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A B S T R A C T   

Commercially-available location-based services (LBS) data derived primarily from mobile devices may provide 
an alternative to surveys for monitoring physically-active transportation. Using Spearman correlation, we 
compared county-level metrics of walking and bicycling from StreetLight with metrics of physically-active 
commuting among U.S. workers from the American Community Survey. Our strongest pair of metrics ranked 
counties (n = 298) similarly for walking (rho = 0.53 [95% CI: 0.44–0.61]) and bicycling (rho = 0.61 
[0.53–0.67]). Correlations were higher for denser and more urban counties. LBS data may offer public health and 
transportation professionals timely information on walking and bicycling behavior at finer geographic scales 
than some existing surveys.   

1. Introduction 

Physical activity is an important health behavior. The Physical Ac-
tivity Guidelines for Americans, 2nd edition, recommends that adults 
perform at least 150 min per week of moderate-intensity equivalent 
aerobic physical activity to obtain substantial health benefits (U.S. 
Department of Health and Human Services, 2018). This can occur during 
active transportation, a domain of physical activity that includes 
walking, bicycling, and other modes of human-powered movement to 
get from one place to another. Because many trips in the United States 
consist of distances amenable to these modes, active transportation is a 
key target for increasing physical activity. 

As active transportation is promoted, its accurate measurement and 
monitoring will be important. At least four purposefully sampled sur-
veillance systems gather self-reported national data on active trans-
portation. Overall prevalence estimates from these systems differ 
substantially, underscoring the complexity of measuring this behavior 

(Whitfield et al., 2015). Although these traditional surveillance systems 
provide important information, their value is often limited to a certain 
metric or subpopulation (e.g., walking to school among adolescents) 
(Fulton et al., 2016; Omura et al., 2021). Moreover, these systems suffer 
from survey-related biases, coarse geographic resolution, and the 
intrinsic time lag between data collection and availability (Sallis and 
Pate, 2021; Whitfield et al., 2015). 

Location-based services (LBS) data may complement traditional 
surveillance by providing more timely access to active transportation 
data, potentially at smaller geographic scales, than some existing sys-
tems. In this paper we use the term location-based services data to denote 
aggregated, passively collected data that are anonymous, derived pri-
marily from mobile devices, and repurposed for public health research 
and surveillance. This passive collection is unlike traditional active 
transportation surveillance, which relies on purposeful collection of data 
from survey respondents (Whitfield et al., 2015). LBS data may be 
purchased from commercial technology and transportation companies 
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for various applications (Berrigan et al., 2021). Several studies have 
used LBS data to quantify active transportation (Hunter et al., 2021), 
conduct research (Lee and Sener, 2019), or to plan and evaluate urban 
infrastructure (Garber et al., 2022; Musakwa and Selala, 2016; Sanders 
et al., 2017; Sun et al., 2017). Early evidence suggests that these novel 
data may most closely resemble purposefully sampled data in areas with 
high population density (Whitfield et al., 2016), but the validity of LBS 
data for public health application requires further investigation. 

LBS data are available from multiple vendors, one of which is 
StreetLight Data, Inc. (henceforth, StreetLight), a transportation intel-
ligence company. Unlike vendors who supply data exclusively from 
activity tracking apps and physical fitness devices, StreetLight also in-
corporates general LBS data (details of which are presented in the 
Methods). This may allow StreetLight to capture physical activity data 
on a larger and more representative sample of the population than the 
subpopulation that uses these specialized apps and devices (Lee and 
Sener, 2020). Although this may confer research and surveillance ad-
vantages, more evidence is needed. To date, StreetLight data have been 
used in few scientific investigations, mostly sponsored by transportation 
authorities or focused on city-level metrics (Kothuri et al., 2022; Lee and 
Sener, 2020; Cheng et al., 2022). To our knowledge, LBS data from 
StreetLight have not been compared to data from nationally represen-
tative surveys of the U.S. population. 

When considering potential enhancements to active transportation 
surveillance, including those involving mobile technologies like smart-
phones, an American College of Sports Medicine Consensus Statement 

indicated that limitations in data collection, compilation, and analysis 
must be addressed “before these alternative technologies can be used in 
national surveillance” (Fulton et al., 2016). Some of these limitations 
may be attributed to biases introduced by using mobile devices and 
smartphone apps as data sources: the very young, the very old, and those 
with limited access to technology may be underrepresented or excluded 
(Lee and Sener, 2020). Addressing the need for validation, our study 
aimed to provide county-level estimates of convergent validity between 
measures of walking and bicycling from StreetLight and related but 
distinct measures of self-reported walking and bicycling to work from 
the American Community Survey (ACS). Because each data source offers 
multiple constructs (e.g., different trip types in StreetLight or different 
populations in ACS), we also sought to determine which pair of con-
structs exhibited the strongest association. For the construct pair with 
the strongest association, a secondary objective was to assess whether 
the association between StreetLight and ACS measures varied by 
counties’ geographic, demographic, and socioeconomic characteristics. 

2. Methods 

2.1. Study design and sampling methodology 

This study compared anonymized, aggregated LBS data obtained 
from StreetLight and publicly available active commuting data from ACS 
in a sample of counties across the United States (n = 298 out of N =
3142). A purposeful sample of approximately 300 counties was selected 

Fig. 1. Four active commuting trips and county assignment.  
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to balance cost, efficiency, and representativeness. We aimed to sample 
counties with both a large share of the national population while 
achieving good representation across regional geographies and the six 
levels of the 2013 National Center for Health Statistics (NCHS) Urban- 
Rural Classification Scheme for Counties (Ingram and Franco, 2014). 
We restricted our sampling frame to the 48 contiguous United States 
because StreetLight data are only available for these states. We also 
restricted to those counties above the 10th percentile population value 
per 2015–2019 ACS 5-year estimates for the most rural category (2838 
people) to ensure that there would be a large enough population in each 
county to capture a meaningful estimate. From that sampling frame, we 
first selected all counties (n = 68) in the most urban of the NCHS 
urban-rural categories. To achieve representation across the geographic 
regions and urban-rural continuum of the contiguous United States, we 
stratified the remaining counties by Census Bureau-designated regions 
(n = 4) and by the remaining NCHS urban-rural categories (n = 5). The 
number of counties sampled from each of these 20 region/urban-rural 
strata was proportional to the population in each stratum; within 
strata, counties were sampled at random. This yielded another 230 
counties, for a total of 298 sampled (just shy of the 300-county 
maximum based on study budget). Additional details on the sampling 
strategy are available (Supplementary Methods 1). 

2.2. Pedestrian and bicycling data from StreetLight 

We purchased county-level LBS data from StreetLight, a trans-
portation intelligence company that sells multimodal transportation 
data to transportation agencies, commercial industries, and research 
enterprises. StreetLight uses general LBS data, such as smartphone apps 
that use location services either in the foreground or background, and 
active mode-specific LBS data, which originate from sources specific to 
measuring active modes of transportation (e.g., activity tracking apps or 
physical fitness devices). StreetLight cleans, filters, and organizes these 
data, then applies a proprietary algorithm, which was developed using 
machine learning, to assign likely trip mode. The algorithm was trained 
using ground truth data from sources in which the travel mode was 
confirmed, and it was validated with external data sources, including 
permanent pedestrian and bicycle counters. When the algorithm detects 
that an individual used different travel modes sequentially (e.g., vehicle 
then bicycle), it counts each mode as a distinct trip. Detailed method-
ology on data sources, trip mode identification, validation, and acqui-
sition is provided in Supplementary Methods 2. 

Our StreetLight dataset contained the average daily count of pedes-
trian and bicycle trips for 2019 for each of the 298 sampled counties. 
StreetLight determined the block group of residence based on where the 
device spent the overnight hours and was thereby able to differentiate 
trips made by residents of a given county (Fig. 1). Block group of 
occupation was similarly determined based on daytime position. Given 
the assumption that work-based trips occur more frequently on week-
days and recreational trips on weekends, StreetLight classified trips by 
three day types (all days of the week, only weekdays, and only week-
ends) and by two traveler types (trips taken by residents of the county 
and combined resident and non-resident trips beginning in the county). 
Additionally, for the trips taken by combined residents and non- 
residents, StreetLight estimated the proportion of trips that were from 
home to work or vice versa (home-based work). The combinations of 
these metrics yielded six unique types of trip counts for each county and 
three additional types of trip counts for home-based work trips:  

• Any-purpose trips on all days of the week among residents and non- 
residents  

• Any-purpose trips on weekdays among residents and non-residents  
• Any-purpose trips on weekends among residents and non-residents  
• Any-purpose trips on all days of the week among only residents  
• Any-purpose trips on weekdays among only residents  
• Any-purpose trips on weekends among only residents  

• Home-based work trips on all days of the week among residents and 
non-residents  

• Home-based work trips on weekdays among residents and non- 
residents  

• Home-based work trips on weekends among residents and non- 
residents 

StreetLight suppressed some bicycling trip count data due to insuf-
ficient sample sizes. Across these nine day-traveler-purpose combina-
tions used in our analyses, a maximum of 8 sampled counties had 
missing bicycling trip count data, for a minimum sample size of 290 
counties. For the specific day-traveler-purpose combination used in our 
subsequent stratified analysis, only one sampled county was missing trip 
count data, resulting in a bicycling sample size of 297 counties. 

We calculated daily rates of pedestrian and bicycling trips from 
StreetLight as trips divided by a population denominator (per 1000 
people). For combined resident and non-resident trips, the population 
denominator was derived from the commuter-adjusted daytime popu-
lation because this best represented the population eligible to make such 
trips. The daytime population, provided by ACS, adjusts the county 
population to account for the influx and outflux of workers during the 
day (U.S. Census Bureau, 2021). For resident-only trips, we examined 
three different denominators from ACS: all county residents; county 
workers only; and county non-teleworkers only (details provided 
below). 

2.3. Active commuting data from American Community Survey 

Comparison data on active commuting among workers was obtained 
from ACS, a nationwide survey administered by the U.S. Census Bureau. 
Every year 3.5 million households are sampled via the internet, phone, 
or paper questionnaire, with all household residents asked to complete 
the survey. Data are pooled each calendar year to create a single-year 
estimate for geographic areas with at least 65,000 people, and data 
are pooled from 5 consecutive years to create a 5-year estimate for 
geographic areas with fewer than 65,000 people. We used the 5-year 
estimates from 2015 to 2019 because one-third of the 298 sampled 
counties were below the 65,000-person threshold. We confirmed 
agreement between the 1- and 5-year ACS estimates using Bland-Altman 
plots (Supplementary Methods 3), where the mean difference is close to 
0 and few observations are outside two standard deviations (Johnson 
and Augusta, 2018). Survey response rate (measured at the housing-unit 
level) ranged from 86.0% in 2019 to 95.8% in 2016. 

ACS asks respondents aged ≥16 years about their occupational sta-
tus, including their primary mode of commuting. Respondents who re-
ported working for pay in the previous week were asked, “How did 
[you] usually get to work last week?” Twelve response options were 
provided, including “walked,” “bicycled,” and “worked from home” (U. 
S. Census Bureau, 2019). Respondents could only choose one method 
and were instructed to indicate the method of transportation they used 
for most of the distance. We defined those who selected “walked” as 
walkers and those who selected “bicycled” as bicyclists. We also used 
occupational status to define two denominators: all workers (re-
spondents ≥16 years who reported working for pay in the previous 
week) and non-teleworkers (calculated as all workers minus those who 
reported usually working from home). This resulted in four active 
commuting values from ACS: the proportion of all workers who walked 
to work, the proportion of all workers who bicycled to work, the pro-
portion of non-teleworkers who walked to work, and the proportion of 
non-teleworkers who bicycled to work (Fig. 1). 

2.4. County characteristics 

We used geographic, demographic, and socioeconomic variables 
from the ACS 5-year estimates (2015–2019) to stratify the counties. 
These variables included U.S. Census region (Midwest, Northeast, South, 
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West), median age, race/ethnicity (percent of the county population that 
self-identifies as non-Hispanic White, non-Hispanic Black, or Hispanic), 
poverty status (percent of the county population below the federal 
poverty level in the past 12 months), median household income, pop-
ulation density (county population divided by county square mileage, 
the latter acquired from the U.S. Census Bureau), and education (percent 
of population with at least some college education) (U.S. Census Bureau, 
2020). 

We used the 2013 NCHS Urban-Rural Classification Scheme for 
Counties (Ingram and Franco, 2014) to stratify counties according to 
five levels of urbanicity (large central metro, large fringe metro, medium 
metro, small metro, and micropolitan/non-core). We also assessed the 
overall social vulnerability of counties using the 2018 Social Vulnera-
bility Index (SVI) from the Centers for Disease Control and Prevention 
(CDC) Agency for Toxic Substances and Disease Registry. The overall 
SVI metric integrates data on 15 social factors within four thematic 
areas—socioeconomic status, household composition and disability, 
minority status and language, and housing type and transportation—to 
assign each census tract and county a social vulnerability score ranging 
from 0.00 (least vulnerable) to 1.00 (most vulnerable) (Agency for Toxic 
Substances and Disease Registry, 2022). 

2.5. Statistical analysis 

We described the sampled counties (n = 298) and all U.S. counties 
and county equivalent areas (N = 3142) by the variables described 
above. For all county descriptors other than census region and urban-
icity, we used the sampled counties (n = 298) to divide counties into 
tertiles. We then applied the tertile values to all U.S. counties and county 
equivalents to understand how our sample compares to all U.S. counties. 

For both walking and bicycling, we developed a correlation matrix to 
compare StreetLight trip rates (by various combinations of day types, 
traveler types, trip purposes, and denominators) and ACS active 
commuting prevalence (among all workers and non-teleworkers). 
Because most ACS and StreetLight variables were non-normally 
distributed according to Shapiro-Wilk testing, we used the nonpara-
metric pairwise Spearman’s rank correlation coefficient to assess the 
relationship between StreetLight measures of walking and bicycling 
trips and ACS active commuting. Because bicycle commuting had null 
prevalence for 46 counties, we assessed the impact of tied ranks by 
comparing the bicycling correlations derived from four recommended 
methods to account for ties (SAS Insitute Inc., n.d.). These correlations 
were similar, suggesting ties did not have an undue effect on the bicycle 
correlation coefficients; we subsequently used the default method 
(average ranks) to handle ties. To estimate variability in the measures 
arising from our sampling strategy, we took a bootstrapping approach, 
resampling the sampled counties with replacement, stratified by the 20 
region/urban-rural strata. 

From the correlation matrix we identified the StreetLight–ACS pair 
with the strongest correlation coefficient, and we used this pair of 
measures for the stratified analyses. For the stratified analyses, we first 
calculated the median and interquartile range of the StreetLight and ACS 
measures for all counties and for each geographic, demographic, and 
socioeconomic stratum. Second, we calculated Spearman’s rho with 
95% confidence intervals (CI; based on Fisher’s z transformation) be-
tween the selected StreetLight and ACS measures by descriptive strata. 
We applied Cohen’s convention (Cohen, 1988) to interpret rho values 
(low correlation: <0.3; moderate: 0.3 to <0.5; strong: ≥0.5). As a 
sensitivity analysis, we also calculated stratified correlations for the 
StreetLight–ACS pair with the weakest overall correlation coefficient. 

We used R v 4.2 (R Foundation for Statistical Computing, Vienna, 
Austria) to sample counties (code provided in Supplementary Methods 
1), resample counties using a bootstrapping approach, and calculate 
confidence intervals for Spearman’s rho in the correlation matrix. We 
conducted all other analyses using SAS v 9.4 (SAS Institute Inc., Cary, 
North Carolina, USA). 

2.6. Regulatory information 

This activity was reviewed by CDC and was determined to be public 
health surveillance. It was conducted according to federal law and CDC 

Table 1 
Characteristics of all U.S. counties and sampled counties, 2019.  

Characteristic United States Sampled Counties 

No. Counties 3142a 298 

Total population, millions 324.7 140.5 

Census region 
Midwest 1055 (33.6%) 66 (22.1%) 
Northeast 217 (6.9%) 55 (18.5%) 
South 1422 (45.3%) 122 (40.9%) 
West 448 (14.3%) 55 (18.5%) 

Urbanicityb 

Large central metro 68 (2.2%) 68 (22.8%) 
Large fringe metro 368 (11.7%) 84 (28.2%) 
Medium metro 372 (11.8%) 69 (23.2%) 
Small metro 358 (11.4%) 30 (10.1%) 
Micropolitan/Non-core 1976 (62.9%) 47 (15.8%) 

Population densityc 

Tertile 1 (<95.3) 2220 (70.7%) 100 (33.6%) 
Tertile 2 (95.3 to <570.5) 689 (21.9%) 99 (33.2%) 
Tertile 3 (≥570.5) 233 (7.4%) 99 (33.2%) 

Median age, years 
Tertile 1 (<37.0) 579 (18.4%) 100 (33.6%) 
Tertile 2 (37.0 to <41.3) 972 (30.9%) 101 (33.9%) 
Tertile 3 (≥41.3) 1591 (50.6%) 97 (32.6%) 

White race 
Tertile 1 (<61.0%) 663 (21.1%) 100 (33.6%) 
Tertile 2 (61.0% to <83.0%) 859 (27.3%) 99 (33.2%) 
Tertile 3 (≥83.0%) 1620 (51.6%) 99 (33.2%) 

Black race 
Tertile 1 (<2.7%) 1678 (53.4%) 100 (33.6%) 
Tertile 2 (2.7% to <12.6%) 779 (24.8%) 99 (33.2%) 
Tertile 3 (≥12.6%) 685 (21.8%) 99 (33.2%) 

Hispanic ethnicity 
Tertile 1 (<4.3%) 1598 (50.9%) 100 (33.6%) 
Tertile 2 (4.3% to <11.0%) 849 (27.0%) 99 (33.2%) 
Tertile 3 (≥11.0%) 695 (22.1%) 99 (33.2%) 

Living below FPL 
Tertile 1 (<10.6%) 786 (25.0%) 100 (33.6%) 
Tertile 2 (10.6% to <15.1%) 972 (30.9%) 99 (33.2%) 
Tertile 3 (≥15.1%) 1384 (44.0%) 99 (33.2%) 

Median income 
Tertile 1 (<$53,948) 1843 (58.7%) 100 (33.6%) 
Tertile 2 ($53,948 to <$66,641) 885 (28.2%) 99 (33.2%) 
Tertile 3 (≥$66,641) 414 (13.2%) 99 (33.2%) 

Some college or more 
Tertile 1 (<55.2%) 1855 (59.0%) 104 (34.9%) 
Tertile 2 (55.2% to <64.3%) 846 (26.9%) 95 (31.9%) 
Tertile 3 (≥64.3%) 441 (14.0%) 99 (33.2%) 

CDC SVI percentiled 

Tertile 1 (<0.32) 999 (31.8%) 100 (33.6%) 
Tertile 2 (0.32 to <0.63) 992 (31.6%) 99 (33.2%) 
Tertile 3 (≥0.63) 1150 (36.6%) 99 (33.2%) 

Commute mode, all workerse 

Walk 2.67% 3.15% 
Bicycle 0.55% 0.73% 

Commute mode, non-teleworkerse 

Walk 2.81% 3.33% 
Bicycle 0.58% 0.78% 

Abbreviations: CDC SVI, Centers for Disease Control and Prevention social 
vulnerability index; FPL, federal poverty level. 
All data from American Community Survey 2015–2019, except where notated. 

a All counties and county equivalents in the 50 states and District of Columbia 
in 2010. 

b From the 2013 National Center for Health Statistics Urban-Rural Classifi-
cation Scheme. 

c Defined as people per square mile. 
d From the 2018 CDC SVI; overall vulnerability index, with tertile 3 repre-

senting most vulnerable (for all U.S. counties, n = 3141). 
e Primary mode of transportation to work; restricted to age ≥16 years. 
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policy (45 C.F.R. part 46.102(l)(2), 21 C.F.R. part 56, 42 U.S.C. Sect. 241 
(d), 5 U.S.C. Sect. 552a, and 44 U.S.C. Sect. 3501 et seq.). CDC did not 
receive any personally identifiable information from ACS or StreetLight. 

3. Results 

3.1. Sampled county characteristics 

The 298 sampled counties had a combined population of 140.5 
million people, or 9.5% of U.S. counties and county equivalents and 
43.3% of the U.S. population. The sampled counties differed from all 
counties and county equivalents by several demographic and socioeco-
nomic characteristics. Because our sampling strategy relatively over-
sampled large cities, compared to all county or county equivalents, 
sampled counties tended to have a younger, more affluent population at 
a slightly lower level of social vulnerability (e.g., median age <37 years: 
18.4% of all counties, 33.6% of sampled counties). The prevalence of 
active commuting in ACS was higher in the sampled counties than in all 
counties or county equivalents: the median prevalence of walking to 
work (according to ACS) was 3.15%, and the median prevalence of 
bicycling to work was 0.73%, vs. 2.67% and 0.55% for all counties or 
county equivalents, respectively. Restricting to non-teleworkers, the 
median prevalence of walking and bicycling to work in the sampled 
counties was 3.33% and 0.78%, respectively, and in all counties and 
county equivalents was 2.81% and 0.58%, respectively (Table 1). 

3.2. Pedestrian metrics 

Of the 30 distinct combinations of ACS and StreetLight pedestrian 
metrics, 6 had a high correlation, 18 had a moderate correlation, and 6 

had a low correlation. The strongest correlation was between percent of 
non-teleworkers walking to work (from ACS) and any-day resident walk 
trips per 1000 county residents (from StreetLight): rho = 0.53 (95% CI: 
0.44–0.61) (Table 2). 

At the county level, 2.11% (IQR: 2.13%) of non-teleworkers walked 
to work (according to ACS), and residents made 1149 (IQR: 460) walk 
trips per 1000 residents per day (according to StreetLight) (Table 3). 

All stratified analyses compared percent of non-teleworkers walking 
to work with any-day resident walk trips per 1000 county residents, 
hereafter referred to as the strongest correlated walking pair of metrics. 
Of the 36 categories of county characteristics, 20 correlations were 
strong, 15 were moderate, and one was low (Table 3). The only low 
correlation was among small metro counties (rho = 0.30; 95% CI: 
0.07–0.59). Strong correlations were found for counties in the Northeast 
(rho = 0.66; 95% CI: 0.48–0.79), in the lowest tertile for Hispanic 
population percentage (rho = 0.66; 95% CI: 0.53–0.76), in the highest 
tertile for Black population percentage (rho = 0.62; 95% CI: 0.48–0.73), 
in the lowest tertile for social vulnerability (rho = 0.62; 95% CI: 
0.48–0.73), and others (Table 3). The correlations of counties in the 
Northeast (rho = 0.66) and in the West (rho = 0.31) are visualized in 
side-by-side scatterplots (Fig. 2). 

3.3. Bicycling metrics 

Of the 30 distinct combinations between ACS and StreetLight bicy-
cling metrics, 28 had a strong correlation, and two had a moderate 
correlation (Table 4). The strongest correlation was between percent of 
non-teleworkers bicycling to work (from ACS) and any-day resident 
bicycle trips per 1000 county residents (from StreetLight), with rho =
0.61 (95% CI: 0.53–0.67) (Table 4). When assessing the impact of tied 

Table 2 
Correlations between county ranks for StreetLight measure of walking trips and American Community Survey walking to work—298 U.S. counties, 2019.  

From StreetLight From ACS rhoa 95% CIb 

Day Traveler Purpose Denominator Workers 

All All All Daytime Population All 0.45 0.37–0.54 
All All All Daytime Population Non-TW 0.46 0.37–0.54 
Weekdays All All Daytime Population All 0.46 0.38–0.55 
Weekdays All All Daytime Population Non-TW 0.47 0.39–0.55 
Weekends All All Daytime Population All 0.39 0.30–0.48 
Weekends All All Daytime Population Non-TW 0.39 0.30–0.48 
All All HBW Daytime Population All 0.26 0.17–0.35 
All All HBW Daytime Population Non-TW 0.26 0.17–0.35 
Weekdays All HBW Daytime Population All 0.30 0.21–0.40 
Weekdays All HBW Daytime Population Non-TW 0.30 0.21–0.40 
Weekends All HBW Daytime Population All 0.11 0.02–0.22 
Weekends All HBW Daytime Population Non-TW 0.11 0.02–0.21 
All Residents All Residents All 0.52 0.44–0.60 
All Residents All Residents Non-TW 0.53c 0.45–0.61 
Weekdays Residents All Residents All 0.52 0.44–0.60 
Weekdays Residents All Residents Non-TW 0.53 0.45–0.61 
Weekends Residents All Residents All 0.50 0.41–0.58 
Weekends Residents All Residents Non-TW 0.50 0.42–0.59 
All Residents All Workers All 0.42 0.33–0.51 
All Residents All Workers Non-TW 0.42 0.33–0.51 
Weekdays Residents All Workers All 0.43 0.34–0.52 
Weekdays Residents All Workers Non-TW 0.43 0.34–0.52 
Weekends Residents All Workers All 0.38 0.29–0.48 
Weekends Residents All Workers Non-TW 0.38 0.29–0.48 
All Residents All Non-TW All 0.44 0.35–0.53 
All Residents All Non-TW Non-TW 0.44 0.35–0.53 
Weekdays Residents All Non-TW All 0.44 0.35–0.53 
Weekdays Residents All Non-TW Non-TW 0.44 0.35–0.53 
Weekends Residents All Non-TW All 0.40 0.30–0.49 
Weekends Residents All Non-TW Non-TW 0.40 0.30–0.49 

Abbreviations: ACS, American Community Survey; HBW, home-based work; CI, confidence interval; TW, teleworkers. 
Bolded results indicate a strong correlation when using Cohen’s convention to interpret rho values (low correlation: <0.3; moderate: 0.3 to <0.5; strong: ≥0.5). 

a Spearman rho correlations comparing walk trips per 1000 people (from StreetLight) with percent walking to work (from ACS). 
b Bootstrap confidence interval of Spearman rho. 
c Combination with the strongest correlation. 
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ranks on the correlation coefficients by using the four different methods 
to account for ties, the rho values were generally within 0.01 of our 
original findings. 

At the county level, 0.25% (IQR: 0.43%) of non-teleworkers bicycled 
to work (according to ACS), and residents made 30 (IQR: 32) bicycle 
trips per 1000 residents per day (according to StreetLight) (Table 5). 

All stratified analyses compared percent of non-teleworkers bicy-
cling to work with any-day resident bicycle trips per 1000 county resi-
dents, hereafter referred to as the strongest correlated bicycling pair of 
metrics. Of the 36 categories of county characteristics, 24 correlations 
were strong, 11 were moderate, and one was low (Table 5). The only low 
correlation was among micropolitan/non-core counties (rho = 0.25; 
95% CI: 0.05–0.50). Strong correlations were found for counties in the 
highest tertile for median income (rho = 0.80; 95% CI: 0.72–0.86), in 
the highest tertile for Black population percentage (rho = 0.75; 95% CI: 
0.65–0.83), in the highest tertile for population density (rho = 0.75; 
95% CI: 0.65–0.83), in the middle tertile for White population per-
centage (rho = 0.74; 95% CI: 0.63–0.82), and others (Table 5). The 
correlations of large central metro counties (rho = 0.71) and 
micropolitan/non-core counties (rho = 0.25) are visualized in side-by- 
side scatterplots (Fig. 3). 

3.4. Sensitivity analysis 

For walking, the weakest overall correlation was between percent of 
non-teleworkers walking to work (from ACS) and weekend home-based 
work walk trips per 1000 daytime population (from StreetLight): rho =
0.11 (95% CI: 0.00–0.22). Stratified correlations for this metric pair 
were mostly non-significant or weak, with the exception of moderate 
correlations in large central metro and more densely populated counties, 
and in the Northeast (Supplementary Results, Table S1). For bicycling, 
the weakest overall correlation was between percent of all workers 
bicycling to work (from ACS) and weekend home-based work bicycle 
trips per 1000 daytime population (from StreetLight): rho = 0.49 (95% 

Table 3 
County rank correlations between resident-only walk trips on all days for any 
purpose per 1000 county residents (from StreetLight) with percent of non- 
teleworkers walking to work (from the American Community Survey)a, by 
county characteristics—298 U.S. counties, 2019.   

Nb StreetLightc 

Median 
(IQR) 

ACSd 

Median 
(IQR) 

rho 95% CIe 

All 298 1149 (460) 2.11 
(2.13) 

0.53 0.44–0.61 

Census region 
Midwest 66 1140 (280) 2.19 

(1.85) 
0.56 0.36–0.70 

Northeast 55 1177 (405) 3.38 
(2.02) 

0.66 0.48–0.79 

South 122 994 (392) 1.48 
(1.17) 

0.43 0.27–0.56 

West 55 1616 (704) 2.65 
(2.74) 

0.31 0.04–0.53 

Urbanicity 
Large central metro 68 1297 (464) 2.77 

(3.12) 
0.58 0.40–0.72 

Large fringe metro 84 958 (350) 1.66 
(1.34) 

0.40 0.21–0.57 

Medium metro 69 1131 (454) 2.17 
(1.85) 

0.57 0.39–0.71 

Small metro 30 1177 (325) 2.07 
(1.08) 

0.30 − 0.07–0.59 

Micropolitan/Non- 
core 

47 1220 (813) 2.60 
(3.24) 

0.48 0.22–0.67 

Population density 
Tertile 1 (<95.3) 100 1206 (820) 2.09 

(2.34) 
0.46 0.29–0.60 

Tertile 2 (95.3 to 
<570.5) 

99 1063 (380) 1.62 
(1.69) 

0.61 0.47–0.72 

Tertile 3 (≥570.5) 99 1179 (411) 2.66 
(2.65) 

0.53 0.37–0.66 

Median age, years 
Tertile 1 (<37.0) 100 1212 (555) 2.27 

(2.42) 
0.49 0.33–0.63 

Tertile 2 (37.0 to 
<41.3) 

101 1095 (410) 2.09 
(1.63) 

0.48 0.31–0.62 

Tertile 3 (≥41.3) 97 1128 (457) 2.09 
(1.96) 

0.59 0.44–0.70 

White race 
Tertile 1 (<61.0%) 100 1210 (566) 2.13 

(2.43) 
0.50 0.33–0.63 

Tertile 2 (61.0% 
to<83.0%) 

99 1068 (430) 2.12 
(1.72) 

0.55 0.39–0.67 

Tertile 3 (≥83.0%) 99 1148 (508) 2.11 
(2.34) 

0.55 0.39–0.67 

Black race 
Tertile 1 (<2.7%) 100 1311 (696) 2.34 

(2.47) 
0.43 0.25–0.58 

Tertile 2 (2.7% to 
<12.6%) 

99 1065 (422) 2.09 
(1.84) 

0.48 0.31–0.62 

Tertile 3 (≥12.6%) 99 1069 (390) 1.90 
(1.82) 

0.62 0.48–0.73 

Hispanic ethnicity 
Tertile 1 (<4.3%) 100 1054 (407) 2.02 

(1.92) 
0.66 0.53–0.76 

Tertile 2 (4.3% to 
<11.0%) 

99 1156 (526) 2.15 
(1.81) 

0.55 0.40–0.68 

Tertile 3 (≥11.0%) 99 1243 (512) 2.30 
(2.27) 

0.38 0.19–0.53 

Living below FPL 
Tertile 1 (<10.6%) 100 1050 (459) 2.02 

(2.24) 
0.54 0.38–0.66 

Tertile 2 (10.6% to 
<15.1%) 

99 1213 (503) 2.11 
(1.66) 

0.47 0.30–0.61 

Tertile 3 (≥15.1%) 99 1140 (462) 2.16 
(2.29) 

0.59 0.45–0.71 

Median income 
Tertile 1 
(<$53,948) 

100 1089 (420) 1.93 
(1.93) 

0.51 0.35–0.64 

Tertile 2 ($53,948 
to <$66,641) 

99 1260 (513) 2.34 
(2.00) 

0.41 0.23–0.56  

Table 3 (continued )  

Nb StreetLightc 

Median 
(IQR) 

ACSd 

Median 
(IQR) 

rho 95% CIe 

All 298 1149 (460) 2.11 
(2.13) 

0.53 0.44–0.61 

Tertile 3 
(≥$66,641) 

99 1064 (567) 2.25 
(2.43) 

0.60 0.46–0.71 

Some college or more 
Tertile 1 (<55.2%) 104 1057 (429) 1.57 

(1.58) 
0.39 0.21–0.54 

Tertile 2 (55.2% to 
<64.3%) 

95 1208 (415) 2.11 
(2.18) 

0.56 0.41–0.69 

Tertile 3 (≥64.3%) 99 1204 (628) 2.70 
(2.62) 

0.55 0.39–0.67 

CDC SVI percentile 
Tertile 1 (<0.32) 100 1095 (549) 2.35 

(2.61) 
0.62 0.48–0.73 

Tertile 2 (0.32 to 
<0.63) 

99 1161 (398) 2.25 
(1.60) 

0.53 0.37–0.66 

Tertile 3 (≥0.63) 99 1183 (572) 1.88 
(1.79) 

0.45 0.28–0.60 

Abbreviations: ACS, American Community Survey; CDC SVI, Centers for Disease 
Control and Prevention social vulnerability index; CI, confidence interval; FPL, 
federal poverty level; IQR, interquartile range. 
Bolded results indicate a strong correlation when using Cohen’s convention to 
interpret rho values (low correlation: <0.3; moderate: 0.3 to <0.5; strong: 
≥0.5). 

a Combination with the strongest correlation from Table 2. 
b Number of counties. 
c Median (IQR) of any-day resident walk trips per 1000 county residents. 
d Median (IQR) of the percent of non-teleworkers who report walking to work. 
e Confidence interval of Spearman rho based on Fisher’s z transformation. 
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CI: 0.40–0.57). Stratified correlations were weaker with this pair but 
largely mirrored the pattern observed in the primary analysis (Supple-
mentary Results, Table S2). 

4. Discussion 

Passively collected pedestrian and bicycling data from StreetLight 
ranked counties similarly to purposefully sampled pedestrian and 
bicycling active commuting data from ACS in this national sample of U. 

S. counties. Overall, walking correlations were moderate and bicycling 
correlations were strong. For the stratified analysis using the most 
strongly correlated pair, correlations were strong overall for both 
walking (rho = 0.53) and bicycling (rho = 0.61) and tended to be higher 
in more densely populated, urban counties. These findings suggest that 
StreetLight data may be sufficiently valid for select public health ap-
plications. Most existing surveillance systems for physical activity have a 
time lag of at least two years and offer poor geographic granularity 
below the state or county level. Less constrained by these limitations, 

 

 

 
 

Fig. 2. Percent walking to work (from American Community Survey) and resident walk trips (from StreetLight)—U.S. counties, (a) Northeast and (b) West, 2019.  

G.W. Soto et al.                                                                                                                                                                                                                                 



Health and Place 81 (2023) 103002

8

LBS data may offer public health and transportation professionals an 
additional tool for assessing walking and bicycling behavior. For 
example, LBS data may be preferable to traditional surveillance data for 
conducting a time-sensitive project, such as changes in walking patterns 
during an epidemic, or for assessing the impact of a community design 
intervention to promote bicycling within a city or town. 

To our knowledge, this is the first peer-reviewed study to compare 
location-based mobility pedestrian and bicycling data from StreetLight 
to ACS and examine correlations by county demographic and socio-
economic status characteristics. Our research builds on previous studies 
that have compared other types of crowdsourced and LBS data to 
traditional surveillance measures. Whitfield and colleagues found a 
strong correlation (rho = 0.60) between the number of commuters, as 
derived from Strava—a GPS-based physical activity tracking platform 
that allows users to track and share bicycle rides, runs, and other acti-
vities—and the number of active commuters, as derived from ACS, in 
block groups in four large U.S. cities (2016). Similar to our results, they 
also found correlations were stronger in more densely populated areas, 
suggesting crowdsourced data more closely approximates purposefully 
sampled data in densely populated areas. In a study comparing Street-
Light data and estimates of pedestrians and bicyclists passing 
fixed-point, permanent counters, Cheng and colleagues found strong 
correlations for pedestrian (rho = 0.72) and bicycling measures (rho =
0.69) (2022). Lee and Sener observe that most validation studies are 
restricted to bicycling metrics, which they attribute to variability and 
uncertainty of passively collected pedestrian data (2020). 

Our study offers new evidence that LBS data may have an important 

role in future surveillance of walking and bicycling behavior. Among 30 
StreetLight-ACS metric combinations, any-day resident trips per 1000 
county residents from StreetLight and percent of non-teleworkers 
actively commuting to work from ACS demonstrated the strongest 
Spearman’s correlation for both walking (rho = 0.53) and bicycling (rho 
= 0.61). These strong correlations are especially noteworthy because 
StreetLight and ACS measure related but distinct physical activity con-
structs. While both are limited to county residents (i.e., they do not 
include in-county pedestrian and bicycle trips by non-residents), the 
ACS measure reflects travel associated with work, while the StreetLight 
measure reflects trips for any purpose. Therefore, even if each metric 
perfectly captured their intended construct, the rank correlation be-
tween them would likely not be perfect. 

Surprisingly, StreetLight metrics restricted to home-based work trips 
resulted in weaker correlations with ACS active commuting measures 
(particularly with walking, as observed in the sensitivity analysis). This 
suggests a disconnect between the intended purposes of the two data 
sources. Although the exact reasons for this cannot be determined in our 
study, it could reflect misassigned or unattributed work locations in 
StreetLight, especially for multi-purpose locations (e.g., a college 
campus or grocery store) and for traveling occupations (e.g., electricians 
and plumbers). Regardless, it means that purpose-assigned walking and 
bicycling data in StreetLight may be less useful for public health appli-
cations than its purpose-agnostic walking and bicycling data. 

Our study adds to a growing body of evidence that the validity of LBS 
data may be stronger in areas of higher population density and suggests 
additional variation by sociodemographic characteristics. For example, 

Table 4 
Correlations between county ranks for StreetLight measure of bicycling trips and American Community Survey bicycling to work—298 U.S. counties, 2019.  

From StreetLight From ACS rhoa 95% CIb 

Day Traveler Purpose Denominator Workers 

All All All Daytime Population All 0.52 0.43–0.59 
All All All Daytime Population Non-TW 0.52 0.47–0.63 
Weekdays All All Daytime Population All 0.52 0.43–0.60 
Weekdays All All Daytime Population Non-TW 0.52 0.43–0.60 
Weekends All All Daytime Population All 0.51 0.43–0.59 
Weekends All All Daytime Population Non-TW 0.51 0.43–0.59 
All All HBW Daytime Population All 0.52 0.44–0.60 
All All HBW Daytime Population Non-TW 0.52 0.45–0.61 
Weekdays All HBW Daytime Population All 0.53 0.45–0.61 
Weekdays All HBW Daytime Population Non-TW 0.53 0.45–0.61 
Weekends All HBW Daytime Population All 0.49 0.40–0.57 
Weekends All HBW Daytime Population Non-TW 0.49 0.41–0.58 
Allc Residents All Residents All 0.60 0.53–0.68 
Allc Residents All Residents Non-TW 0.61f 0.53–0.68 
Weekdaysd Residents All Residents All 0.60 0.52–0.67 
Weekdaysd Residents All Residents Non-TW 0.60 0.52–0.68 
Weekendse Residents All Residents All 0.59 0.52–0.67 
Weekendse Residents All Residents Non-TW 0.60 0.52–0.67 
Allc Residents All Workers All 0.58 0.50–0.65 
Allc Residents All Workers Non-TW 0.58 0.50–0.66 
Weekdaysd Residents All Workers All 0.57 0.49–0.65 
Weekdaysd Residents All Workers Non-TW 0.57 0.49–0.65 
Weekendse Residents All Workers All 0.57 0.49–0.65 
Weekendse Residents All Workers Non-TW 0.57 0.49–0.65 
Allc Residents All Non-TW All 0.58 0.50–0.66 
Allc Residents All Non- TW Non-TW 0.58 0.50–0.66 
Weekdaysd Residents All Non- TW All 0.57 0.49–0.65 
Weekdaysd Residents All Non- TW Non-TW 0.57 0.49–0.65 
Weekendse Residents All Non- TW All 0.57 0.49–0.65 
Weekendse Residents All Non- TW Non-TW 0.57 0.50–0.65 

Abbreviations: ACS, American Community Survey; CI, confidence interval; HBW, home-based work; TW, teleworkers. 
Bolded results indicate a strong correlation when using Cohen’s convention to interpret rho values (low correlation: <0.3; moderate: 0.3 to <0.5; strong: ≥0.5). 

a Spearman rho correlations comparing bicycle trips per 1000 people (from StreetLight) with percent bicycling to work (from ACS). 
b Bootstrap confidence interval of Spearman rho. 
c n = 297 counties. 
d n = 295 counties. 
e n = 290 counties. 
f Combination with the strongest correlation. 
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the strength of association for the strongest correlated bicycling pair of 
metrics was higher for counties with a younger median age, a higher 
proportion of Black residents, and a higher proportion of residents with 
at least some college education—all characteristics associated with 
urban counties in the United States (Cromartie and Vilorio, 2019; Day 
et al., 2016; U.S. Department of Agriculture, 2017). Conversely, LBS 
data may be less comparable to purposefully sampled data in rural and 
more sparsely populated areas, as well as in areas that experience high 
seasonal population changes from tourism. For example, counties with 
outdoor recreational destinations may see seasonal increases in walking 
and bicycling that are not related to actively commuting to work by 
county residents. One outlier county in our sample, Summit County, 
Colorado—home to the popular outdoor destination Breckenridge and a 
vast trail network—had a high rate of StreetLight bicycle trips but a low 
prevalence of ACS active commuting by bicycle. Although these findings 
are not surprising, they underscore the importance of differentiating 
between resident and non-resident trips and the need to contextualize 
and validate these measures with existing survey data. The results also 
highlight that validity of LBS data in active commuting surveillance may 
vary geographically. 

One concern with these “emerging data sources” is that they may not 
be fully representative of the walking and bicycling populations due to 
some degree of selection bias in smartphone app users (Garber et al., 
2019; Lee and Sener, 2020). The stronger correlations in our study be-
tween StreetLight and ACS metrics in denser and more urban counties 
may be an example of potential bias: residents of urban areas are more 
likely to own smartphones and therefore may be more likely to use the 
various apps that contribute LBS data to StreetLight (Pew Research 
Center, 2021). Further, more socially vulnerable groups may not be fully 
represented in these data sources. When using the strongest and weakest 
correlated pair of metrics, the strength of association between Street-
Light and ACS for walking was higher for the counties with the lowest 
levels of social vulnerability, which may indicate that people in these 

Table 5 
County rank correlations between resident-only bicycle trips on all days for any 
purpose per 1000 county residents (from StreetLight) with percent of non- 
teleworkers bicycling to work (from the American Community Survey)a, by 
county characteristics—297 U.S. counties, 2019.   

Nb StreetLightc 

Median 
(IQR) 

ACSd 

Median 
(IQR) 

rho 95% CIe 

All 297 30 (32) 0.25 
(0.43) 

0.61 0.53–0.67 

Census region 
Midwest 65 29 (16) 0.25 

(0.37) 
0.43 0.21–0.61 

Northeast 55 32 (31) 0.25 
(0.29) 

0.56 0.35–0.72 

South 122 22 (17) 0.14 
(0.37) 

0.60 0.47–0.70 

West 55 70 (65) 0.56 
(0.74) 

0.38 0.13–0.59 

Urbanicity 
Large central metro 68 53 (56) 0.57 

(0.89) 
0.71 0.57–0.81 

Large fringe metro 84 24 (15) 0.17 
(0.25) 

0.60 0.45–0.72 

Medium metro 69 26 (28) 0.23 
(0.40) 

0.60 0.42–0.73 

Small metro 30 28 (21) 0.31 
(0.59) 

0.49 0.15–0.72 

Micropolitan/Non- 
core 

46 34 (34) 0.19 
(0.36) 

0.25 − 0.05–0.50 

Population density 
Tertile 1 (<95.3) 99 32 (36) 0.18 

(0.36) 
0.40 0.22–0.55 

Tertile 2 (95.3 to 
<570.5) 

99 25 (22) 0.20 
(0.31) 

0.70 0.58–0.79 

Tertile 3 (≥570.5) 99 40 (40) 0.45 
(0.63) 

0.75 0.65–0.83 

Median age, years 
Tertile 1 (<37.0) 100 36 (43) 0.40 

(0.66) 
0.63 0.50–0.74 

Tertile 2 (37.0 to 
<41.3) 

101 29 (26) 0.25 
(0.42) 

0.67 0.55–0.77 

Tertile 3 (≥41.3) 96 27 (25) 0.11 
(0.33) 

0.48 0.31–0.62 

White race 
Tertile 1 (<61.0%) 100 39 (49) 0.28 

(0.53) 
0.70 0.59–0.79 

Tertile 2 (61.0% 
to<83.0%) 

99 27 (29) 0.25 
(0.46) 

0.74 0.63–0.82 

Tertile 3 (≥83.0%) 98 28 (23) 0.19 
(0.33) 

0.38 0.19–0.54 

Black race 
Tertile 1 (<2.7%) 99 37 (48) 0.25 

(0.48) 
0.42 0.25–0.57 

Tertile 2 (2.7% to 
<12.6%) 

99 28 (26) 0.25 
(0.39) 

0.68 0.55–0.77 

Tertile 3 (≥12.6%) 99 28 (26) 0.22 
(0.47) 

0.75 0.65–0.83 

Hispanic ethnicity 
Tertile 1 (<4.3%) 100 24 (16) 0.16 

(0.34) 
0.43 0.26–0.58 

Tertile 2 (4.3% to 
<11.0%) 

98 30 (31) 0.27 
(0.44) 

0.68 0.56–0.78 

Tertile 3 (≥11.0%) 99 44 (49) 0.31 
(0.50) 

0.65 0.52–0.75 

Living below FPL 
Tertile 1 (<10.6%) 99 28 (26) 0.21 

(0.37) 
0.59 0.45–0.71 

Tertile 2 (10.6% to 
<15.1%) 

99 33 (37) 0.29 
(0.43) 

0.61 0.47–0.72 

Tertile 3 (≥15.1%) 99 29 (27) 0.25 
(0.52) 

0.60 0.46–0.72 

Median income 
Tertile 1 
(<$53,948) 

100 24 (21) 0.16 
(0.38) 

0.45 0.27–0.59 

Tertile 2 ($53,948 
to <$66,641) 

98 33 (29) 0.27 
(0.41) 

0.47 0.30–0.61  

Table 5 (continued )  

Nb StreetLightc 

Median 
(IQR) 

ACSd 

Median 
(IQR) 

rho 95% CIe 

All 297 30 (32) 0.25 
(0.43) 

0.61 0.53–0.67 

Tertile 3 
(≥$66,641) 

99 32 (49) 0.29 
(0.64) 

0.80 0.72–0.86 

Some college or more 
Tertile 1 (<55.2%) 104 23 (17) 0.08 

(0.27) 
0.39 0.21–0.54 

Tertile 2 (55.2% to 
<64.3%) 

94 32 (24) 0.28 
(0.32) 

0.59 0.44–0.71 

Tertile 3 (≥64.3%) 99 43 (49) 0.50 
(0.85) 

0.68 0.55–0.77 

CDC SVI percentile 
Tertile 1 (<0.32) 99 28 (34) 0.21 

(0.41) 
0.58 0.43–0.70 

Tertile 2 (0.32 to 
<0.63) 

99 32 (30) 0.27 
(0.46) 

0.60 0.45–0.71 

Tertile 3 (≥0.63) 99 31 (35) 0.27 
(0.47) 

0.63 0.49–0.73 

Abbreviations: ACS, American Community Survey; CDC SVI, Centers for Disease 
Control and Prevention social vulnerability index; CI, confidence interval; FPL, 
federal poverty level; IQR, interquartile range. 
Bolded results indicate a strong correlation when using Cohen’s convention to 
interpret rho values (low correlation: <0.3; moderate: 0.3 to <0.5; strong: 
≥0.5). 

a Combination with the strongest correlation from Table 4. 
b Number of counties. 
c Median (IQR) of any-day resident bicycle trips per 1000 county residents. 
d Median (IQR) of the percent of non-teleworkers who report bicycling to 

work. 
e Confidence interval of Spearman rho based on Fisher’s z transformation. 
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areas (e.g., areas ranked higher for socioeconomic status, vehicle access, 
and non-minority households) are more likely to have smartphones 
contributing LBS data than are people in the counties with the highest 
levels of social vulnerability. Another less understood but plausible 
reason may be due to differences in who opts out of sharing their loca-
tion data with apps. These and other factors may have contributed to the 
range in correlations of the metrics we tested. This warrants additional 
research because this could disproportionally affect groups of people 

that could benefit from public health interventions to increase physical 
activity (e.g., rural or socially vulnerable populations). 

4.1. Implications for physical activity surveillance 

LBS data sources have the potential to complement traditional 
physical activity surveillance sources, which rely on purposefully 
sampled surveys. Although they are unlikely to replace traditional 

 

 

 

Fig. 3. Percent bicycling to work (from American Community Survey) and resident bicycle trips (from StreetLight)—U.S. counties, (a) large central metro and (b) 
micropolitan/non-core, 2019. 
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surveillance systems, they may augment these systems by providing 
novel data beyond what was examined in our study, such as circuity and 
speed information, and offer more granular geographic details in a 
timelier manner. Many studies have demonstrated the utility of 
combining user-generated mobility data with traditional trip counts 
(Dadashova et al., 2020; Kothuri et al., 2022; Lee and Sener, 2020). 
Although these data sources are promising surveillance tools, re-
searchers may need to consider not only their validity and representa-
tiveness, but also their ethical implications, including privacy concerns 
and potential lack of understanding by smartphone users about what 
data they are consenting to share (Breslin et al., 2019; Roy, 2017). 

4.2. Limitations 

There are several limitations to consider when interpreting these 
findings. First, StreetLight uses a proprietary algorithm to assign trip 
mode, which limits reproducibility. Second, due to privacy reasons, 
StreetLight is unable to provide individual-level sociodemographic 
characteristics, which may have been valuable for data validation. 
Third, we did not compare single-year estimates from ACS for 2019 to 
the corresponding year of StreetLight data because ACS only generates 
single-year estimates for geographic areas with populations with 65,000 
people or greater. However, we did confirm agreement between the 
2019 and 2015–2019 ACS data, suggesting 2015–2019 ACS data would 
serve as a good proxy for 2019 ACS data in the comparison with 
StreetLight. Fourth, we do not have a gold-standard measure to which to 
compare StreetLight or ACS. Fifth, the StreetLight and ACS metrics have 
inherent limitations. Incomplete population penetration of mobile de-
vices and smartphone apps, and opt-out of data sharing by users, could 
introduce selection bias into the StreetLight data, while demographic 
and socioeconomic disparities in owning and using these devices and 
apps could result in samples that are less representative of the entire 
population. Sixth, the ACS question may not capture the usual commute 
mode over a longer time period because only the primary mode of 
commuting to work in the past week is captured, and since the ACS 
measure relies on self-report, it may be subject to recall and social 
desirability biases. Finally, we performed subgroup analyses on only the 
strongest and weakest correlated pair of StreetLight and ACS metrics, 
and the results may be different for other combinations. 

4.3. Future research 

Future research could replicate this analysis across all U.S. counties 
or at smaller geographic units, such as block groups or census tracts, and 
could compare StreetLight data to other surveillance system data that 
measure components of active transportation or physical activity, 
including the Behavioral Risk Factor Surveillance System, National 
Health and Nutrition Examination Survey, National Health Interview 
Survey, American Time Use Survey, and National Household Travel 
Survey. Follow-up analyses could investigate if inferred sociodemo-
graphic attributes of travelers who contribute to the StreetLight data (as 
assessed by the block groups of the devices’ residence) are similar to 
sociodemographic attributes of all county residents or of active com-
muters in the county. Future analyses may also explore the various 
thematic areas or more granular social factors that comprise social 
vulnerability. Finally, because StreetLight provides trip counts in two- 
month increments, future studies might use surveillance systems with 
similar time units to assess for seasonal changes in data validity. 

5. Conclusion 

The results of this analysis generally suggest moderate to strong 
convergent validity between passively collected walking and bicycling 
data from StreetLight and purposefully sampled active commuting data 
from ACS. In general, Spearman’s correlations were mostly moderate for 
pedestrian and mostly strong for bicycling data, and, when comparing 

the strongest and weakest correlated pairs of metrics for walking and 
bicycling, they were higher for denser and more urban counties in the 
United States. StreetLight data may have select applications in moni-
toring walking and bicycling within a community. Because correlations 
were lower when restricting to commute-based walking and bicycling, 
caution is advised when using trip purpose data in StreetLight. Should 
future investigations find LBS data sources to be valid, reliable, and 
ethically sound, they may complement traditional surveillance data with 
timelier and more geographically precise estimates of active 
transportation. 
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