Research

JAMA Internal Medicine | Original Investigation

Cell Phone Activity in Categories of Places and Associations
With Growth in Cases of COVID-19 in the US

Shiv T. Sehra, MD; Michael George, MD, MSCE; Douglas J. Wiebe, PhD; Shelby Fundin, BS; Joshua F. Baker, MD, MSCE

Supplemental content
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 (3, -0.002;

95% Cl, -0.003 to -0.001; P < 0.001), areas classified as retail (3, -0.008; 95% Cl, -0.011 to

-0.005; P < 0.001) and grocery stores (3, -0.006; 95% Cl, -0.007 to -0.004; P < 0.001),

and transit stations (B, -0.003, 95% Cl, -0.005 to -0.002; P < 0.001), and greater increase

in activity at the place of residence (8, 0.002; 95% Cl, 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).
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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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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.!

COVID-19 subsequently spread to other parts of the world.?
The US federal government declared a state of emergency in
early 2020. Stay-at-home measures were advised to a differ-
ent degree and at different times across the US. As of May 25,
2020, the US was the nation with the highest number of re-
ported COVID-19 cases and deaths worldwide. It remains un-
clear how stay-at-home orders have affected human behav-
ior in the US and what might affect the response to them.

In 2019, nearly 81% of US adults owned a smartphone.>
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
ameans to understand disease spread and inform policy. How-
ever, evidence to support cell phone location data as a marker
of decline in growth rate of cases is lacking. Initial work de-
scribed associations between aggregate location data and so-
cial distancing; however, to our knowledge, a study of asso-
ciations with disease growth rates while considering regional
confounding factors is lacking.*>

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 be-
tween 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 ac-
tivity in the workplace and retail locations and a greater in-
crease 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 avail-
able 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 dash-
board hosted by the Center for Systems Science and Engineer-
ing at Johns Hopkins University (Baltimore, Maryland).®
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
asa percentage change from baseline activity in which the base-
line 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 resi-
dencelocation datarepresent the percentage change in the time
spent at the residence compared with the baseline. Other lo-
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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.” We did not perform any cali-
bration 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 cer-
tain categories of place and regarding the adequacy of repre-
sentation of places of interest within the region.

Counties were defined as rural based on data from the Na-
tional Center for Health Statistics at the US Centers for Dis-
ease Control and Prevention (CDC).8 State-level data, includ-
ing the proportion of self-reported race, age, and sex, were
collected from 2018 American Community Survey from the US
Census Bureau.® Population density was calculated from data
from the 2019 US Census Bureau population estimates.!© State
obesity rates were obtained from the CDC’s Behavioral Risk Fac-
tor Surveillance System."! Medical insurance data, health care
resources, state spending on health care, median family in-
come, and the percentage of people living in poverty were ob-
tained from census data, publicly available data from other gov-
ernmental bureaus, including the US Department of Education,
and other publicly available sources, including the Kaiser Fam-
ily Foundation database.'>'* The number of tests performed
by each state was obtained from the COVID Tracking Project.'®

The dates of stay-at-home orders for each state were de-
termined 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 ex-
empt from approval.

Statistical Analysis

Cell phone use in 6 categories of places (workplace, retail, tran-
sit stations, grocery stores, parks, and residences) was visu-
alized 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 behav-
ior throughout this period. County-level and state-level fac-
tors 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 re-
gression incorporating generalized estimating equations (ex-
changeable correlation matrices and robust estimators) was
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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 indepen-
dently associated with the change cell phone activity com-
pared 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 obser-
vations 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 com-
pared 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 quar-
tile 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 incuba-
tion period.'® Additional analyses also explored a lag of 10 and
15 days. The outcome was log-adjusted to approximate a nor-
mal distribution for linear models. Multivariable linear regres-
sion models incorporating generalized estimating equations
were used to determine associations between cell phone ac-
tivity in a single category of place on a given day and the per-
centage of growth in cases 5 days later, adjusting for a num-
ber of county-level and state-level confounders and clustering
on county. To account for nonlinear associations with base-
line case rates and time from the initiation of the stay-at-
home 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 differ-
ences in percentage growth by quartile were graphed. To de-
termine the potential association of state testing capacity with
estimates, sensitivity analyses were performed, adjusting for
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the total number of tests performed per capita on that day in
that state. To test for an improvement in model fit with inclu-
sion of the cell phone activity measures, we generated the QIC
for each model to assess the model before and after the inclu-
sion of each cell phone activity measure. Analyses were con-
ducted using Stata, version 14.4 (StataCorp), and statistical sig-
nificance was set at a = .05.

. |
Results

Factors Associated With Cell Phone Activity

in Different Places

Figure 1 represents activity in the previously described 6 cat-
egories of place before and after stay-at-home orders were is-
sued in individual states. Marked changes in activities began
shortly before stay-at-home orders were initiated, including
areduction 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 or-
ders. For example, counties and days with higher cases rates
(per 100 000) experienced greater reductions in cell phone ac-
tivity at the workplace, retail stores, grocery stores, and tran-
sitactivity and a greater increase in activity at the place of resi-
dence on the same day (Table 1; a positive coefficient represents
greater activity in that category of place). As time from the stay-
at-home ordersincreased, there was an increase in cell phone
activity at the workplace, transit, retail, and grocery loca-
tions and a decrease in the activity at residence. For example,
on average, there was a modest increase in retail activity of ap-
proximately 0.5% (95% CI, 0.48%-0.53%) per day from the time
of the initial stay-at-home order. Rural counties demon-
strated more modest percent reduction in cell phone activity
at the workplace (5.7%), transit (5.1%), retail (2.9%) and gro-
cery (3.4%) locations compared with urban counties even af-
ter adjusting for county population, case rates, and other state-

JAMA Internal Medicine Published online August 31,2020

© 2020 American Medical Association. All rights reserved.

Downloaded From: https://jamanetwor k.com/ by Benjamin Kruskal on 09/04/2020

E3


http://www.jamainternalmedicine.com?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamainternmed.2020.4288

Cell Phone Activity in Categories of Places and Associations With Growth in Cases of COVID-19 in the US

Research Original Investigation

100" >dq

‘Aoeanid 12910.d 03 918009 Aq B1EP JO BSEIR. DY) Ul SDIUDIBYIP JO 9SNeIDQ SalleA Aep/Aunod 10y Jaquunu

'S0 >dp
10 >d>

*39npo.d 213saWop $s043 'd@o :uoleIAaIqqy

oyl ‘ainsodxa 93 JO Jiun Yydoes 104 saWwod31no ay3 ul wm:msu 98ejuadiad ul @duaJajjip syl juasaldal SIUBIDIYR0))

(9000 03 £00°0) ¥00°0
(657003 7€°0) L¥'0
(€00°0 03 200°0-) T00°0
o(TT°0- 04 +2°0-) 8T°0-
5(100°0 03 000°0) 9000°0
4(950°0- 03 ¢T°0-) £80°0-
(ST°0035T°0-) T00°0
o(TT0-03£5°0-) 00~
(1£°00322°0-) ¥2°0
(800°0 03 950°0-) £20°0-
p(TT0°0 03 +9°0-) GTE'0-
a(29°0- 03 GT'T-) 88°0-

(£¥0°0 03 800°0-) £00°0
o(TEV0109°T) 96'C
(810°0 03 §50°0-) 8100~
(980°003 €7°T-) LG50~
4(500°0- 03 #10°0-) 600°0-
(L1003 £5°0-) 61°0-
»(900°€03197°0) 85T
o(TS€-01€0°L-) LTS~
5(LT°0- 03 T19°6-) 687
»(000°0 03 §9°0-) £€°0-
(09°€ 03 07'7-) 6€°0-
5(9€°T-0399£-) TG ¥~

¢(£00°0- 03 ¥10°0-) TT00-
a(87°0- 04 GT'T-) £8°0-
(500°0 03 0T0°0-) 2000 -
(28001 25°0) £L9°0
a(6¥0°0- 03 £L00°0-) 900°0-
(91°0026£0°0-) T¥0'0
o(TO'T 0187°0) 590
(¥91°003 2£°0-) 8T -
(L6'T010t'C-) 0T'0
q(0¥°003¥7°0) 20
p(20°T0ILTO)VT'T
a(PL'T018T'T)96'T

4(500°0- 03 ZT0°0-) 600°0-
a(65°0- 03 €€'T-) 96°0-
»(9€0°0 03 810°0-) T10°0-
(280 0305°0)99°0
4(€00°0- 03 500°0-) ¥00°0-
4(92°003£0°0) £LT°0
p(C6°003€T°0) £5°0
q(£5'T0369°0) €ET'T
(56°'T0376°0-) T€0
o(€T°0039£0°0) ST'0

(8€'T 03 T#°0-) 8%°0
(S7'10128°0-) 890

4(900°0- 03 6T0°0-) ZT0°0-
(ST°00319%°T-) §9°0-
(¢10°0 03 610°0-) #00°0-
(€4°003£T'0-) €800
>(100°0- 03 500°0-) £00°0-
(L1001 €7°0-) 0£0°0-
5(ST°C0167°0) TE'T
>(97°0- 01 €T C-) ¥ET-
(66001 ¥T'7-) T9'T-
(TT001TT°0-) 250°0
(167 03 ¥60°T) 200°'€
p(81°€01650°0) 29'T

(£00°0- 03 €10°0-) 0T00-
o(#6°0-019€'T-) ST°T-
o(#10°0 03 900°0) 0T0°0

o(#5°0 03 9€°0) 5¥°0
(1T00°0 03 T00°0-) 000°0
(€£°001 /¥0°0-) €T00
(82°0032T°0-) 080°0
p(15°001520°0) LT'0
(19°0036/°0-) 060°0-
a(0T°00301°0) ST'0
o(£8T01¥6°0) L9°T
o290 YL T)8TT

Kaisuap uone)ndod
% ‘@182 Y11eay uo juads 4ao
eyided Jad spaq juanedu|
9]kl uofjenpels
(uomiq T J1ad) d@9 21835
9 ‘92UeINSul INOYIM
% ‘A1s3q0
% ‘A119n0d
(000 0T$ 4ad) awodu|
9% ‘s|enplAlpul yoelg
% ‘Ua4p1IUD
% ‘SNnpe 4ap10
510)08}) 31815

(£8'T-0165C-) €T’ T~ (T12-019'62-) 'S~ (507 0390°7) 090°€ (€9°€0199°T) ¥9°C (86'9016v'0) VLY (80901 78'%) St'S ¢A1unod jeiny
q(97°001880°0) L1°0 >(§£0°0- 03 5¥°0-) 670~ q(TST'0- 03 85°0-) LE'0- q(81°0-0399°0-) TV '0- q(9€°0-0197°1-) 18°0- q(¢z0-01v£°0-) 8%°0- 000 00T Jad uoijeindogd
(060°0- 03 860°0-) ¥60°0- (19003 9%°0) ¥5°0 (67°00157°0) LT'0 (€5°0018%°0) TS0 (Lz0o01TT0)vT 0 (TT°003€60°0) 0T°0 43P0 aduls sheq
(2007003 T00°0) T00'0 (¢10°0- 03 ¥20°0-) 810°0- (¥00°0- 03 £00°0-) 900°0- (500°0- 03 TT0°0-) 800°0- (200°0- 03 500°0-) £00°0- (100°0- 01 £00°0-) Z00°0- 4000 00T Jad sase)

s1030e) A3UN0)

7909¢ IZa%44 G888 G8C TS T69 €€ Sv/ €8 skeq

¥6¢1 6176 [ Y4724 667C 0¢TT (0} 744 Sa13uno)

2JUBpISAY s)ied 594035 192049 [HEN] su0I3e)S JIsuel) adejdyiom JnsiIaelRy)

(12 %56) % ‘@wo3n0 ul abuey)

-91B1S 2B Ul 19pIQ SWOH-1e-A.1S panss| 8y} Jaly $aIe|d JO Sa110831e) Juaayiq Ul ANAIDY auoyd [|9) Ul sulj@seg wo.4 aSuey) aSe1uadiad Y PRIeID0SSY S1010eH [9A97-911S pue [9A97-A1uno) ' 3|qel

jamainternalmedicine.com

JAMA Internal Medicine Published online August 31,2020

E4

© 2020 American Medical Association. All rights reserved.

https://jamanetwor k.com/ by Benjamin Kruskal on 09/04/2020

Downloaded From


http://www.jamainternalmedicine.com?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamainternmed.2020.4288

Cell Phone Activity in Categories of Places and Associations With Growth in Cases of COVID-19 in the US Original Investigation Research

Table 2. Percentage Change in Cell Phone Activity Compared With Baseline Activity for Different Categories of Places
After the Initiation of Stay-at-Home Orders®

Mean (SD) , % change

Characteristic Workplace Transit stations Retail Grocery stores Parks Residence
Counties 2740 1120 2499 2423 949 1294
Days 83745 33691 52285 48885 22124 36062
Quartile
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)

2 Quartile Tincludes 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 in-
crease 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 cat-
egories of place. For example, the reduction in workplace ac-
tivity was more modest if the county was in a state that had a
greater proportion of people older than 65 years, greater pro-
portion 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 domes-
tic product (GDP), lower rates of individuals without insur-
ance, higher proportion of GDP spent on health care, and a
lower proportion of people living in poverty. Factors associ-
ated 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 variabil-
ity (Table 2). Mean (SD) activity in the highest quartile for work-
place activity decreased by 25% (4.8%) compared with base-
line activity (ie, a reduction of 25% from baseline activity). In
contrast, the mean (SD) activity in the lowest quartile for work-
place activity decreased 51% (6.3%) from baseline, suggest-
ing a more substantial change. The range between the high-
est 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 sta-
tion, and retail activity and the least increase in time spent at
theresidence had a higher percentage growth in casesat 5, 10,
and 15 days (Figure 2; eTable 1 in the Supplement). For ex-
ample, 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 re-
gression models improved the model fit demonstrated by are-
duction 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 high-
est quartile of residential activity had a 19% lower growth rate
at 15 days compared with counties in the lowest quartile. Ac-
tivity in parks and grocery stores showed more modest asso-
ciations 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-at-
home 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 per-
formed 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 rela-
tive decline in activity outside of place of residence and a greater
increase in residential activity after the institution of stay-at-
home orders. An increase in workplace activity and reduction
in residential activity over time since the institution of stay-at-
home 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 use-
ful 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 ac-
tivity and increases in residential activity were higher in coun-
ties 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 be-
cause of a perceived lower risk of infection in rural settings,
differences in normal activities, and possibly individual be-
liefs and preferences.
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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, cer-
tain associations are notable. For example, states with lower pov-
erty rates; greater population density; a lower proportion of older
residents, children, and African American residents; and a higher
percentage of their GDP spent on health care demonstrated greater
declines in workplace activity. We might hypothesize that indi-
viduals 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 resi-
dence was associated with a significant decline in COVID-19 cases
at 5, 10, and 15 days. The immediate implication of these re-
sults 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 prog-

JAMA Internal Medicine Published online August 31,2020

nostic measure that may help to identify areas at greatest risk
for more rapid growth of the epidemic. Perhaps reassuringly, ac-
tivity 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 identify-
ing other factors associated with changes in growth rates, we did
observe associations with several county-level and state-level fac-
tors. For example, higher percentage growth rates were observed
in counties that had lower baseline case rates and were more ur-
ban. 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
individual associations, the findings support that there are county-
level and state-level factors that are likely to affect growth rates.
The associations between cell phone activity and growth rates
wereindependent of these measured county-level and state-level
characteristics.
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Limitations
Alimitation of this study is the potential for selection bias and the
ability to only study counties in which cell phone data were avail-
able. For example, Google derives data from users who have
opted-in to have their information available through Google Lo-
cation History, and days may be missing when there was not suf-
ficient 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 restric-
tions, that were occurring at the same time as social distanc-
ing, such as more personal protective equipment use in health
care settings. Some states also advised or mandated mask wear-
ing during the study period. In addition, because no county-
level calibration was performed for cell phone data, misclassi-
fication 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

Original Investigation Research

exposed to one of these activities. In addition, because all coun-
ties 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 ef-
fect 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 in-
dividual data are valuable for public health initiatives aimed
tohalt 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 theresidence 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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