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IMPORTANCE It is unknown how well cell phone location data portray social distancing
strategies or if they are associated with the incidence of coronavirus disease 2019 (COVID-19)
cases in a particular geographical area.
OBJECTIVE To determine if cell phone location data are associated with the rate of change in

new COVID-19 cases by county across the US.
DESIGN, SETTING, AND PARTICIPANTS This cohort study incorporated publicly available
county-level daily COVID-19 case data from January 22, 2020, to May 11, 2020, and
county-level daily cell phone location data made publicly available by Google. It examined the
daily cases of COVID-19 per capita and daily estimates of cell phone activity compared with
the baseline (where baseline was defined as the median value for that day of the week from a
5-week period between January 3 and February 6, 2020). All days and counties with available
data after the initiation of stay-at-home orders for each state were included.
EXPOSURES The primary exposure was cell phone activity compared with baseline for each
day and each county in different categories of place.
MAIN OUTCOMES AND MEASURES The primary outcome was the percentage change in
COVID-19 cases 5 days from the exposure date.
RESULTS Between 949 and 2740 US counties and between 22 124 and 83 745 daily
observations were studied depending on the availability of cell phone data for that county
and day. Marked changes in cell phone activity occurred around the time stay-at-home orders
were issued by various states. Counties with higher per-capita cases (per 100 000
population) showed greater reductions in cell phone activity at the workplace (β, −0.002;
95% CI, −0.003 to −0.001; P < 0.001), areas classified as retail (β, −0.008; 95% CI, −0.011 to
−0.005; P < 0.001) and grocery stores (β, −0.006; 95% CI, −0.007 to −0.004; P < 0.001),
and transit stations (β, −0.003, 95% CI, −0.005 to −0.002; P < 0.001), and greater increase
in activity at the place of residence (β, 0.002; 95% CI, 0.001-0.002; P < 0.001). Adjusting for
county-level and state-level characteristics, counties with the greatest decline in workplace
activity, transit stations, and retail activity and the greatest increases in time spent at
residential places had lower percentage growth in cases at 5, 10, and 15 days. For example,
counties in the lowest quartile of retail activity had a 45.5% lower growth in cases at 15 days
compared with the highest quartile (SD, 37.4%-53.5%; P < .001).
CONCLUSIONS AND RELEVANCE Our findings support the hypothesis that greater reductions in

cell phone activity in the workplace and retail locations, and greater increases in activity at
the residence, are associated with lesser growth in COVID-19 cases. These data provide
support for the value of monitoring cell phone location data to anticipate future trends of the
pandemic.
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T

he first case of coronavirus disease 2019 (COVID-19) was
reported from Wuhan, China, in December 2019. The
city of Wuhan was placed under lockdown. Based on
available reports, the rate of case increase started to decline
within 2 to 3 weeks. Outbreaks in other major Chinese cities
were also successfully contained with such lockdowns.1
COVID-19 subsequently spread to other parts of the world.2
The US federal government declared a state of emergency in
early 2020. Stay-at-home measures were advised to a different degree and at different times across the US. As of May 25,
2020, the US was the nation with the highest number of reported COVID-19 cases and deaths worldwide. It remains unclear how stay-at-home orders have affected human behavior in the US and what might affect the response to them.
In 2019, nearly 81% of US adults owned a smartphone.3
Smartphones are capable of transmitting location data, and
many US prediction models are using, or plan to use, cell phone
location data as a tool to help summarize human behavior as
a means to understand disease spread and inform policy. However, evidence to support cell phone location data as a marker
of decline in growth rate of cases is lacking. Initial work described associations between aggregate location data and social distancing; however, to our knowledge, a study of associations with disease growth rates while considering regional
confounding factors is lacking.4,5
We evaluated associations between county-specific and
state-specific characteristics and the percentage change in each
county in cell phone activity in multiple categories of place (ie,
workplace, residence) during the period after stay-at-home
measures were advised. We estimated the associations between cell phone activity on a given day and the rate of growth
in new cases 5, 10, and 15 days later. We hypothesized that
counties that demonstrated a greater decline in cell phone activity in the workplace and retail locations and a greater increase in residential places would show a slower percentage
increase in cases 5 days later.

Methods
Data Sources
We conducted a cohort study that incorporated publicly available data, including daily reported cases of COVID-19 from
January 22, 2020, to May 11, 2020. We accessed the number
of new daily reported COVID-19 cases per capita in each US
county from the Coronavirus COVID-19 Global Cases dashboard hosted by the Center for Systems Science and Engineering at Johns Hopkins University (Baltimore, Maryland).6
Google has made available aggregated and anonymized cell
phone location data from users with a Google account on their
cell phone who opted in to have their location data available
to Google Location History. These data are reported by Google
as a percentage change from baseline activity in which the baseline is defined as the median value for that day of the week from
a 5-week period between January 3 and February 6, 2020.
These data were analyzed by individual county, and residence location data represent the percentage change in the time
spent at the residence compared with the baseline. Other loE2

Key Points
Question Are county-level cell phone location data associated
with the rate of change of coronavirus disease 2019 (COVID-19)
cases?
Finding In this cohort study, greater reductions in cell phone
activity in the workplace, transit stations, and retail locations and
greater increases in activity at the residence were associated with
a lower incidence of COVID-19 cases 5, 10, and 15 days later.
Meaning Using county-level cell phone location data may aid in
assessing activities that may presage increases or decreases in
COVID-19 cases.

cation data (eg, workplace, retail) aim to represent the change
in total visitors to such locations.7 We did not perform any calibration for individual county-level differences that might affect
the accuracy of cell phone activity. For example, counties may
vary by the association of seasonal changes with activity in certain categories of place and regarding the adequacy of representation of places of interest within the region.
Counties were defined as rural based on data from the National Center for Health Statistics at the US Centers for Disease Control and Prevention (CDC).8 State-level data, including the proportion of self-reported race, age, and sex, were
collected from 2018 American Community Survey from the US
Census Bureau.9 Population density was calculated from data
from the 2019 US Census Bureau population estimates.10 State
obesity rates were obtained from the CDC’s Behavioral Risk Factor Surveillance System.11 Medical insurance data, health care
resources, state spending on health care, median family income, and the percentage of people living in poverty were obtained from census data, publicly available data from other governmental bureaus, including the US Department of Education,
and other publicly available sources, including the Kaiser Family Foundation database.12-14 The number of tests performed
by each state was obtained from the COVID Tracking Project.15
The dates of stay-at-home orders for each state were determined from state health department websites. States that
did not have formal stay-at-home orders (4 of 51 [8%]) were
assumed to be following similar policy after April 7, 2020, based
on the presence of policies across the US. This work was not
considered human participants research by the University of
Pennsylvania institutional review board and thus was exempt from approval.

Statistical Analysis
Cell phone use in 6 categories of places (workplace, retail, transit stations, grocery stores, parks, and residences) was visualized over time by calculating the cross medians and then
using the cross medians as knots to fit a cubic spline. The spline
was graphed as a line plot to illustrate the changes in behavior throughout this period. County-level and state-level factors were explored to identify factors associated with higher
and lower levels of cell phone activity in different categories
of place compared with the baseline. Multivariable linear regression incorporating generalized estimating equations (exchangeable correlation matrices and robust estimators) was
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Change in cell phone activity compared with baseline, %

Figure 1. Cell Phone Activity Compared With Baseline Over Time by Category of Place
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used to identify county-level and state-level factors independently associated with the change cell phone activity compared with the baseline in each category of place, clustering
on county to account for multiple observations on different
days. Counties and days with insufficient cell phone location
data were excluded. This accounts for the difference in observations studied in each category of place. This modeling was
used to inform the selection of confounders to be included in
subsequent analyses. Quartiles of cell phone activity compared with the baseline in different categories of place were
defined for each county in the period after the stay-at-home
orders were issued in that state. The percentage change in cell
phone activity compared with baseline within each quartile
was summarized, with the highest quartile representing the
greatest activity in that category of place and the lowest quartile representing the lowest level of activity.
The primary outcome for the study was the percentage
change in new cases per capita 5 days from the current date.
Only days during which the case rate was at least 0.1 per
100 000 residents were analyzed. A lag of 5 days was based
on prior publications suggesting this as the median incubation period.16 Additional analyses also explored a lag of 10 and
15 days. The outcome was log-adjusted to approximate a normal distribution for linear models. Multivariable linear regression models incorporating generalized estimating equations
were used to determine associations between cell phone activity in a single category of place on a given day and the percentage of growth in cases 5 days later, adjusting for a number of county-level and state-level confounders and clustering
on county. To account for nonlinear associations with baseline case rates and time from the initiation of the stay-athome orders, we included squared terms for these variables.
Outcomes were estimated from regression models at 5, 10, and
15 days across quartiles, exponentiated, and then the differences in percentage growth by quartile were graphed. To determine the potential association of state testing capacity with
estimates, sensitivity analyses were performed, adjusting for
jamainternalmedicine.com

Changes in cell phone use compared
with baseline in different categories
of place are shown before and after
the issuance of stay-at-home orders
in each state. Each category of place
was studied separately in its own
regression model.

the total number of tests performed per capita on that day in
that state. To test for an improvement in model fit with inclusion of the cell phone activity measures, we generated the QIC
for each model to assess the model before and after the inclusion of each cell phone activity measure. Analyses were conducted using Stata, version 14.4 (StataCorp), and statistical significance was set at α = .05.

Results
Factors Associated With Cell Phone Activity
in Different Places
Figure 1 represents activity in the previously described 6 categories of place before and after stay-at-home orders were issued in individual states. Marked changes in activities began
shortly before stay-at-home orders were initiated, including
a reduction in activity in locations outside the residence and
an increase in activity inside the residence.
Several county-level characteristics were associated with
changes in activity after the initiation of the stay-at-home orders. For example, counties and days with higher cases rates
(per 100 000) experienced greater reductions in cell phone activity at the workplace, retail stores, grocery stores, and transit activity and a greater increase in activity at the place of residence on the same day (Table 1; a positive coefficient represents
greater activity in that category of place). As time from the stayat-home orders increased, there was an increase in cell phone
activity at the workplace, transit, retail, and grocery locations and a decrease in the activity at residence. For example,
on average, there was a modest increase in retail activity of approximately 0.5% (95% CI, 0.48%-0.53%) per day from the time
of the initial stay-at-home order. Rural counties demonstrated more modest percent reduction in cell phone activity
at the workplace (5.7%), transit (5.1%), retail (2.9%) and grocery (3.4%) locations compared with urban counties even after adjusting for county population, case rates, and other state(Reprinted) JAMA Internal Medicine Published online August 31, 2020
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83 745
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5.45 (4.82 to 6.08)

Rural countyb
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−1.62 (−4.24 to 0.99)
−1.34 (−2.23 to −0.46)c

−0.090 (−0.79 to 0.61)

0.27 (0.025 to 0.51)d

0.080 (−0.12 to 0.28)

0.013 (−0.047 to 0.73)

0.000 (−0.001 to 0.001)

Income (per $10 000)

Poverty, %

Obesity, %

Without insurance, %

State GDP (per 1 billion)

c

−0.65 (−1.46 to 0.15)
−0.012 (−0.019 to −0.006)b

0.010 (0.006 to 0.014)

−1.15 (−1.36 to −0.94)b

−0.010 (−0.013 to −0.007)b

Inpatient beds per capita

GDP spent on health care, %

Population density

b

c

d

Abbreviation: GDP, gross domestic product.

Coefficients represent the difference in percentage change in the outcome for each unit of the exposure. The
number for county/day varies because of differences in the release of data by Google to protect privacy.

P < .001.

a

b

P < .05.

P < .01.

−0.009 (−0.012 to −0.005)b

−0.96 (−1.33 to −0.59)b

−0.011 (−0.018 to 0.036)

0.66 (0.50 to 0.82)

b

−0.004 (−0.005 to −0.003)

0.17 (0.07 to 0.26)b

0.53 (0.13 to 0.92)

d

1.13 (0.69 to 1.57)b

0.31 (−0.92 to 1.55)

0.15 (0.076 to 0.23)

b

0.48 (−0.41 to 1.38)

0.68 (−0.82 to 1.45)

2.64 (1.66 to 3.63)

−0.42 (−0.66 to −0.18)b

0.51 (0.48 to 0.53)

−0.008 (−0.011 to −0.005)

52 285

2499

Retail

c

−0.004 (−0.019 to 0.012)

0.45 (0.36 to 0.54)

0.082 (−0.27 to 0.43)

−0.003 (−0.005 to −0.001)

−0.030 (−0.23 to 0.17)

1.31 (0.49 to 2.15)

Graduation rate

b
b

0.052 (−0.11 to 0.21)

0.15 (0.10 to 0.20)

Black individuals, %

c

3.002 (1.094 to 4.91)

b

Children, %

1.67 (0.94 to 1.87)

1.62 (0.059 to 3.18)d

b

Older adults, %

2.18 (1.74 to 2.62)b
c

−0.48 (−0.74 to −0.22)b

Population per 100 000
4.74 (2.49 to 6.98)

−0.81 (−1.26 to −0.36)b

0.10 (0.093 to 0.11)

State factors

0.24 (0.22 to 0.27)

−0.002 (−0.003 to −0.001)

Days since orderb

−0.003 (−0.005 to −0.002)

33 691

1120

Transit stations

Cases per 100 000b

County factors

Workplace

Characteristic

Change in outcome, % (95% CI)

b

−0.011 (−0.014 to −0.007)b

−0.87 (−1.25 to −0.48)b

− 0.002 (−0.010 to 0.005)

0.67 (0.52 to 0.82)

b

−0.006 (−0.007 to −0.049)

0.041 (−0.079 to 0.16)

0.65 (0.28 to 1.01)

b

−.28 (−0.72 to 0.164)

0.10 (−2.40 to 1.97)

0.32 (0.24 to 0.40)

b

1.14 (0.27 to 2.02)

d

1.96 (1.18 to 2.74)b

3.060 (2.06 to 4.05)

−0.37 (−0.58 to −0.151)b

0.27 (0.25 to 0.29)

−0.006 (−0.007 to −0.004)

48 885

2423

Grocery stores

d

b

0.003 (−0.008 to 0.047)

2.96 (1.60 to 4.32)b

−0.018 (−0.055 to 0.018)

−0.57 (−1.23 to 0.086)

−0.009 (−0.014 to −0.005)

−0.19 (−0.57 to 0.17)

1.58 (0.16 to 3.006)

d

−5.27 (−7.03 to −3.51)b

−4.89 (−9.61 to −0.17)c

−0.33 (−0.65 to 0.000)

−0.39 (−4.40 to 3.60)

−4.51 (−7.66 to −1.36)c

−25.4 (−29.6 to −21.2)

−0.29 (−0.45 to −0.075)c

0.54 (0.46 to 0.61)

−0.018 (−0.024 to −0.012)

22 124

949

Parks

0.004 (0.003 to 0.006)b

0.47 (0.32 to 0.59)b

0.001 (−0.002 to 0.003)

−0.18 (−0.24 to −0.11)b

0.0006 (0.000 to 0.001)c

−0.087 (−0.12 to −0.056)b

0.001 (−0.15 to 0.15)

−0.40 (−0.57 to −0.22)b

0.24 (−0.22 to 0.71)

−0.023 (−0.056 to 0.008)

−0.325 (−0.64 to 0.011)d

−0.88 (−1.15 to −0.62)b

−2.23 (−2.59 to −1.87)

0.17 (0.088 to 0.26)b

−0.094 (−0.098 to −0.090)

0.002 (0.001 to 0.002)

36 062

1294

Residence

Table 1. County-Level and State-Level Factors Associated With Percentage Change From Baseline in Cell Phone Activity in Different Categories of Places After the Issued Stay-at-Home Order in Each Statea
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Table 2. Percentage Change in Cell Phone Activity Compared With Baseline Activity for Different Categories of Places
After the Initiation of Stay-at-Home Ordersa
Mean (SD) , % change
Characteristic
Counties

Workplace
2740

Transit stations
1120

Retail
2499

Grocery stores
2423

Parks
949

Residence
1294

Days

83 745

33 691

52 285

48 885

22 124

36 062

First

−50.8 (6.3)

−58.5 (10.1)

−54.4 (8.6)

−26.7 (9.0)

−49.0 (12.8)

10.8 (2.1)

Second

−39.8 (2.0)

−35.9 (4.6)

−39.8 (2.5)

−13.9 (2.0)

−18.7 (7.1)

15.0 (0.8)

Third

−33.6 (1.7)

−22.4 (3.4)

−30.7 (2.8)

−6.7 (2.3)

7.3 (8.5)

18.4 (1.1)

Fourth

−25.0 (4.8)

−6.5 (9.6)

−17.0 (7.2)

6.0 (9.1)

62.1 (35.6)

24.2 (3.2)

Quartile

a

Quartile 1 includes the counties with the lowest level of activity in a specific place and quartile 4 includes those with the highest.

level characteristics. Rural counties demonstrated greater
reductions in activity in parks (−25.3%) and less of an increase at the place of residence (−2.2%).
State-level factors were also associated with changes in cell
phone activity compared with the baseline in different categories of place. For example, the reduction in workplace activity was more modest if the county was in a state that had a
greater proportion of people older than 65 years, greater proportion of children younger than 18 years, higher proportion
of African American individuals, higher proportion of people
living in poverty, higher graduation rates, more hospital beds
per capita, and lower population density.
Greater increases from the baseline in activity at places of
residence were observed in states with a lower proportion of
older adults, a higher population density, higher gross domestic product (GDP), lower rates of individuals without insurance, higher proportion of GDP spent on health care, and a
lower proportion of people living in poverty. Factors associated with activity at retail and transit locations, grocery stores,
and parks are summarized in Table 1.

Associations Between Place-Specific Cell Phone Activity
and Case Growth Rates
While most counties demonstrated changes in activity after the
initiation of the stay-at-home orders, there was some variability (Table 2). Mean (SD) activity in the highest quartile for workplace activity decreased by 25% (4.8%) compared with baseline activity (ie, a reduction of 25% from baseline activity). In
contrast, the mean (SD) activity in the lowest quartile for workplace activity decreased 51% (6.3%) from baseline, suggesting a more substantial change. The range between the highest and lowest quartile for transit activity was greater, with the
highest quartile seeing a mean (SD) reduction of only 6.5%
(9.6%) and the lowest quartile seeing a reduction of 58.5%
(10.1%).
Counties with the least decline in workplace, transit station, and retail activity and the least increase in time spent at
the residence had a higher percentage growth in cases at 5, 10,
and 15 days (Figure 2; eTable 1 in the Supplement). For example, counties in the highest quartile of retail activity had a
44% higher growth rate at 15 days compared with those in the
lowest quartile. The inclusion of cell phone activity into regression models improved the model fit demonstrated by a reduction in the QIC (eTable 1 in the Supplement).
jamainternalmedicine.com

Conversely, greater residential activity was associated with
lower growth rates at 5, 10, and 15 days. Counties in the highest quartile of residential activity had a 19% lower growth rate
at 15 days compared with counties in the lowest quartile. Activity in parks and grocery stores showed more modest associations with the change in the rate of new cases.
A higher percentage growth in new cases at 5 and 15 days
was observed in counties that were more urban and highly
populated. Higher growth was also was associated with a lower
baseline case rate, shorter time from initiation of the stay-athome order, higher state population density, higher median
family income, higher poverty rates, higher obesity rates, and
lower rates of individuals lacking insurance (eTable 2 in the
Supplement). Adjusting for the total number of tests performed by state per capita per day had no association with the
estimates (data not shown).

Discussion
We observed that urban counties with higher populations and
a higher number of cases per unit population saw a larger relative decline in activity outside of place of residence and a greater
increase in residential activity after the institution of stay-athome orders. An increase in workplace activity and reduction
in residential activity over time since the institution of stay-athome orders suggests waning adherence to the orders over time.
Additionally, this study demonstrated that cell phone activity
in different counties is associated with case growth rates at 5,
10, and 15 days later, suggesting that these measures may be useful in monitoring and identifying areas at risk for more rapid rates
of growth in new cases during the epidemic.
Some of the factors associated with changes in cell phone
activity are intuitive. For example, reductions in workplace activity and increases in residential activity were higher in counties and on days where/when there was a greater number of
new cases, and thus there was likely a higher perceived risk
of infection. Counties with a high rate of cases were likely to
also have more restrictions in place. Even with adjustment for
case rates, rural and less populated counties demonstrated a
more modest change in baseline activities. This may be because of a perceived lower risk of infection in rural settings,
differences in normal activities, and possibly individual beliefs and preferences.
(Reprinted) JAMA Internal Medicine Published online August 31, 2020
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Figure 2. Growth in Cases by Quartile of Cell Phone Activity in Different Categories of Place
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Several state characteristics were associated with cell phone
activity in this study. While it is difficult to infer causation, certain associations are notable. For example, states with lower poverty rates; greater population density; a lower proportion of older
residents, children, and African American residents; and a higher
percentageoftheirGDPspentonhealthcaredemonstratedgreater
declines in workplace activity. We might hypothesize that individuals in higher-income areas have more resources to enable
them to stay at home or that these states house jobs that provide
more opportunity to work at home. However, this observation
may be confounded because early outbreaks were reported in the
metropolitan areas of New York, New Jersey, and California.
Perhaps the most important observation of this study was
that a decrease in activity at the workplace, transit stations, and
retail locations and an increase in activity at the place of residence was associated with a significant decline in COVID-19 cases
at 5, 10, and 15 days. The immediate implication of these results is that it supports the use of cell phone data as a measure
of adherence to stay-at-home advisories and may act as a progE6

Parks

Residence

nostic measure that may help to identify areas at greatest risk
for more rapid growth of the epidemic. Perhaps reassuringly, activity at grocery stores and in areas classified as parks was not
strongly associated with rates of growth in cases. However, it is
difficult to assess the direct effect of these individual activities.
While this study was not designed with the goal of identifying other factors associated with changes in growth rates, we did
observe associations with several county-level and state-level factors. For example, higher percentage growth rates were observed
in counties that had lower baseline case rates and were more urban. State factors associated with higher growth rates included
higher population density, higher obesity rates, higher poverty
rates, higher proportion of older adults, and lower rates of people
without insurance. While it is difficult to imply causality for these
individualassociations,thefindingssupportthattherearecountylevel and state-level factors that are likely to affect growth rates.
The associations between cell phone activity and growth rates
were independent of these measured county-level and state-level
characteristics.
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Adjusted percentage growth in cases
5 days (A) and 15 days (B) after the
index day by quartile of relative
change in cell phone activity in
different categories of places. All
categories of place are tested in
separate regression models. All
analyses were adjusted for current
new cases per day (and squared
term), days from the stay-at-home
order (and squared term), county
population, rural vs urban county, and
state factors, including the
percentage of older adults, children,
African American individuals,
individuals of another race,
individuals without insurance, and
individuals with obesity as well as
state gross domestic product (GDP),
percentage of GDP spent on health
care, graduation rates, median family
income, and inpatient beds per
capita. Error bars indicate 95% CIs.
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Limitations
A limitation of this study is the potential for selection bias and the
ability to only study counties in which cell phone data were available. For example, Google derives data from users who have
opted-in to have their information available through Google Location History, and days may be missing when there was not sufficient data to preserve privacy and for other reasons not specified.
The association that this type of selection bias might have
with associations with growth rates is not predictable. While our
study was able to adjust for many confounders at the county
and state level, there may be other differences at the county
level, including other precautionary measures and restrictions, that were occurring at the same time as social distancing, such as more personal protective equipment use in health
care settings. Some states also advised or mandated mask wearing during the study period. In addition, because no countylevel calibration was performed for cell phone data, misclassification of activity in particular categories of place is possible,
although we might expect this misclassification to be largely
nondifferential. The reporting of cases of COVID-19 may vary
by county, and other mechanisms of data collection and data
dashboards could conceivably yield different results. Finally,
while the study validates the use of cell phone data to follow
the effective adherence to stay-at-home advisories in a county,
it does not provide a clear sense of risk to an individual who is

exposed to one of these activities. In addition, because all counties were under some sort of restriction, this study does not
speak to the overall association of the stay-at-home mandates
with growth rates of the epidemic, but rather perhaps the effect of greater and lesser adherence to these orders.
Future study may be warranted to better understand the
associations of cell phone data with growth in cases during the
period after the loosening of stay-at-home restrictions. A larger
question remains as to whether collection and sharing of individual data are valuable for public health initiatives aimed
to halt the spread of disease. The potential benefits of such data
would need to be weighed against the risks of violation of an
individual’s privacy.

Conclusions
Our findings support the hypothesis that cell phone location
data for a given day, at the workplace, in retail locations, and
at the residence are associated with the rate of growth in cases
5, 10, and 15 days later. These data help to demonstrate the use
of cell phone location data as a way to monitor the adherence
to stay-at-home practices and potential to predict the future
trends of the pandemic in association with the adequacy of
social distancing across the US.
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