(r = 0.86)
and “corona” (r = 0.84), 11 days and 9 days, respectively, be-
fore the day the cases peak.

Table 2 and Figure 3D-3F show the lag Spearman correla-
tion between the RSV from GTs for various sub-searches
and the daily new laboratory-confirmed COVID-19 cases.
Correlation between the Web search terms “coronavirus”
and “corona” was high (r > 0.7) with the daily new cases,
from lag periods of 14 days and 15 days, respectively. The
strength of correlation increases as the lag period decreases,
and it reaches the maximum during lag periods of 4 days
for “corona” (r = 0.82), 4 days and zero-days for “coronavi-
rus” (r = 0.81). News search GTs for the terms “coronavirus”

180  www.e-hir.org

and “corona” were found to be highly correlated (r > 0.7)
with the daily new cases 21 days and 19 days before the
cases peak, respectively. The strength of correlation reaches
the maximum during lag periods of 13 days and 9 days for
“coronavirus” (r = 0.77) and “corona” (r = 0.78), respectively.
In YouTube search, a high correlation exists between the
terms “coronavirus’, “corona’, and new case numbers with
lag periods of 20 days and 19 days, respectively. The strength
of correlation reaches the maximum15 days for the term
“coronavirus” (r = 0.82) and 10 days for “corona” (r = 0.79)
before the day the cases peak.

https://doi.org/10.4258/hir.2020.26.3.175
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Table 2. Lag correlation coefficients and SE between Google Trends data and daily new cases in India, January 30, 2020 to April 15,

2020
Web search YouTube search News search
Days
. Corona- Corona- Corona-
earlier . SE Corona SE . SE Corona SE . SE Corona SE
virus virus virus

30 0.188 0.146 0.155 0.146 0.328 0.146 0.28 0.146 0.443 0.146 0.360 0.146
29 0.225 0.144 0.202 0.144 0.367 0.144 0.322 0.144 0.470 0.144 0.396 0.144
28 0.256 0.143 0.235 0.143 0.397 0.143 0.363 0.143 0.516 0.143 0.444 0.143
27 0.293 0.141 0.271 0.141 0.438 0.141 0.409 0.141 0.540 0.141 0.473 0.141
26 0.327 0.140 0.309 0.140 0.481 0.140 0.457 0.140 0.578 0.140 0.516 0.140
25 0.355 0.139 0.341 0.139 0.520 0.139 0.495 0.139 0.602 0.139 0.537 0.139
24 0.391 0.137 0.386 0.137 0.566 0.137 0.543 0.137 0.621 0.137 0.570 0.137
23 0.431 0.136 0.434 0.136 0.609 0.136 0.583 0.136 0.655 0.136 0.605 0.136
22 0.466 0.135 0.478 0.135 0.645 0.135 0.622 0.135 0.672 0.135 0.631 0.135
21 0.503 0.134 0.514 0.134 0.674 0.134 0.649 0.134 0.700 0.134 0.661 0.134
20 0.537 0.132 0.552 0.132 0.703 0.132 0.68 0.132 0.715 0.132 0.681 0.132
19 0.575 0.131 0.589 0.131 0.740 0.131 0.713 0.131 0.736 0.131 0.708 0.131
18 0.612 0.130 0.626 0.130 0.762 0.130 0.734 0.130 0.748 0.130 0.731 0.130
17 0.644 0.129 0.661 0.129 0.791 0.129 0.76 0.129 0.766 0.129 0.750 0.129
16 0.672 0.128 0.689 0.128 0.811 0.128 0.775 0.128 0.769 0.128 0.767 0.128
15 0.686 0.127 0.707 0.127 0.816 0.127 0.782 0.127 0.776 0.127 0.771 0.127
14 0.712 0.126 0.727 0.126 0.815 0.126 0.785 0.126 0.767 0.126 0.775 0.126
13 0.731 0.125 0.742 0.125 0.812 0.125 0.782 0.125 0.772 0.125 0.779 0.125
12 0.747 0.124 0.75 0.124 0.805 0.124 0.781 0.124 0.770 0.124 0.779 0.124
11 0.768 0.123 0.765 0.123 0.805 0.123 0.784 0.123 0.760 0.123 0.777 0.123

—_
(=]

NN W ks U Y N oo O

0.787 0.122 0.781 0.122 0.800 0.122 0.789 0.122 0.761 0.122 0.783 0.122
0.796 0.121 0.793 0.121 0.792 0.121 0.788 0.121 0.750 0.121 0.781 0.121
0.804 0.120 0.798 0.120 0.772 0.120 0.782 0.120 0.745 0.120 0.779 0.120
0.803 0.120 0.800 0.120 0.754 0.120 0.775 0.120 0.725 0.120 0.767 0.120
0.808 0.119 0.801 0.119 0.743 0.119 0.773 0.119 0.715 0.119 0.761 0.119
0.804 0.118 0.803 0.118 0.722 0.118 0.756 0.118 0.693 0.118 0.749 0.118
0.808 0.117 0.816 0.117 0.698 0.117 0.752 0.117 0.669 0.117 0.740 0.117
0.802 0.116 0.807 0.116 0.676 0.116 0.733 0.116 0.646 0.116 0.718 0.116
0.798 0.115 0.783 0.115 0.659 0.115 0.695 0.115 0.635 0.115 0.677 0.115
0.798 0.115 0.789 0.115 0.640 0.115 0.684 0.115 0.599 0.115 0.657 0.115

0 0.809 0.114 0.812 0.114 0.606 0.114 0.676 0.114 0.574 0.114 0.667 0.114

Value in bold text shows high correlation with r > 0.7 at a statistical significance p-value of 0.01.

SE: standard error.

IV. Discussion

Search queries have been widely used to predict disease
outbreaks all over the world [13,14]. The fundamental prin-
ciple behind this theory is that symptomatic and soon to be
symptomatic people, among others, will search for details

Vol.26 ® No.3 e July 2020

about the disease on the internet before reaching a health fa-
cility or accessing healthcare [15]. This will cause a spike in
search queries for the particular disease before the patients
are captured by the routine disease surveillance system of
the health authorities. Our analysis revealed that the terms

coronavirus” and “corona” were the most popular terms
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used for Google search in India. Li et al. [14] in their study
from China included the term “pneumonia” as well because,
during the early stages of the pandemic, COVID-19 was
identified as “pneumonia of unknown etiology”. However, by
the time the first case emerged in India, it was established to
be caused by a coronavirus [16].

We found that the GTs from the Google Web, Google
News, and YouTube strongly correlate with the cumula-
tive and new COVID-19 case numbers. The maximum lag
period for predicting COVID-19 cases was found to be 21
days with the News search for the term “coronavirus’, that is,
the search volume for “coronavirus” peaked 21 days before
the peak number of cases. Li et al. [14] reported that search
engines were able to predict the COVID-19 outbreak 1 to 2
weeks earlier than that of India’

The greater lag time for India may be attributed to the fact
that Indians were sensitized to the corona disease by news
from China and other countries, which could have influ-
enced their search behavior. The Internet search pattern
and behavior of the population depend on the influence of
various factors, such as peer groups, mass media bulletins,
government actions, social media interactions, and so forth.
They are among the determinants of health-seeking behavior
[17]. The series of disease control measures by India, such as
suspending international travel and countrywide lockdown
to establish physical distancing, may also have played a role
in a gradual increase rather than rapid spiking of the CO-
VID-19 case number [18]. However, Li et al. [14] compared
the search terms with the new suspected and new confirmed
cases, whereas we considered cumulative confirmed and
new confirmed cases. The maximum strength of correlation
for new confirmed case numbers was found with the term
“coronavirus” in Google Web search (r = 0.82) and YouTube
search (r = 0.82), while the strength of correlation was high-
er (r=0.96) in China [14].

In recent years, GTs have been widely explored as an op-
tion to predict various diseases. Shin et al. [5] found in their
study in Korea that GTs were useful in predicting Middle
East respiratory syndrome coronavirus (MERS-CoV) out-
breaks 4 days in advance of the routine disease surveillance
system, which is a shorter lag period than our findings. The
greater lag period in our study could have been due to the
curiosity associated with the novel infection, COVID-19.
Santangelo et al. [19] reported that GTs could predict a
measles outbreak as early as 4 weeks before the conventional
surveillance data in Italy.

In contrast, Provenzano et al. [20] reported no advance
prediction capability for Wikipedia trends with maximum
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correlation happening on day zero. Carneiro and Mylonakis
[15] reported the ability of GTs to predict influenza out-
breaks 7 to 10 days earlier than conventional systems. Wil-
son et al. [21] concluded that GTs could only be explored as
supplementary to conventional systems because the Google
Flu Trends system did not offer any early prediction and its
predictions were in line with the formal surveillance systems
for influenza-like illness (ILI) cases in New Zealand. GTs
are recommended for countries that do not have well-estab-
lished and robust disease surveillance systems. Not only the
prediction of cases but also the effectiveness of disease con-
trol measures have been assessed using GTs. Google searches
of COVID-19 control-related terms like “handwashing” have
been found to be negatively correlated with the increase in
the number of COVID-19 cases, thus acting as an indicator
of the effectiveness of COVID-19 prevention strategies [22].

However, our study based on GTs should be cautiously
interpreted because it had the following limitations. We
included only search terms used in the English language. In-
dia is a multi-linguistic country, but the search terms in the
other major Indian languages were not accounted for in our
study. The fundamental measure of association studied here
is correlation, and even a strong correlation per se cannot be
used as sufficient evidence for making GTs a primary tool of
surveillance [23].

The details of the algorithm of the methodology by which
this search data is generated by Google is also unclear. GTs
require a large proportion of regular internet users in the
country for it to be an effective predictor [15]. However, the
exact quantification of this proportion is not available from
the literature. Hence, the data obtained by GTs is from one
segment of the population only. GTs are more influenced by
the media popularity of a particular disease [24], as people
will be inclined to look into a disease or condition that is ac-
tively displayed and discussed in the popular media.

This phenomenon might have occurred in our study, as we
saw a spike in searches using keywords related to COVID-19
whenever a landmark decision was taken by the WHO or
the Indian government, which might have had greater me-
dia dissemination. It might have caused a disproportionate
swing among the public in their internet searching patterns,
and may have led to overestimation of the ground reality of
the disease. On the other hand, if the general public has poor
knowledge about a disease, then the epidemiological burden
of that particular disease tends to be underestimated by GTs
[24]. Ours was a retrospective study. Real-time prediction
of lag time of a disease and outbreaks requires mathemati-
cal modelling in addition to internet search data such as the
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RSVs from GTs, which is used to correlate the search terms
with the disease burden, are calculated based on retrospec-
tive data. Hence, future research should focus on strategies
to improve the reliability of GTs in disease prediction by
formulating mathematical models incorporating internet
search data. In the meantime, GTs should not be used as a
replacement for robust disease surveillance; rather, it should
be explored only to supplement it [21].

In conclusion, our study revealed that Google Web, You-
Tube, and News might be useful to predict outbreaks of
COVID-19 2 to 3 weeks earlier than the routine disease sur-
veillance or reporting system in India. This can be further
explored and tested for each state in India, using the search
terms in the state specific languages. However, Google search
data may be considered only as a supplementary tool in CO-
VID-19 monitoring and planning in India until more evi-
dence is generated on its reliability and real-time prediction
efficacy. Further, positive search terms, such as “handwash-
ing” and “masks”, which are related to public awareness, can
be explored for their usefulness in assessing the effectiveness
of COVID-19 transmission prevention measures at large.
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