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Abstract

Increasing population levels of cycling has the potential to improve public health by increasing
physical activity. As cyclists have begun using smartphone apps to record trips, researchers have
begun using data generated from these apps to monitor cycling levels and evaluate cycling-related
interventions.

The goal of this research is to assess the extent to which app-using cyclists represent the broader
cycling population to inform whether use of app-generated data in bike-infrastructure intervention
research may bias effect estimates.

Using an intercept survey, we asked 95 cyclists throughout Atlanta, Georgia, USA about their use
of GPS-based smartphone apps to record bike rides. We asked respondents to draw their common
bike routes, from which we assessed the proportion of ridership captured by app-generated data
sources overall and on types of bicycle infrastructure. We measured socio-demographics and bike-
riding habits, including cyclist type, ride frequency, and most common ride purpose.

Cyclists who used smartphone apps to record their bike rides differed from those who did not
across some but not all socio-demographic characteristics and differed in several bike-riding
attributes. App users rode more frequently, self-classified as stronger riders, and rode
proportionately more for leisure. Although groups had similar infrastructure preferences at the
person level, differences appeared at the level of the estimated ride, where, for example, the
proportion of ridership captured by an app on protected bike lanes was lower than the overall
proportion of ridership captured. A sample calculation illustrated how such differences may induce
selection bias in smartphone-data-based research on infrastructure and motor-vehicle-cyclist crash
risk. We illustrate in the sample scenario how the bias can be corrected, assuming inverse-
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probability-of-selection weights can be accurately specified. The presented bias-adjustment
method may be useful for future bike-infrastructure research using smartphone-generated data.
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bias; selection bias; cycling; representativeness; smartphone apps

1. Introduction

Bicycling has many benefits to society, including less automobile-traffic congestion and air
pollution, and potentially better public health through increased physical activity,! although
safety and air-pollution exposure remain public-health concerns.? Given its societal benefits,
extensive research has examined cyclists’ patterning and determinants. Traditional methods
for measuring cycling, such as stationary counters, have limited spatial detail. To supplement
these methods, planners and researchers have begun to use crowdsourced data generated
from GPS-enabled smartphone apps, such as Strava® and others.3-6 Although these app-
generated data are detailed across space and time, their use comes with challenges.3

First, they may not represent the general cycling population. Blanc and colleagues compared
the socio-demographic distribution of users of several smartphone apps with active-travel
surveys and found that the smartphone data tended to underrepresent women, older adults,
and lower-income populations.” The study included several smartphone apps developed for
transportation-planning purposes across many North American cities, but did not address
characteristics of users of popular fitness-oriented apps, such as Strava® or MapMyRide®.
The spatial patterning and distribution of age and sex of users of fitness-oriented apps has
been examined,*8-11 but to our knowledge, race, socio-economic status, and person-level
bike-riding habits of users of fitness-oriented apps have not been assessed, as they are not
typically asked in the set-up of the app. Understanding representativeness is important so
researchers know to whom results apply, a question of external validity.

The second concern is a potential threat to internal validity, specifically selection bias in
etiologic questions. Suppose a researcher interested in the effect of bike infrastructure on
bike safety wishes to compare the rate of bike-automobile collisions on protected versus
conventional bike lanes. The investigator uses app-generated data to estimate ridership on
bike infrastructure and agency data to count collisions on the infrastructure. To account for
the fact that the agency’s collision counts (ideally) arise from the risk set of all cyclists, the
researcher might weight the app-generated ridership data by the inverse of the overall
proportion expected to be captured by the app. Such an approach may lead to bias, however,
because app users—who may be more confident or aggressive riders—may use
infrastructure differently from non-users.>8 If they, for example, are less likely to ride on
protected bike lanes, the rate of collisions on that infrastructure would be comparatively
overestimated. This bias could be addressed with estimates of the ridership proportion for
each type of infrastructure. While research has assessed correlations of smartphone-
generated ridership with stationary counts on some types of infrastructure,®8 to our

J Transp Health. Author manuscript; available in PMC 2020 December 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Garber et al.

Page 3

knowledge, infrastructure-specific estimates of the selection probability have not been
estimated.

The overarching goal of this research is thus to assess the extent to which cyclists
contributing to smartphone-generated data sources represent the cycling population to
inform whether reliance on this data source may bias effect estimates in bike-infrastructure
research. We first aim to compare socio-demographic characteristics and bike-riding habits
of cyclists who use smartphone apps to record bike rides with those who do not. Secondly,
we estimate the proportion of ridership that would be captured by each type of smartphone
app and three apps specifically by ride purpose and cycling infrastructure type. In this aim,
we illustrate an example of how estimated selection probabilities can be used to quantify and
adjust for selection bias in a hypothetical study on the effect of cycling infrastructure on risk
of a bike crash.

2. Methods

2.1. Venue-based sampling

We conducted a venue-based survey in Atlanta, Georgia, USA, between June 2016 and April
2017. The target population was any adult who at least sometimes rode a bike for any
purpose in the Atlanta urban core (defined loosely as the area inside 1-285). We conceived
the sampling frame as a geographically diverse list of venues (n=67) around the city where
we expected to find utilitarian and recreational cyclists. The initial list included large
employers, including hospitals, corporate headquarters, and government offices; bike-related
businesses, including service, retail, and advocacy; colleges and universities; transit stations;
public parks; restaurants; grocery stores and large retail centers; and open-streets events,
called Atlanta Streets Alive (Supplement 1, Figure S1). During At/anta Streets Alive events
(henceforth, Streets Alive), selected streets are temporarily closed to motor vehicles for the
afternoon to encourage the space to be used for recreation and socialization, allowing car-
free access to walk, ride a bike, or participate in other non-motorized activities.12 The event,
like many others, is based on the Ciclovia model.13:14 An estimated 45,000 people attend
each Streets Alive event, the seventh highest attendance of similar events in 47 U.S. cities
reporting data in a recent review.1%16 (Most of the cities with higher attendance also have a
higher population.) Survey results from 2010 and 2012 estimated that 40% of attendees were
non-white, 12 a percentage lower than that of the city (about 60% in the 2010 Census) but
nonetheless indicative of diverse attendance.

We surveyed at 29 sites. Excluding Streets Alive, we stayed at each site for an average of 1.0
hours if at least two bikes were locked nearby. At Streets Alive events, we surveyed for an
average of 3.1 hours. In total, we surveyed for 36 hours on 18 days throughout the summer
and fall of 2016 and 2 days in the spring of 2017. Most surveying occurred in the afternoon
and evening to intercept commutes, errands, and recreation during this time.

2.2. Survey administration

The strategy for surveying participants differed at Streets Alive compared with the other
locations due to the high volume of bike traffic at Streets Alive. When not at Streets Alive,
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we intercepted people by standing near bike racks and approaching people as they exited the
venue to unlock their bike. At Streets Alive, with the permission of the event organizer, we
intercepted cyclists as they rode or walked their bicycle near our table. At all locations, we
administered a face-to-face questionnaire to respondents, which took between 5 and 10
minutes. Eligible participants were 18 years or older and at least sometimes rode a bicycle in
the Atlanta urban core. Participant consent was considered implied upon agreement to take
the survey. The study protocol was approved by the Georgia Institute of Technology Review
Board (H12330).

2.3. Measures

2.3.1. Bicycle infrastructure—Geospatial data for bicycle infrastructure in the Atlanta
area were obtained from the Atlanta Regional Commissionl’ and the City of Atlanta Chief
Bicycle Officer (personal correspondence). We merged the two data sources and resolved
discrepancies using the sfpackage in R18 and classified the infrastructure as the following
types: hard-surface multi-use path (92 km?), protected bike lane (4 km), buffered bike lane
(5 km), conventional bike lane (101 km), and shared-travel lane also known as “sharrows”
(73 km) (R script available here: https://osf.io/awms9/; map: http://rpubs.com/
michaeldgarber/coa_arc). Data were restricted to infrastructure built before December 31,
2016.

2.3.2 Bike-riding habits and routes of common rides—The survey (Supplement
2) asked about bike-riding habits, including reasons for biking, general biking frequency,
cyclist self-classification,1® and tendency to go out of way and why. We also asked
respondents to draw up to two of the routes of their most common rides with a dry-erase
marker on a laminated map, and we digitally photographed the drawings. For each shared
route, we asked its purpose and frequency. Ride purpose was classified as utilitarian or
leisure (including for exercise), and person-level patterns were considered in three ways to
capture potential nuances: 1) ever riding for each purpose: 2) most frequent purpose, in
terms of number of rides; and 3) the share of weekly distance for each purpose (additional
detail in Supplement 1, Section 1). For reference, study results were compared to a local
agency-sponsored travel survey2? (ARC Survey:; Supplement 1, Section 2).

2.3.3. Length of bike rides and distance ridden overall and on infrastructure
—\We digitized the route of each bike ride using the trace-segment toolin ArcMap 10.3 (©
ESRI) and measured its overall length and its length on each type of infrastructure with the
sfpackage.18 Next, we estimated the weekly distance ridden on each ride in total and on
each type of infrastructure by multiplying the corresponding length by a numerical estimate
of the ride’s reported daily frequency (Supplement 1, Table S1). We then summed each
person’s ride-level values.

2.3.4. Use of smartphone app to record bike rides—We asked participants if they
ever used a smartphone app to record their bike rides and if so, which app(s), and how
frequently each was used. In analyses, apps were classified as fitness-oriented (Strava,

1The measured length for each type of infrastructure corresponds to that which is inside of 1-285.
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MapMyRide, Garmin Connect, Moves, Samsung S Health, Jawbone Up, Nike+, Runkeeper,
Trails) or transportation-planning-oriented (Ride Report, Cycle Atlanta). Participants were
classified into four app-use groups (Table 1).

2.3.5. Socio-demographic characteristics and access to infrastructure—To
assess socio-demographic characteristics, we asked respondents about age, gender, access to
a private automobile, household income, occupation, race/ethnicity, and, as applicable, zip
code of home, work, and school. To measure area-level socio-economic status (SES) and
access to infrastructure, we geocoded each person’s home location?! by estimating a
plausible street address from the respondent’s bike routes, where possible, and cross-
checked with the zip code reported. Area-level SES was defined as the median home value
of the home census tract using the 2012-2016 American-Community Survey 5-year
estimates. To assess access to bike infrastructure, we measured the distance from home
location to nearest infrastructure by infrastructure type.

2.4. Person-level analyses

2.5.

2.6.

Each of the three app-user groups was compared to non-users across socio-demographic and
bike-riding characteristics. Continuous measures were compared with a two-sided Wilcoxon
Test, and categorical measures were compared with a two-sided Fisher’s exact test. In
combination with considerations of sample size and the estimate’s magnitude, p-values were
used in their continuous form to inform conclusions.22:23

Estimating ridership captured by smartphone data

In addition to patterns at the individual level, we sought to understand app-use patterns at the
ride level, as this format is typically how app-generated data are delivered to researchers.
Importantly, app use may not only vary between people, but also within people between
rides. Cyclists may, for example, record only exercise rides and not commutes. Using
responses from intercept surveys, we simulated datasets of an expected one year of rides by
weighting each of the rides described as ‘typical’ by an estimate of how often it would occur
over one year (Supplement 1, Table S1). We then assigned a probability for whether each of
these rides in the simulated one-year datasets was recorded in an app based on the
respondent’s app-use pattern and the ride’s purpose (Supplement 1, Table S2). To estimate
the proportion of ridership captured (i.e., the selection probability) by each app-type
category (fitness or planning) and by each of the three most used apps, we estimated the
number of rides and distance ridden recorded by the app category or app and divided by the
overall estimated number of rides and overall distance ridden. We did the same for each ride
purpose and type of infrastructure.

Illustration of use of selection probabilities to recover from selection bias

We finally illustrate how the estimated selection probabilities might be used to correct for
potential selection bias using inverse-probability-of-selection weighting (as described
elsewhere?42%) in a hypothetical study investigating the effect of cycling infrastructure on
risk of a bike crash which relies on bike-ridership estimates from an app.
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3. Results

3.1. Study population

We approached 143 people, 130 of whom were eligible (18 years or older and sometimes
rode a bike in the Atlanta urban core), 99 of whom took the survey (Supplement 1, Figure
S1). Among these 99 participants, app use was not missing for 95 (69% of eligible), 92 drew
at least one typical bike ride (45 reported one; 47 reported two; n, rides = 139), and both app
use and a ride were available for 90 participants. The distribution of attempts and response
rate varied by location type, geographic quadrant of the city, sex, age, and race (Supplement
1, Table S3). Most responses occurred at Streets Alive events (58%) while most eligible
attempts occurred elsewhere (53%).

3.2. App use of participants

A total of 43 participants (45%) responded “yes’ to ever using a smartphone app to record
bike rides (Table 2). Of the 95 respondents, 39% used any app at least on occasion, 33%
used a fitness app at least on occasion, and 9% used a planning app at least on occasion. The
three most commonly reported apps were Map My Ride (13%), Strava (11%), and Ride
Report (9%). The reported use pattern of each app is available in Supplement 1, Table S4.

3.3. Socio-demaographics

Socio-demographic characteristics of the app-use groups are presented in Table 3. Compared
with non-users, app users were similar with respect to gender (70% vs. 72% male) and race
(e.g., 72% vs. 67% White), but were moderately older (mean age: 36.8 vs. 33.9 years) and
had moderately higher income (mean: $96,034 vs. $81,798). Among app users, users of
fitness apps and those of planning apps differed in some respects. Compared with planning-
app users, fitness-app users were more likely to be male (77% vs. 44%) and were more
racially diverse (e.g., 68% vs. 88% White). Income distribution was higher among fitness-
oriented users (mean: $97,200 vs. $79,583), but area-level SES was lower among fitness-app
users (mean: $263,921 vs. $354,314).

3.4 Bike-riding habits of respondents
3.4.1 Bike-riding frequency, cyclist type, and ride purposes

App-users vs. non-users: In general, app users reported riding more frequently than non-
users (e.g., at least several times per week: 94% vs. 76%), were more likely to self-classify
as a strong and fearless cyclist (41% vs. 32%; Table 4) and rode a greater estimated weekly
distance (median: 43 vs. 16 km; Figure 1; Supplement 1 Table S5). As mentioned, ride-
purpose patterns were considered in three ways: ever riding for each purpose, most common
purpose, and share of estimated weekly distance for each purpose. For each, app users and
non-users were similar, although the distribution of estimated ridership for leisure was
slightly higher for app users (Figure 1; Supplement 1 Table S5).

Fitness-app users vs. planning-app users: Fitness-app users and planning-app users
reported riding at a similarly high frequency (5 or more times per week: 55% vs. 50%; Table
4), though fitness-app users were more likely to self-classify as a strong and fearless cyclist
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(43% vs. 29%) and rode a lesser share of their estimated weekly ridership for utilitarian
purposes. Fitness-app users split their estimated weekly distance about equally between
utilitarian and leisure purposes (median, utilitarian = 58%), while planning-app users rode a
larger share for utilitarian purposes (median = 82%; Figure 1; Supplement 1 Table S5).

3.4.2 Person-level patterns on infrastructure—Generally, the percent of estimated
weekly distance per cyclist on infrastructure was similar between app-user groups for most
infrastructure types (Figure 2; Supplement 1 Table S5).

3.5 Estimated ridership selection probabilities by app type, by ride purpose, and by
infrastructure type

3.6.
bias

Whereas Figures 1 and 2 illustrate patterns of reported ridership at the person level, Table 5
shows expected ridership at the ride level. The ride-level data, estimated by extrapolating
rider-described typical rides to a one-year period, allow app use to vary both between and
within individual users. Table 5 shows the estimated selection probabilities—the likelihood
that a given ride for a given respondent was recorded by an app—based on the participant’s
response to questions about frequency of app use and the ride’s purpose. A total of 34.6% of
the rides were estimated to have been captured by any app, 29.0% by fitness apps, 8.2% by
planning apps, 10.4% by Map My Ride, 9.5% by Strava, and 8.1% by Ride Report. In
comparison, at the person-level, 39% of cyclists reported use of any app, 33% of a fitness
app, and 9% of a planning app (Table 4). Of all the estimated distance traveled by cyclists in
the ride-level data, 47.2% was estimated to have been recorded by any app, 42.0% by a
fitness app, 7.9% by a planning app, 18.1% by Map My Ride, 16.8% by Strava, and 7.7% by
Ride Report.

For each app type, the estimated selection probabilities differed by ride purpose. For
example, an estimated 40.9% of leisure rides but 25.1% of commutes were recorded by a
fitness app, whereas an estimated 4.7% of leisure rides but 9.4% of utilitarian rides were
recorded by a planning app. The selection probabilities also varied by type of bike
infrastructure. For example, of all the distance ridden on hard-surface multi-use trails, 39.4%
was estimated to have been recorded in a fitness-oriented app, while 20.8% of distance
ridden on protected bike lanes was estimated to have been recorded in a fitness-oriented app.

Illustration of use of infrastructure-specific selection probability to avoid selection

Finally, we consider a hypothetical scenario in which the infrastructure-specific selection
probabilities can inform research. Suppose researchers are interested in assessing the relative
rate of a bike crash per distance ridden on protected bike lanes compared with conventional
bike lanes in City A and that the researchers use one year of data from Strava to estimate the
distance ridden on these lanes, e.g. using values from Table 5. (Of the three most commonly
used apps in our study, we choose Strava for the illustration because it is frequently used for
research, e.g., #6826 The researchers also acquire one year of data with geo-located bike
crashes from a registry maintained by the local Department of Transportation, allowing the
crashes to be assigned to infrastructure. To account for the fact that the denominator for the
crashes ought to represent all cyclists in the area, not solely app users, the researchers weight
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the bike-distance from the app by the inverse of the overall expected proportion of ridership
recorded by the app, i.e., weighting by the inverse of the selection probability.2> Suppose
they use data from the present study for this calculation, which estimates, overall, that 16.8%
of distance ridden was recorded in Strava (Table 5). Under this scenario, the ratio comparing
the rate of crashes on a conventional bike lane with that of a protected bike lane is 1.01
(Table 6).

Although it may be plausible that protected bike lanes are equally or more dangerous than
conventional bike lanes, the null result is surprising to the researchers, who expected
protected bike lanes to have a lower rate of crashes.2”28 The researchers posit that the null
association may be due to selection bias, or a distortion in the measure of association due to
the way in which the sample was selected. Accordingly, the researchers incorporate
Infrastructure-specific selection probabilities of bike distance (from Table 5) rather than the
overall selection probability and re-tabulate the results (Table 7).

In the revised calculation, the researchers estimate that the rate of crash per bike-kilometer
ridden is 1.27 times as high on conventional bike lanes as that on protected bike lanes, a
result more consistent with the researchers’ hypothesis. The rate ratio changed because the
differential use of infrastructure in the app data changed the denominator of each rate.
Assuming the results from Table 7 reflect the hypothetical truth, the results in Table 6 are
biased down and towards the null.

4. Discussion

In this sample of cyclists from Atlanta, Georgia, USA, cyclists who used GPS-based
smartphone apps to record their bike rides were, on the whole, similar to those who did not
by socio-demographic characteristics but differed in several bike-riding characteristics. App
users rode more frequently and were more likely to self-describe as stronger and more
fearless riders. In addition, by analyzing the reported routes of participating cyclists, we
estimated that ridership captured by an app included a smaller proportion on some types of
bike infrastructure, including protected bike lanes, compared with the overall proportion of
ridership captured. As illustrated in a sample calculation, such differences, if ignored, may
give rise to selection bias in cycling-infrastructure research relying on smartphone-generated
data. The method applied in the sample calculation, inverse-probability-of-selection
weighting2425 with selection-probability estimates specified for each stratum of exposure,
may be used to adjust for this bias.

4.1. Representativeness

4.1.1. Socio-demographics—As smartphone-generated data are increasingly used for
surveillance in planning and public health, understanding their representativeness across
socio-demographic factors is important. The socio-demographic distribution of the app users
differed slightly by whether they reported using fitness or planning apps. Results from this
study agreed with previous research suggesting users of fitness-oriented apps, such as
Strava, tend to be majority male (77% in this study),*2:8:10 although the proportion male
was similar to that of non-app-using cyclists in this study (72% male), cycling commuters in
the city’s county in a 2011 travel survey (79% male),20 and the U.S., generally.2® In contrast
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with previous literature, which has shown that fitness-oriented app users tend to over-
represent the 25-44 age range,*58.10 fitness-oriented app users were similar in age to both
non users in this study and to cyclists in the agency travel survey. Users of planning-oriented
apps were also similar in age to the non-user groups, but in contrast with previous research,
were majority female.” Understanding the distribution of age and gender of app-using
cyclists is important as data from app-generated data sources are considered for physical-
activity surveillance.30

To our knowledge, this is the first study to assess the racial and socioeconomic distribution
of users of fitness-oriented cycling apps. Users of fitness apps had a similar racial
distribution to non-users and were more diverse than commuters in the 2011 travel survey,
although individuals identifying as Hispanic were not represented among the fitness-oriented
users. This result is somewhat reassuring for future public-health surveillance efforts which
may use smartphone data to monitor racial disparities in physical activity.31 On the other
hand, compared with previous research which showed that Hispanics were well represented
among planning-app users,’ this study’s results suggest app data may not be sufficient to
understand the patterns of Hispanic cyclists, a racial group with a disparately high
prevalence of physical-activity-modifiable chronic diseases,32 who, in the U.S., is expected
to cycle for utilitarian purposes at a level similar to other racial groups.33

With respect to SES, users of both app types had a similar if slightly higher household
income than non-users in this study and cycling commuters in the local travel survey. This
result suggests that app-generated sources of cycling data may serve as a fair but not
completely adequate source with which to estimate cycling levels in lower-income
populations and is consistent with results reporting individuals of lower SES use wearable
activity monitors less frequently than their higher-SES counterparts.30

4.1.2. Bike-riding frequency, cyclist type, and ride purpose—Previous research
has found, in general, a fairly high correlation between patterns in app-generated data
sources and those from traditional counting methods, in particular in dense, urban areas.
458-10.26 Dye to the anonymization of the data in these studies, person-level cycling
characteristics were not examined. In the present sample of cyclists, app users, particularly
fitness-app users, rode more frequently and rode a greater weekly distance than their non-
app-user counterparts. This result is consistent with studies finding higher physical-activity
levels among users of wearable activity trackers.3%:34 Surveillance relying on such datasets
to estimate per-person cycling levels may thus be an overestimate. These results, taken
together with the fact that fitness-app users were more likely to self-classify as strong and
fearless, support the notion that users of fitness-apps such as Strava and MapMyRide tend to
be experienced, frequent, and enthusiastic cyclists. Nonetheless, all groups of cyclists,
including fitness-app users, were most likely to report a utilitarian ride as their most
common, which serves as evidence against the perception that users of fitness-apps
exclusively ride for recreation or exercise. Still, a sizeable share of app users (21%) reported
only using an app to record their exercise rides and not their commutes. This tendency
suggests that app-generated ride data may over-represent recreational rides even if the
individuals contributing to the data frequently also ride for utilitarian purposes.
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4.2. Addressing selection bias due to reliance on smartphone-generated data

A lack of representativeness does not necessarily give rise to selection bias in an etiologic
sense if the lack of representativeness does not distort the association between the exposure
and outcome of interest.25 In this study, we assessed patterns by infrastructure, possibly an
exposure of interest. Some studies have suggested that trips recorded with an app are less
likely to deviate to take improved bike infrastructure, such as multi-use trails or protected
bike lanes.>8 In an earlier study from Atlanta comparing ridership from a fitness app and a
planning app, both groups showed preferences for off-street infrastructure with a stronger
preference in the planning-app ridership.11 The present study found similar results, with
some variation between preferences at the person and the ride level. App users were equally
as likely to verbally report deviating for better bike infrastructure as non-users, and the
proportion of estimated ridership on infrastructure was generally similar between individuals
in each user group. However, at the ride level, fitness apps, especially Map My Ride,
captured less of the estimated ridership on protected bike lanes than on multi-use trails. This
distinction emerged partly because many respondents stated only recording leisure rides and
not commutes, and leisure rides had a greater share of estimated distance on trails.

The application of the estimated infrastructure-specific selection probabilities to the
hypothetical example of infrastructure on bike crashes illustrates how selection bias can
manifest if selection probabilities specific to each level of the exposure are not considered.
Although the empirical estimates of the selection probabilities by ride purpose and by
infrastructure may serve as a useful starting point for other settings, the specific values may
not be transportable. In general, app use was high in this sample (e.g., 18.1% of ridership
was recorded in Map My Rideand 16.8% in Strava). Other studies have estimated that, for
example, between 2% and 10% of ridership is captured in Strava.410:35.36 The high level of
app use reported here may be because many of the participants were frequent cyclists (46%
rode 5 or more times per week), and cyclists reporting riding more frequently also reported
more app use per ride (Table 4). Still, although the absolute values may not be directly
transportable, we conjecture that the relative rank of the ride-purpose and infrastructure-
specific probabilities may be applicable to other settings, at least in low-cycling populations
and in the absence of concerted app-promotion efforts. For example, if, in a given setting it
can be determined that 5% of utilitarian rides are recorded in Strava, results from this study
may serve as prior evidence that the proportion of leisure rides recorded in Strava is higher
than 5%.

While the empirical results may not necessarily generalize to Atlanta or elsewhere, the
framework we present ought to be broadly applicable, assuming selection probabilities can
be estimated. If selection probabilities are inestimable, sensitivity analyses may be
conducted, asking the question, how different would the selection probabilities have to be
across the levels of the exposure of interest to meaningfully change the effect estimate?37:38

On a related note, if an app were to capture the outcome of interest, e.g., by crowdsourcing
the reporting of bike crashes,3? and the distribution of exposure were captured through

another means, perhaps a separate app, then selection bias may manifest similarly with the
outcome variable and could be adjusted using the same basic method (inverse-probability-
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of-selection weighting).2> A similar approach has been described when the goal is
generalizeability or transportability of results rather than internal validity.40:41

Although bias analyses are often appropriate, there may be situations in the bike-app context
in which they are less necessary. For example, in the Netherlands, it was reported that over
50,000 cyclists used an app called Bike PRINT during the country’s National Bike Counting
Week.#2 The high use was attributed to a successful mass-media marketing campaign during
the event by the government and other stakeholders. If the app is promoted widely, and all
sectors of the bike-riding population have roughly equal access to it, then adjustment via
stratum-specific selection probabilities may not be necessary. The key question to ask is
whether the proportion of ridership captured in the app is expected to differ across levels of
the exposure of interest. The answer may be yeseven in high-cycling populations with high
app use.

4.3. Strengths

A strength of this study is its venue-based-survey methodology, which allowed us to
characterize the types of people who use smartphone apps, resulting data from which can
serve to augment the existing studies which used counts of ridership to assess the validity of
data from app-generated sources.*>8-11 From these surveyed cyclists, we gathered
information about complete routes, which is typically obscured in the data-delivery process
of app-generated data to protect user privacy and may thus only be available through
primary data collection. In addition, we drew a large portion of our sample from open-streets
events whose attendees, were, if not entirely representative of Atlanta, quite diverse.12

4.4. Limitations

The empirical results ought to be considered with the study’s limitations in mind. First,
although we endeavored to sample cyclists at a broad range of places, neighborhoods, and
times, the sampling method was subject to bias in at least three ways. First, places with
higher bike traffic were over sampled; due to time constraints, we did not always stay for
long in places with no evident bike traffic. Thus, cyclists who visited places less traveled
were less likely to be sampled. Second, surveyed cyclists were more likely to be frequent
cyclists, as the data evince, because they had to be out riding their bike to be approached for
the survey. Third, the venue-based sampling method precluded us from approaching cyclists
who did not stop along their ride, possibly under-representing cyclists who rode only for
leisure.

Sampling people by postal mail or with the internet may have partly avoided these biases,
but we decided against those methods due to an expected low response rate. The third
limitation may have been avoided by intercepting cyclists along their route. We chose not to
survey this way, as others have,%344 because we expected a lower response rate and having
to shorten our questionnaire. Moreover, the method of intercepting cyclists would ideally be
informed by expected bike-traffic data with which to plan survey time.*> We did not have
such data, so that method may have been subject to the same frequent-cyclist bias as was our
venue-based approach: effectively sampling time rather than people. Despite potential biases
in the sampling method, the resulting sample was similar across many demographic
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characteristics to cycling commuters from a local travel survey,20 suggesting the results may
cautiously be considered representative of frequent, relatively higher-SES cyclists in the
Atlanta area.

Another limitation is the small sample size, which gives rise to the chance that the
conclusions are subject to random error, particularly in subgroups. Similarly, protected bike
lanes were not very common in the Atlanta area in late 2016, so reported patterns of use of
this infrastructure type ought to be considered with caution. Nonetheless, app users and non-
users lived a similar distance from each type of infrastructure (Table 3), so the low amount
of protected bike lanes is unlikely to have altered conclusions. Finally, in simulating the
ride-level data, we made a simplifying assumption that the reported ride-frequency and app-
use patterns would remain constant over one year, which we expect is reasonable in
aggregate given respondents reported their ‘typical’ rides.

5. Conclusions and implications for public health and policy

Data from smartphone apps are increasingly used for monitoring and evaluation of cycling,
which brings about two chief concerns this study sought to address. First, on the issue of
representativeness, results from this Atlanta sample suggested that app users were similarly
diverse by race and had slightly higher SES compared with non-users, although Hispanic
individuals were not represented among app users. Second, on the issue of selection bias in
etiologic bike-infrastructure research, the varying infrastructure preferences between
ridership estimated to have been captured and not captured by an app may give rise to bias
of considerable magnitude. The method presented to adjust for this bias, inverse-probability-
of-selection weighting,24-25 may be useful for future etiologic bicycling research using
smartphone-generated data. To facilitate the use of this method, we encourage future studies
relating app-generated ridership with stationary counters to report the overall selection
probability and, if possible, selection probabilities across levels of exposures of interest,
such as types of infrastructure.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights
. App users were similar to non-users by gender and race and had slightly
higher income.
. App users were more frequent cyclists with a greater share of rides for

exercise or leisure.

. The estimated proportion of ridership captured by an app differed by some
types of infrastructure.

. An example calculation shows how these differences may induce selection
bias in etiologic research.

. Inverse-probability-of-selection weighting is illustrated as a method to adjust
for selection bias.
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Comparing the estimated weekly distance ridden and the percent of which for utilitarian
purposes between cyclists who used any app (n=37), those who did not (n=58), those who
used a fitness app (n=31), and those who used a planning app (n=9) in a sample of 95
cyclists from Atlanta, GA, USA. Three cyclists reported using both fitness apps and
planning apps. Note, one fitness-app user was estimated to have ridden more than 250

weekly km.
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Comparing the percent of weekly distance ridden on multi-use trails, protected bike lanes,
buffered bike lanes, conventional bike lanes, and shared-travel lanes (sharrows) between
cyclists who used any app (n=37), those who did not (n=58), those who used a fitness app
(n=31), and those who used a planning app (n=9) in a sample of 95 cyclists from Atlanta,
GA, USA. Three cyclists used both fitness apps and planning apps. Note: the values of some
cyclists are above the x-axis limit: protected bike lanes (app-users=2, non-users=2, fitness-
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app users=2); buffered bike lanes (app-users=1, non-users=4, fitness-app users=1);
conventional bike lanes (app-users=1, non-users=4, 1 fitness-app user).
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Table 1.

Criteria for app-use groups.

Group

Criteria

Non-user

Less than occasionally uses any app to record rides

Any-app user

Uses any app to record rides at least on occasion

Fitness-app userl

Uses a fitness-oriented app to record rides at least on occasion

. 1
Planning-app user

Uses a transportation-planning-oriented app to record rides at least on occasion

1 - . .
Because participants could use multiple apps, these groups are not mutually exclusive.
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Table 2.
App-use behavior of respondents (N=95).
n %
Ever uses an app to record bike rides 43 | 45%
Frequency of use‘Z
Every ride 20 | 21%
On most rides, including most commutes and most recreational rides 4 4%
Only for recreational or exercise rides 9 9%
Only for commutes 0 0%
On occasion, but no pattern 4 4%
On phone, but never or very rarely 4 4%
Missing 2 2%
App-use group
Non-user 58 | 61%
Any-app user 37 | 39%
Fitness-app user2 31| 33%
Planning-app userz 9 9%
Reported use of app at least on occasion, by app3
Fitness-oriented
Map My Ride 12 | 13%
Strava 11 | 12%
Garmin Connect 5 5%
Moves 4 4%
Google Fit 2%
Samsung S Health 2 2%
Jawbone Up 1 1%
Nike+ 1 1%
Runkeeper 1 1%
Trails 1 1%
Transportation-planning-orfented
Ride Report 9%
Cycle Atlanta 1 1%

1 . . . .
If respondents report using more than one app, this value represents their use pattern for their most frequently used app.

2 - .
Three participants used both app types at least on occasion.

3More than one app possible per respondent.
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Table 6.

Page 28

Hypothetical study of bike infrastructure on crashes using ridership data from a fitness-oriented app and an
overall selection probability to upweight bike-distance.

Conventional bike lane

Protected bike lane

Crashes

55

8

Bike-distance ridden (km)

5,178 *(1/0.168) = 30,821

763%(1/0.168) = 4,542

Crash rate per bike-km ridden

0.00178

0.00176

Rate ratio

0.00178/0.00176 = 1.01
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Hypothetical study of bike infrastructure on crashes using ridership data from a fitness-oriented app and
infrastructure-specific selection probabilities to upweight bike-distance.

Table 7.

Conventional bike lane

Protected bike lane

Crashes

55

8

Bike-distance ridden (km)

5,178*(1/0.145) = 35,710

763*(1/0.116) = 6,578

Crash rate per bike-km ridden

0.00154

0.00122

Rate ratio

0.00154/0.0012 = 1.27

J Transp Health. Author manuscript; available in PMC 2020 December 01.

Page 29



	Abstract
	Introduction
	Methods
	Venue-based sampling
	Survey administration
	Measures
	Bicycle infrastructure
	Bike-riding habits and routes of common rides
	Length of bike rides and distance ridden overall and on
infrastructure
	Use of smartphone app to record bike rides
	Socio-demographic characteristics and access to infrastructure

	Person-level analyses
	Estimating ridership captured by smartphone data
	Illustration of use of selection probabilities to recover from selection
bias

	Results
	Study population
	App use of participants
	Socio-demographics
	Bike-riding habits of respondents
	Bike-riding frequency, cyclist type, and ride purposes
	App-users vs. non-users
	Fitness-app users vs. planning-app users

	Person-level patterns on infrastructure

	Estimated ridership selection probabilities by app type, by ride purpose, and
by infrastructure type
	Illustration of use of infrastructure-specific selection probability to avoid
selection bias

	Discussion
	Representativeness
	Socio-demographics
	Bike-riding frequency, cyclist type, and ride purpose

	Addressing selection bias due to reliance on smartphone-generated
data
	Strengths
	Limitations

	Conclusions and implications for public health and policy
	References
	Figure 1.
	Figure 2.
	Table 1.
	Table 2.
	Table 3.
	Table 4.
	Table 5.
	Table 6.
	Table 7.

