
Vol.:(0123456789)1 3

Social Network Analysis and Mining (2021) 11:18 
https://doi.org/10.1007/s13278-021-00723-5

ORIGINAL ARTICLE

COVID‑19 early‑alert signals using human behavior alternative data

Anasse Bari1 · Aashish Khubchandani1 · Junzhang Wang1 · Matthias Heymann1 · Megan Coffee2

Received: 13 July 2020 / Revised: 2 November 2020 / Accepted: 2 January 2021 / Published online: 4 February 2021 
© The Author(s), under exclusive licence to Springer-Verlag GmbH, AT part of Springer Nature 2021

Abstract
Google searches create a window into population-wide thoughts and plans not just of individuals, but populations at large. 
Since the outbreak of COVID-19 and the non-pharmaceutical interventions introduced to contain it, searches for socially 
distanced activities have trended. We hypothesize that trends in the volume of search queries related to activities associated 
with COVID-19 transmission correlate with subsequent COVID-19 caseloads. We present a preliminary analytics frame-
work that examines the relationship between Google search queries and the number of newly confirmed COVID-19 cases 
in the United States. We designed an experimental tool with search volume indices to track interest in queries related to two 
themes: isolation and mobility. Our goal was to capture the underlying social dynamics of an unprecedented pandemic using 
alternative data sources that are new to epidemiology. Our results indicate that the net movement index we defined correlates 
with COVID-19 weekly new case growth rate with a lag of between 10 and 14 days for the United States at-large, as well 
as at the state level for 42 out of 50 states with the exception of 8 states (DE, IA, KS, NE, ND, SD, WV, WY) from March 
to June 2020. In addition, an increasing caseload was seen over the summer in some southern US states. A sharp rise in 
mobility indices was followed by a sharp increase, respectively, in the case growth data, as seen in our case study of Arizona, 
California, Florida, and Texas. A sharp decline in mobility indices is often followed by a sharp decline, respectively, in the 
case growth data, as seen in our case study of Arizona, California, Florida, Texas, and New York. The digital epidemiology 
framework presented here aims to discover predictors of the pandemic’s curve, which could supplement traditional predic-
tive models and inform early warning systems and public health policies.
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1  Introduction

Human interactions fuel epidemics. Complex networks of 
social contacts underlie communicable disease epidemic 
dynamics. Such human interactions alter epidemics, but at 
the same time epidemics alter the very same human interac-
tions (Funk et al. 2014, 2018; Yan et al. 2018; Chowell et al. 
2016). As such, early predictions or mechanistic models may 

not identify the various perturbations in epidemics caused 
by reactive behaviour change. Epidemics may, instead, have 
multiple peaks or waves tied due to changes in behavior. It 
may be difficult to recognize these behaviors in real time 
to feed into predictive models. Official laws and regula-
tions do not fully capture  the on-the-ground changes in 
human activities during an epidemic; behavior changes may 
also occur independently, reflecting reasoned avoidance of 
observed or suspected dangers—or may conversely be due to 
a distinct denial of risk. Predictive analytics and digital epi-
demiology provide a new means of exploring these changes 
in human interactions and adjusting epidemic predictions in 
real-time (Hayward et al. 2020; Moran et al. 2016). Moreo-
ver, alternative data sources can identify more than just con-
tacts and movement but can also capture the heterogeneity 
of risk due to more than simply human contacts, but which 
vary depending on the specificities of these interactions; 
specific types of activities, whether involving travel, large 
groups, poorly ventilated indoors, vocalization or exertion, 
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ormask-less activities, which will create different transmis-
sion landscapes (Hamner et al. 2020).

“Let’s google it” has become a universal refrain. Google 
searches can be a window into thoughts, translating pri-
vate lives into quantitative insights. Searches can antici-
pate patterns of movement and activities that fuel outbreak 
transmission. Such an approach could provide insight into 
population-wide activities and the outbreaks that follow, 
during a time of unprecedented social distancing measures 
and behavior change to contain COVID-19.

The COVID-19 pandemic has spurred interest in many 
scientific fields, including Artificial Intelligence (AI), where 
alternative data have been used to extract insights. Jiang, 
Coffee, Bari, et al. used AI capabilities to examine medical 
data, identifying severe COVID-19 cases early in the disease 
course (Jiang et al. 2020). Other work has examined epide-
miology using satellite imagery from Wuhan, China (Patel 
2019) to demonstrate reduced human movement with the 
outbreak. Additionally, research focused on Google’s newly-
released Community Mobility Report Dataset (Google 2020) 
and Apple’s COVID-19 Mobility Trends (Apple 2020) 
aggregated cellular devices’ geo-coordinate trails through 
search and navigation requests to quantify mobility at a 
regional level and to measure social distancing.

Applying Predictive Analytics to alternative data sources 
can often help discover hidden relationships between seem-
ingly unrelated ideas. For instance, Moraes and Bari reported 
a link between restaurant inspections and NYC Real Estate 
markets (Moraes et al. 2019), and similarly, tweets have 
forecasted stock price changes. Hidden relationships can be 
deduced with predictive algorithms, including bird flocking 
algorithms (Bellaachia and Bari 2012) and recurrent neural 
networks (Moraes et al. 2019). Furthermore, Google search 
data have been used to predict changes in technology stock 
returns (Rui 2015) and US unemployment rates (D’Amuri 
and Marcucci 2012).

Digital Epidemiology has used alternative data to detect 
disease footprints. Prior alternative data work in epidem-
ics has focused on predicting disease patterns (incidence, 
prevalence, geographic distributions) from search terms 
directly related to the illness (fever, cough, cold medicine). 
Most notably, Google Flu Trends used search volumes to 
predict localized changes in influenza activity; however, this 
program failed to sustain accurate predictions (Lazer and 
Kennedy 2015), when it missed the peak volume in 2013 
by significant margins, in part, as Lazer et al. argued, due to 
overfitting to unrelated seasonal terms (Lazer et al. 2014). 
Other work on alternative data in epidemiology has focused 
on spatial spread, e.g., by using cellphones as a stand-in for 
population movement. This method has shown promise from 
cholera in Haiti to Ebola in West Africa, but, at the same 
time, phones do not inherently correspond to individuals, nor 
do they represent the full risk of mobility and interactions 

that result in disease spread (Bengtsson et al. 2011; Feng 
et al. 2018; Bengtsson et al. 2015).

In this study, we propose an analytics tool that relies 
on Google trends to supplement standard COVID-19 data 
sources in order to better predict the future number of 
COVID-19 cases, by accounting for a key element: behavior 
change. There have been many tools developed to track the 
epidemic, from real-time case reporting to compilations of 
key metrics; this tool would add to tracking how behavior 
changes in real time (Institute for Health Metrics and Evalu-
ation 2020; The COVID Tracking Project, 2020; Our World 
in Data 2020). Mechanistic model predictions of epidem-
ics based on human interactions, such as from the standard 
Susceptible–Infected–Recovered (SIR) models, may predict 
single epidemic peaks or seasonal waves, whereas human 
behavior in an epidemic often varies throughout. There 
may be periods of higher levels of fear prompting protective 
behaviors, followed by periods with increased risk taking 
or with different types of behavior restrictions, resulting in 
varied and staggered peaks as risk behavior fluctuates. To 
start to better quantify these behavior changes in real-time, 
this tool is designed to begin to quantify expected behavior 
changes by quantifying interest in at-risk activities. This 
framework provides insights into isolation and mobility, 
which within the larger context of public health measures 
and other risk mitigations, can add to predictions of the 
wavering ascents and descents of epidemic caseloads.

Our research is motivated by the following main ques-
tions: Can alternative data sources help us explore isola-
tion and mobility trends? Is there a correlation and predic-
tive causality between the number of isolation and mobility 
search queries and the coronavirus curve? Can Artificial 
Intelligence fueled by alternative data sources predict major 
changes in the numbers of cases?

2 � Methods

2.1 � An experimental early‑alert COVID‑19 tool

In this study, we designed an experimental data analytics 
tool to search for the underlying mechanisms affecting dis-
ease spread, in particular isolation and mobility as captured 
by Google search terms. We suggest that new alternative 
data sources such as online search queries can provide 
insights to better understand the impact of COVID-19 on a 
population’s activities and to predict significant changes in 
growth rates. In 2020, many people are increasingly depend-
ent on online search engines for information, and so sta-
tistically significant changes in search patterns may reflect 
changes in behavior. Insights can also be collected from 
search queries into public well-being, especially as health 
systems are stressed by COVID-19. Some queries may relate 
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to fear of the disease (“will I die of coronavirus?”, “coro-
navirus deaths,” “symptoms of coronavirus,” and more), 
while others are linked to mental health (such as “depression 
symptoms” and “acute anxiety”) (Ayers et al. 2020). These 
search queries are anonymized and aggregated directly by 
Google, where the vast number of queries mitigates privacy 
concerns.

Figure 1 illustrates an overview of the main phases of the 
design of this tool. We first surveyed various data sources—
including Google trends, as well as biking, taxi, restaurant 
and other data—and narrowed our scope to Google trends 
as a first step in our ongoing study, due to its relevance to 
COVID-19. The second phase involved studying relation-
ships of the selected data sources in comparison with the 
number of cases. Phase three involved selecting predictive 
features for building forecasting models. The goal will be 
in the future to expand this work with other data sources to 
discover more predictors of the pandemic’s curve to supple-
ment traditional predictive models and inform early-alert 
tools and public health decision making.

2.2 � Alternative data sources

In this study, we rely on alternative data sources to epidemi-
ology to understand human behavior vis-à-vis a pandemic. 
In Bari et al. (2019), the authors define “Alternative Data 
Sources” as “data collected from non-traditional data sources 
that can provide new perspectives on an entity or the event 
in question.” Such data are an alternative to traditional data 
sources—like cases reported to public health departments 
and hospital admissions. Alternative data have been used in 
finance to generate data-driven investments, such as using 
satellite images of cars in parking lots to predict businesses 
earnings. It has also been used in past epidemics, e.g., cell 
phone data have been used to track population movement and 

disease spread (Waltz 2020). Currently with COVID-19, data 
have been pulled from satellite imagery (Nsoesie et al. 2020), 
travel data (National Security Research Division 2020), market 
data (Federal Reserve Bank of St. Louis 2020), and open data 
(The Atlantic 2020a, b).

2.3 � Data source: daily confirmed COVID‑19 cases

The first data source used in this study is the number of 
COVID-19 cases, gathered from data from The New York 
Times, based on reports from state and local health agencies. 
For our initial experiments, we collected data from January 29 
to June 30, 2020. The metric used was the log of the compound 
weekly growth rate. This metric accounts for the exponen-
tial nature of disease spread as well as weekly variations in 
data released. In Eq. (1) we denote by N(t) the number of new 
COVID-19 cases confirmed in a given region on day t. We can 
then define its smoothed (k-day moving average) number of 
new COVID-19 cases Ns(t) as follows:

Since this approach seeks to identify and predict sudden 
changes in new COVID-19 case statistics, we sought not to 
treat sudden case spikes as noise. We found that taking k = 3 
for a 3-day average created a more responsive model, given 
responses often spiked over one or a few given days during 
the constantly changing epidemic. In place of using k = 7 
and smoothing sudden spikes, we then controlled for weekly 
effects as well as the exponential nature of virus growth by 
defining G(t) as the logarithm of the compound weekly growth 
rate:
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Fig. 1   An early-alert experi-
mental framework using alter-
native data sources at a glance
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2.4 � Data source: Google search volume data

The second data source adopted in this study is the volume 
of search queries from Google Trends. The Google data col-
lection process involves counting how many times a search 
was made for a query qi at a time tj in a given geographical 
region R, then dividing the search count by the total count 
of all Google search queries at any given time (to account 
for changes in the total number of Google searches), and 
then normalizing over the entire requested time period [t0, 
tn−1] so that the search volume for any term has a fixed maxi-
mum of 100 over the requested period. The search index thus 
defined is designed to peak at 100, with every other value 
representing a fraction of this peak interest, thus accounting 
for different search volumes at different times.

Expressed in mathematical notation, our Search Vol-
ume Index V(q, t, R) adopted from Rui (2015) and Waltz 
(2020)—for a query q, time t, and region R—is defined as 
follows: First, we denote by C(qi, tj, R) the raw count of the 
number of Google searches that included query qi at time tj 
in the geographical region R. We then define an intermediate 
search index S(qi, tj, R) as

where the denominator is the region’s total search volume at 
time tj. Finally, we now normalize over the given time period 
to define our final search volume index V(qi, tj, R) as

In the following sections, we outline the data experiments 
we conducted, and later the empirical results of the study.

2.5 � Search indices

The framework we present consists of search volume indices 
that were designed to gauge changes in social dynamics. 
The experiments we conducted were from January 29 to 
June 30, 2020. Each index corresponds to a set of queries 
Q, defined separately for each region R, i.e., we examine dif-
ferences across states, so the set {R} is the set of states, as 
detailed later on. Using the search volume definition V(q,t,R) 
provided by Google Trends, the following details how we 
construct a single index I(Q,t,R) over time for a chosen set 
of queries Q and a region R. Let us denote our query list as a 
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class Q, consisting of all searches related to the key phrases 
{q0 ,…, qn}. For instance, if one of the words is “recipe,” 
the search index accounts for all searches that have included 
it, such as “banana bread recipe” or “what is the recipe for 
apple pie” over the time interval [t0, tn].

First, the index Iu(Q,t,R) is defined as the (unsmoothed) 
average over all the search volumes for the various queries 
qi ∈ Q ∶

We then smooth our index by taking a k-day moving aver-
age, giving us a smoothed index Is(Q,t,R):

Note that as a result we are losing data points for the 
first k − 1 days. We chose k = 3 to maintain responsiveness 
while reducing noise: We do not wish to smooth out week-
end effects since they are vital indicators of relative mobility. 
Finally, since the search levels V had been normalized to 
have a maximum of 100, the magnitude of Is only has mean-
ing when compared between different points in time; we 
therefore normalize these values Is as well (without losing 
any information) so that they take the value 1 at the starting 
time t0. In other words, we define our final search index as

This allows us to move past Google’s relatively arbitrary 
initial search volume levels (which are not comparable 
across terms unless normalized) and produce more insight-
ful graphs that allow us to easily spot and quantify changes 
in searching behavior. For instance, an index with value of 
0.6 on day 30 means that the aggregated search volume for 
these terms has fallen by 40% over the past month.

The next sections will detail the indices that we designed 
to track isolation, mobility, and also prevention measures 
(masks).

2.6 � Isolation index

In March and April of 2020, stay-at-home orders were insti-
tuted across the United States to stop COVID-19 transmis-
sion that were heterogeneous, i.e., they were instituted by 
different states at different times—sometimes acting together 
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as a region, but not as a country. The specific limitations 
also differed: Restrictions often initially limited gathering 
sizes and recommended at-risk groups to stay-at-home, were 
then followed by school closings, and finally only essen-
tial businesses were allowed to be open, and stay-at-home 
orders were issued. Some states also instituted quarantines 
and checks for out-of-state visitors.

These orders, coupled with concerns over COVID-19, 
have been associated with significant behavioral changes. 
With internet access widespread (about 70–90% in the 
various states), internet users nationwide took to Google to 
answer their questions. Many searches included terms that 
either might not have had much search volume before (for 
instance, terms that are semantically related to “How do I 
cut my own hair?” and many other queries just involving 
“own hair”), while others were popular before COVID-19 
and increased in popularity as lifestyle changes were intro-
duced by COVID-19 (searches relevant to “[food] delivery,” 
“home yoga,” and “push-ups” saw this effect). Some terms 
in this index included all “recipe”-related searches, as well 
as “[food and alcohol] delivery” requests. Fundamentally, 
the isolation index aims to measure the interest in searches 
that refer to activities performed at home.

2.7 � Mobility index

Conversely, changes in search volumes for other terms 
were expected to decrease as a result of introducing social 
distancing measures. Some of the most widely-discussed 
effects of social distancing pertained to significant decreases 
in demand for travel, restaurant dining, and movie theaters. 
Of course, these are only a few of many activity changes that 
followed stay-at-home orders. The Mobility Index seeks to 
observe these changes by constituting not only transport-
related queries (such as searches involving “gas stations” 
and” flight tickets”), but also general demand for localized 
geographical questions (including, for example, “theaters 
near me,” “dentists,” and “hair [and/or nail] salons”). Cru-
cially, the expectation that a decrease in search volumes for 
these terms (denoted by the Mobility Index that we calcu-
late) would correspond to an increase in people sheltering 
in place likely implies that the converse is also true, i.e., that 
an increase in our Mobility Index would reflect a change 
in behavior that implies a reduction of people sheltering in 
place.

The choice of search keywords was informed by a recent 
survey of 6730 people at the end of April by UCLA Nation-
scape and the Democracy fund that tracked activities indi-
viduals reported they would prioritize attending if “restric-
tions were lifted on the advice of public health officials 
regarding activities” (Democracy Fund and UCLA Nation-
scape 2020). The most popular results included “going to a 
stadium/concert,” “going to the movies,” and “attending a 

sports event.” Most importantly, though, many expressed 
their willingness to “eat dinner at a friend,” “get a haircut,” 
“go to church,” “eat at a restaurant,” or “attend a funeral.” 
Our index tracked search volume for many of these words 
so as to examine changes people may have with regard to 
even the thought of (realistically) going out. Other search 
terms included all kinds of queries of the form “Is [a spe-
cific place] open?” or just any searches including the words 
“near me.”

2.8 � Net movement index

Since both these indices act in opposite directions, we can 
define a composite index called Net Movement Index as 
the difference between the isolation index and the mobility 
index.

This Net Movement Index serves as an overall indicator 
of social mobility, and the extent to which people are shelter-
ing in place or practicing social distancing. We theoretically 
expect that a sudden decline in Net Movement (i.e., more 
people staying home) would correspond to a reduction in 
COVID-19 spread with a lag equivalent to the incubation 
period of COVID-19 (i.e., 2–14 days from exposure to first 
illness and a further 5–8 days until more severe illness), with 
backlogs in testing potentially creating further lag.

2.9 � Mask index

Masks have been increasingly used to prevent transmis-
sion, and counteract increased mobility. The index tracked 
searches that are semantically related to “mask,” such as 
“how do I make my own mask?” This index could help 
derive insights at key points in the pandemic, though as 
mask use becomes normalized or supplies obtained, there 
may be a drop-off in mask searches.

Following the CDC recommendation on April 3, 2020, 
for the use of masks by the general public, state and local 
recommendations increasingly included directives on mask 
use, which differed between states and small regions (Laes-
tadius et al. 2020).

Some states issued guidance and orders to use masks in 
public. Like lockdowns, these were staggered in implemen-
tation and heterogenous, beginning in April. By June 20, 
over 20 states and the District of Columbia had instituted 
different mask use orders. These varied from requiring spe-
cific populations (certain counties, or limited to government 
or essential workers), certain ages (exempting children of 
certain ages), and locations (public transportation, indoor, 
essential businesses).
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3 � Results

We conducted several experiments to investigate the search 
volume and its relationship to COVID-19 numbers. The goal 
was to extract predictive features that could be combined 
later with other features, to predict human behavior and 
eventually subsequent changes in the pandemic’s curve.

3.1 � Preliminary descriptive analytics: comparison 
of search volume from 2019 before and 2020 
during lockdown phase for some 
pandemic‑related queries

Since the outbreak of COVID-19 and social distancing 
measures to contain it, searches for socially distanced 
activities semantically related to “online yoga,” “alco-
hol delivery,” “how do I cut my own hair?”, “how do I 
make coffee,” “open parks near me,” “campsites near 
me,” or “bike path” have trended. In fact, since the pan-
demic, Google searches have flocked around multiple 
themes, many specifically about COVID-19. Search terms 
included “number of cases,” “symptoms of coronavirus,” 
and “is there a vaccine yet?”; others searched for things 
to do at home, such as “online yoga,” “cutting my own 
hair,” “push-ups,” “recipes,” or “how to make pizza?” 

There are others whose searches pointed to mobility dur-
ing lockdown, such searches for “bike path,” “park near 
me,” “open wine stores,” “hair salon,” “drive-by birthday 
party,” and “drive-by baby shower.” Preliminary descrip-
tive analytics conducted on searches over several queries 
from the United States from March 2020 to early June 
2020 indicate some interesting changes in people’s behav-
ior during the lockdown compared with the same time in 
2019:

•	 High interest in searches semantically related to alco-
hol, alcohol delivery, liquor stores Netflix, TV shows, 
and video games during the lockdown period in 2020, as 
shown in Fig. 2.

•	 Low interest in car rental and slightly higher interest in 
searches related to online dating during the lockdown 
period in 2020, as shown in Fig. 3.

•	 High interest in searches for activities related to garden-
ing, making home coffee, home-made beer, bike paths, 
drive-thru and at-home haircuts during the lockdown 
period in 2020, as shown in Fig. 4.

Fig. 2   The search volume index V as defined in Eq.  (4), showing high interest in searches related to alcohol, wine, alcohol delivery, movies, 
video games, and TV shows during the lockdown phase in 2020
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3.2 � United States: relationship between mobility 
and isolation indices and the number 
of COVID‑19 cases

To see how the indices we designed vary with COVID-19 
case growth, we performed a lag analysis of two time series: 
the Net Movement Index and the weekly change of COVID-
19 cases. In fact, we find that an upward change in the Net 
Movement Index is in most cases followed by an upward 
change in the cases about 10–14 days later, and vice versa 
(the average correlation was above 0.7 on average in sev-
eral states, indicating a potential relationship between the 
Net Movement Index (the difference between the Mobility 
Index and the Isolation Index), and the number of COVID-
19 cases. Figure 5 illustrates the correlations that we found 
in some states. Note that the use of masks and other precau-
tions were not taken into consideration in the Net Movement 
Index, as the Mask Index has not been validated as an indica-
tor of actual mask use.

3.3 � A case study of the mobility index and its 
relationship with the number of COVID‑19 cases 
and the opening phases in five states

To illustrate the relation and potential predictive power of 
the mobility index defined above, we gathered search indices 
and case data from all 50 states and the District of Colum-
bia, and present a case study of five states. Four of these 
states (Florida, Texas, California, and Arizona) saw cases 
begin to rise in June, while the fifth (New York) saw cases 
decline from a prior high peak. We choose these states to 
elucidate vital distinctions between how our defined indices 
and COVID-19 case growth are related.

For each state, we analyzed the relationship (as shown 
in Figs. 6, 7, 8, 9, and 10) between the mobility index (blue, 
scaled to have the value 1 at the respective initial dates) and 
the number of confirmed COVID-19 cases within the rolling 
7-day window (pink). In addition, we added vertical pur-
ple lines to mark some key dates in these states’ attempted 
reopening process starting in May 2020, as found in (Waltz 
2020).   

In each state, we observe a period of sharp decrease in the 
mobility index starting around 3/15/2020 (in line with the 
time of the nationwide lockdown) lasting about 10–15 days. 
The times when the mobility index reaches its lowest level 
coincides with the beginning of a decrease or stagnation 
in new COVID-19 diagnoses. These periods of decreased 
mobility and caseloads have been followed by increases in 
both.

Let us now take a look at the states’ reopening process. In 
Florida, successive reopening stages were scheduled for May 
4th and June 1st, 2020, and we observe that the mobility 
index increased to its original level during this time window, 
in fact starting and finishing a few days ahead of these key 
days, as people started to plan for the days to come. Within 
approximately two weeks of reaching the index’s top level 
the COVID case numbers started to spike again.

Texas exhibits a nearly identical pattern except that more 
time passed until the COVID-19 case numbers increased 
following the reopening. In California and Arizona, the first 
wave of COVID-19 cases had never really been brought to a 
reliable halt, with cases beginning to rise again further even 
before the first reopening phase in early May. However, the 
increase in the mobility index clearly preceded the second 
notable rise in cases by 10–14 days.

3.4 � Isolation index

We find that the Isolation Index (defined previously) is par-
ticularly useful at the beginning of a lockdown but will not 
be sustained throughout the epidemic. That is to say, the 

Fig. 3   The search volume index V as defined in Eq.  (4), showing 
low interest in searches related to car rental during the lockdown and 
slightly higher interest in searches related to online dating during the 
lockdown phase in 2020
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index captures the initial response to the new situation, as 
people search for activities like trying out a new recipe; once 
they learn a new skill like this, they will not continue to 
search for the same thing again, and the index will slowly 
revert back to its original level. (Note that this is in contrast 
to the Mobility Index, which is more sustained and continues 
to be indicative of people’s behavior even as time passes.)

Indeed, as Figs. 11 and 12 illustrate, interest in isolation-
related queries began rising mid-March, when self-isola-
tion measures were ordered nationwide. However, interest 
peaked only about a month later in mid April across the 
U.S., possibly due to people becoming increasingly saturated 
with information and advice about staying home. The Search 
Index then proceeded to steadily decline, only approach-
ing pre-lockdown levels in June. However, even then, many 
states’ Isolation Indices were still slightly higher than they 
had been in June. The trend observed across states is largely 
similar, albeit with some offsets.

3.5 � Mask index

As outlined in the previous section, the Mask Index aims to 
gauge interest in mask wearing through searches related to 

masks. As shown in Fig. 13, search queries from many states 
expressed interest in masks.

We defined the index to match a base “normal” search 
volume to an index of 1. This was done for the smoothed 
search volume on January 31, and most of February saw this 
index remain relatively stable. The first signs of a subsequent 
peak were in late February/early March.

The use of masks has changed notably since January 
2020, when public use was absent in the US, to July 2020 
when most states required their use in public in some set-
tings. There has been no federal mandate in this period. 
Introductions of mask mandates have been heterogenous and 
staggered in these states (Gostin and Cohen 2020).

Mask mandates and use were varied between and within 
these different states. During the time frame of Fig. 13, two 
states initiated statewide mask mandates (California June 
18th, New York April 15th) (California 2020; New York 
2020) and three did not (Arizona, Florida, Texas) (Arizona 
2020; Miami Dade 2020; Texas 2020). State mandates were 
preceded by mandates in local cities and communities. 
The counties of Los Angeles (April 10th) and San Fran-
cisco (April 22nd) instituted mandates well before the state. 
Miami, Florida had a mandate as early as April 9. Between 
April 6 and 22, the four largest Texas metropolitan areas 

Fig. 4   The search volume index V as defined in Eq. (4), showing high interest in searches for activities related to gardening, making home cof-
fee, home-made beer, bike paths, drive-thru and at-home haircut during the lockdown phase in 2020
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instituted mask orders, but later in June, these mandates 
were not permitted by the state, until a state order went into 
effect in July.

Such mandates were followed by uptake. Most US adults 
reported use sometimes or always by mid April (Ritter and 
Brenan 2020). By late June, polls showed that most Ameri-
cans (65%) reported masks use all or most of the time when 
in stores or other businesses (Igielnik 2020).

Against this backdrop, the Mask Index was characterized 
by sudden peaks corresponding to specific announcements 
on masks. Although states had very different mask regula-
tions, searches mirrored each other closely in different states.

The largest peak in the mask index in Fig. 13 was on 
April 3, which corresponded with the CDC’s announcement 
that day recommending the use of masks by the general pub-
lic (Dwyer and Aubrey 2020). Those states in which masks 

Fig. 5   Relationships between (i) our index tracking isolation and mobility, lagged by between 10 and 14 days, and (ii) the weekly changes in 
COVID-19 cases, in the United States and NY, CA, TX, and FL
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Fig. 6   Mobility index vs. the number of new COVID-19 cases in Florida

Fig. 7   Mobility index vs. the number of new COVID-19 cases in Texas
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Fig. 8   Mobility index vs. the number of COVID-19 cases in California

Fig. 9   Mobility index vs. the number of new COVID-19 cases in Arizona
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would be recommended by state governments the earliest 
(New York and California) had relatively fewer searches 
than Florida, Arizona, and Texas, where mask use would 
not be implemented statewide that soon.

The earliest peak corresponded to the CDC’s announce-
ment on February 27 that masks are not recommended for 
the public, followed by the Surgeon General’s February 
29 statements that masks do not help the general public 
and should not be stockpiled (Center for Disease Control 
2020; Surgeon General 2020). A later spike on June 21 in 
Arizona followed the governor’s call for local governments 

to enforce mask use without a statewide ordinance; some 
local ordinances went into effect at this point. Further local 
spikes in April in Texas and New York correlated with the 
institution of local mask mandates in cities in these states.

Given the spikes in use, the Mask Index does not dem-
onstrate steady increases in use, but rather appears to cor-
respond to increased interest at times announcements and 
mandates about masks.

Fig. 10   Mobility index vs. the number of new COVID-19 cases in New York State

Fig. 11   Interest in isolation-
related key phrases in the 
United States
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4 � Conclusion and discussion

Human behaviors drive epidemics. Static population net-
works and baseline reproductive numbers cannot predict 
the unfolding dynamics of an epidemic if contact patterns 

change during its course. In fact, epidemics often induce 
such changes in behavior, while behavior change, in turn, 
induces changes in epidemics. Real-time reactive behav-
ior challenges predictive modeling and public health 
responses, whether for COVID-19 or for Ebola, cholera, or 
any other epidemic disease (Chowell et al. 2017; Viboud 

Fig. 12   Interest in isolation-related search key phrases across several states

Fig. 13   Interest in mask-related key search phrases across several states
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et al. 2016; Wang et al. 2020) Such behavior change can 
be difficult to quantify, given the multitude of different 
interactions (Kissler et al. 2020) and the variations in risk 
caused by specific interactions (whether occurring during 
exercise, while mask-less, while indoor with poor venti-
lation or while yelling/singing). It is difficult to predict 
behavior change; it may be independent of, in response 
to, or may reflect a distrust of government mandates and 
scientific findings (Bonwitt et al. 2018; Goodman 2020; 
Johnson et al. 2020; Moon et al. 2020; Thiam et al. 2015). 
Real-time tools are needed to gauge the risk of case resur-
gences due to changes in behavior, especially if official 
risk mitigation mandates are discontinued early or trust in 
mandates erodes.

Alternative data indices can play an important role in 
future epidemiologic predictions. Instead of tracking signs 
of illness (searches for fever or cough), these alternative 
data tools could track relative changes in the behavior that 
underpins epidemic trends. Moreover, these index tools can 
reflect more than simple geographic mobility, as cell phone 
data might, but instead be built on the underlying activities 
that drive risk. Here such a tool is presented that could help 
predict COVID-19 epidemic trajectories.

Trends in Google search volumes were explored here to 
assess for changes in interest in activities related to isola-
tion or mobility during the lockdown phase of the public 
health response in the US, starting in March 2020. These 
Google search volumes were used to form indices to track 
these collective search trends in the lockdown phase. We 
then followed these indices in five states (Florida, Califor-
nia, Arizona, Texas, New York) as COVID-19 lockdown 
measures were lifted. In all of these states, the mobility 
index, which decreased during the initial lockdown phase, 
increased as reopenings began. Subsequently, COVID-19 
cases rose again nationwide in June 2020.

We found that the net movement index we defined corre-
lates with COVID-19 weekly new case growth rate (defined 
in Eq. 2) with a lag of between 10–14 days for the United 
States at-large, as well as at the state level for 42 out of 50 
states (but not for DE, IA, KS, NE, ND, SD, WV, WY) from 
March to June 2020.

An increasing caseload was seen over the summer in 
some southern US states. A sharp rise in mobility indices 
was followed by a sharp increase, respectively, in the case 
growth data, as seen in our case study of Arizona, California, 
Florida, and Texas. A sharp decline in mobility indices is 
often followed by a sharp decline, respectively, in the case 
growth data, as seen in our case study of Arizona, California, 
Florida, Texas, and New York.

The lag of 10–14 days seen between behaviour change 
and increased case load corresponds with the expected bio-
logic delay between activities related to transmission and the 
identification of cases. There are usually about 5 days, (range 

from 2 to 14 days) from exposure to symptoms and 5–8 days 
from first symptoms to more severe symptoms, as well as 
delays due to testing capacity and backlogs in test reporting. 
The lag time, if the tool were further validated, could allow 
for measures to be taken early to minimize further transmis-
sion and case resurgences.

The tool can also highlight the strength of public health 
measures—including high rates of testing, contact tracing, 
improved ventilation, and masking—as these may effectively 
counteract any increased activity, as was thought to be seen 
in New York where search activity related to reopenings was 
not followed by a rise in cases (The New York Times 2020a).

The timings of state reopening plans could also predict 
cases. However, openings were often phased and staggered, 
increased mobility-related searches generally predated re-
openings, perhaps in preparation, and cases correlated with 
the early rise in search activity. Moreover, it is not the reo-
pening plan itself that causes the resurgence, but rather the 
human behavior that the reopening triggers, when there are 
enough cases and not enough counteracting public health 
measures. With further study, Google trend indices could 
act as an activity barometer to help decision makers track 
real-time behavior change in response to mandates. Such a 
tool, if refined and validated, could act as an early warning 
for local activity trends.

Further study will be needed to refine this tool to best 
predict transmission risks in different phases of this epi-
demic and for future epidemics. Further study will be needed 
to test this tool in future situations and also to best iden-
tify behavior changes for parameterization. The tool could 
focus on activity trends corresponding to transmission risk 
(such as physical activities indoors, without masks) and 
may need to allow for a wider range of activities (reflect-
ing different cultural, and societal interests). Search indices 
could be weight more heavily higher-risk or potential super-
spreading activities, such as indoor bars or singing groups, 
and reduced risk for outdoor, masked activities. The indices 
could avoid searches mirroring enforced regulations (such as 
restaurant and theater closures) but instead provide insight 
into what is less observable, such as private activities like 
family holidays or birthday gatherings. Such indices will 
need to be selected to avoid shaming, especially of low risk 
activity, and should not result in any privacy infringement 
(Marcus 2020). As epidemic control measures have moved 
from all-encompassing lockdown measures to phased reo-
penings with public health and, it is important to reassess the 
design and re-evaluat the usefulness of the tool in different 
public health contexts.

Furthermore, we learned through our experiments that 
these COVID-19 lockdown-related Google search indices 
fell into one of two categories:
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Category 1: Some indices (e.g., isolation index, mask index) 
represent levels of searches that are not sustained throughout 
the epidemic. These are triggered by the original outbreak 
or the initial lockdown and will naturally revert back toward 
pre-crisis values after adaptation to the new situation. Exam-
ples of this could be “How to use Zoom,” “[specific] recipe,” 
or “What is the Coronavirus?”—once this information is 
learned, the majority of people will not find it necessary to 
search for it again.

Category 2: Other indices (e.g., mobility index) repre-
sent levels of searches that are sustained and can be used 
throughout the outbreak. These indicate whether current (or 
considered) activities are consistent with social distancing; 
such indices, when designed properly, will not revert back 
to pre-crisis levels unless accompanied by a corresponding 
change in lifestyle. Examples of such searches include those 
for the opening hours of nearby bars, or for social events.

While indices of category 1 are of value when trying to 
determine the speed at which people adapt to the crisis in 
its initial phase, it is mostly the indices of category 2 that 
we expect to be useful for predicting a resurgence of spread 
levels. Category 2 indices can be used to track risk as a 
durable indicator of mobility and interactions throughout 
the epidemic. Overall, the mobility index proved to be the 
strongest predictor.

Our work illustrates how a tool based on Google search 
volumes could, with further study, form part of an early 
warning system for COVID case resurgence or for other 
future epidemics. In combination with other standard public 
health metrics and social statistics, this is a first step toward 
building a tool to feed real time changes in behaviour into 
predition models. Further work will be needed to test indices 
for power and sustainability in predicting case fluctuations. 
Such tools can ultimately yield insights into which policies 
are the most effective. Overall, this tool could strengthen 
models and other predictions by increasing our understand-
ing of an elusive feature of epidemics: the changes in human 
interactions that both mold and are molded by epidemic 
trajectories.
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