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HIGHLIGHTS

e Recent work has suggested using digital epidemiology to follow pandemics.

e In our view, these previous studies have several methodological errors.

o They used correlations long after anosmia symptoms were well documented in the media.

e We demonstrated significant issues with digital surveillance during such a high interest event.
o A large signal is required to overcome noise introduced by searches for other reasons.

ARTICLE INFO ABSTRACT

Keywords: Background: The current pandemic of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) was first
COVID-19 reported in Wuhan, China. Although the first case in the United States was reported on Jan 20, 2020 in Wash-
Infodemiology

ington, the early pandemic time course is uncertain. One approach with the potential to provide more insight into
this time course is the examination of search activity. This study analyzed US search data prior to the first press
release of anosmia as an early symptom (March 20, 2020).

Methods: Daily internet search query data was obtained from Google Trends (September 20th to March 20th for
2015 to 2020) both for the United States and on a state-by-state basis. Normalized anosmia-related search activity
for the years prior to the pandemic was averaged to obtain a baseline level. Cross-correlations were performed to
determine the time-lag between changes in search activity and SARS-CoV-2 cases/deaths.

Results: Only New York showed both significant increases in anosmia-related terms during the pandemic year as
well as a significant lag (6 days) between increases in search activity and the number of cases/deaths attributed to
SARS-CoV-2.

Conclusions: There is no evidence from search activity to suggest earlier spread of SARS-CoV-2 than has been
previously reported. The increase in anosmia-related searches preceded increases in SARS-CoV-2 cases/deaths by
6 days, but this was only significant over the background noise of searches for other reasons in the setting of a
very large outbreak (New York in the spring of 2020).

Internet search

1. Introduction

The current pandemic of severe acute respiratory syndrome corona-
virus 2 (SARS-CoV-2) was first reported in Wuhan, China [1], and rapidly
spread throughout the world. Although the first case in the United States
was reported on Jan 20, 2020 in Washington [2] there is some doubt
about the pandemic's early time course. Work done by the Seattle Flu
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Study indicated several generations of community spread between
January 1 through March 9, 2020, and a death in California was iden-
tified retrospectively as due to COVID-19 three weeks prior to the first
known SARS-Cov-2 case in the United States [3]. The symptoms of
SARS-CoV-2 are myriad, but one of the very early symptoms has been
shown to be anosmia, manifested as a loss of both smell and taste [4, 5].
An analysis of the time course of an increase in anosmia symptoms (over
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normal seasonal levels) could provide valuable insight into the time
course of this pandemic.

One approach with the potential to provide more insight into the time
course of the spread of SARS-CoV-2 in the United states is an infode-
miological one [6]. Infodemiology is defined as the “science of distri-
bution and determinants of information in an electronic medium,
specifically the Internet, or in a population, with the ultimate aim to
inform public health and public policy.” [6]. This approach has been used
to predict influenza outbreaks in the past [7], and several previous
studies have attempted to use search data to detect the course of the
pandemic [8, 9, 10, 11]. Unfortunately, this previous work on
SARS-CoV-2 has several methodological issues: 1) the search terms used
tended to involve the use of medical jargon, which is unlikely to arise in a
layperson's vernacular [8,11] 2) the search terms were generated by the
authors, not from the raw search data itself, leaving open the possibility
of “data dredging” [8,10,11] 3) the datasets contained data that was after
March 20, the date that anosmia and loss of taste was published in a press
release as an early symptom of SARS-CoV-2 [5], potentially contami-
nating search data after this date [8, 9, 10] 4) Previous work has used
regressions between search terms and cases/deaths, which cannot be
used to infer that loss of smell/taste preceded SARS-CoV-2 cases (as
opposed to increased cases/deaths resulting in more interest in symp-
toms) [8, 9, 10, 11].

Since several investigators have suggested [8, 9, 10, 11] that internet
search data can be used to predict/follow the course of pandemics, the
object of the current study is to determine the relationship between a
characteristic symptom of a novel virus outside of the contaminating
influence of intense media coverage. Our study addressed these issues
by analysing Google Trends search data in the United States prior to the
first press release of anosmia as a SARS-CoV-2 symptom on March 20,
2020 [5]. In addition, instead of using a priori search terms we will
generate the search terms using unsupervised machine learning
methods, avoiding both the possibility of data dredging and medical
jargon. We will also use cross-correlation methods to examine if changes
in US search data surrounding anosmia preceded changes in
SARS-CoV-2 cases and deaths, prior to anosmia being known as a
unique symptom.
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2. Materials and methods
2.1. Normaliged search data

Google Trends is a web-based tool that can be used to determine the
number of searches that have been performed over a certain time period.
Search data is normalized by the database for overall daily search ac-
tivity, to correct for the fact that overall search activity varies on different
days of the week (weekend versus non-weekend days, for example).
Google Trends reports overall search activity as a score between 0 and
100 [12]. Search data can be narrowed down to a specific country, or a
state within a country. In keeping with current guidelines for reporting
Google Trends data in medical studies [13], search data was obtained
from September 20th to March 20th for the years 2015-2020, and it was
downloaded as a.csv file accessed on September 15th, 2020. March 20th
was chosen as the last date in 2020, because it precedes the first reports of
anosmia as an early symptom of SARS-CoV-2 [14]. In order to reduce
non-health related inquiries, all searches were limited to those classified
by Google as in the ‘Health’ subcategory. As in previous studies of this
type [13, 15] this paper used publicly available, open accessible aggre-
gate data and the Clinical Research Ethics Board at the University of
British Columbia deemed that review was unnecessary [16].

In order to avoid issues around “data dredging” and following pro-
cedures documented in previous studies using search data for public
health purposes [15, 17, 18, 19] all search terms were chosen system-
atically prior to starting any data analysis. In order to avoid data
dredging, we selected an a priori initial search team that seemed
“reasonable” and then used the Keyword Search Tool [12]. The Keyword
Search Tool is an online application that uses unsupervised machine
learning methods to generate keywords based on the entire search
dataset and provides the normalized search activity associated with each
suggestion. We initially started with the initial term “I can't smell” and all
related keywords with a higher search volume were added to our list.
Each new keyword was then in turn entered into the Keyword Search
Tool until no new search terms were suggested. In our download, we used
the Boolean logical operator “OR” which allowed us to collect all avail-
able search data containing any of our search terms. Our final keyword
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Figure 1. Delta Search Activity from September 20th, 2019 to March 20th, 2020: Change in anosmia-related search activity during the pandemic first wave (Delta,

Normalized Units) for both national data, and the state of New York.
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lists was then entered together into Google Trends together using logical
‘or’ operators; our aggregate search term consisted of the following:

e Can't smell OR can't taste or smell OR why can't i smell or taste OR
why can't i taste or smell anything

Table 1. State-by-state analysis of anosmia-related search activity.

State Mean Baseline Search Pandemic Year F- p
Activity (4 previous Search Activity statistic value
years)

Alabama 4.3 10.2 0.74 0.788

Alaska NA NA NA NA

Arizona 3.4 6.6 1.877 0.182

Arkansas 3.3 0.0 13.492 0.001*

California 23.9 19.3 0.746 0.396

Colorado 8.4 5.1 0.617 0.443

Connecticut 6.0 11.9 0.924 0.345

Delaware NA NA NA NA

Florida 12.5 15.1 0.269 0.608

Georgia 7.6 8.6 0.112 0.741

Hawaii NA NA NA NA

Idaho NA NA NA NA

Illinois 13.8 15.7 0.103 0.751

Indiana 3.9 2s) 0.682 0.417

Iowa NA NA NA NA

Kansas NA NA NA NA

Kentucky 2.9 3.3 0.016 0.899

Louisiana 3.8 1.9 1.563 0.222

Maine NA NA NA NA

Maryland 7.9 31 3.277 0.084

Massachusetts 6.4 6.2 2.203 0.15

Michigan 10.4 11.6 0.065 0.801

Minnesota 11.0 7.8 0.524 0.475

Mississippi 2.0 0.0 2.979 0.96

Missouri 6.6 12.0 1.09 0.306

Montana NA NA NA NA

Nebraska 0.0 2.7 1 0.327

Nevada 5.1 2.4 0.673 0.42

New NA NA NA NA

Hampshire

New Jersey 6.6 8.1 0.183 0.672

New Mexico NA NA NA NA

New York 3.7 7.9 4.711 0.039*

North Carolina 9.2 6.4 3.524 0.066

North Dakota NA NA NA NA

Ohio 8.0 8.6 0.016 0.899

Oklahoma NA NA NA NA

Oregon 2.2 4.9 0.52 0.477

Pennsylvania 8.0 14.6 1.532 0.221

Rhode Island NA NA NA NA

South Carolina 3.9 1.1 1.776 0.194

South Dakota NA NA NA NA

Tennessee 6.9 6.8 0 0.992

Texas 18.0 22.3 1.406 0.246

Utah 1.7 1.7 0.001 0.971

Vermont NA NA NA NA

Virginia 5.7 4.3 0.298 0.59

Washington 6.6 5.7 0.069 0.795

West Virginia NA NA NA NA

Wisconsin 4.5 10.1 1.255 0.273

Wyoming NA NA NA NA

State-by-state result of 2-way analysis of variance with repeated measures. *,
level of significant p-value < 0.05; NA, insufficient data for Google Trends report.

Heliyon 7 (2021) e08499

2.2. Baseline and delta search data

Search activity from September 20th to March 20th for the years
2015-2019 were averaged to obtain a normalized baseline level of search
activity for our final keyword list (Baseline). The change in search ac-
tivity (Delta) was determined by subtracting Baseline from the normal-
ized level of search activity for our final keyword list from September
20th to March 20th in 2019/2020 (PandemicSearch).

2.3. SARS-CoV-2 case and death counts

This case and mortality data [20] was downloaded as a.csv file
accessed on September 15th, 2020.

2.4. Statistical analysis

All averages are reported as mean + standard error. A two-way
Analysis of Variance with repeated measures (time) was performed to
determine the main effect between Baseline and PandemicSearch at both
the entire country and state-by-state levels. For every state that showed a
significant difference between Baseline and PandemicSearch, local
regression (LOESS) curves were plotted using Delta data to visualize the
time course of the increase in anosmia-related search activity. In order to
examine the time-lag in any association between changes in the search
activity and the SARS-CoV-2 cases/deaths time series a cross-correlation
was performed between Delta and both the normalized SARS-CoV-2
cases and the normalized SARS-CoV-2 deaths. The R core software
package version 4.0.0 was used for statistical analysis with a significance
level of p < 0.05 [21].

3. Results

3.1. Anosmia-related search activity—entire US and individual states
(Figure 1, Table 1)

Prior to the recognition of anosmia as a symptom of SARS-CoV-2,
normalized anosmia-related search activity for the entire United States
showed no difference in search activity observed during the pandemic
year as compared to baseline (F = 2.863, p = 0.103).

When search activity was examined on a state-by-state level, the only
state that showed a significant increase in anosmia-related search terms
during the year of the pandemic was New York (see Table 1). As seen in
Figure 1, anosmia-related terms were higher during this time than the
average of the previous years (F = 4.711, p = 0.039).

3.2. Cross-correlation analysis with case and death counts (Figures 2 and
3)

When data was examined for the United States as a whole, there was
no time lag observed between anosmia-related search activity and either
SARS-CoV-2 case numbers or deaths (Figure 2). However, when New
York data was examined, there was an approximately 6 day lag noted
between changes in search activity for anosmia-related terms and
changes in both the number of detected cases and the number of deaths
attributed to SARS-CoV-2 (Figure 3).

4. Discussion
4.1. Principal findings

Overall US search activity for anosmia-related search terms was no
different during the pandemic first wave as compared to average baseline
activity when the dataset only included searches prior to the discovery of
anosmia as an early symptom of SARS-CoV-2. In addition, the changes in
national search activity showed no significant time lag between alter-
ations in search activity and national changes in cases and deaths due to
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Figure 2. Cross Correlation Between National Search Activity and SARS-CoV-2 Cases and Deaths: Cross correlation between normalized anosmia-related search

activity and SARS-CoV-2 cases and deaths for the entire United States.

SARS-CoV-2. On a state-by-state level, the only geographic location that
showed significantly elevated anosmia-related searches that preceded
changes in cases and deaths due to SARS-CoV-2 was the state of New
York.

4.2. Previous work

The use of internet search data to monitor for seasonal patterns in
other health conditions [22, 23] and to monitor yearly influenza pan-
demics have been published previously [24]. Several recent studies have
shown correlations between Google anosmia-related searches and
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SARS-CoV-2 cases/deaths [8, 9, 10, 11] suggesting that monitoring such
search activity might provide a way to monitor the progression of a
pandemic as it unfolds. However, there are significant issues with how
previous work generated the initial list of search terms. All previous work
generated an initial list through an uncertain a priori process, that leaves
the open the possibility of data dredging [8, 9, 10, 11]; our study started
with a single obvious term (“I can't smell”) and used the Google Keyword
generator to generate alternatives based on the underlying raw search
data. In addition, none of the previous studies used the Google Trends
algorithm to limit search data to “Health related” inquiries [8, 9, 10, 111,
which leaves the search data open to searches for a host of other reasons.
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Figure 3. Cross Correlation Between New York Search Activity and SARS-CoV-2 Cases and Deaths: Cross correlation between normalized anosmia-related search
activity and SARS-CoV-2 cases and deaths for the state of New York shows approximately a 6-day time lag.
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Most previous investigations into this issue also used medical search
terms (such as “anosmia” and “hypoxia”) that are more likely to measure
increasing interest from health professionals about an evolving world-
wide crisis, a phenomenon that seems unlikely to provide insight into the
early development of symptoms in a lay population.

Loss of smell was noted as an early symptom was first noted on
March 20th, 2020 [4,5] and widely reported in the American media
soon afterwards [25]. Most of the previous studies included data after
this date, making the observed correlations between cases/deaths and
search activity [8, 9, 10] likely due to increasing interest in the second
highest search term [26] at the same time as SARS-CoV-2 spread across
the US. One exception was that Walker et al. showed a significant
correlation between anosmia-related searches and SARS-CoV-2 case-
s/deaths with a second analysis limiting their search data to prior to
March 20th, 2020 but this second analysis was not performed on an
American data set [11].

One way to demonstrate that changes in anosmia-related search ac-
tivity preceded changes in SARS-CoV-2 cases/deaths is to perform a
cross-correlation analysis demonstrating a significant time lag between
searches and cases/deaths. Most of the previous studies [9, 10, 11] did
not perform such an analysis. Given the natural history of SARS-CoV-2
related illness, one would expect increases in search activity for
anosmia-related symptoms to precede increases in cases/deaths, and
Higgins et al. showed strong correlations with a 12 day preceding time
lag [8]. Unfortunately, this dataset contained search data well past the
date when anosmia was widely reported in the news as a symptom, and
the cross-correlation analysis was performed on the worldwide dataset as
a whole [8]. When search data was both limited to prior to March 20th,
the only region of the US to show a strong correlation with a significant
time lag was the state of New York (see Figure 2). The fact that the time
lag with both cases and deaths was similar was an unexpected result; we
expected a longer time lag for SARS-CoV-2 deaths due to the natural
course of the illness. This unexpected result is likely explained by delays
in cause of death case reporting, a data collection issue that is well
documented in the current pandemic, and was also demonstrated in
other work [8].

4.3. Clinical implications

The results of our study have several clinical implications with respect
to the use of digital epidemiological techniques in the setting of a
pandemic and with respect to the SARS-CoV-2 pandemic specifically.
Specific to SARS-CoV-2, some investigators have postulated that COVID-
19 might have been spreading widely throughout the community much
earlier than was first thought [3]. Neither our national nor our
state-by-state analysis of anosmia-related search activity support this
hypothesis (see Figure 1). Our results also show that digital
epidemiology-related techniques might have some usefulness in moni-
toring pandemic spread, as shown by our strong correlations with a 6-day
time lag between searches and cases/deaths in the state of New York in
early 2020 (see Figure 3). The regional New York outbreak in early 2020
was absolutely enormous with a positive test rate peaking at 65 percent
during the week of March 22nd [27], suggesting that digital surveillance
of search activity during such a high interest event requires an extremely
large signal to overcome the noise introduced by searches for other
reasons. Contamination of search data by searches for other reasons make
search data difficult to interpret, as shown in other investigations, such as
the decreasing usefulness of Google Trends monitoring for influenza once
the study was widely reported in the media [28]. However, the results of
our investigation suggest that monitoring search terms for disease
symptoms might have some utility in following the course of a disease
outbreak, but only if the number of health-related searches are quite
large (such as in a large population environment like New York state),
and/or contamination from non-health related searches are limited (such
as in the setting of less media coverage).
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4.4. Limitations and future research

Although our study is suggestive with respect to the strengths and
weaknesses of using epidemiological approaches to pandemic moni-
toring, further research needs to be done to determine if these ap-
proaches can provide real-time monitoring of the time course of viral
spread. In addition, Google Trends only provides normalized results of
search data as opposed to absolute numbers of searches. Offsetting this,
however, is the fact that the number of keyword searches number in the
billions [29] so any changes in these normalized results likely represent
millions of additional searches. Also, although we limited our search data
to those surrounding the topic of “Health”, this subsetting of search data
relies on proprietary algorithms known only to Alphabet Inc and are
unlikely to be fully accurate in a one-in-a century event such as the
COVID-19 crisis. Our study also only considered searches in the English
language and from the United States; linguistic and national differences
might have conceivably changed search behaviour and is a potential
future avenue of research.

4.5. Conclusions

When we analyzed Google Trends search data for ansomia related
queries, there was no evidence for spread of SARS-CoV-2 in the United
states earlier than previously reported [30]. Changes in search activity
preceded increases in COVID-19 cases/deaths when our data was
examined regionally, but only in the site of the largest outbreak, the state
of New York.
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