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A B S T R A C T  

Emerging techno ogies and services stand poised to transform the transportation system, with
 arge imp ications for energy use and mobi ity. The degree and speed of these impacts depend
 arge y on who adopts these innovations and how quick y. Leveraging data from a nove  survey of
San Francisco Bay Area residents, we ana yze adoption patterns for shared mobi ity, e ectrifed
vehic e techno ogies, and vehic e automation. We fnd that ride-hai ing and adaptive cruise
contro  have penetrated the market more extensive y than have e ectrifed vehic es or car-sharing
services. Over ha f of respondents have adopted or expressed interest in adopting a    eve s of
vehic e automation. Overa  , there is substantia  potentia  for market growth for the techno ogies
and services we ana yzed. Using county fxed efects regressions, we investigate which individua 
and  ocation- eve  factors corre ate to adoption and interest. We fnd that, a though higher-in-
come peop e are disproportionate y represented among current adopters of most new techno -
ogies and services,  ow- to midd e-income peop e are just as  ike y to have adopted pooled ride-
hai ing. Younger generations have high interest in automated and e ectrifed vehic es re ative to
their current adoption of these techno ogies, suggesting that young peop e cou d contribute
substantia  y to future market growth—as they are doing for ride-hai ing. We fnd no evidence
that  onger commutes present a barrier to p ug-in e ectric vehic e adoption. Fina  y, women are
 ess  ike y than men to adopt and/or be interested in adopting most new transportation tech-
no ogies, with the exception of ride-hai ing; designing or marketing techno ogies with women’s
preferences in mind cou d contribute to future market expansion. 

1. Intr ducti n 

The transportation system is quick y evo ving as new techno ogies and services emerge. Ride-hai ing and car-sharing, e ec-
trifcation techno ogies, and techno ogies that increasing y automate the task of driving are a growing rea ity. Such emerging
transportation innovations may have a  arge impact on future energy use and sustainab e mobi ity patterns—depending on how they
are adopted. Our goa  is to understand what drives the adoption of and interest in such techno ogies and services to gain insight into 
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who the current users are, who they are  ike y to be in the future, and how the transportation system might optima  y evo ve with
increased sustainabi ity and equitab e access to these techno ogies and services.

The need for this understanding is evident in a growing area of research that re ies on transportation system simu ation mode s to
probe the potentia  impact of emerging techno ogies on energy demand and transportation patterns. A though these studies can
inform pub ic and private energy and transportation p anning, recent ana yses using some of these mode s depict vast y uncertain
futures and thus do  itt e to guide practica  p anning eforts. Stephens et a . (2016), for examp e, characterize the uncertainty sur-
rounding potentia  energy impacts of automated vehic es (AVs) a one as ranging from a 60% reduction in energy demand to a 200%
increase. Much of this uncertainty stems from the need to understand the potentia  adoption and use decisions of mi  ions of peop e
across the U.S. and around the wor d—not just for a sing e transportation techno ogy, but for the portfo io of transportation modes
that meet their trave  needs. To reduce this uncertainty, transportation system mode s need consumer data and ana yses that enab e a
more refned understanding of how human behavior drives demand for new transportation techno ogies and services.

In this paper, we present resu ts that can he p c arify re evant behaviors to better underpin these simu ation mode s, inform
system p anners, and generate insights that can suggest pathways for increasing access to emerging transportation techno ogies and
innovations. We focus on the fo  owing emerging techno ogies and services: shared-mobi ity services inc uding ride-hai ing (sing e-
rider and poo ed) and car-sharing, e ectrifed vehic es inc uding hybrid e ectric vehic es and p ug-in e ectric vehic es (PEVs), and
three diferent  eve s of AV techno ogies. Our ana ysis focuses on four types of factors that we hypothesize, based on our  iterature
review, can exp ain adoption of and interest in these emerging deve opments: demographics (e.g., age, income, gender),  ocation-
specifc factors (e.g., wa kabi ity, popu ation density, commute distances), preferences for mode attributes (e.g., socia  interactions,
convenience), and human characteristics (e.g., risk preferences, persona ity). Some factors have been found to be important for
severa  but not a   emerging transportation techno ogies and services. Other factors are understudied in the context of transportation,
especia  y those found to be important for other emerging techno ogies and services in genera , such as risk preferences. We he p f  
the know edge gap by more fu  y exp oring se ect factors that may infuence the adoption of emerging transportation techno ogies
and services. In addition, we distinguish current adoption and interest in future adoption, and we conduct the ana ysis across mu tip e
techno ogies and services for the same poo  of respondents.

We  everage a nove  dataset generated by the Who eTrave er Transportation Behavior Study survey. We deve oped this survey
with the support of the U.S. Department of Energy’s (DOE’s) Energy Efcient Mobi ity Systems (EEMS) program as part of the SMART
Mobi ity Consortium, which strives to c arify energy imp ications and opportunities re ated to advanced mobi ity so utions.1 We used 
the survey to e icit the mobi ity decisions and characteristics of 1045 househo ds in the San Francisco Bay Area, which is a  eading
region for the introduction of advanced transportation so utions.

In Section 2 of the paper, we defne our target techno ogies and services, and we review re evant behaviora  studies. In Section 3,
we provide detai  on the Who eTrave er Transportation Behavior Study survey, our empirica  approach, and our data. Section 4 
presents our resu ts, whi e Section 5 discusses the main takeaways and characterizes the contribution of the study. Section 6 con-
c udes. 

2. Backgr und and literature review 

In this section, we more carefu  y defne each of the categories of transportation techno ogies we ana yze (shared mobi ity,
e ectrifed vehic es, and AVs), and we summarize existing  iterature that addresses the re ationship between adoption of these
techno ogies and the four exp anatory-factor groups that thematica  y emerge from this  iterature: demographics,  ocation-specifc
factors, preferences over mode attributes, and persona ity and risk characteristics. 

2.1. Shared mobility 

Shared mobi ity—via ride-hai ing, car-sharing, and other shared services—he ps trave ers meet mobi ity needs without re iance
on persona  y owned vehic es. Ride-hai ing a  ows users to request a driver and car for a trip from any given origin to their destination
via a smartphone app. Traditiona  y, shared, on-demand transportation service has been provided by taxi feets, but newer options
such as transportation network companies (e.g., Uber and Lyft) have attempted to ofer their services at a  ower price-point and with
more convenience via their apps, which has increased the impact and use of shared mobi ity. In contrast, car-sharing a  ows users to
drive, for short periods, vehic es that are shared across other users of a car-share service. A   shared-mobi ity services are more
common in urban areas and may be used with other transportation options to enab e greater adoption.

Our survey targeted three forms of shared mobi ity. We inc uded two forms of ride-hai ing: sing e-rider services (e.g., UberX or
standard Lyft) and poo ed services (those serving mu tip e riders with simi ar origins and destinations via a sing e driver/vehic e at a
reduced cost, such as Uber Poo  or Lyft Shared). The poo ed option for ride-hai ing is often referred to in the  iterature as “ride-
sp itting” (e.g., Shaheen, Cohen and Zohdy, 2016, Department of Energy, 2017). We a so inc uded car-sharing, which is  ess broad y
adopted re ative to ride-hai ing, but refects an a ternative mode  of shared mobi ity current y avai ab e.

Most studies have found that users of ride-hai ing and car-sharing services tend to be disproportionate y younger, higher income/
wea thier, and co  ege educated with fewer or no chi dren at home (A emi et a ., 2018; C ew ow and Mishra, 2017; Dias et a ., 2017;
Kooti et a ., 2017; Smith, 2016; Cervero et a ., 2007; Namazu and Dow atabadi, 2018), a though car-sharing adopters can tend to be 

1 More information about the SMART Mobi ity Consortium can be found in Appendix A in the supp ementary materia s. 
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o der (Cervero et a ., 2007). In studies of ride-hai ing, gender has either not been considered (C ew ow and Mishra, 2017; Dias et a ., 
2017), or no efect has been found (Smith, 2016), a though some studies have found that women tend to be more  ike y to use ride-
hai ing (A emi et a ., 2018; Kooti et a ., 2017). A genera  trend of younger generations away from car ownership and toward use of
shared or on-demand mobi ity may point to  arger societa  changes shaping mobi ity preferences. The phrase, “You are what you can
access,” i  ustrates this perspective, in contrast to an o der paradigm that may more c ose y  ink identity with ownership (Be k, 2014).

Lee et a . (2018) found that perceived risks, benefts, and trust re ated to a ride-hai ing p atform mediate preference for the mode.
The abi ity to quick y summon a ride from an app—which provides transparent trave  routing, driver ratings, and communication
channe s—may improve perceptions of safety. Moreover, most ride-hai ing is conducted via traditiona  automobi es, a strong y
estab ished transportation mode in the U.S. (C ew ow and Mishra, 2017).

The use of ride-hai ing and car-sharing services is higher in urban areas than in rura  areas (Becker et a ., 2017; Smith, 2016).
Therefore, studies of  ocation-specifc factors have concentrated on exp oration of trip origins and destinations within an urban
setting, and on  ocation-specifc pricing, which may rise or fa   in conjunction with time of day and other events (Ray e et a ., 2016).
Ride-hai ing service can be in high demand at peak times and in certain  ocations, such as airports, areas of concentrated en-
tertainment, or sporting venues. Simi ar y,  imited parking, avai abi ity of good pub ic transit, high density, and mixed-use neigh-
borhoods are associated with more car-sharing (K intman, 1998; Muheim and Reinhardt, 1999; C ew ow and Mishra, 2017).

Persona ity2 p ays a key ro e in techno ogy adoption (Amichai-Hamburger and Vinitzky, 2010; Ehrenberg et a ., 2008), and it has
been found to have a mixed infuence on behaviors re ated to shared mobi ity. Greater extraversion is re ated to more wi  ingness to
engage in the sharing economy, whereas no re ationship has been found with engagement and openness (Roy, 2016). Those who rate
high on agreeab eness worry  ess about unp easant interpersona  incidents occurring across a wide range of transportation modes
(e.g., bus, metro, taxi, tram) and hence may be more wi  ing to use shared transportation (Backer-Grøndah  et a ., 2009). However,
those rating high in neuroticism worry more about these types of incidents and are more  ike y to change their mode or route to avoid
them (Backer-Grøndah  et a ., 2009). Somewhat re ated to severa  of these persona ity factors, some studies have suggested that
shared transportation can deepen human connectedness, and thus individua s may be motivated (or not) to use shared transportation
depending on their desire for connectedness (Crewe and Forsyth, 2011; McFar and, 2015; Pangborn-Do de et a ., 2015).

Leve s of risk acceptance a so afect adoption of shared-mobi ity services. For instance, o der peop e who are making decisions
about adopting new techno ogies and services are often impacted by their perception of risk (Beaud et a ., 2016; Dixit et a ., 2015;
Czaja et a ., 2009; Jackson and Jucker, 1982; Mitzner et a ., 2010; Pan and Jordan-Marsh, 2010; Se wyn, 2004; Wo f and Seebauer,
2014). Watanabe et a . (2016) and Sae ens et a . (2003) found that risk-averse peop e make  ess use of mu tip e modes during a sing e
trip, suggesting that new mobi ity options may not serve we   as a frst-mi e/ ast-mi e comp ement for pub ic transit to those who are
risk averse. 

2.2. Ele trifed vehi les 

We consider vehic e techno ogies that use e ectricity in p ace of petro eum-based fue s. These vehic es can signifcant y reduce
carbon emissions and overa   energy use, especia  y when re ative y efcient means are used to generate the power they use.
Specifca  y, our survey used two terms for the e ectrifed vehic e techno ogies of interest. “Hybrid vehic es (gaso ine-e ectric)” were
meant to represent vehic es prope  ed by both an interna  combustion engine and an e ectric motor powered by batteries that are
charged by the engine and regenerative braking. “P ug-in e ectric vehic es” cou d inc ude battery e ectric vehic es (BEVs), which have
on y e ectric motors powered by batteries and require externa  charging to run, and p ug-in hybrid e ectric vehic es (PHEVs), which
combine an externa  combustion engine with a motor powered by batteries that can a so be charged externa  y. We recognize that,
based on the survey wording, respondents cou d have c assifed PHEVs as either “hybrid vehic es (gaso ine-e ectric)” and/or “p ug-in
e ectric vehic es.” In the interest of simp icity, for the remainder of the paper, we refer to the e ectrifed vehic e techno ogy categories
as “hybrids” and “p ug-in e ectric vehic es” (PEVs) to match the ana ysis and discussion with the wording of the survey. We separate
our hybrid and PEV ana yses to refect the distinction made in the survey. However, interpretation of the resu ts distinguishing these
two categories shou d be done cautious y, because the existence of PHEVs means we may not be ab e to precise y distinguish the
techno ogy types depending on how respondents interpreted the questions.

Much of the recent  iterature regarding preference for e ectrifed vehic es has concentrated on stated-preference studies for PEVs,
attempting to identify how information can strengthen interest among potentia  car buyers (Liao et a ., 2016; Cherchi, 2017). Pre-
ferences for PEVs may be shaped by forces beyond purchase economics, inc uding a sense of societa  va ue in ownership (Haugne and
and Hauge, 2015) and—because of the sma  er number of moving parts in PEV motors as compared to interna  combustion en-
gines—the sense that they are  ess expensive to fue  and maintain (Mi and Masrur, 2018). 

2 According to the American Psycho ogica  Association, persona ity refers to “individua  diferences in characteristic patterns of thinking, fee ing
and behaving” (Khatibi and Khormaei, 2016). The Big Five dimensions of persona ity are extraversion (vs. introversion), agreeab eness (vs. an-
tagonism), conscientiousness (vs.  ack of direction), neuroticism (vs. emotiona  stabi ity), and openness (vs. c osedness to experience) (Pervin and 
John, 1999). Extraversion is associated with gregariousness, assertiveness, activity, excitement seeking, positive emotions, and warmth. Agree-
ab eness is marked by trust, straightforwardness, a truism, comp iance, modesty, and tender-mindedness. Conscientiousness is marked by com-
petence, order, dutifu ness, achievement, se f-discip ine, and de iberation. Neuroticism is associated with anxiety, angry hosti ity, depression, se f-
consciousness, impu siveness, and vu nerabi ity. Openness is marked by appreciation of unusua  ideas, fantasy, aesthetics, emotions, and a variety of
experiences. Peop e possess a   fve dimensions, and they vary in terms of what proportion of each that they have. 
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Convenient avai abi ity of charging stations may a so be important for PEV adoption and use. E ectricity supp y is near y ubi-
quitous in the U.S., even if re ative y fast-charging Leve  2 or Leve  3 PEV-charging stations are not. Much of the research in this area
specifc to  ocation has used simu ation mode s to identify strategies for siting fue ing stations, to optimize the ba ance between
demand, current PEV range, charging time requirements, and grid impacts (Sadeghi-Barzani et a ., 2014; Luo et a ., 2017). Some of
this work has identifed the diference in vehic e charging needs by  ocation, such as residence  ocation (urban, mu ti-unit dwe  ings
vs. suburban homes), and by trip type ( ong-distance highway trips vs. short urban trips) (Wood et a ., 2017). The simu ation mode s
usua  y inc ude assumptions about charging demand. However, because PEV ownership has not yet reached a  arge segment of the
popu ation, there are many gaps in understanding behaviors associated with charging.

Many recent studies have found that users of e ectrifed vehic es tend to be disproportionate y ma e, younger, higher income/
wea thier, and co  ege educated with fewer or no chi dren at home (Capere  o and Kurani, 2011; Langbroek et a ., 2017; Nayum et a ., 
2016; P ötz et a ., 2014), a though some exceptions to these genera  patterns emerge; for examp e, Ziefe et a . (2014) found women 
and o der generations to be more interested in e ectrifed vehic es. Much of the research on these vehic es with respect to risk focuses
on “range anxiety” re ated to the constrained range of BEVs and the re ative sparseness of vehic e-charging infrastructure as com-
pared to the gaso ine refue ing infrastructure used by interna  combustion engine vehic es. The fndings suggest that peop e who are
more concerned about range are  ess  ike y to be interested in buying a BEV. However, those who adopt a BEV seem to experience
much  ess anxiety about range over time (Franke et a ., 2012; Neubauer and Wood, 2014). Skippon and Garwood (2011) found that 
peop e tend to see the typica  PEV driver as rating high on agreeab eness, conscientiousness, and openness, because high-agree-
ab eness individua s tend to care more about others, high-conscientiousness individua s  ike p anning ahead, and high-openness
individua s are interested in new things. 

2.3. Automated vehi les 

SAE Internationa  defnes six  eve s of automation from no automation (0) to fu   automation (5).3 Each  eve  of automation 
provides increased assistance to drivers and reduced  eve s of driver input.

Our survey defnes three categories of automation. With “adaptive cruise contro  (ACC),” a vehic e “brakes and acce erates to
match the speed of the vehic e in front (on y on highways), but requires driver to steer,” corresponding to SAE automation  eve  1. A
“partia  y automated” vehic e “automatica  y brakes and acce erates, and additiona  y steers itse f sufcient y to stay in a  ane (on y
on highways), but requires the driver to be paying attention, to change  anes and be avai ab e to override,” corresponding to SAE
automation  eve s 2–3. When it is “fu  y automated,” a “vehic e drives itse f and does not require driver to pay attention (i.e., rider
cou d s eep, read, work, or otherwise not pay attention to the road),” corresponding to SAE automation  eve s 4–5.

Because the degree of automation changes how the vehic e is contro  ed, it afects the energy use and safety of vehic es, and it may
afect how peop e purchase and use vehic es. In particu ar, fu  y automated vehic es are being considered by ride-hai ing services as a
way to  ower the costs of shared mobi ity.

Studies have found that ear y and potentia  adopters of partia  y and fu  y automated vehic es tend to be ma e, techno ogy savvy,
and higher income/wea thier; have greater car-crash experience and greater wi  ingness to pay for new techno ogies; and be  ess
infuenced by whether friends adopt the techno ogy (Bansa  et a ., 2016; Fortune.com, 2018; Investopedia.com, 2018; Payre et a ., 
2014). Research on age is mixed. Some studies have found that o der adu ts may be interested in fu  y automated vehic es for
increased mobi ity (Abraham et a ., 2016; Haboucha et a ., 2017), whereas others have found that o der individua s express  ess
interest, perhaps due to concerns about  earning to use the new techno ogy and  osing the p easure of driving (Bansa  and Kocke man, 
2018).

From a user standpoint, AVs may enab e improved access to mobi ity, convenience, safety, and reduced stress whi e trave ing,
reducing the drudgery and human error associated with driving. However, at the present state of deve opment, concern over the
safety of AVs exists, and the ethics issues surrounding machines making  ife-and-death decisions are considerab e (Bonnefon et a ., 
2016). User attitudes toward the techno ogy may a so impact how it is dep oyed. App ying AV techno ogy to shared mobi ity cou d
reduce overa   vehic e ownership, with users so iciting rides on an as-needed basis and shared AVs serving a greater number of
passengers as compared to private ownership. A study found that shared AVs cou d be an inexpensive mobi ity on-demand service,
potentia  y improving mobi ity access, if the ba ance between cost, waiting time, and trave  time can be optimized for user experience
(Krueger et a ., 2016). Regard ess of the mix of private and shared AVs, a recent survey found that peop e identify advantages in AV
techno ogies for which they are wi  ing to pay a premium, anticipating that AVs wi   constitute a substantia  portion of the vehic e
feet by 2045 (Bansa  and Kocke man, 2017).

The ear iest existing fu  y automated vehic es are  ow-speed shutt es with a capacity of about eight passengers, operating on
defned routes in campus or simi ar settings where they are  ike y to encounter on y minima  trafc. Such AV shutt es may be a viab e
option for serving frst/ ast-mi e ro es in conjunction with pub ic transit (Winter et a ., 2016; Sche tes and de A meida Correia, 2017).
From the standpoint of the potentia  impact of AVs by geography, there are both positive and negative potentia s. AVs cou d enab e
densifcation in urban cores as the need to own, drive, and park private vehic es dec ines because of access to shared AVs. On the
other hand, primari y private AVs may encourage urban spraw  (Fagnant and Kocke man, 2015; Mi akis et a ., 2018). By rep acing the
burden of driving with time that may be spent for productivity, entertainment, or even for s eeping, AVs may enab e peop e to  ive
farther from work, increasing commute distances and energy expended. 

3 The forma  defnitions for these  eve s are inc uded in Appendix B in the supp ementary materia s. 
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Severa  psychosocia  factors have been found to infuence the use of AV techno ogies. “High sensation seekers”—those who drive
faster,  eave  ess space between vehic es, and brake more abrupt y—may be  ess  ike y to use ACC and might adapt their behavior in a
partia  y or fu  y automated vehic e by driving  ess carefu  y (Payre et a ., 2014). Peop e with greater openness to new techno ogies
and stronger environmenta  views are more  ike y to intend to adopt AVs, whereas those with a stronger  ocus of contro  and greater
enjoyment derived from driving are  ess  ike y (Haboucha et a ., 2017; Sun et a ., 2017; Zmud and Sener, 2017). Moreover, these
factors infuence peop e’s wi  ingness to pay for the techno ogy, with research suggesting that peop e are not wi  ing to pay much
more ($0–$3000) for an AV than for a conventiona  vehic e (Zmud and Sener, 2017). Hohenberger et a . (2017) found that increased 
fee ings of se f-enhancement from the use of AVs reduced AV-re ated anxiety and ame iorated the efect of anxiety on reducing
positive fee ings toward the techno ogy.

An emerging factor that may prove important for adoption of AVs is the extent to which an individua  is a “risk- over” or “risk-
taker.” A recent study by Hu se et a . (2018) found no diference with respect to risk perceptions about various automation tech-
no ogies (e.g., automated trains versus cars) among risk-takers, perhaps because the techno ogy is touted as being “safe” compared to
other modes of transportation. However, more research is needed to better understand the extent to which risk matters for the
adoption of the techno ogy, particu ar y in  ight of recent pub icity about fata  car accidents invo ving partia  y automated tech-
no ogies. 

3. Appr ach f r analyzing ad pti n and interest patterns 

3.1. WholeTraveler transportation behavior study survey 

The data presented in this paper are derived from a web-based survey with questions re ated to a variety of demographic,
preference,  ife history, and persona ity and psycho ogica  factors as we   as techno ogy adoption and interest.4 The on ine instrument 
is part of a  arger Who eTrave er Transportation Behavior Study that aims to understand trave  choice patterns, preferences, and
decision-making processes in the context of new mobi ity techno ogies, with a focus on the San Francisco Bay Area.

A samp e of random y se ected addresses in the nine Bay Area Ca ifornia counties5 was recruited to respond to an on ine survey
via a mai ed invitation  etter fo  owed by a reminder postcard. The invitation asked the househo d member who most recent y had a
birthday and is above the age of 18 to respond to the survey. To comp ete the survey, the respondent went on ine through a web
browser on a desktop or  aptop computer. The survey was on y administered in Eng ish. Respondents received a $10 Amazon gift card
for comp eting the survey.

Recruitment  etters were sent to 60,000 househo ds. Of these, 997 residents (1.7%)6 comp eted the entire survey, and 48 comp eted the
frst portion of the survey instrument (the part used for this ana ysis) for a tota  of 1045 responses. A   responses were comp eted during the
period between March and June 2018, with a median comp etion time for those that fnished the fu   survey of 28 min.

A key  imitation of this research is that our samp e was constrained to the San Francisco Bay Area, and those who answered the
survey were disproportionate y high y educated and high income even within the Bay Area. However, fema e response to the survey
was high and more representative of the  oca  popu ation, suggesting that our fndings refect we   the adoption of and interest in our
target transportation modes among fema e residents in the surveyed area. An advantage of focusing on this geographic area is that it
has been the subject of previous studies using other data-co  ection approaches (e.g., C ew ow, 2016; Cervero and Tsai, 2004; A emi 
et a ., 2018). Thus, it is re ative y we   characterized with respect to its strengths and weaknesses as a  eading indicator for wider
geographic demand.

The fu   Who eTrave er survey instrument can be found in Appendix C in the supp ementary materia s. The survey inc uded
questions around each user’s trave  behaviors, mode choices, preferences over mode attributes, commute  ocations, car ownership, e-
commerce behavior, and interest in new mobi ity techno ogies and services. It a so inc uded questions associated with demographic
and househo d characteristics, persona ity traits, risk attributes, and a  ife-history ca endar that  ooked at  ife events and trave 
behaviors undertaken whi e the respondent was between the ages of 20 and 50. Those taking the survey were then ofered the chance
to comp ete a second phase of the survey that recorded their movements and trave  for one week using the G oba  Positioning System
(GPS).

Tab e 1 summarizes the subset of questions from the survey re evant to our present study. The choice of the exp anatory variab es
used in the ana ysis was primari y motivated by the existing  iterature reviewed in Section 2. A detai ed description of the derivation 
and use of the outcome and exp anatory variab es is presented in Section 3.3. 

Fig. 1 shows an examp e set of questions from the emerging techno ogies category. The respondents were given a techno ogy or
service and asked to indicate a   statements that app ied to their experience with the techno ogy. They cou d choose whether they
knew of someone who had used it, whether they themse ves had used it, whether they regu ar y use it or owned it, and/or whether
they were interested in using the service or purchasing it in the future. They cou d a so indicate whether they had never heard of it or
that it was not app icab e. We focus our primary ana ysis on those who reported that they are regu ar users/owners of a service or
techno ogy, and those who se ected that they are interested in using/purchasing it in the future. 

4 More detai  on this study and the DOE program it is funded by can be found in Appendix A in the supp ementary materia s. 
5 A ameda, Contra Costa, Marin, Napa, San Francisco, San Mateo, Santa C ara, So ano, and Sonoma Counties. 
6 The response rate is consistent with other imp ementations using simi ar unso icited mai ings to recruit, and with simi ar incentive payment

 eve s. For examp e, the 2015–2017 Ca ifornia Vehic es Survey has a 1.5% response rate overa   (Ca ifornia Energy Commission, 2018). 
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Table 1 
High- eve  summary of survey questions used in this ana ysis. 

Survey instrument Question summary Ana ysis re evance 
category 

Emerging techno ogies 

Demographics 

Preference over mode 
attributes 

Persona ity 

Location-specifc factors 

Risk attitude 

Fami iarity/adoption/interest in hybrid vehic es, PEVs, ACC, partia 
automation, fu   automation, ride-hai ing services (sing e-rider or
poo ed), car-sharing, and some other techno ogies and services 
Year of birth, gender,  eve  of education, annua  househo d income,
number of chi dren under 8 years of age, and a number of other
demographic and househo d characteristics 
Importance of mode characteristics to user’s transportation choices:
short trave  time,  ow cost, predictab e cost, predictab e arriva 
time, abi ity to make mu tip e stops,  ow hass e, safety,
environmenta  impact, socia  interactions 
Questions to determine persona ity factors: extraversion,
agreeab eness, conscientiousness, neuroticism, openness to
experience
Specifc addresses for residence  ocation and primary destination 

Repeated hypothetica  choices between a certain prize amount for
sure or taking a 50–50 chance at getting a higher prize amount with
varying va ue trade-ofs 

Stated interest in and adoption of emerging techno ogies 

Observab e demographic characteristics of the
participants 

Stated determinants of current adoption choices and mode 
use 

Persona ity factors 

Location characteristics of residence and destination 
(popu ation density and wa k score) and distances from
residence to primary destination 
Risk attitude 

Fig. 1. Samp e question e iciting degree of adoption and interest in adopting. 

3.2. Data prepro essing 

To screen out any respondents who comp eted the survey on y to receive the Amazon gift card incentive, and therefore c icked
through responses without reading questions or answering meaningfu  y, we dropped a   respondents with a response time  ess than
12 min. This removed 19 survey responses (1.82% of the data).

Next, we addressed a  imited number of omitted responses to questions from which preference-over-mode-attribute variab es are
obtained. Cases in which respondents chose “not app icab e” for variab es in the preference-over-mode-attribute category were
recoded with a score of zero, giving zero va ue to characteristics that a respondent deemed as factors that are not re evant to their
commute mode choice.7 Appendix D in the supp ementary materia s reports resu ts where these va ues are instead assigned a score of
three or omitted entire y, which shows that the main conc usions drawn from the mode s are unafected. For a  imited number of 

7 Six of eight questions in the preference-over-mode-attribute category have < 20 missing va ues. On y predictab e cost and mu tip e stops have
more, at 27 and 43, respective y. This resu ts in 56 observations that wou d otherwise be omitted from ana ysis (7.3% of the reduced samp e). 
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cases, popu ation density of a primary destination was zero (because the re evant census b ock group is comp ete y non-residentia );
for the ana ysis, a   zero va ues of primary destination popu ation density are rep aced with the samp e average va ue. This is a very
 imited change that a  ows the cases to be inc uded in mathematica  comparisons. These steps resu t in a fna  set of 1,026 ob-
servations that are used in the ana ysis. 

3.3. Data analyti al approa h 

To capture the distinction between current adoption and interest in future adoption, we defne two sets of dependent variab es
and estimate  inear probabi ity mode  ordinary  east squares (OLS) regressions for each ana yzed techno ogy or service.8 The de-
pendent variab es are (1) Adopted: defned as an indicator variab e equa  to one if the respondent reported owning a given emerging
techno ogy or regu ar y using an emerging service, zero otherwise; and (2) Interested in Adopting: defned on y for the subsamp e
that has not a ready adopted the service or techno ogy, this indicator variab e is equa  to one if the respondent reported interest in
using the service or owning the techno ogy in the future. The frst set represents the segment that has a ready adopted, whi e the
second represents the adoption potentia  of these techno ogies and services among those who have not a ready adopted.

The summary statistics for dependent variab es used in this study are provided in Tab e 2. Both sets of variab es are defned from 
responses to survey questions 1.11–13, which can be viewed in Appendix C in the supp ementary materia s; Fig. 1 shows question 
1.13. 

To ana yze the impact of exp anatory factors on adoption and interest in adoption of techno ogies and services, we estimate the
fo  owing mode : 

= + + +Y X Pigc igc i i
' '

(1) 

Equation (1) describes the outcome for individua  in census b ock group g in county c as a function of individua  and geographic 
factors, persona - eve  characteristics, and an idiosyncratic error. 

The frst exp anatory variab e vector in Equation (1) captures the demographic and  ocation-specifc factors and is given by 
Equation (2) wherein the frst three terms are dummy variab es, equa  to one when there is a chi d under age 8 in the home, the
respondent has more than a bache or’s degree education, or the respondent identifes as fema e. We inc ude three types of  ocation-
based factors in our ana ysis. First, the wa k score of the residence (WalkS ore)9 is inc uded to account for access to nearby amenities
(e.g., grocery stores and restaurants). Wa k scores are computed using an a gorithm that ca cu ates distance to the nearest amenity in
a set of categories, where “amenities within a 5 min wa k (0.25 mi es) are given maximum points. A decay function is used to give
points to more distant amenities, with no points given after a 30 min wa k.”10 A   categories of amenities are given equa  weighting,
then norma ized and summed to produce a number ranging from 0 to 100. This measure is inc uded to direct y refect the feasibi ity
of wa king as a mode choice, because wa k scores have been found to strong y corre ate with nearby access to reported primary
commute destination types inc uding grocery stores, ftness faci ities, restaurants, cofee shops,  ibraries, and retai  (Carr et a ., 2011)
and access to pub ic transportation in the form of train and bus stop counts (Koohsari et a ., 2018). The second  ocation-based factor is
popu ation densities in the census b ock group of both the residence and the primary destination (PopDens in 1000 peop e per square 
mi e), refecting accessibi ity and  ike ihood of pub ic transit use or wa king (Rei  y and Landis, 2002) and acting as “proxies for 
variab es that represent the qua ity of the transit service” (Chen et a ., 2008).11 The third  ocation-based factor is commute distances 
(PrimaryDistan e), determined by the address of the home and the primary destination (P.D.) provided by each participant in the
survey and ca cu ated using the Goog e API to refect the distance in mi es via driving route. This distance encompasses the operating
costs, trave  time in which the respondent wou d use the techno ogy or service, and the range for BEV use. PrimaryDistan e is captured
by three inc uded dummy variab es indicating whether the respondent’s primary commute distance fa  s into the fo  owing parti-
tioned categories: 10–20 mi es, 20.01–50 mi es, and above 50 mi es, whi e  ess than 10 mi es serves as the omitted category.

Among the remaining factors, HH In  represents annua  househo d income before taxes and a so enters as dummy variab es after
being partitioned into three categories: $75,000–$150,000, $150,001–$200,000, and above $200,000, with  ess than $75,000 as the
omitted category. These bins approximate the quarti es of househo d income within the samp e, with some s ight deviation given the
coarseness of the income categories respondents cou d se ect in the survey. The age of the respondent is accounted for through the
inc usion of dummy variab es indicating the decade in which the respondent was born (BirthDe ): 1930s, 1940s, 1950s, 1970s, 1980s, 

i

= + > + + + + +

+ +

Child yrCollege Female WalkScoreX BirthDec PopDens PrimaryDistance

HHInc C

( 4 )igc i i i i i gc i

i c

'
1 2 3 4

' ' '

' (2) 

8 Ana yses were conducted using a Logit regression as we  , with consistent resu ts between that and the OLS regressions. Estimates from the Logit
regressions can be found in Appendix D in the supp ementary materia s.

9 See https://www.wa kscore.com/professiona /. 
10 See https://www.wa kscore.com/methodo ogy.shtm . 
11 Residentia  and workp ace popu ation densities are a so a signifcant factor in determining San Francisco Bay Area vehic e choice (Kocke man, 

1997); the decision to wa k, bike, or take pub ic transit in Hong Kong and Boston (Zhang 2004); vehic e mi es trave ed in Port and, Oregon (Sun 
et a . 1998) and nationwide (Chatman 2003); and engagement in work and shopping trips by foot in Puget Sound (Frank and Pivo 1994) and genera  
wa king trips in Ba timore and Washington DC (Mahmoudi and Zhang 2018). Additiona  y, residentia  popu ation density can impact avai abi ity of
street parking, a factor found to dramatica  y afect car ownership in New York City (Guo 2013). 
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Table 2 
Summary statistics of outcome variab es. 

N Mean SD Min Max 

Adopted: Ride-hai  Sing e 1026 0.27 0.44 0 1 
Adopted: Ride-hai  Poo ed 1026 0.18 0.38 0 1 
Adopted: Car-Sharing 1026 0.03 0.16 0 1 
Adopted: Hybrid 1026 0.16 0.37 0 1 
Adopted: P ug-in E ectric 1026 0.06 0.25 0 1 
Adopted: Adaptive Cruise Contro  1026 0.17 0.38 0 1 
Adopted: Partia  y Automated 1026 0.04 0.20 0 1 
Interested in Adopting: Ride-hai  Sing e 752 0.27 0.44 0 1 
Interested in Adopting: Ride-hai  Poo ed 846 0.20 0.40 0 1 
Interested in Adopting: Car-Sharing 1000 0.19 0.39 0 1 
Interested in Adopting: Hybrid (Gas-E ectric) 864 0.426 0.49 0 1 
Interested in Adopting: P ug-in E ectric 960 0.53 0.50 0 1 
Interested in Adopting: Adaptive Cruise Contro  851 0.46 0.50 0 1 
Interested in Adopting: Partia  y Automated 984 0.47 0.50 0 1 
Interested in Adopting: Fu  y Automated 990 0.51 0.50 0 1 

Max Observations 1026 

Table 3 
Summary statistics of demographic and househo d variab es. 

N Mean SD Min Max 

Born 1930s 1026 0.01 0.12 0 1 
Born 1940s 1026 0.08 0.26 0 1 
Born 1950s 1026 0.14 0.35 0 1 
Born 1960s 1026 0.18 0.38 0 1 
Born 1970s 1026 0.20 0.40 0 1 
Born 1980s 1026 0.28 0.45 0 1 
Born 1990s 1026 0.11 0.31 0 1 
Any Chi dren < 8yrs 1026 0.16 0.36 0 1 
HH Income < 75 K 875 0.27 0.44 0 1 
HH Income [75 K, 150 K) 875 0.34 0.47 0 1 
HH Income [150 K, 200 K) 875 0.15 0.36 0 1 
HH Income ≥ 200 K 875 0.25 0.43 0 1 
> 4 yr Co  ege Ed. 1026 0.45 0.50 0 1 
Fema e 989 0.49 0.50 0 1 

Max Observations 1026 

and 1990s, with 1960s being the omitted category. Cc is a vector of county fxed efects, inc uded to absorb unobservab e diferences
in transportation mode choices and accessibi ity across counties in the San Francisco Bay Area. Summary statistics of demographic
and  ocation-specifc variab es are presented in Tab es 3 and 4, respective y. 

The second vector of exp anatory variab es in Equation (1) is specifed in Equation (3),
which frst contains the vector of the preference-over-mode-attribute category variab es (ModeAttrib) covering respondents’

strength of preference for characteristics of transportation modes used on commutes to their primary destination. Respondents rated
how important—on a sca e of not at a   important (1) to very important (5)—each of the fo  owing characteristics of transportation
options are in their choice of modes: vehic e safety,  ow trave  cost,  ow hass e, predictab e trave  time, short trave  time, predictab e
cost, abi ity to make mu tip e stops during a trip, minimizing environmenta  impact, and the abi ity to interact with individua s
outside of one’s immediate socia  circ e.12 

= + +P ModeAttrib BigFivePersonality RiskPreferences' ' 'i i i i
' (3) 

12 The environmenta  impact and socia  interaction variab es are derived from two questions in the Who eTrave er survey instrument. First, in
question 1.5 respondents were asked whether they view minimizing environmenta  impact and socia  interaction each as positive or negative
attributes. If a respondent chose that those attributes were positive, they were then presented with “minimize environmenta  impact” and “abi ity to
interact with others (other than c ose friends or fami y members)” in question 1.6 for eva uation of importance when determining mode choice. If
they indicated they were negative attributes, the respondent was instead presented with “maximize environmenta  impact” and “not having to
interact with other peop e (other than c ose friends or fami y).” Each respondent was shown on y one version of the questions. For our ana ysis, we
combine answers to the positive and negative responses to 1.6, coding a response to the negative form as a negative va ue from 1 to 5, and an answer
to the positive version as a positive 1 to 5. Like the other importance variab es, a “not app icab e” response is coded as a zero. 
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Table 4 
Summary statistics of  ocation-based variab es. 

N Mean SD Min Max 

Res. Pop. Density 
P.D. Pop. Density 
Wa k Score 

1026 
1026 
1026 

13.20 
9.15 
54.43 

15.09 
12.94 
28.49 

0.01 
0.02 
0 

169.29 
130.77 
99 

Distance to Primary Dest. (mi) 
Dist. to P.D. ≤ 10mi 

1026 
1026 

12.50 
0.58 

18.49 
0.50 

0 
0 

389.33 
1 

Dist. to P.D. (10, 20] mi 
Dist. to P.D. (20, 50] mi 
Dist. to P.D. > 50mi 

1026 
1026 
1026 

0.21 
0.18 
0.03 

0.41 
0.39 
0.16 

0 
0 
0 

1 
1 
1 

A ameda County 
Contra Costa County 
Marin County 
Napa County 
San Francisco County 
San Mateo County 
Santa C ara County 
So ano County 
Sonoma County 

1026 
1026 
1026 
1026 
1026 
1026 
1026 
1026 
1026 

0.25 
0.14 
0.03 
0.001 
0.16 
0.08 
0.23 
0.04 
0.06 

0.44 
0.35 
0.17 
0.10 
0.37 
0.27 
0.42 
0.19 
0.23 

0 
0 
0 
0 
0 
0 
0 
0 
0 

1 
1 
1 
1 
1 
1 
1 
1 
1 

Max Observations 1026 

Table 5 
Summary statistics for preference-over-mode-attribute variab es. 

N Mean SD Min Max 

Safety
Low Cost 

1026 
1026 

4.25 
3.80 

1.08 
1.23 

0 
0 

5 
5 

Low Hass e 1026 4.34 0.98 0 5 
Short Time 1026 4.32 0.97 0 5 
Predict. Time 1026 4.41 0.92 0 5 
Predict. Cost 1026 3.66 1.31 0 5 
Mu tip e Stops 
Min. Env. Impact 
Socia  Interaction 

1026 
1023 
984 

3.07 
3.34 
0.35 

1.51 
1.78 
2.82 

0 
−5 
−5 

5 
5 
5 

Max Observations 1026 

Table 6 
Summary statistics for persona ity and risk variab es. 

N Mean SD Min Max 

BFI-10: Extraversion 1026 3.10 0.99 1 5 
BFI-10: Agreeab eness 
BFI-10: Conscientiousness 

1026 
1026 

3.74 
3.97 

0.70 
0.82 

1.7 
1.5 

5 
5 

BFI-10: Neuroticism 1026 2.66 0.95 1 5 
BFI-10: Openness 
Risk Averse ($1–20 Reservation) 
Risk Averse ($30–40 Reservation) 
Risk Neutra  ($50 Reservation) 
Risk Loving ($60+ Reservation) 

1026 
1026 
1026 
1026 
1026 

3.61 
0.23 
0.30 
0.29 
0.18 

0.87 
0.42 
0.46 
0.45 
0.39 

1 
0 
0 
0 
0 

5 
1 
1 
1 
1 

Max Observations 1026 

The second and third vectors account for individua  persona ity and risk preferences. The term BigFive Personality captures the Big
Five persona ity dimensions (agreeab eness, conscientiousness, extraversion, openness, and neuroticism), p acing peop e on a sca e of
1–5 for each characteristic. These Big Five persona ity sca es were generated using the 10-question Big Five Persona ity survey
measure (BFI-10). Risk Preferen es accounts for respondents’ preferences over a 50–50  ottery of winning $100 or receiving nothing (a
certainty equiva ent of $50), and a set amount of money for sure ranging from $1 to $90. We inc ude an indicator bin for high risk
aversion (corresponding to a price at which the respondent prefers the sure amount, or reservation price, of $1–$20), moderate risk
aversion ($30–$40 reservation price), and risk  oving ($60 or higher reservation price), with risk neutra ity ($50) serving as the
omitted group. Summary statistics for the preference-over-mode-attribute, persona ity, and risk variab es are presented in Tab es 5 
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Table 7 
San Francisco Bay Area representation in Who eTrave er survey. 

Fema e At Least HS At Least HH Inc < HH Inc $75–150 K HH Inc $150–200 K HH Inc > 
Educ. Bache or $75 K $200 K 

United States 50.8% 87.0% 30.3% 63.2% 25.7% 5.4% 5.7% 
Bay area  ounties
A ameda 51.0% 87.3% 43.9% 47.4% 29.6% 10.1% 12.9% 
Contra Costa 51.2% 89.1% 40.3% 45.7% 28.1% 10.1% 13.6% 
Marin 51.1% 93.1% 57.1% 39.2% 27.7% 10.8% 22.4% 
Napa
San Francisco 

50.3% 
49.0% 

83.9% 
87.4% 

33% 
54.8% 

50.2% 
44.5% 

30.7% 
26.7% 

8.6% 
10.4% 

10.5% 
18.4% 

San Mateo 50.8% 88.6% 47.1% 38.5% 30.6% 11% 20% 
Santa C ara 49.9% 87.1% 49.1% 38.3% 29.7% 12.1% 19.9% 
So ano 50.3% 87.5% 25.1% 53.5% 32.5% 7.9% 6.1% 
Sonoma 51.0% 87.2% 33.1% 55.0% 29.8% 7.7% 7.4% 
Pop. Weighted Bay Area 
Who eTrave er 

50.5% 
49.1% 

87.8% 
96.8% 

44.7% 
82.6% 

47.6% 
26.5% 

28.5% 
34.1% 

9.4% 
14.7% 

14.1% 
24.7% 

Fema e Who eTrave er 100% 98.4% 80.9% 31.5% 35.9% 13.3% 19.4% 
Respondents 

This tab e compares popu ation and demographic characteristics of the Who eTrave er Transportation Behavior Survey to the popu ations of nine
San Francisco Bay Area counties. Popu ation and demographic information for the counties are from the 2016 ACS (see https://www.census.gov/
programs-surveys/acs/). Bo d statistics indicate t-tests in which we fai  to reject the nu   hypotheses that the Who eTrave er samp e has the same
mean va ue as the popu ation-weighted ACS va ues at the 95%  eve . 

and 6, respective y.13 

To confrm the robustness of our resu ts and prevent spurious identifcation of predictors, we test combinations of predictor
variab e sets (demographics, preference over mode attributes, and persona ity/risk preferences) to ensure the identifed signifcant
predictors present consistent y across mode  specifcations. 

3.4. How well WholeTraveler respondents represent the Bay Area 

Examining how the respondents who constitute our samp e represent the entire San Francisco Bay Area popu ation is important
for understanding both the context that generates the fo  owing resu ts and the resu ting imp ications for interest in and adoption of
the emerging transportation techno ogies and services among the broader regiona  popu ation. Tab e 7 compares gender, education
 eve s, and househo d income popu ation shares for survey respondents with those for the nine Bay Area counties, a popu ation-
weighted regiona  average, and the entire U.S.

Education and income vary across the diferent samp es. Whi e 87% of the nationwide American Community Survey (ACS) samp e
reported at  east a high schoo  education, the Who eTrave er samp e reported a most 97% at this  eve  of education. The disparity is
even greater for higher education: 30% of the U.S. popu ation reported a co  ege education or higher, but the va ues were 45%
averaged across the Bay Area and 83% for the Who eTrave er samp e. Simi ar trends occur in the income distribution, where on y
11% of the nationa  y samp ed househo ds earned greater than $150,000 per year, compared with 24% averaged across Bay Area
counties and 39% for the Who eTrave er samp e.

One area of parity is the proportion of fema e respondents. In our survey, we obtained approximate y even numbers of responses
from ma e and fema e participants, para  e ing the Bay Area popu ation. In fact, the proportion of men who responded was not
statistica  y signifcant y diferent than the proportion of women: we fai  to reject the nu   hypothesis that 50% of our samp e are
fema e with 99.9% confdence for both the fu   c eaned samp e of 1026 respondents (confdence interva  spans 43.8–54.2%) and the
 argest ana yzed subsamp e of 826 (confdence interva  from 43.5% to 55.0%). For fema e respondents on y, education  eve s are
comparab e to the entire samp e, and the income distribution exhibits  ess bias compared with the regiona  and nationa  distributions.
The percentage of respondents reporting househo d income above $200,000 annua  y fa  s from 25% to 19%, with the mass shifting
a most entire y to incomes be ow $75,000.

The demographics observed in the Who eTrave er survey resu ts are consistent with those of previous Bay Area transportation
studies, which simi ar y obtained responses from a very high y educated and high-income group. The 2010–2012 Ca ifornia
Househo d Trave  Survey (CHTS) e icited responses from individua s with comparab y high education  eve s (98% at  east high schoo 
education, 73% at  east a bache or’s degree, and 42% a graduate degree), a beit with a more representative income distribution (36%
of respondents with househo d income be ow $75,000, 33% between $75,000 and $150,000, and 21% over $150,000) in a  arger
samp e of 24,030 individua s from 9719 househo ds (C ew ow, 2016). Surveys of City CarShare users and the 2015 Ca ifornia Mi -
 ennia s Dataset revea  simi ar patterns (Cervero and Tsai, 2004; A emi et a ., 2018). Therefore, our samp e (and in particu ar the 

13 Appendix D in the supp ementary materia s presents regression resu ts corresponding to running the mode  in Equation (1) inc uding on y the 
vector of variab es defned in Equation (2). We provide these resu ts to demonstrate the robustness of these factors to the inc usion and omission of 
Equation (3) regressors. 
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Fig. 2. Adoption and interest in adopting by techno ogy/service. 

samp e of fema e respondents) refects the samp es from other regiona  studies. 

4. Results: ad pti n, interest, and regressi n estimates 

Here we frst focus on the resu ts of the Who eTrave er survey and discuss respondents’ rates of adoption and interest in future
adoption. Then, we present detai ed resu ts from our regression ana ysis. 

4.1. Respondents’  urrent adoption and interest in future adoption 

Respondents’ stated adoption and interest resu ts a  ow us to understand both the current techno ogy penetration within our
samp e and the receptiveness to future adoption. Fig. 2 reports the adoption and interest  eve s covering  ong-existing, accepted
techno ogies through to more nove  transportation modes and services. Interest in future adoption is stacked upon current adoption
for each given techno ogy, so each bar corresponds to the potentia   ong-term market difusion for that techno ogy based on current
engagement and perceptions.

Adoption and interest behavior for smartphones, navigation smartphone apps, and Amazon Prime memberships suggests these
techno ogies and services have neared their saturation points within our samp e. Respondents exhibit very high adoption rates, with
rough y 90% of respondents in the samp e owning a smartphone, 72% using navigation or trip-p anning apps (e.g., Goog e Maps,
Waze), and 58% having a membership to Amazon Prime. However, additiona  interest among those who have yet to adopt these
techno ogies is  imited. On y 1% of respondents are interested in purchasing a smartphone at a  ater point, whi e 3% are interested in
starting to use navigation apps, and 6% are interested in adopting Amazon Prime.

Converse y, we observe genera  y  ow adoption but high interest for transportation techno ogies. Ride-hai ing services (both
sing e and poo ed) exhibit the highest adoption rates (at 27% and 18%, respective y) among the transportation services. Both ride-
hai ing services receive simi ar  eve s of interest in future adoption: 27% express interest in adopting sing e-rider services, whi e 20%
wou d consider using poo ed ride-hai ing. A mere 3% of respondents have adopted car-sharing services, whi e 19% of those samp ed
wou d be interested in eventua  y adopting car-sharing.

Among e ectrifed vehic e techno ogies, hybrids (16% ownership rate) have been adopted at near y three times the rate for PEVs
(6%). However, interest in future adoption is higher for PEVs (53%) than for hybrids (42%).

Among AV techno ogies, ACC disp ays re ative y high  eve s of adoption (17%). A though this is a new techno ogy, the resu ts
suggest that this  eve  of automation is either increasing y ubiquitous in many newer automobi es and/or there is a preference among
respondents for vehic es with this techno ogy. In addition, 4% of respondents reported having adopted partia  y automated vehic es.
The  ist of current y avai ab e vehic es with partia  y automated techno ogy in the  eve  2–3 range is sma  . Interest in future adoption 
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Table 8 
Adoption and interest for shared services. 

Adopted Interested in Adopting 

Ride-hai  Sing e Ride-hai  Poo ed Car-Sharing Ride-hai  Sing e Ride-hai  Poo ed Car-Sharing 

Demographi  variables
Born 1930s 0.1238 0.1106 0.0230 0.1478 −0.1638** −0.1290 
Born 1940s −0.0730 −0.0580 0.0020 0.0920 −0.0925 −0.0563 
Born 1950s −0.0055 −0.0455 0.0122 −0.0218 −0.0552 −0.0098 
Born 1970s 0.0622 −0.0023 −0.0009 −0.0048 0.0071 −0.1234*** 

Born 1980s 0.2001*** 0.1615*** 0.0172 0.1038* 0.0714 −0.1055** 

Born 1990s 0.2515*** 0.2305*** 0.0390 0.1382* 0.0997 −0.0892 
Any Chi d < 8yrs 
HH Income 75–150 K 

−0.0526 
0.0341 

−0.0605 
0.0556 

0.0235 
0.0161 

−0.0649 
0.0311 

−0.0875* 

0.0085 
0.0257 
0.0787** 

HH Income 150–200 K 0.0654 0.0562 0.0134 −0.0429 0.0086 0.0729 
HH Income ≥ 200 K 0.1833*** 0.0198 0.0352* 0.0312 0.0011 0.0323 
> 4 yr Co  ege Ed. 
Fema e 

0.0392 
0.0090 

−0.0115 
−0.0010 

0.0163 
−0.0125 

0.0184 
−0.0216 

−0.0178 
−0.0403 

−0.0433 
−0.0634** 

Lo ation-based variables 
Res. Pop. Density 
P.D. Pop. Density 
Res. Wa k Score 

0.0004 
−0.0007 
0.0005 

0.0024 
0.0003 
0.0007 

0.0003 
−0.0004 
0.0006** 

−0.0019 
0.0000 
0.0008 

−0.0029* 

0.0002 
0.0016** 

0.0021 
−0.0003 
0.0008 

Dist. to P.D. (10, 20] 
Dist. to P.D. (20, 50] 
Dist. to P.D. > 50mi 

−0.0032 
0.0252 
0.0574 

0.0050 
−0.0314 
0.0107 

−0.0046 
0.0112 
−0.0078 

0.1506*** 

0.0503 
0.0363 

0.0020 
−0.0675 
0.0277 

0.0036 
−0.0467 
0.0108 

Preferen e-over-mode-attribute variables 
Safety
Low Cost 

0.0151 
−0.0130 

−0.0088 
−0.0060 

0.0049 
−0.0006 

−0.0033 
−0.0381* 

−0.0077 
0.0038 

0.0041 
0.0041 

Low Hass e −0.0207 −0.0050 −0.0144* 0.0205 −0.0034 0.0013 
Short Time 0.0102 −0.0073 0.0050 0.0445* 0.0103 0.0179 
Predict. Time 0.0097 −0.0047 0.0077 −0.0089 −0.0028 −0.0460** 

Predict. Cost 0.0076 0.0339*** −0.0000 −0.0007 −0.0029 0.0025 
Mu tip e Stops 
Min. Env. Impact 
Socia  Interaction 

−0.0148 
0.0260*** 

−0.0058 

−0.0124 
0.0124* 

−0.0003 

0.0035 
0.0011 
0.0010 

0.0006 
−0.0018 
−0.0086 

−0.0025 
0.0136* 

−0.0080 

−0.0050 
0.0263*** 

0.0070 

Personality and risk variables
BFI Extraversion 0.0410** 0.0449*** 0.0077 0.0252 0.0239 −0.0117 
BFI Agreeab eness 
BFI Conscientiousness 

0.0210 
−0.0143 

0.0464** 

0.0004 
−0.0029 
−0.0036 

−0.0062 
−0.0179 

0.0176 
0.0090 

0.0356* 

−0.0355* 

BFI Neuroticism −0.0020 0.0024 −0.0061 −0.0138 0.0073 0.0033 
BFI Openness 
Risk Averse ($1–20) 
Risk Averse ($30–40) 
Risk Loving ($60 + ) 
Observations 

0.0151 
−0.0124 
−0.0420 
−0.0346 
826 

−0.0028 
−0.0052 
−0.0317 
−0.0526 
826 

0.0037 
0.0006 
−0.0106 
−0.0302** 

826 

0.0116 
−0.0752 
−0.0078 
−0.0051 
587 

−0.0185 
−0.0480 
0.0365 
−0.0468 
675 

0.0340** 

−0.0013 
0.0606 
−0.0283 
804 

Observations Y = 1 239 151 22 170 145 167 
Adjusted R2 0.12 0.15 0.01 0.01 0.01 0.05 

Resu ts were generated using a  inear probabi ity mode  and inc ude a   X igc
' and P i

' variab es and county fxed efects described in Section 3.3. The 
dependent variab e = 1 in ‘Adopted’ mode s when the respondent regu ar y uses the tech/service. ‘Interested in Adopting’ uti izes the subsamp e

P i
'that does not regu ar y use the techno ogy and = 1 when interested in future use of the service. Mode  resu ts with t-stats, without variab es, and 

using  ogistic regression are  ocated in Appendix D in the supp ementary materia s.
* p < 0.10 reports statistica  signifcance for robust standard errors. 
** p < 0.05 reports statistica  signifcance for robust standard errors. 
*** p < 0.01 reports statistica  signifcance for robust standard errors. 

of these techno ogies is strong and simi ar across a    eve s of automation: 46% of respondents interested in adopting ACC, 47%
interested in partia  automation, and a striking 51% of respondents in the samp e are interested in adopting fu  y automated vehic es.

A though these resu ts provide va uab e insight into current rates of adoption and interest in future adoption, the regression
ana ysis in the fo  owing subsections c arifes the drivers of and barriers to adoption, a  owing better interpretation of these patterns.
We present resu ts by techno ogy group. In Tab e 8, we report coefcient estimates for a   variab es we considered. The signifcant
predictors identifed in  arge part do not vary across mode  specifcations when inc uded in diferent combinations of variab e sets
(demographics, preference over mode attributes, and persona ity/risk preferences). Therefore, for the sake of brevity, in Tab es 9 and 
10 we on y report the variab es that show signifcance in the fu   mode  specifcation. 
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Table 9 
Adoption and interest for e ectrifed vehic e techno ogies. 

Adopted Interested in Adopting 

Hybrid PEV Hybrid PEV 

Demographi  variables
Born 1940s 0.0576 0.0078 −0.0557 0.1440* 

Born 1950s 0.1626*** −0.0259 0.0475 0.1028 
Born 1980s −0.0940** −0.0835*** 0.0400 0.0614 
Born 1990s −0.0803* −0.0644** 0.1880*** 0.0792 
Any Chi dren < 8yrs 
HH Income [75 K, 150 K) 
HH Income [150 K, 200 K) 
HH Income ≥ 200 K 

−0.0037 
0.0545* 

0.0841** 

0.1316*** 

0.0569* 

−0.0002 
0.0467* 

0.0740** 

−0.0103 
0.0213 
−0.1216* 

−0.1583*** 

−0.0164 
0.0332 
0.0820 
0.0928 

> 4 yr Co  ege Ed. 
Fema e 

0.0933*** 

0.0382 
0.0298 
−0.0102 

0.0241 
0.0334 

0.0974** 

−0.0985** 

Lo ation-based variables 
P.D. Pop. Density 
Dist. to P.D. (10, 20] 

−0.0015* 

0.0081 
−0.0003 
0.0325 

−0.0021 
0.0099 

−0.0020 
0.0779* 

Preferen e-over-mode-attribute variables 
Low Cost 0.0036 0.0261*** 0.0130 0.0063 
Low Hass e 0.0185 −0.0236** 0.0149 0.0137 
Short Time −0.0209 0.0047 0.0414* 0.0412* 

Predict. Cost 0.0066 −0.0208** −0.0423** −0.0281 
Mu tip e Stops 
Min. Env. Impact 

−0.0071 
−0.0012 

0.0032 
0.0055 

−0.0198 
0.0192* 

−0.0352*** 

0.0368*** 

Personality and risk variables
BFI Extraversion −0.0048 −0.0116 −0.0418** 0.0052 
BFI Agreeab eness 
BFI Conscientiousness 

0.0220 
−0.0325** 

0.0096 
−0.0408*** 

0.0240 
0.0390 

0.0652** 

−0.0453* 

Risk Averse ($1–20) 
Risk Loving ($60+) 
Observations 

0.0026 
0.0394 
826 

−0.0421* 

−0.0467* 

826 

−0.0899* 

−0.1400** 

699 

−0.0772 
−0.1561*** 

772 
Observations Y = 1 127 54 306 426 
Adjusted R2 0.07 0.06 0.05 0.07 

Resu ts were generated using a  inear probabi ity mode  and have a   X igc
' and P i

' variab es and county fxed efects described in Section 3.3. The 
dependent variab e = 1 in ‘Adopted’ mode s when the respondent owns the techno ogy. ‘Interested in Adopting’ uti izes the subsamp e that does not
own the techno ogy and = 1 when interested in future ownership. Constant and coefcients for variab es that do not appear statistica  y signifcant
in any of the mode s presented in this tab e (Born 1930s; Born 1970s; Res. Pop. Density; Res. Wa k Score; Dist. to P.D. 20-50mi, Dist. to P.D. >
50mi; Risk Averse ($30–40); Safety; Predict. Time; Socia  Interaction; BFI Neuroticism; BFI Openness) are not reported in this tab e, but are reported

P i
'in Appendix D in the supp ementary materia . Mode  resu ts with t-stats, without variab es, and using  ogistic regression are  ocated in Appendix 

D in the supp ementary materia . 
* p < 0.10 report statistica  signifcance for robust standard errors. 
** p < 0.05 report statistica  signifcance for robust standard errors. 
*** p < 0.01 report statistica  signifcance for robust standard errors. 

4.2. Predi tors of adoption and interest, shared servi es 

Tab e 8 shows our resu ts for shared services inc uding ride-hai ing and car-sharing. The coefcient estimates represent per-
centage point diferences re ative to the omitted category. For examp e, a point estimate of 0.2 for those born in the 1980s regarding
adoption of sing e passenger ride-hai ing indicates that this age cohort is associated with a 20 percentage point margina  efect, or in
other words is 20 percentage points more  ike y to have adopted this service re ative to the omitted category (in this case, those born
in the 1960s). In the fo  owing, we high ight what we consider to be the most important resu ts of those presented in the tab e.

Younger generations are both more  ike y to have a ready adopted and to be interested in adopting ride-hai ing services: those
born in the 1980s and 1990s are 16–25 percentage points more  ike y to have adopted sing e-rider and poo ed options for services  ike
Uber or Lyft and are 10–14 percentage points more  ike y to express interest in future adoption of sing e-rider options than those born
in the 1960s. On the other hand, re ative youth is associated with somewhat  ess interest in car-sharing; those born in the 1970s and
1980s are 11–12 percentage points  ess  ike y to be interested in adopting car-sharing re ative to those born in the 1960s.14 Having a
chi d under 8 years of age has a sizab e and weak y signifcant negative impact on interest in adopting poo ed ride-hai ing services (9 

14 A though covariates such as age carry statistica  y signifcant coefcients in many cases, mode  adjusted R-squared va ues are genera  y  ow,
suggesting many unobserved factors p ay key ro es in determining techno ogy and service choices. A   mode s in Tab es 8–10 have adjusted within R-
squared va ues neg igib y diferent than the overa   adjusted R-squared va ue, suggesting they exp ain a simi ar amount of within-county variation as
they do overa   variation. 
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Table 10 
Adoption and interest for AV techno ogies. 

Adopted Interested in Adopting 

ACC Partia  y Autom-ated ACC Partia  y Autom-ated Fu  y Autom-ated 

Demographi  variables
Born 1940s 0.0271 0.0269 0.0698 0.2159*** 0.0491 
Born 1950s −0.0960** −0.0300 0.0647 0.0615 0.0076 
Born 1990s −0.0706 −0.0115 0.1043 0.2218*** 0.2297*** 

HH Income [75 K, 150 K) 
HH Income [150 K, 200 K) 
HH Income ≥ 200 K 

0.0427 
0.0513 
0.1131*** 

0.0089 
0.0024 
0.0434** 

0.0487 
0.1128* 

0.1115* 

0.0686 
0.0567 
0.1502*** 

0.1083** 

0.1186** 

0.1934*** 

Fema e −0.0070 −0.0273* −0.1576*** −0.1579*** −0.2600*** 

Preferen e-over-mode-attribute variables 
Min. Env. Impact 
Socia  Interaction 

−0.0242*** 

0.0019 
−0.0122** 

0.0012 
0.0188 
−0.0168** 

0.0203* 

−0.0038 
0.0072 
−0.0024 

Personality and risk variables
BFI Agreeab eness 
Risk Averse ($1–20) 
Risk Averse ($30–40) 
Risk Loving ($60 + ) 
Observations 

0.0448** 

−0.0471 
−0.0093 
0.1254*** 

826 

0.0048 
−0.0232 
−0.0295 
0.0065 
826 

−0.0017 
−0.0628 
−0.1060** 

−0.1198* 

688 

0.0057 
−0.1470*** 

−0.1003** 

−0.1002* 

793 

0.0095 
−0.1218** 

−0.0538 
−0.1405*** 

823 
Observations Y = 1 138 33 329 384 438 
Adjusted R2 0.04 0.01 0.03 0.06 0.11 

Resu ts were generated using a  inear probabi ity mode  and have a   X igc
' and P i

' variab es and county fxed efects described in Section 3.3. The 
dependent variab e = 1 in ‘Adopted’ mode s when the respondent owns the techno ogy. ‘Interested in Adopting’ uti izes the subsamp e that does not
own the techno ogy and = 1 when interested in future ownership. Constant and coefcients for variab es that do not appear statistica  y signifcant
in any of the mode s presented in this tab e (Born 1930s; Born 1970s; Born 1980s; Any Chi dren < 8 yrs; > 4 yr Co  ege Ed.; Res. Pop. Density; P.D.
Pop. Density; Res. Wa k Score; Dist. to P.D. 10–20mi; Dist. to P.D. 20–50mi; Dist. to P.D. > 50mi; Safety; Low Cost; Low Hass e; Short Time; Predict.
Time; Predict. Cost; Mu tip e Stops; BFI Extraversion; BFI Conscientiousness; BFI Neuroticism; BFI Openness) are not reported in this tab e, but are

P i
'reported in Appendix D in the supp ementary materia . Mode  resu ts with t-stats, without variab es, and using  ogistic regression are  ocated in 

Appendix D in the supp ementary materia .
* p < 0.10 report statistica  signifcance for robust standard errors. 
** p < 0.05 report statistica  signifcance for robust standard errors. 
*** p < 0.01 report statistica  signifcance for robust standard errors. 

percentage points  ess  ike y to be interested in adoption re ative to those without young chi dren); having a young chi d has no
signifcant impact on current adoption.

High househo d income (being in the highest income quarti e, above $200,000) is a strong predictor of sing e-rider ride-hai ing
adoption (18 percentage point margina  efect) and a weak predictor for car-sharing adoption (4 percentage point margina  efect) as
compared to those with househo d incomes be ow $75,000. Whi e adoption and interest do not signifcant y vary across income
groups for poo ed ride-hai ing, a higher importance p aced on predictab e trave  cost is associated with higher adoption rates for
poo ed ride-hai ing (3 percentage point margina  efect).

Individua s who va ue minimizing environmenta  impact are s ight y more  ike y to have a ready adopted ride-hai ing services
(2–5 percentage point increase for a one standard deviation increase in this score) and simi ar y more  ike y to be interested in
adopting car-sharing services.15 Other than age, and income in the case of sing e-rider ride-hai ing, the strongest predictor of ride-
hai ing adoption is an extravert persona ity: a one standard deviation increase in Big Five extraversion (rough y 1 point) is associated
with a 4 percentage point higher adoption rate for both sing e-rider and poo ed ride-hai ing options. Big Five agreeab eness has a
positive impact with a simi ar magnitude for poo ed ride-hai ing services as we  .16 Whi e Big Five dimensions of persona ity p ay
 itt e ro e in informing current car-sharing adoption, future interest in car-sharing adoption is positive y associated with agree-
ab eness and openness and negative y associated with conscientiousness. In our samp e, risk preferences broad y do not predict
adoption of or interest in ride-hai ing or car-sharing, a though risk- oving peop e have a 3 percentage point  ower car-sharing
adoption rate. 

15 The variab e Min. Env. Impact takes on va ues between −5 and 5. This variab e has a standard deviation of 1.78. Therefore, an increase of one
standard deviation in this variab e is associated with a 2.2 percentage point increase in the adoption of poo ed ride-hai ing, and a 4.6 percentage
point increase in the adoption of sing e-rider ride-hai ing.

16 BFI variab es take va ues from 1 to 5 with a standard deviation c ose to 1. Therefore, the margina  efect (in percentage point) of a one standard
deviation change is approximate y equiva ent to the coefcient estimate itse f. However, the diference between someone scoring 1 versus 5 on a
given BFI sca e means a sizeab e diference in adoption probabi ity (i.e., 4 * 4 = 16 percentage point increase in  ike ihood of adoption for someone
rating 1 on the extraversion or agreeab eness sca e versus someone rating 5). 
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4.3. Predi tors of adoption and interest, ele trifed vehi le te hnologies 

Tab e 9 shows resu ts for our e ectrifed vehic e ana yses, and we high ight some of the more noteworthy resu ts be ow. Age
mediates adoption of hybrids and PEVs in a meaningfu  way. Those born in the 1980s and 1990s are 6–9 percentage points  ess  ike y
to have adopted hybrid or PEV techno ogies re ative to those born in the 1960s, whi e those born in the 1950s have a 16 percentage
point higher  ike ihood of current y owning a hybrid vehic e re ative to the same comparison group. However, when it comes to
interest in future adoption, those born in the 1980s are just as  ike y to be interested in adopting these techno ogies, and those born in
the 1990s are 19 percentage points more  ike y to be interested in adopting hybrid vehic es than the comparison group. When on y
demographic and  ocation regressors are inc uded, those born in the 1980s and 1990s are signifcant y more  ike y to be interested in
adopting PEVs (11–12 percentage points) re ative to the omitted category (see Appendix Tab e D5 in the supp ementary materia s).
This suggests that younger generations are signifcant y more interested in future PEV adoption than the omitted category, but age is
corre ated with some of the mode attribute, persona ity, and risk preference measures inc uded in the primary specifcation reported
here. The on y exception to this genera  trend is that those born in the 1940s appear to have a particu ar y high interest in adopting
PEVs (14 percentage points more  ike y to be interested than those born in the 1960s).

Higher incomes are monotonica  y associated with adoption of e ectrifed vehic e techno ogies, with a rough y 3–5 percentage
point step-up increased adoption  ike ihood when moving between the second, third, and fourth income quarti es. In tota , house-
ho ds earning above $200,000 are 13 and 7 percentage points more  ike y to adopt hybrids and PEVs, respective y, than are
househo ds earning under $75,000. There is no signifcant diference across income groups with respect to interest in adopting PEVs,
and the two highest income quarti es are 12–16 percentage points  ess  ike y to be interested in adopting hybrids. This suggests that
PEVs are rough y equa  y appea ing across income groups, even if those with  ower incomes are not yet ab e to adopt. On the other
hand, hybrids appear  ess compe  ing to those with higher incomes when they consider future adoption.

Education beyond a bache or’s degree, a factor positive y corre ated with income, is positive y associated with current adoption of
hybrids (9 percentage points) and interest in adopting PEVs (10 percentage points). Identifying as fema e is associated with a 10
percentage point decreased  ike ihood of interest in future adoption of PEVs, an efect not seen for the more estab ished hybrid
vehic e techno ogy. Popu ation density in the census b ock group of the primary destination is negative y associated with adoption of
hybrid vehic es, which converse y suggests that hybrids are re ative y more popu ar in  ess dense y popu ated areas.

High  eve s of both risk aversion and risk  oving weak y predict a sma   decreased  ike ihood of current PEV adoption re ative to
risk-neutra  respondents. In addition, risk- oving preferences are associated with decreased interest in future adoption of both
e ectrifed vehic e techno ogies (−14 percentage points for hybrids and −16 percentage points for PEVs), suggesting either that risk-
 oving individua s view these techno ogies as proven and ordinary, or they are drawn toward vehic e characteristics and appearances
not typica  y found in hybrids or PEVs. Those p acing high importance on  ow trave  cost are 3 percentage points more  ike y to adopt
PEVs, whi e high regard for  ow hass e and predictab e costs decreases PEV adoption rates (approximate y 2 percentage points).
Those p acing high va ue on minimizing environmenta  impact are more  ike y to be interested in both techno ogies. Fina  y, a higher
Big Five conscientiousness score is negative y associated with current adoption of both e ectrifed vehic e techno ogies and interest in
future adoption of PEVs (−3 percentage points for a one standard deviation increase), and a one standard deviation increase in
agreeab eness is associated with a 7 percentage point increase in interest in PEV adoption.

Fina  y, commute distance does not appear to be an obstac e to adoption of PEVs for most survey respondents. Strong evidence of
commute “range anxiety” wou d manifest itse f as statistica  y signifcant, negative efects on a   three bins of commute distance,
growing in magnitude as the commute distance  engthened. We do not observe such a pattern; instead we fnd that  iving more than
50 mi es away from one’s primary commute destination yie ds no efect on current adoption statistica  y distinguishab e from zero.
The on y statistica  y signifcant efect found for commute distance is an 8 percentage point increased  ike ihood of interest in
adopting PEVs for those in the 10–20 mi e bin re ative to those  ess than 10 mi es from their destination. However, this interpretation
may need to be tempered by the recognition that the PEV techno ogy category cou d inc ude responses associated with PHEVs,
because this category was not separate y defned. It wou d be expected that PHEVs are associated with  ess range anxiety than BEVs. 

4.4. Automated vehi le te hnologies 

Tab e 10 shows resu ts for our AV ana ysis, and se ected resu ts are discussed in the fo  owing.17 Younger respondents are more
 ike y to express interest in the re ative y more advanced AV techno ogies: those born in the 1990s have a 22–23 percentage point
increased interest in adoption for either partia  y or fu  y automated AVs re ative to those born in the 1960s. Being born in the 1950s
is negative y associated with current adoption of ACC (−10 percentage points re ative to those born in the 1960s), a though being
born in the 1940s is positive y associated with adoption interest for partia  y automated techno ogies (22 percentage points). Fema e
identifcation is negative y associated with current adoption of partia  y automated techno ogies (−3 percentage points) and interest
in future adoption of a   automation  eve s (−16 percentage points for ACC and partia  automation, −26 percentage points for fu  
automation).

As expected, these resu ts a so high ight the importance of income as a driver for adoption of techno ogies with a high upfront
cost. Income above $200,000 is a strong positive predictor of ownership of a vehic e with either ACC (11 percentage points) or
partia  y automated (4 percentage points) techno ogy. Newer cars are more  ike y to have these techno ogies, so this fnding may 

17 Fu  y automated vehic e techno ogy is not inc uded in mode s of adoption, because this techno ogy is not current y avai ab e in the market. 
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refect the abi ity to buy recent mode  vehic es. Additiona  y, high househo d incomes continue to serve as a signa  of adoption
interest: be onging to the second-highest income quarti e confers a 12 percentage point higher interest in fu  y automated AVs
re ative to those in the  owest income quarti e, whi e membership in the highest income quarti e yie ds an 11–19 percentage point
higher interest in any of the AV techno ogies.

Fina  y, individua  persona ity and risk preferences p ay a ro e in adoption and interest in future adoption of AV techno ogies. A
one standard deviation increase in the Big Five agreeab eness persona ity dimension is associated with a rough y 3 percentage point
higher adoption rate for ACC, whi e risk  overs exhibit a 13 percentage point greater  ike ihood of ACC adoption re ative to risk-
neutra  respondents. Focusing on those who are not current adopters, adoption interest is signifcant y higher for those expressing
risk-neutra  preferences. Extreme risk aversion is corre ated with 12–15 percentage point  ower interest in partia  y and fu  y au-
tomated vehic es, whereas moderate risk aversion is corre ated with 10–11 percentage point  ower interest in partia  automation and
ACC. Simi ar y, risk- oving respondents exhibit interest in a    eve s of automation that is 10–14 percentage points  ower than the
interest of risk-neutra  individua s who have not yet adopted.18 

5. Takeaways f r ad pti n and interest 

Key fnding 1: Alth ugh higher-inc me pe ple are dispr p rti nately represented am ng current ad pters  f m st new
techn l gies, l w- t  middle-inc me pe ple are just as likely t  have ad pted pooled ride-hailing. Previous studies have found 
that e ectrifed (Capere  o and Kurani, 2011; Langbroek et a ., 2017; Nayum et a ., 2016) and automated (Fortune.com, 2018; 
Investopedia.com, 2018) vehic e techno ogies as we   as ride-hai ing use (A emi et a ., 2018; Dias et a ., 2017; Smith, 2016) a   tend to
be associated with re ative y higher incomes. In contrast, whi e our study confrms that those in the highest income group are
signifcant y more  ike y to have adopted a most a   of the ana yzed techno ogies and services, we fnd one important exception:
poo ed ride-hai ing. We fnd that a   income groups are simi ar y  ike y to have adopted or be interested in adopting poo ed ride-
hai ing. Ride-hai ing does not inc ude high upfront costs, as many other options do, and poo ed ride-hai ing costs  ess than sing e-rider
ride-hai ing. Shared poo  service may therefore he p  ower- and midd e-income peop e by giving them more fexibi ity and making it
easier for them to engage in and access the benefts of these emerging transportation techno ogies and services.

Key fnding 2: The gap between current ad pti n and future ad pti n interest suggests y unger generati ns have the
p tential t  fuel aut mated and electrifed vehicle market penetrati n, just as they are currently fueling ride-hailing up-
take, if given the means t  d  s . Those born in the 1980s and 1990s are 16–25 percentage points more  ike y to have a ready
adopted either sing e-rider or poo ed ride-hai ing services in comparison to those born in the 1960s. Average adoption of sing e and
poo ed ride-hai ing for those born in the 1960s is 21% and 12%, respective y. Therefore, those born in the 1980s and 1990s are about
twice as  ike y or more to have adopted ride-hai ing than the omitted category. This resu t is consistent with past research (A emi 
et a ., 2018; C ew ow and Mishra, 2017; Dias et a ., 2017; Kooti et a ., 2017; Smith, 2016). However, we fnd that, whi e these cohorts
exhibit 6–9 percentage point  ower current adoption rates for e ectrifed vehic es, they are just as  ike y or more  ike y to be interested
in future adoption of e ectrifed vehic e techno ogies re ative to o der generations. This indicates that future interest in e ectrifed
techno ogies is not as high y concentrated in o der generations as has been found with regard to current ownership (e.g., Langbroek
et a ., 2017). In addition, those born in the 1990s exhibit rates of interest in future adoption of higher  eve s of automation that are
22–23 percentage points higher than exhibited by those born in the 1960s. Consistent with the mixed fndings on age shown in other
studies of AV techno ogies (Abraham et a ,. 2016; Haboucha et a ., 2017; Bansa  and Kocke man, 2018), we show this strong efect
associated with interest in adoption by the youngest cohorts in the study, but a so re ative y higher interest in PEV and partia  y
automated vehic e techno ogies associated with being born in the 1940s re ative to the 1960s.

Key fnding 3: A l nger c mmute d es n t appear t  be a barrier f r high interest in PEV ad pti n. Those with dai y
commutes of greater than 10 mi es are as  ike y to have adopted PEVs, and are 8 percentage points more  ike y (in the case of those
with commutes between 10 and 20 mi es) to be interested in future adoption of PEVs, compared with those who have commutes of
 ess than 10 mi es. This is perhaps because a  onger commute cou d provide a faster return on investment via greater fue -cost savings.
At the same time, the fxed nature of commuting distances may mitigate what is traditiona  y thought of as “range anxiety” (Franke 
et a ., 2012; Neubauer and Wood, 2014), even if the commute is re ative y  ong, since PEV ranges may a ready be seen as sufcient to
satisfy the needs of many Bay Area commuters. However, this interpretation may need to be tempered by the recognition that the PEV
techno ogy category cou d inc ude responses associated with PHEVs, because this category was not separate y defned within the
survey. PHEVs wou d  ike y be associated with  ess range anxiety than BEVs, which might be contributing to this resu t.

Key fnding 4: W men are less likely t  ad pt and/ r be interested in ad pting m st new transp rtati n techn l gies,
with the excepti n  f ride-hailing. In particu ar, women are 3 percentage points  ess  ike y to have adopted partia  y automated
vehic es, 16–26 percentage points  ess  ike y to be interested in adopting vehic es with any  eve  of automation, 10 percentage points
 ess  ike y to be interested in adopting PEVs, and 6 percentage points  ess  ike y to be interested in adopting car-sharing. Simi ar
patterns have been found in other studies as we   (Langbroek et a ., 2017; P ötz et a ., 2014; Payre et a ., 2014; Investopedia.com,
2018). On the other hand, we fnd that fema e identifcation is associated with no signifcant diference in current use of or future
interest in ride-hai ing. This fnding is consistent with Smith (2016), whereas A emi et a . (2018) and Kooti et a . (2017) both found 

18 The high re ative interest among risk-neutra  respondents may be due in part to strong corre ations with high  eve s of both education and
income within the subsamp e: 34% of risk-neutra  respondents have househo d incomes above $200,000, whi e 85% have at  east a bache or’s
degree and 46% additiona  education beyond a bache or’s. 
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that women were actua  y more  ike y to use ride-hai ing services. In any case, designing and/or promoting emerging transportation
techno ogies to cater to women’s needs and wants cou d increase market potentia  and substantia  y impact overa   transportation
energy use. Ride-hai ing may provide an opportunity to better understand what types of transportation innovations are more ap-
pea ing to women.

Key fnding 5: Much ab ut transp rtati n techn l gy ad pti n remains t  be explained. A though we inc ude many ex-
p anatory variab es—particu ar y those associated with mode attribute preferences, persona ity, and risk characteristics in addition to
the more traditiona  demographic and  ocationa  regressors—our variab es on y exp ain around 5–15% of adoption (based on ad-
justed R-squared va ues). Our resu ts he p identify important characteristics that inform our understanding of adoption, and the
resu ts are sometimes consistent with and sometimes contradict previous fndings. For examp e, in contrast to what we might expect
based on previous studies (Skippon and Garwood, 2011), we fnd that PEV ownership is not positive y corre ated with agreeab eness
and openness, and is signifcant y negative y associated with conscientiousness. A so in contrast to previous fndings (Haboucha et a ., 
2017), we fnd that current adoption of AV techno ogies tends to be negative y corre ated with wanting to minimize environmenta 
damage, a though the resu t for future adoption interest becomes  ess c ear. On the other hand, we fnd resu ts somewhat consistent
with Hu se et a . (2018) in that risk- oving individua s seem re ative y uniform y uninterested in a   three  eve s of automation re ative
to risk-neutra  individua s, but risk- oving preferences are positive y associated with current ACC adoption. The fact that both risk-
averse and risk- oving individua s tend to be  ess interested in future adoption of a   AV techno ogies re ative to risk-neutra  in-
dividua s is a nove  and interesting fnding, but it poses more questions than it answers. A   of this suggests that additiona  ana ysis is
necessary. For examp e, because many characteristics are re ated (e.g., age and income), c uster ana ysis can combine these to
identify simi ar types of peop e who may have simi ar adoption patterns. Converse y, such characteristics may need to be further
separated through interactions. For examp e, openness to new techno ogy may be moderated by age or risk preferences. We intend to
exp ore these topics in future research. 

6. C nclusi ns 

The transportation techno ogies and services we examine have great potentia  to change future energy use and sustainab e
mobi ity patterns. The impact of these techno ogies wi   depend  arge y on their adoption by users in key geographies. The resu ts of
our ana ysis provide information about the characteristics of current users as we   as the potentia  drivers of adoption. These insights
contribute to ongoing eforts to p an the efcient transportation systems of the future.

The re ative va ue of some new transportation techno ogies may be driving adoption a ready. For examp e,  ow- to midd e-income
peop e may beneft from poo ed ride-hai ing options just as much as higher-income peop e, and peop e with  ong commutes may
beneft from the  ow per-mi e cost of PEVs. Our resu ts a so suggest that market penetration may be increased by he ping a ready-
interested groups access the resources necessary for adoption; in particu ar, young peop e demonstrate great interest in AV tech-
no ogies and are just as interested as most o der generations in adopting PEVs but are much  ess  ike y to have a ready done so, which
suggests they may need additiona  resources to enab e them to move to adoption. In addition, women represent a  arge potentia 
driver of market expansion for new transportation techno ogies. A though women are current y  ess  ike y to adopt or be interested in
adopting PEV and AV techno ogies, designing or marketing these techno ogies with women’s preferences in mind might he p
overcome this inequa ity. Insights might be gained from ride-hai ing adoption patterns, as women appear to be just as open to ride-
hai ing services in our samp e as men.

Whi e our study is specifc in its geographic scope (the San Francisco Bay Area) and has disproportionate y high education and
income of respondents even within the Bay Area, we fee  it can provide va uab e insights into transportation deve opment in other
regions as we  . The ana ysis of associations refected in this survey shou d refect many urban environments where these techno ogies
are we   deve oped. The resu ts shou d be carefu  y examined for app icabi ity when used in new contexts.

In future research, we wi   ana yze the survey resu ts in more depth and address other themes re ated to new transportation
techno ogies. Specifc approaches wi   inc ude factor ana ysis that defnes groups of peop e with simi ar characteristics to attempt to
e iminate the corre ation between our variab es, and factoria  interaction ana ysis to separate characteristics into sma  er groups of
peop e. We wi   a so de ve deeper into the efects of having chi dren on transportation choices, estimate how future price reductions
may impact ride-hai ing, and examine whether ride-hai ing rep aces pub ic transit use or enab es it by faci itating access to pub ic
transit hubs. 
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