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In 2015, Google began a new transportation demand management program designed to
increase bike commuting to their two main corporate campuses in Mountain View and
Sunnyvale, CA, United States by lending conventional and electric assisted bikes to
employees at no cost to them. Following the lending period, Google incentivized bike
purchases, among many other program co-benefits to increase bike commuting. Using a
series of bivariate and multivariable analyses, we estimate the program led to average bike
commute increases of approximately 1.7–2.3 days per week, roughly a tripling of prior bike
commute rates for participating employees. After the program, bike rates of participants
diminished slightly, but were still greater than baseline (increase of 1.3–1.9 days per week).
Furthermore, nearly all the increases in bicycling are likely attributed to decreases in single
occupancy vehicle (SOV) commuting. This study offers a first look at the potential for bike
lending as a transportation demandmanagement strategy for large employers in suburban
settings which can help other employers design their own programs.
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1 INTRODUCTION

Barriers to bike commuting are well documented. Concern for traffic safety and distance (or travel
time) top the list as some of the strongest (Dill, 2009; Heinen et al., 2010; Xing et al., 2010; Fowler
et al., 2017). While improving street design for bicycling is badly needed in most United States cities,
education, encouragement, and incentive schemes within transportation demand management
(TDM) programs can provide synergistic benefits for increasing bicycling by focusing on
reducing other barriers (Litman, 2021).

Bike ownership is a prerequisite for bike commuting (except in locations with one-way bike
shares) and has been shown to be strongly correlated with bicycling in general (Handy et al., 2010).
Other than the cost burden of purchasing a bike, little is known about the motivations for acquiring a
bike. In at least one study, evidence suggests that socio-demographics and travel attitudes influence
bike ownership, but the direction of causality is not clear (Ramezani et al., 2021). In many studies of
bike commuting, bike ownership is assumed to be jointly made with the decision to commute by bike
(i.e., if someone decides to bike commute, they will buy a bike to do it). However, this assumption is
particularly problematic if barriers to ownership preclude people from considering bike commuting.

Electric assisted bikes (e-bikes) have been shown to strongly increase bicycling and decrease
driving, more so than conventional bikes (Fitch, 2019). E-bikes afford greater commute distances
because riders can travel at faster speeds with less effort, which is especially true of hill climbing. This
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travel time reduction canmake e-bicyclingmore competitive with
driving in many environments, and for shorter commutes often
makes e-bicycling the fastest door-to-door commute mode.
E-bike lending has been examined in a variety of contexts, but
perhaps the best available evidence comes from studies in
Norway. In a series of studies with brief e-bike lending
periods, large increases in bicycling and reductions in driving
were found (Fyhri and Fearnley, 2015; Fyhri et al., 2016; Fyhri and
Beate Sundfør, 2020). In less robust evaluations, several European
studies in the grey literature have demonstrated large increases in
bicycling and decreases in driving, the latter of which is
particularly apparent for commuting purposes (Haubold, 2016;
Fitch, 2019). While the evidence is less clear in North America,
from the few available studies, consistent with the European
experience, e-bike owners replace driving for a large percentage of
trips (Lamy, 2001; MacArthur et al., 2018). The potential for
e-bicycling to substitute for driving is perhaps greater in North
America where driving is a more dominant travel mode. This is
especially the case for commuting to work. While e-bikes hold
promise for increasing bicycling, conventional bicycles are still
the dominant form of bike commuting in the United States.
Conventional bicycles have a few important advantages (e.g., less
expensive, less prone to theft, less maintenance costs), and for
those who seek a commute that also satisfies fitness goals,
conventional bicycling does require more energy expenditure
[e-bikes still provide important health benefits, see Sundfør and
Fyhri (2017)].

While e-bike and bike lending have been a part of some
employer-based and university TDM programs in the
United States, there have been few evaluations of their results.
In one university bike lending program, bicycling to campus rose
but had little effect on car use (Armstrong, 2010). A much smaller
lending program (30 bikes, 10-week lending period) to three large
employment campuses in Portland, Oregon showed substantial
increases in bike use (MacArthur and Kobel, 2016). However,
that study included mostly existing bike commuters, had no
regularly reported trip data (only one mid-program survey),
and the sample size for some evaluations were very small (e.g.,
n = 37 for mid-program bicycling use). The lack of robust bike
lending evaluations is likely due to the rarity of the programs in
the United States, but also due to the challenges of evaluating real-
world TDM programs. Bike and e-bike lending programs are
often one facet of a broad suite of programs to encourage
reduction in driving or other related TDM goals. For example,
evidence suggests that policies that combine education and
encouragement interventions with infrastructure investments
see synergistic effects (Pucher et al., 2010). Along with
encouragement/education campaigns, regular and ongoing
monetary incentives are another potential synergistic option.
For example, a study of a TDM program to decrease peak car
travel to a large college campus showed that monetary incentives
can strongly influence travel behavior (Zhu et al., 2015). Not only
can incentives be synergistic with mode expansion (e.g., bike
lending), but so can disincentives for driving. The high societal
cost of providing free parking has been well documented (Shoup,
1997b) and many TDM strategies to reduce single occupancy
commuting are thwarted by plentiful parking (Nozick et al.,

1998). Until parking costs are borne on commuters, TDM
strategies are essentially competing against car commuting
subsidies in the form of free parking. Given the rising value of
urban land making parking extremely costly, successful parking
cash out reforms (Shoup, 1997a) are likely to form a strong
synergy with bike lending in getting more people to consider bike
commuting. However, evaluations of these potential synergies are
needed.

One-way bike shares are another potential strategy to reduce
the burdens of owning and operating a bike for commuting. Bike
shares operated by or for cities typically have commute users, but
corporate bike share (like the one at Google) are not designed for
commuting. Instead, they are designed for trips between
buildings on the corporate campus or to nearby locations
during the workday. So while city-level bike shares could be a
good investment to spur bike commuting, corporate bike shares
haven’t historically had operational areas that have allowed them
to be used as a commute strategy.

In this study we focus on evaluating the effectiveness of a large
(possibly the largest) employer sponsored (Google) bike and
e-bike lending program in North America. We have two
primary research questions: 1) how did the lending program
effect bike commuting? And 2) how did the lending program
effect single occupancy vehicle (SOV) commuting? We also
examined other factors that provide insight into the program
effectiveness and discuss the potential for bike lending as a
strategy for other large employers to achieve similar goals. To
our knowledge this is the first large scale evaluation of a corporate
commuter bike lending program in North America, so it is
expected to spur more programs and more research on this topic.

2 MATERIALS AND METHODS

2.1 Case Study: Google Bike Commuter
Program (Bike and E-Bike Lending)
Google’s headquarters, where most of its employees commute
daily (prior to the COVID-19 pandemic), is in two suburban
office parks: one in Mountain View and the other in Sunnyvale,
CA, United States. Both office parks were originally designed to
prioritize vehicular travel, but Google uses TDM strategies to
increase the sustainability of its workforce’s commuting,
including its commuter shuttle program (GBus), subsidized
public transit passes, free bikes, vanpools and microtransit
options, and subsidized carpool rides. Although parking is also
free and available on a first come, first serve basis, less than 50%
percent of Google employees commute by single occupancy
vehicle (SOV), and the bike mode share is roughly 5–6
percent of commutes.1

As part of their TDMprogram, Google sought to increase their
near-term bike commuting mode share to 10%, with a long-term
goal to reach 20%. Following an initial survey of bicycling to
campus which indicated bike ownership and worry about
maintenance were primary bike commute barriers, Google

1Results based on Google’s internal annual travel survey.
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began a pilot program that loaned high-quality electric-assisted
bicycles to use at no cost to interested employees. Included in the
offering was free maintenance, helmet, lock, lights, and
emergency van pick-up or drop off service. As the pilot
program grew in popularity and success, it became a full
program that required participating employees to commute by
bike for 60% of their commute days and log their commute trips.
At the end of the six-month program, participants received a $300
subsidy to purchase a bike (or e-bike) in addition to discounts
from participating local bike shops during sales events held on
campus and at bike shops directly. Over time, the lending
program has grown to include more than 2,600 participants
since 2015 (the beginning of our study period) and has
included many changes to the program including expanded
bike options (non-electric commuter bike) and participation
through the end of 2019 [see Fitch et al. (2022) for more
program details]. The program continued to evolve
throughout the years as program managers received feedback
and learned from participants. A six-month lending period was
used based on evidence that suggests that many habits take a long
time to form (Lally et al., 2010). Some of the selection criteria and
rules for the program targeted employees who commonly drove
to work, did not have access to a working bicycling, lived within
20 miles from work, had a safe place to lock their bike at home,
agreed to program audits and surveys.

2.2 Data
We synthesized anonymized survey and trip data collected as a
part of the program operations and compliance and summarized
the trip data at the person level in three phases: before program
participation (before), during program participation (during),
and after program participation (after) (See Table 1). Trip
data was collected by Google in one of two ways: 1) self-
reported daily commute data (reported every month) through
an online form, or 2) use of an integrated smartphone app
(Strava). Participants who chose to report trips through Strava
had each commute distance measured by the Strava app,
otherwise participants’ commute distance was self-reported at
the beginning of the program and assumed to be constant
through the life of the program unless reported to have
changed by the participant. We included all program
participants who recorded trip data during the program in this
study and retained trip data within 1 year prior to and any time
during and after graduation from the program. Trip data was only
required for the during phase (while employees were loaned a
bike) which is why the unique person-commute days for the
before and after phases are much lower (Table 1).

To administer the program, Google collected data from
participants in two surveys, an application survey (before

program enrollment) and an exit survey (after program
graduation). Because the program went through many changes
from launch in 2015 through the end of this study period
(December 2019), the survey data from different date ranges
required some synthesis and organization. In total, application
survey data was stored in six spreadsheets, and we merged
questions with slight changes in wording where possible (see
Supplementary Material for details). Most application surveys
included key variables in the modeling and analyses. The primary
variables in the application data are anonymized person id,
application date, primary mode, weekly frequency for each
mode, commute distance, and commute time. Nearly all
participants reported all these variables in our study sample
(82 percent of study participants had some application survey
data), but the same is not true of the exit survey. Only 34 percent
of study participants completed the exit survey. This is likely
because the participant already received their bike subsidy and
graduated from the program prior to being recruited to take the
exit survey. For this reason, we only use exit survey data for
ancillary analyses, not for the primary program evaluation. The
exit survey asked many questions about the program and
collected comparative commute data, such as primary mode,
commute time, and bike frequency before and during the
program.

In addition to survey data, data on when participants received
a bike and when they graduated from the program was used to
help define person-specific study phases (before, during, and
after) described below in data cleaning and pre-processing.

2.3 Data Cleaning and Pre-Processing
We cleaned and organized the raw data into person level and trip
level data for the primary analyses. We synthesized the raw trip data
into commute data by examining trips within normal commute time
windows to Google’s two campuses. Because compliance was
conducted at the commute level (to and from work) we
summarized trips into morning and afternoon commutes by time
of day. For our analysis, trips during themid-day and evening periods
were ignored. We explored the differences between morning and
afternoon commute mode patterns and found them to be nearly
identical (only rarely were participants commuting by different
modes within a day). Because of this pattern, we chose to focus
on morning commutes only for this evaluation. Within some
morning periods, participants traveled by multiple modes (e.g.,
biked and took GBus to work). We wrote a rule-based algorithm
based on timestamps of different modes to determine if people were
making multimodal morning commutes and classified them as such.
We inferred the use of an integrated app by the number of digits
recorded for the trip distance, which likely indicated whether the trip
was recorded manually or using an app.

TABLE 1 | Sample size by evaluation phase.

Program phase Unique months Unique persons Unique person-commute days

Before 66 1,707 73,910
During 55 2,663 224,415
After 43 1,033 120,140
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We determined the person-specific program phase (before,
during, and after) based on the bike issue and return dates, and
graduation2 date. Because of missing data for some bike trip logs
and graduation, we had four scenarios for determining program
endpoints (all participants had bike issue dates that determined
program start point): 1) if the participant had a bike return date,
those were used, 2) if the participant had a missing return date,
but had graduation data, the graduation date was used as the
endpoint; 3) if return and graduate date were missing, but the exit
survey was available, the eligible subsidy date was used as the
endpoint; 4) if none of the above dates were available, the
endpoint was assumed to be 6 months (the normal length of
the lending period) after they were issued a bike. All participants
recorded trips during the program, but only some participants
recorded trips before and after the program (Table 1). The
reasons for recording trips before and after the program are
likely for concurrent TDM programs such as obtaining other
commuter benefits,3 but because we do not know the motivation
for each person, we did not speculate on other policy variables in
our analysis.

Because of the large amount of the data (Table 1) and the focus
of our analysis on the general program evaluation, we aggregated
daily commute data for modeling. First, we aggregated workdays
at the month level (subtracting holidays, out-of-office, and
telework) to estimate physical commute days per month per
participant. At the month level (e.g., March 2017), some level of

seasonality and some level of specific weather events are adjusted
for in our analysis (e.g., a historically rainy May 2018). The
process of cleaning and synthesizing data is summarized in
Figure 1. We also removed trip data that occurred more than
1 year prior to the start of the bike lending period. We did this
because in our summary statistics we noticed many participants
had biked to work many years before the program, but not within
the immediately preceding year. This decision makes our
evaluation of behavior change from trip data based on the
most recent prior year of travel.

2.4 Analysis
We found no prior studies that evaluated bike lending within
TDM. While some small sample size studies of e-bike
interventions had reliable measures of travel and included a
control group (Fyhri et al., 2016; Fyhri and Beate Sundfør,
2020), their methods were designed to take advantage of their
data and control group [e.g., used one-way between groups
analysis of variance (ANOVA)]. In our case, our data has
more uncertainty, the study was not designed as an
experiment (we treat it as such post-hoc), and our sample size
was considerably larger. Because of these differences, we chose to
analyze our data using the following methods. We evaluated the
program by first reporting bivariate statistics of the outcome
variables (bike and SOV commuting rates) with key control (e.g.,
distance) and program variables (phase). These statistics help
indicate the expected program effect and ground the latter
multivariable analyses. After the bivariate statistics, we use
generalized linear modeling to evaluate the outcomes that
considers the complexity of the data as it was generated, the
unique variation by each participant, and adjustments to the
estimated program effects based on key variables such as bike-
type and commute distance. Specifically, we estimate multilevel
(by person and by year-month) zero-inflated aggregated binomial
regression models. Conceptually the binomial models estimate
the likelihood of a participant bike (or SOV) commuting on a
given day in each year-month they reported commuting. Because
the data has more zero bike (or SOV) days than would be
expected from a binomial process, we included a parameter to
inflate the zeros to better ensure our model estimates are not
upward biased (See Supplementary Material for modeling
details). We suspect the added number of zero days is due to
people reporting no bike commutes for days in which they never
commuted (e.g., non-reported vacation or work-from-home), but
the extra zeros could have arisen from other unknown reasons.

Only some participants provided data on SOV commuting as
it was not required as a part of the program to report all modes of
travel. Therefore, we had less data to model the effect of the
program on SOV commuting and SOV commute mile reduction.
To ensure we didn’t include people who irregularly reported non-
bike trips, we used the following constraints to subset the data: 1)
a participant must have at least 8 weeks of commute data that
includes all travel modes during the program, and 2) the 8 or
more weeks with all commute modes must be 10% or more of a
participant’s total reported weeks during the program. These
constraints help ensure that we only consider data where SOV
commutes are being reported by participants and resulted in a

FIGURE 1 | Data cleaning and synthesis process.

2Graduation occurred when a participant successfully completed a 6-month period
of riding 60% of the time or more. Some participants graduated early to sync with
on-campus bike sale events.
3The commuter benefits program at Google incentivizes employees who bike to
work by giving them rewards (e.g., bicycling gear) in exchange for recording bike
trip data.

Frontiers in Future Transportation | www.frontiersin.org May 2022 | Volume 3 | Article 8867604

Fitch et al. Bike and E-Bike Lending TDM

https://www.frontiersin.org/journals/future-transportation
www.frontiersin.org
https://www.frontiersin.org/journals/future-transportation#articles


sample size of 893 participants with 99,498 total person-
commute days.

2.5 Limitations
The primary limitations for evaluating this program derive from
the lack of repeated and objective data on travel before and after
the program. This is a problem that plagues many TDM
programs because evaluation of program effectiveness is often
a lower priority compared to implementation, and because the
requirements for conducting high quality evaluations can (and
likely do) influence the program and lead to inequities in
implementation.

In this study, the before and after trip data are likely biased for
several reasons. The before trip data is likely biased to those
already bicycling to work (76% of the participants that report
before data report at least one bike trip before the program while
78% of participants report never bicycling in the before survey), a
sub-sample that is not the primary target for the program. The
after-trip data may also be similarly biased (97% of the
participants that report after-data report bicycling while only
76% of participants in the exit survey continued to bike).
However, the exit survey was completed by so few participants
(34%), it makes the survey responses unreliable estimates of the
entire program. This is partly because the exit survey was initially
only designed for those who did not graduate, but later adopted
for all participants. Even though the responses are few, they do
allow for trip reporting validation at the person-level. Even trip
data during the program has its limitations. Many person-weeks
had completely missing data and we were not able to determine if
this was because the participant forgot to submit data or didn’t
travel to work that week. We ignored these weeks in our analysis
which may have led to unknown biases.

We used the before survey data on commute behavior, but that
data is likely downward biased from people underreported
bicycling behavior prior to the program to get a bike. We
assumed that the before trip data was more accurate at the
person level (not population) and calculated two versions of
the program effects: 1) model predicted differences between
phases based on reported trip data, and 2) a comparison of
before survey data with model predicted during and after rates
from trip data. Each estimate has potential error and bias, and the
“true” program effect is likely to be somewhere in-between these
estimates. For SOV commutes, we only consider the before survey
data with the model predicted during data as the sample size for
before and after SOV commute data was very small.

During the bike/e-bike lending program, the commute
rewards program was also running, and many people chose to
participate in both. We attempted to account for the combined
programs versus unique programs, but because it was not feasible
to obtain dates for when people were trying to accumulate
commute rewards points (we only knew who had ever
redeemed a reward during the entire study period), it made
differentiating the effects of the lending program and the
rewards program impossible. Because the rewards program
was available to all participants during this study, we assume
that the effects we observe for the lending program are in fact the
effects of the combined programs.

Finally, several important person-level variables are absent
from this dataset. Most notably, Google does not collect
information about socio-demographics, household structure, or
any other travel that is not commuting. These and other variables
we assume did not bias our effects analysis but since we could not
account for them, they are of concern and should be controlled or
measured in future evaluations.

2.6 Data Reliability
Most of the data summarized and modeled in this report is self-
reported. While a small fraction of participants chose to link a
smartphone app to their account to automatically record bike
trips, the vast majority manually reported commute diaries
monthly. Manual commute diaries are subject to unknown
error, and since participants were required to bike 60% of
their time to be in program compliance, participants may have
over reported their bicycling during the program. However, a
comparison between the people who used the smartphone app
integration vs. those who manually reported their trips showed
very similar results, suggesting the manual reporting bias may be
small. Additionally, many participants self-reported bicycling less
than was required even knowing the requirement, another
indicator of potentially small bias in bike commute data. This
may be in part explained by the fact that while participants were
expected to commute 60% of the time with their bike, non-
compliance was only acted upon when the biking rate dropped
below 50%.

We performed one check on the reported bike commute
data during the program by comparing it to the self-reported
general bike commuting in the exit survey. We found that the
exit survey participants reported more bicycling than they did
with their trip data during the program (by about 44% on
average). However, the sample size was small for the exit
survey (since it was voluntary) and so we are less sure this
average generalizes to the entire participant population.
Because the exit survey suggested the bike commute data
during the program was under reported; or perhaps the
other way around, the exit survey was overreporting the
actual bike commuting, we chose not to make any
adjustments to the trip data.

Because of all these reasons, we made no adjustments to the
bike commute data for the during and after phases of the
program. However, the self-reported bike commute data
before the program was subject to different biases. The before
bike data may have been improperly deflated by potential
participants who may have thought that they wouldn’t receive
a bike or e-bike if the TDM managers knew they already bike
commuted semi-regularly. In fact, for the small subset of
participants who logged commute trips before the program
(within 1 year from the start) self-reported much fewer bike
commutes in the application. The error is primarily due to the
large number of participants reporting never biking to work but
who with trip data reported bike trips for other reasons. The
reported general bike commuting before the program is
downward biased by 19% on average, or the trip data is
upward biased by the same amount, or the true bias for each
is somewhere in-between.
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Finally, we examined the accuracy of self-reported commute
distance by comparing with the Strava estimated commute trips
for the select participants who used Strava. Figure 2 shows that

self-reported commute distance accurately represents mean
commutes, but considerable variation in commute distance
(perhaps from trip-chaining or detours for exercise) is not
accounted for when only reporting “regular commute
distance.” Importantly, the self-reported commute distance
was done based on driving for most participants, so the
comparison between self-report and Strava calculated distances
is not entirely apples to apples since bike routes could deviate
from car routes substantially.

3 RESULTS

3.1 Bike Commute Summaries
Person-averaged weekly morning bike commutes are plotted in
Figure 3 for each project phase. The number of participants with
data for during-phase commutes was much greater than the other
phases due to the commute reporting requirement of the
program, hence the smoother histograms in Figure 3.
However, even with differences in reporting, the trends in
weekly bicycling suggest the program greatly increased
bicycling and sustained it after the program. Only the before-
phase panel shows many commuters with a zero or near zero
weekly bike commute average, and while the during-phase shows
the most bike commuting, the after-phase maintains much of the

FIGURE 2 | Self-reported vs. Strava measured commute distance.

FIGURE 3 | Histograms of person-level average weekly morning bike commutes by project phase.
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same distribution. The outlying spikes in the histogram during
the before and after periods, except for the spike at zero, are from
people who reported less than 3 weeks of travel during those
periods and are not likely reliable person level means.

Figure 4 shows the distributions of bike commutes by project
phase like Figure 3, but also by self-reported general weekly bike
commuting at the time participants signed up for the program
(before data from the program application). While Figure 4
suggests the participants who were bicycling 3+ days per week
before the program biked the most during the program, the group
that never biked before ended up with the largest bicycling
increases, biking between 3 and 4 days a week in the during
and after phases of the program (just like the 3+ before bike
commuters). The last panel of plots in Figure 4 shows the
participants who didn’t report their prior bicycling. While they
are a substantial fraction of the participants, they biked at slightly
less rates on average, like the participants who reported 1–2 days
of bicycling before the program. Like in Figure 3, the results in
Figure 4 do not account for factors other than the program itself
and show similar outlying spikes for people with less than 3 weeks
of reported travel in the before and after phase. However, the
group means (dashed lines in Figure 4) suggest the greatest

program gains are from the participants who never bike
commuted prior to the program. Those that already biked 3+
times per week saw very little boost to their bike commuting on
average.

Although the program targeted non-bike commuters, the data
in Figures 3, 4 suggest many participants did bike commute prior
to the program. The non-zero values in the top left panel of
Figure 4 are most surprising since those are people who self-
report to never bike commute when filling out the program
application. Those non-zero values could have been due to
those respondents having bike commuted at a prior time
(before application), or they could be people providing false
information about their bike commutes to increase their
chances of being accepted to the program (see Section 2.6 on
data reliability).

Bike commuting by program participants was predominantly
done as a direct single mode commute. Less than 10 percent of
participants ever made multimodal commutes, and multimodal
commutes were a very small share of total recorded commutes
(1%). The small share of multimodal commutes was primarily
because the program disallowed the e-bikes on GBus and transit
because of their weight. Only 18 of the 2,712 participants made 80%

FIGURE 4 | Histograms of person-level average weekly morning bike commutes by project phase (row panels) by self-reported bike commute frequency (column
panels) before participation. Dashed vertical line is the group mean.

Frontiers in Future Transportation | www.frontiersin.org May 2022 | Volume 3 | Article 8867607

Fitch et al. Bike and E-Bike Lending TDM

https://www.frontiersin.org/journals/future-transportation
www.frontiersin.org
https://www.frontiersin.org/journals/future-transportation#articles


TABLE 2 | Zero inflated aggregate binomial bike- and SOV-to-work model summaries.

Variables Bike commute model SOV commute model

Mean Std. dev. Mean Std. dev.

Phase: before (intercept) −0.668 0.076 −6.363 0.514
Phase: during 1.921 0.056 2.918 0.482
Phase: after 1.511 0.067 2.004 0.509
Log (commute distance) −0.299 0.031 0.331 0.124
Phase: during × started before March 2016 −0.172 0.097 −0.043 0.304
Phase: after × started before March 2016 −0.513 0.165 0.045 0.579
Phase: during × bike type: e-bike −0.235 0.044 0.647 0.163
Phase: after × bike type: e-bike −0.246 0.075 0.876 0.321
Phase: during × strava use once or more 0.092 0.043 −0.463 0.140
Phase: during × skill: intermediate −0.099 0.037 0.242 0.122
Phase: during × skill: beginner −0.207 0.069 0.385 0.221
Phase: during × multimodal commute once or more 0.146 0.046 −0.062 0.227
Phase: during × strava use once or more × percent strava reported commute −0.869 0.088 0.540 0.289
Phase: during × multimodal commute once or more × percent multimodal commutes 0.392 0.182 0.296 1.434
Std. dev. (phase: before) [person] 1.651 0.043 4.799 0.446
Std. dev. (phase: during) [person] 1.500 0.041 3.760 0.404
Std. dev. (Phase: after) [person] 1.711 0.052 3.051 0.421
Cor. (phase: before, phase: during) [person] −0.804 0.012 −0.909 0.023
Cor. (phase: before, phase: after) [person] −0.670 0.021 −0.651 0.093
Cor. (phase: during, phase: after) [person] 0.823 0.014 0.815 0.053
Std. dev. (intercept) [year-month] 0.291 0.028 0.448 0.060
Zero inflation 0.044 0.002 0.150 0.008
Total participants 2,712 893
Total person-months 26,186 8,153
Total person-commute days 388,402 99,498

FIGURE 5 | Model predicted person-level bike-to-work rate during the program.
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or more of their bike commutes as multimodal trips. This is
important to consider because even though the behavior is rare,
those people who did make multimodal commutes with their
conventional bikes, bike commuted more often (see Section 3.2
below).

3.2 Modeling Results
The model results (as logit parameter summaries) are presented
in Table 2. The large values for the during and after phases
suggest the program substantially increased bicycling to work
for program participants. However, because of the potential
biases of the data and the complexity of two and three-way

interaction effects, we rely on predictive plots for most model
inferences. Person-level variation in biking to work is much
larger (more than three times) than monthly-level variation
(Table 2). We assume monthly level variation is determined
largely by weather patterns and seasonal vacationing (Figure 5).
Also, person-level variation in average bicycling to work is about
the same as the person-level variation in the effect of the
program on bicycling to work (Table 2). This suggests that it
is not a small subset of highly motivated participants that are
making the program successful, but instead the program works
for a wide variety of participants. Finally, program participants
who didn’t bike much before the program saw much larger

FIGURE 6 | Model predicted mean bike-to-work rate of bike-lending
participants by commute distance.

FIGURE 7 | Model predicted mean bike-to-work rate of bike-lending
participants by bike type.

FIGURE 8 | Model predicted mean bike-to-work rate of bike-lending
participants by commute type.

FIGURE 9 | Model predicted mean bike-to-work rate of bike-lending
participants by self-reported bicycling skill.
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effects of the program since the correlations between before-
and during-phase as well as the before- and after-phase were
strongly negative.

We examine some of the effects of important variables through
predictive plots (simulating predictions from our model holding
variables at their means or reference category). The simulations
have the benefit of showing the effect of variables on a meaningful
scale (the bike-to-work rate). Just like Table 2 indicated, Figure 5
shows that the person level variation (the range of lines from top
to bottom) is much larger than any predicted monthly level
change for a given person. Although program compliance was set
at 50–60 percent, many participants didn’t achieve that level of
bicycling on average. However, nearly all participants biked to
work 6 days a month or more (≥30%).

While winter months strongly reduced bike-commuting,
commute distance has an even stronger reduction effect
(Figure 6). Only the participants living within about 2.5 miles
from work were on average bicycling 60% of the time during the
program. At the same time, those with much longer commutes
(up to 12.5 miles) were still predicted to bike commute above 50%
on average. This finding suggests that bike and e-bike lending can
work to encourage bike commuting at longer distances than are
normally seen as “bikeable.”

The difference between participants who chose a conventional
bike instead of an e-bike was a surprise finding (Figure 7). On
average, the conventional bike participants were predicted to bike
to work at slightly greater rates compared to their e-bike
counterparts without considering commute distance. We
examined if the difference in bike commuting by bike type

FIGURE 11 | Model predicted bike-to-work rate of bike-lending participants by intervention phase from trip logs (before, during, after).

FIGURE 10 | Model predicted mean bike-to-work rate of bike-lending
participants by use of Strava app integration.
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varied by commute distance but found no substantial moderating
effect. Instead, after considering commute distance, the use of
conventional and electric bikes our model predicted equivalent
bike-to-work rates suggesting that e-bikes did not spur a lot of
long-distance commuting (results not reported). While these
results suggest conventional bikes may be a better choice for a
lending program (especially considering their cost differences),
we caution against the conclusion that conventional bikes alone
could have achieved the same program demand that a paired
conventional and electric bike lending program did. E-bikes have
a large advantage for longer commutes and have been shown in
many studies to increase use of bikes for transportation and car
replacement (MacArthur et al., 2014; Fyhri and Fearnley, 2015).
Many of the e-bike participants may never have participated had
only a conventional bike been available. Without a controlled
experiment where participants randomly get a conventional or
electric bike (something no TDM program could feasibly
tolerate), we cannot fully understand the effects of the
different bike types.

Another somewhat surprising finding was the slight increase
in bicycling during the program for participants who made
multimodal journeys to work (Figure 8). We considered any
bike journey to work multimodal if it included both the bike and
either a form of public transit or GBus (we didn’t differentiate
between GBus and public transit). However, making a

multimodal commute with the bike is rare compared to a
direct bike commute. It is only when people regularly make
multimodal commutes that we observe a strong increase in bike
commuting (Figure 8). Only conventional bike recipients were
allowed to make multimodal commutes, so the multimodal effect
is likely only applicable for conventional bicyclists.

Less surprising was the finding that more skilled bicyclists bike
commuted at greater rates during the program (Figure 9).
However, the fact that self-identified beginner bicyclists biked
on average nearly 60% of the time suggests that bike lending
programs do not have to only focus on advanced riders but can be
used to target commuters with a wide variety of skill levels.

Finally, the model predicted effect of integrating Strava rides
was negative (Figure 10). This either suggests that those who
integrated Strava rides bike commuted less than their
counterparts that chose to only self-report or only integrate
some rides, or it indicates an over-reporting of bike commutes
by self-reporters. With requirements to report bike commuting to
maintain the loaned bike, there is more reason to think the latter
explanation is more plausible, especially given that Strava app
integration is intended to streamline reporting and reduce
participant burden for those participants who already use
Strava. The Strava effect is quite small for the participants
who integrated Strava infrequently. But for those who used
Strava for 100% of their trip reporting (about 50% of people

FIGURE 12 | Model predicted bike-to-work rate of bike-lending participants by intervention phase from survey (before) and trip logs (during, after).
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who used Strava at all did so for 100% of their trips), the model
predicts they biked about 30% less on average (an 18 percentage-
point reduction). During the program, Strava integration was
very rare (only 7% of person-months included at least one Strava
trip), making this effect not that influential on program success if
indeed Strava integration made it less likely for people to
commute. However, if this effect is indicative of over-self-
reporting of biking by non-Strava users, then the program
effects we summarize below may be upward biased by a
considerable amount.

3.3 Predicted Program Effects
3.3.1 Bicycling to Work
We evaluated the effects of the program by predicting the
change in bicycling between the before, during, and after
phases using our model. Figure 11 shows the predicted
mean bike-to-work rates as well as the person-level
predictions. When predicting the program’s effect on bike
commuting with only trip data, the results suggest an increase
of more than 35 percentage points from before to during the
program, and about 28 percentage points from before to after
the program. This suggests the program caused substantial
gains in bicycling during the program but saw a medium
fraction of those gains lost after participants graduated from
the program.

We also compared the same person-level predictions for the
during and after phases with the survey data before
participation (Figure 12). Because so many participants
claimed to never bike to work before the program started,
this comparison shows even larger bike commuting gains from
the program. The benefit of this approach is that we have a
unified general measure of bicycling right before the program.
However, only 1,656 of the 2,712 participants (61%) reported a
before measure of bike commute frequency making this
approach likely systematically biased. Further, because we
don’t have model estimates for the before survey data, we
can’t predict before bike commuting for the missing responses
like in the prior approach which means Figure 12 only
includes a subset of participants (n = 1,656). Also, the
applicants that did report bike commuting in the
application could have been inclined to report less bicycling
to work to increase their chances of getting a bike in the
program. Nonetheless, using the survey as a baseline suggests
that the program had a larger effect (close to 47 percentage
point increase). The true program effect may be somewhere in
between these estimates, although if the hypothesis that the
Strava effect indicates systematic self-reporting bias the true
effect could be roughly 30% less. In either analysis, including
the potential over-reporting bias, the effects of the program on
bicycling are clear. During program participation, bicycling to

FIGURE 13 | Model predicted SOV-to-work rate of bike-lending participants by intervention phase from survey (before) and trip logs (during).
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work is at its highest with more than 60% of commute trips by
bike on average for participants. After participants graduate,
they bike to work less than during the program, and the models
predict bike commuting occurs greater than 50% of the time on
average. Although we didn’t use the after-survey data in this
analysis the modeled after effect is somewhat confirmed by the
self-reported “rate of continuing to bike” in the after survey
(76%) (i.e., the after survey indicates a 24% decline and the
model estimate a 17% decline on average). This suggests that
the program is leading to some sustained behavior change.
However, because we cannot assess the reliability of the after
data (see “Limitations” above), and because we suspect the
after data may overestimate bicycling, we are less sure about
the lasting effects of the program.

3.3.2 Single Occupancy Vehicle Commuting
We evaluated the reduction in SOV commuting from the program
separately from bicycling to work to consider the fact that not all bike
commutes substituted for SOV commutes. Because the reporting of
non-bike commutes was not required for the program, only a small
subset of participants (33%) reported SOV trips during the program.
Additionally, SOV trips before and after the program are unreliable
because so few participants reported them. We are not clear why
these participants reported all their travel to campus (and not just
bike travel). It may be that since the form allowed them to report all
modes, they thought they had to as a part of the program
requirements.

Figure 13 shows the expected effects of the program on
reducing SOV commuting based on the before application
survey and the model predicted SOV commuting rates during
the program. Not surprisingly because the program targeted SOV
commuters, the rate of SOV commuting dropped significantly
during the program (a 55 percentage-point drop). Although there
was some variation in the reduction in SOV commuting, the most
common profile from this subset of participants was to go from
an every-day SOV commuter to never SOV commuting. This
suggests the program had a radical effect on commuting behavior
for many people.

When multiplying the predictive change in SOV commuting
by commuting distance (assuming round trips by the same
mode), the results suggest that for each commute day,
participants reduced about 6 miles of SOV driving on average
but showed great variation in daily SOV miles reduced
(Figure 14). Furthermore, when applying the expected SOV
reduction rates across all the participants during the program,4

we estimate the program reduced a total of nearly 400,000 SOV
commute miles from inception in mid-2015 through the end of
2019 (Figure 15).

These estimates have several limitations. First, the model
predicted SOV commute reduction exceeded the model

FIGURE 14 | Implied daily SOV miles changes (during—before) per person based on model predicted SOV rates and self-reported commute distances.

4This calculation uses the SOV reduction from the sub-sample and applies it to the
entire program.
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prediction bike commute increases. This could mean that the
program caused people to give up SOV commuting even on days
they didn’t bike (e.g., by using transit, GBus, or carpooling).
Alternatively, it could indicate a strong bias in the SOV reporting
(before survey and/or during program trip logs). Second, because
only a sub-sample of participants (33%) were used to model SOV
rates, we are predicting out of sample for 67% of our data, such
predictions may be biased, a reason why our estimated
uncertainty is so large (Figure 15).

4 DISCUSSION

The results from this analysis suggest that Google’s bike
lending program substantially increased bicycling for
program participants on the order of 1.7–2.3 days and
1.3–1.9 days of bike commuting per week on average
during and after the program, respectively. In addition,
nearly all the bicycling increases are likely attributed to
reductions in SOV commuting. This resulted in
approximately 15 miles of reduced SOV driving per week
for an average participant. Even considering the limitations
of this study, the magnitude of the behavior change from this
program is likely to be large.

While the gains were large for both during and after the
program, some participants discontinued bike commuting.

There are many possible reasons for people returning to prior
commute modes and some of them could be due to biased
after-data reporting. Other program data indicates that not all
participants used their incentive to purchase a bike (only 62%
bought a bike after the program) suggesting even a six-month
intervention has room for improvement. Also, in the select
few respondents who took the exit survey (n = 746), nearly
22% of respondents said they do not plan to bike commute
after the program. Some included reasons that suggest
potential improvements to the program (e.g., limited
shower facilities, e-bike too expensive) while other reasons
will be more difficult for a TDM program to address (e.g.,
darkness and weather, road safety, need to shop on home-
commute leg).

The decline in bike commuting after graduation suggests
that a permanent lending program may be more efficacious.
This approach would probably need to be paired with TDM
managers following through with collecting the bikes if the
participants are not meeting the reporting requirements or
other disciplinary or encouragement strategies. However, the
stated bike commute rate (60%) could still differ from the rate
management uses to implement any action.

Future revisions to the program (or new programs) might
also consider a wider variety of vehicle form factors. The
Google lending program included two high-end commuter
style e-bikes (Specialized Turbo and Giant Quick-e with

FIGURE 15 | Estimated program-level cumulative monthly SOV miles reduced based on model predicted SOV rates and self-reported number of commute days
and commute distance.
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estimates 25–60-mile e-range), and commuter road bikes, but
nothing designed for carrying cargo/kids or folding on transit.
Providing a greater variety of vehicles (including potentially
e-scooters) could help increase program participation. Given
the strong decline in bicycling during the wet season, vehicle
forms that include some protection against rain would also
likely be beneficial at increasing participation. Not surprisingly
non-bike commuters saw the largest gains from the program.
A continued focus on short to medium distance SOV
commuters, and long distance SOV commuters with an
option to travel by combined bike and transit will likely
provide the most program benefits.

This evaluation is the first of its kind in the North American
context. Bike lending could be an important component of TDM
programs, especially with the rise in popularity of e-bikes and
e-scooters. While bike lending is still rare, the Google case study
shows that substantial behavior change is possible. Furthermore,
this change is in the context of a common (by North American
standards) suburban/urban heavily trafficked arterial street
network. This suggests that the generalizability of these results
to other large employment centers may be appropriate. Bicycling
in and around Mountain View and Sunnyvale, CA, United States
still requires a sense of confidence and willingness to put up with
substantial traffic stress. For contexts that are more suited for bike
commuting, bike lending may see even greater gains from more
widespread adoption. Future research could focus on identifying
the variation in program effects across program types and
geographic contexts. Additionally, a deeper look at the costs
and benefits of such programs are possible by leveraging the
estimates of behavior change from this case study.
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