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ABSTRACT
This paper presents new evidence about the role of bike share systems in travel behavior
using a diffusion of innovation framework. We hypothesize that bike share systems have
a contagion or spillover effect oh () propensity to startsing the system and ()
propensity to bicycle among the general population. We test the first hypothesis by
modeling membership growth as a function of both system expaasitihe existing
membership base. We test the second hypothesis by usinghbileeactivity levels near
oneOs home in a model of houset®¥e! bicycle participation and trip frequency.

Our study shows mixed resultBike share membership growth appears to be
driven, in a small part, by a contagion effect of existing bike sharebars nearby.
However, we did not identify a significant relationship between proximity to bike share
and cycling participation or frequency among the general populafiés. findings hold
implications for marketing, infrastructure investments, andré research about bike
share innovation diffusion and spillover effects.

KEYWORDS: Bike Share; Diffusion of Innovation; Travel Befmv
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INTRODUCTION AND BACKGROUND

This paper presents new evidence about the role of bike share systems in travel
behaviorusing a dfusion of innovation frameworkWe hypothesize that bike share
systems have a contagion or spillover effec{ihn) propensity to start using the system
and(! !) propensity to bicyclamong thegenerapopulation We test the first
hypothesis by modeling membership growatha function of both system expansaonl
the existing membership bas@/e test the secortuypothesis by using bike share activity
levels near oneOs home in a model of housédatibicycle participation and trip
frequency.

Our study shows mixed results, and holds numerous implications for policy,
practice, and research. Bike share membeigiowth appears to be driven, in a small
part, by a contagion effect of existing bike share members neaftwever,in this
early stage of bike shareOs evolutimmdid not identify a significant relationship
between proximity to bike share and cygliparticipation or frequency among the
general population.

At the time of writing, this is the first paper the authors are aware of that attempts
to assess the effect of presence of bike shat@ss and trip activity on propensity to
bicycle amonghe proximate population.

The next section reviews relevant literature about bike share and bicycle mode
choice and participationThe following sectiordescribes the data and methodology
used. We then sharéndings about whether bike share influenceivn membership
and general population decisions to bicycle, respectively. Finally, we discuss the
implications, limitations, and opportunities for future research.

LITERATURE REVIEW

While bicycling is not a new mode, modern bicycle sharing schemesstimike)
are a new phenomenon and can be used as a special case study of the innousimm diff
framework. The rich datasets available from bike share systems open the door for future
study about diffusion of system membership, with both social/cuitflfaénces and
increasing utility as additional users join the systétarkes et al1) studiedthe spread
of bike share syems through Europe and North America. The number of systems in
place over time follows an S curve in Europe and appears to be approaching maturity as
of 2012. In North America, the curve appears to still be in the ObirthO orgeavwyhQ
phase. Therriert al.(2) studied bike share diffusion at the individual level using a stated
preference survem Vancouver, BC, where residents indicated how likely they would be
to use a proposed bike share system. Their biogrstic regressiomodel identified
characteristics associated with s&lporting as likely to use the new system, and they
stratifiedtheir sample based on these characteristics into RogersO (1962) categories of
adopters.

Effects of Cycling and Bike Share on Other Modes

At the time of writing, this is the first research that the authors are aware of that uses bike
share system activitlgr use measures as explanatory variables for general population
cycling. However research about externalities of cycling and spillover effects of
technological adoption is not neRecent research has explored potential relationships
between bike shamg/stems and transit ug® (4). Ma et al(3) studied association

between Capital Bike Share and Washington, DCOs Metro rail system. They found that



105
106
107
108
109
110

111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149

bike share activity within a transit stationOs catchment area was positively associated with
transit rideship, and asserted a spillover effect, though the direction of causality in their
findings was not clearly established/ang et al5) study neighborhood social effects on
mode choice, and Efthymiou et(8) study factors associated with adopting vehicle

sharing systemsMore generally, research about nonmotorized transportation oftentimes
focuses on public health externalit(@ (8).

Diffusion of Innovation

Diffusion of innovation theory emerged in the first half of th& 2éntury.
Technological innovations diffuse into society following a logistic growth curve. Early
demand for the movation motivates additional future demand. Early diffusion of
innovation scholars identified two plausible causal mechanisms fobsieeved
trajectory: (1) income distribution of the population affecting who is able to assume the
risks associated withew technologies, and (2) and a heterogeneous population in which
certain people are more inclined to be Oearly ad@pthen othef8).

Bicycling, although not a OnewO innovatican be analyzed from this
framework. From this perspective, the presence of bicyclists on thelsisetite
potential to inducedditional demand for bicyclingThere is evidence of bothe
income distribution and heterogeneous population diffusiechanisms operating for
bicyclists.

DuesenberryOs (1949) income distribution theory posits that the cost of an
innovation falls with greater consumption, enabling a larger segohém population to
afford it(9). For bicycling, one major cost is risk agrpeption of riskThe visibility of
cyclists changes driver behavior, which increases the safety for bicyclists (lowers the
risk/cost), which in turn increases utility of bicyr for otherg10B12). Jacobserfl2)
observed an inverse ationship between rates of bicycling and incidence of collisions
with motor vehicles across multiple cities, countries, and over time. As drivers see more
bicyclists on the street, they learn to anticipate the presence and behavior of bicyclists
and drivemore cautiously. This is consistent with DuesenberryOs cost theory. As the
number of bicyclists on the street increases, their visibility triggers greater acceptance
and caution among drivers, increasing safety for bicyclists. Put another way, the cost (in
terms of risk) falls as more people bike, so bicycling becomes accessible to new segments
of the population.

Rodgers (1962) argued that innovations diffuse through heterogeneous
populations based on individual propensity to adopt new technal&peges groups
the population into five cag@ries based on their adoption speed: Innovators, Early
Adopters, Early Majority, Late Majority, and Laggards. Innovators and early adopters
readily consume new technologies, while slower groups need to see thédgghested
among their peers before they adopt it. With bicycling, this can be thought of as a social
influence effect. As bicycling becomes increagy visible, popilar, and normalized,
slower adoption groups become more conafalig with the idea of bycling (13, 14).

Evidence from literature suggests that an individualOs decidideetis influenced by

their exposure to bicycling in their social netwarkd aroud the city. Goetzke and Rave

(15) found a positive relationship between oneOs social network and cityOs bicycle culture
and oneOs propensity to bike for shagind recreationips in Germany. Fuller et al.

(16) studied the effects of the BIXI publiedycle-sharing scheme (bike share) on all
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types of bicycling, and found that people who are exposed to the BIXI system are more
likely to bike.

METHODOLOGY

Theory and Hypothesis
In RogersO heterogeneous population diffusion of innovation theyshae systems
(e.g., Nice Ride Minnesota) can be thought of as a ObrandO of cycling. Adoption of the
brand and the technology depend on individual tendencies toward innovation and
imitation, and overall rates of adoption. The high visibility of bike shatesys and
bicycles suggests that bike share systems may have a distinct effect on further adoption of
the system and cycling in gener&ddditionally, the rich datasets available from bike
share systems provide a unique opportunity to study diffusios@haolver effects of
bicycling.

Equation(1) describes the probability of adoptingechnologylg(t)) as a
function ofbothinclinations toward innovatio(pi(t)) and imitation(g;(t)) and the
proportion of adoptersi(t)) at timet, using the equationrpsented by9).

HOIEIEINE (1)

Nice Ride, as a ObrandO of bicycling, is highly visible. People who have a higher
exposure to Nice Ride users are expedb have an increased likelihood of bicycling,
due to thdarger effects of imitationgf). In other words, the probability that an
individual adopts Nice Ride (a ObrandO of bicycling for the purposes of this study) is a
function of that personOs tendetoward innovation (early adoption) and their tendency
to imitate their peers, taking into account how many of their peers are in fact using the
technology (bicycling).

We hypothesize that bike share systems have a contagion or spillover effect on:

H1. Propensity to start using the system, and

H2. Propensity to bicycle among the general population.

We use two different models test these hypothesesing Nice Ride Minnesota as
a case studyFor H1, we use a lagged variable regression model to predlwkeethare
systemmembershighangen aCensus Block Group as a function of prior bike share
system membership levels, controlling for system expansion both locally (nearby
stations) and systemuide. A positive andsignificant coefficient on the prior ke share
system mernership would indicate a potential diffusion of innovation effect in which
early bike share adopters influence the decisions of people around them.

For H2, we model a householdOs propensity to bicycle and frequency of bicycle trips
as afunction of bike share trips starting or ending near the household, controlling for
dedicated bicycle infrastructure and population density near the home location and
sociodemographic characteristics of the househalgositive and significant
coefficiert on bike share trip activity would suggest a potential diffusion or spillover
effect of bike share on general population cycling, where the visibildyspiecific brand
(bike share cyclingctivity) nearby changes oneOs own propensiigédhe technoby
(any type of cycling)
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Data Sources

This study used two main sources of data: trip and subscriber records from the local bike
share system, and regional travel behavior inventory survey data about general population
households and daily trips.

The NiceRide Minnesota bike share system in Minneapolis and St. Paul has
completed five seasons of operation. Ridership has increased steadily from the first
season (about 100,000 trips) through 2013 (over 300,000 triyise Ride Minnesota
provided a databasd# subscribers and trips taken on the Nice Ride bike share system.
The origin station, destination station, start time, end tand,subscriber ID are
electroncally recorded for every trip. The subscriber database contains the date joined,
age, geograpt location, gender, and subscription typdGURE 1 shows the geocoded
approximate locations of Nice Ridefdbscribers. Walkip day pass users are not
included in the subscriber database or the map.

Subscriber Locations

Minneapolis
Saint Paul
® Everywhere Else
Stamen Toner/OSM

FIGURE 1 Map of Nice Ride Minnesota Monthly, Annual, and 30-day Pay As You
Go Subscribers.

The regional planning agendylétropolitan Counc)ladministers a travel
behavior inventory (TBI) every decade, which includes travel diaries for all members of
households that participate. Data from the 2011 TBI were provided by the Metropolitan
Council to explore effects of Nice Ride on cycling among-Nae Ride subscribers
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(general population)lhe TBI surveyed 14,055 randomly selected households (about 1%)
in the MinneapolisSt. Paul Metropolitan Region. Each resident over the age of 5 kept a
24-hour diary with a record of all trips made by all modes. The survey was administered
on weekdays spanning from December 2010 to February 2012, including Nice RideOs
2011 ®ason. The analysis only includes Minneapolis households (N=1,941) due to Nice
RideOs limited presence in St. Paul at that time.

Each household record contains the number of trips made by all members of the
household, the number of bicycle trips, isdemographic characteristics, and a set of
spatial measures around the household (e.g., population density and availability of
bicycle infrastructure near the homd)hese variables are defined in the next section.

Variables and Modeling

This study inclded two main sets of models: One testing H1: effects of Nice Ride

system membership on membership growth; and one testing H2: effects of Nice Ride trip
activity on household cycling participation and frequency among the general population.

Nice Ride Membship Growth Model (H1)

The effect of Nice Ride system membership on membership gwagtanalyzed
using a lagged variablmearmodelof net changen membership densityn census
block groupdrom the previous season as a function of the density of mnnbthe
previous season, controlling for local system growth and systedegrowth. Equations
2A and 2B show these relationships, and variaphabok definitions and descriptive
statistics are presented TABLE 1. Local gowth is measured as net change in station
density from the previous season. Systeitle growth is modeled in two different ways:
an indicator variable for the current segamsing the 2011 season as the base case
(Equation 2A) or the net change in numbef stations systeswide from the previous
season (Equation 2Bfor example, there were 65 stations in 2010, and 116 stations in
2011, so the system growth variable for 2011 is2&6 = 51. The model was built
using data from the 2010, 2011, 2012, a0d3 systems, and 4,199 census block groups
in the cities of Minneapolis and St. Paul.

@ yyrn ! P @Y ! (2A)
@ g PP @0 e ! (2B)

General Population Cycling Model (H2)

Households near Nice Ride stations, partidulsliice Ride stations with high
levels of use, are hypothesized to have both higher rapestecipation in cycling
(defined as any household member making at least one trip by bicycle) and frequency of
bicycle trips than households not near Nice Ridéats. The general population cycling
model explores household partgation in and frequency of &ycling. Participation is
defined as whether any household menmbported makingne or more bicycle tripsn
their assigned travel dayFrequency is thtotal number of bicycle trips made by all
members of the househol@articipation and frequency are modeled jointly using azero
inflated negative binomial regression mod€&he explanatory variables includdue
number of Nice Ride bike share triparsing or ending within 400 meters (1/4 mile) of
the household, along with other sociodemographic and built envirovaesibles,



253 summarized ITABLE 1. The researcheselected the number of Nice Ride trips

254  starting or endingvithin 400m as the key variable of interest. We hypothesized that Nice
255 RideOs visibility is the causal mechanism behind a potential spillover effect. Trip activity
256 at a station implies both visibility of the station itself and visibility of bicyclistsgisin

257 Nice Ride on the streets around the station, whereas a simple measure of stations near the
258 household is an incomplete measure of visibility. Due to multicollinearity between Nice

259 Ride measures, it was inappropriate to use multiple Nice Ride stationpaadtivity

260 measures in the same model.

261

262 TABLE 1 Descriptive Statistics of Modeling Variables

Variable Description N Mean SD Min Max

"#3%&' ) (*1+**  -$.'*+0*1#)//$2'3*455'6% (*$7*1"(%'8*-'89'3(&)#  *

I Dependent variableNet subscribers 4,199 0.56 2.97 -30.36 62.20
per 1,000 residents fromto !, for
block group!

. Subscribers per 1,000 residents$,in 4,199 155 471  0.00 78.95

for block group!
4sy,1 ¢, Netstations per kffrom !, to !, for 4,199 0.06 0.87 -23.02 23.02

SR

block group!

aty i, Net stations fronh,to !, for entire 4,199 35.00 1143 25.00 51.00
system!

L1 2011/ 2011 season binary indicator (base ce

t; ! 2012 2012 season binary indicator
I, 1 1"#$ 2013 season binary indicator

Hypothesis H2 / Model 2: Spillover Effects on General Population Cycling

Iy! Dependent variablédousehold 1941 0.12 0.33 0.00 1.00
participation in cyclingbinary)
Py ! Dependent variablédumber of 1941 040 134 0.00 12.00

household bike trips

. Number of Nice Ride trips within 1,941 0.86 2.46 0.00 15.34
400m (1,00085s)

! Population density within 400m 1,941 1431 7.80 0.58 49.32
(people per acre)

I Km of bike lanes within 400m 1,941 0.20 0.46 0.00 2.88
! Km of bike trails within 400m 1,941 0.11 0.23 0.00 1.82
! Number of trips by any mode 1,941 7.81 536 1.00 37.00
Iy ! Number of workers 1941 104 0.381 0.00 400
Iy ! Student(s)binary) 1,941 0.22 0.42 0.00 1.00
! Child(ren) under gbinary) 1,941 0.08 0.28 0.00 1.00

12010 Nice Ride system data
2 Sample restricted to Minneapolis households that made at least one trip
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RESULTS

Diffusion effects on expanding membership

TABLE 2 presents the findings for the diffusion models 1A aB of bike share
membership on membership growffihe R for both models are approximately 0.07,
meaning that 7% of the change in block group Nice Ride membership per 1,000 residents
can be explained by system growth (new stations) and membership geantly. All
variables in both models are significant. The coefficients for subscribers and increase in
stations are nearly identical between the two models.

TABLE 3 shows the elasticities of each variable with other variablesdieheir
means foModel 1B A 1% increase in the base yearOs members per 1,000 residents is
associated with 0.1 additional new members in the following season, suggesting a modest
spillover effect of membership on future membership. The elasticitiee stat the
system widegrowth variable has largest effect on membership growth at the block group
level, with a 1% change in the number of new stations across the systethaadociated
with an almost 4%hange in membership growth, or 2.2 additional nembers in a
block group. With theystem widenew station variable held at its mean, each 1%
increase in stations per kilometer in a block group is associated with 0.02 additional new
members.

TABLE 2. OLS Regression Model of Spillover Effects on Membership Growth

Model 1A Model 1B

Seasonal indicator variables System growth variable
Variable Coef SE Coef SE
P 0.061 ** 0.010 0.061 *** 0.010
o, 0.300 *** 0.052 0.300 *** 0.052
LoD I (Base Casge
L B 4 -1.353 *** 0.110
LD 1"ag ! -1.681 *** 0.111
Py, 0.064 ** 0.004
"H#3%E&' & 1.456 *** 0.078 -1.781 ** 0.149
R'! 0.0714 0.0713

() +$**-'$&I&I 1 1 1
((y*+$**-'$&I'&1 1 11" 1
()*+$* *-ggrar 1ot |l

TABLE 3. Marginal Effects of Model 1B Variables on Membership

% Changein!! Numeric changein! !
el e
1% change it |, 0.170 0.095
1% change it !y, 1, 0.033 0.019
1% change it !,y , 3.990 2.226

Elasticities calculated with other variables held at means



283  Spillover effects on general population cycling

284 TABLE 4 presents the results from three different models of bicycling
285 participation and frequency.
286 The binary logistic regression of participation in cyglims the highest Pseudo

287 R2, at 0.0810. Although McFadden Psedribdoes not have the same interpretation as
288 R2in linear regression, this still indicates that bicycling is not well expldipedis set
289 of variables. Thé parameter is significant iall three models is significarguggesting
290 that the dependent varialiig is overdispersed and negative binomial regression is
291 appropriate (showm TABLE). Additionally, a Vuong test comparing the zenflated

292 models to @ndard negative binomial regression is significant at #0e0d level (not

293 shown).

294  TABLE 4. Models of Spillover Effects on General Population Cycling Participation
295 and Frequency

Model 2A Model 2B Model 2C

Binary logit model of Negative binomial model o Zero-inflated negative

participation frequency binomial model of

participation and frequency
Coef SE Coef SE Coef SE

Participation Equation
Iy -0.045 0.041 -0.051 0.042
I 0.047 ** 0.010 0.045 **  0.010
I -0.180 0.197 -0.185 0.205
I 0.606 ** 0.302 0.741 ** 0.332
I 0.076 *** 0.014 0.067 ** 0.015
I 0.392 **  0.098 0.453 ** 0.104
I 0.313 * 0.175 0.282 0.182
I 0.006 0.233 0.063 0.248
Constant  -3.897 *** (0.244 -3.714 ***  0.256
Frequency Equation
L -0.026 0.040 0.022 0.025
I 0.050 *** 0.012 0.010 0.007
I -0.104 0.236 0.007 0.146
I 0.277 0.394 -0.351 0.237
I 0.123 ** 0.021 0.044 **  0.010
I 0.227 * 0.123 -0.183 ** 0.075
I 0.334 0.218 0.134 0.117
I -0.222 0.318 -0.192 0.162
Constant -3.206 *** 0.293 0.657 *** 0.188
il 2.369 ***  0.096 -1.754 *** 0.328
McFadden 0.0810 0.0353 0.0650

Pseuded '

*** Significant at! ! 11"
** Significant at! | ! 1"
* Significant at! ! ! I"

296
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The variable of interest, the number of Nice Ride trips starting and ending near a
houshold &), is not significant in any of the models. This analysis does not find
evidence of a spillover effect of Nice Ride on household participation in and frequency of
bicycling. Additional models using the number of stations within 400 meters insftead
trip activity were also insignificant.

Several other variables were significant in the models, however. Population
density was positive and significant in tdfeemodels (participation equation only in
2C). Bike paths or trails within 400 meters afrhe were positively associated with
participation in cycling (Model2A and 2G. Additionally, the household structure
(number of workers, the presence of students, and alv@rumber of trips made) was
associated Wi participation and frequency.

DISCUSSION

This research showed a potential diffusion or spillover effeekistingbike share

members on futurgystem adoption andembership growth. However, the effect was

not apparent when we generalized the research; we found no evidence of spiémisr ef
onto traditional cycling in the 2012011 system and survey datais possible that this

is because bike share members are unique and distinct from traditional cyclists; however,
other research suggests this is not the case. For example, bkengimabers own their

own bicycles atoughly similar rate$17).

We proposed that bike share trip activity would increase propensity to cycle among
people nearby becaublice RideOs presence is particularly visitlewever, the system
may be too young or too small of a compdnarthe transportation system to have a
measurable effect at this timBicycling comprises only a small percentage of trigglen
in Minneapolis and St. Paul, wiglightly fewer thar90,000 bicycle trips per day
between the two cities (or 5% and 2% metares, respectivefi)d). In comparison
there werenly about217,000Nice Ride bile share tripsluring the entire 2011 season,
from April to November, or about 1,000 trips per dzgy tiny percentage of an already
small mode shareThat bike share membership has spillover effects on future members
suggests there is potential for broagdgillover effects as systems matuBike share
systems worldwide continue to expand, affording opportunities for future research into
spillover effects on larger, more established systddmvever, at this time with the
levels of data availabla this study there is no evidence of these effects.

The findings, especially the significant effect of existing membership on membership
growth, have several implications for policy. While tdwerall systerwide growth
variable had the largest effect on mardnip growth in Model 1b, existing membership
levels in a block group had a larger effect tlaoal system growth Bike share
organizations may be able to harness this energy through OTake your friend on a bike
rideO types of marketing scheméslessand until future research shows otherwise, bike
share systems should not be treated as a substitute for other infrastructure improvements
that increase propensity to cycle, such as providing safe facilities.

The study design and findings also provide axttation for new research into bike
share diffusion of innovation effects. As bike share systems continue to emerge and
evolve throughout the world, so too will new sources of bike share data and opportunities
for exploring these relationship3his reseech ha several notable limitations that invite
further inquiry to the topic. The travel behavior inventory was administered after Nice
Ride had only been operational for one season. RiideOs largest system expansion



343
344
345
346
347
348
349

350
351
352
353
354

355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387

after the initial investment occurred over the second seasoch coincided with light

rail construction in many of the areas that received new staBomesll segments of the
population, such as cyclists, are difficultregpresent in general population surveys
administered to a low percentage of the populatiéithough preliminary models
controlling for weather did not produce different results in the household bicycling
participation and frequency models (not showthmfinal model), weather is always a
concern when researching nonmotorized travel in extreme climates such as Minnesota.
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