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Abstract

We use data from an originally designed survey instrument administered in the Minneapolis—St. Paul metropolitan area to
gauge general attitudes and design preferences for a hypothetical shared automated vehicle (SAV) system. Design considera-
tions include seating, payment and booking logistics, security, and extra space and amenities. We pay particular attention to
the role of gender, race, health, and income in shaping these attitudes and preferences. Specifically, we use multiple regression
models to uncover general willingness-to-use SAV technology, finding that women are overall less comfortable with the tech-
nology, Black and Hispanic participants are more willing to pay for SAV technology and generally display lower magnitude pre-
ferences for design considerations. Although results are mixed in both sets of analysis for health status, higher income

individuals display higher willingness to pay and higher magnitude preferences for design considerations.
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Shared automated vehicle (SAV) technology is a particu-
larly beneficial application of driverless vehicle technol-
ogy ([I) that is characterized by vehicle sharing,
multimodal connection to existing transportation net-
works, and demand responsive interdependent networks
of vehicles (2). Because of their potential to reduce traf-
fic, research suggests that SAVs (and automated vehicle
[AV] technology in general) could improve safety and
reduce emissions, highlighting the benefits of widespread
SAV adoption (3, 4). If SAV systems feature efficient
connections to high-quality public transit, widespread
community adoption could provide inexpensive mobility
services to all people (including people with disabilities
and the elderly), thereby improving family and commu-
nity ties and boosting economic productivity and equity.
On-demand SAV service could be more affordable than
owning a personal AV, with the projected US$50,000
vehicle price absorbed across a platform funded by per-
ride fares and likely public subsidization (5, 6).

However, without careful design and planning, these
new technologies may reinforce inequity and inefficiency
issues plaguing existing transportation systems (7—10).
Although on-demand service would likely be more
affordable than owning and maintaining a personal vehi-
cle, rides still may be cost-prohibitive for low-income
communities (5). Further, if systems are designed around
the needs of high-socioeconomic-status riders, intended
transportation benefits may not be distributed equitably.
The rollout of on-demand ride services in NYC exempli-
fies how new disruptive transportation technology can
exacerbate inequity (/7). Evidence suggests that these
services were more concentrated in areas of wealth and
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that their high cost reduced their practical effect in low-
income communities (/7). Policies are required to guide
an equitable access to AVs and prevent discrimination in
the provision of services persistent in today’s shared
mobility services (&8). Despite this, few U.S. cities have
plans in place guiding the deployment toward this posi-
tive future (12).

Using data from an originally designed survey of
Minneapolis—St. Paul metropolitan area residents, this
paper investigates sociodemographic differences in atti-
tudes toward SAV technology, including the design con-
siderations of the potential service (preferred wait-time,
payment, vehicle design, safety considerations, etc.).
After administering the survey during the Summer and
Fall of 2020 and recruiting participants through social
media advertisements and Qualtrics survey panels, we
compiled a final sample of over 400 unique participant
responses. With these data, we answer two specific
research questions. First, what demographic and socioe-
conomic factors drive individual willingness to use SAV
technology? We use three metrics of SAV use willingness:
the maximum payment someone would pay to travel to
a set location, the maximum wait time before pickup for
that same trip, and a Likert scale of general comfort rid-
ing in a shared driverless vehicle. Second, how do design
considerations differ by race, gender, income, and
health? To answer this question, we use the conjoint sur-
vey analysis method to examine preferences for booking
and payment systems, onboard space for personal items,
onboard seating configurations, security features, and
extra amenities.

We find that differences in general attitudes to SAV
technology translate to differences in design consider-
ation preferences. Specifically, we find that although gen-
der does not affect maximum payment or wait times,
women are on average less comfortable with SAV tech-
nology than men. Gender also affected design considera-
tions, with women displaying significantly higher
preferences for onboard security features than men. By
contrast, Black and Hispanic participants reported
higher willingness to pay (WTP) than White participants,
yet other comfort measures were unassociated with parti-
cipant race. However, White participants’ design consid-
eration preferences were more pronounced than those of
participants of color across all different feature cate-
gories. While reported health status does not affect any
willingness-to-use variables, unhealthy and healthy parti-
cipants report preferences of slightly different magni-
tudes across most categories of possible design features.
Income drives only WTP yet is positively correlated with
the magnitude of preferences for most additional
features.

Ultimately, these findings can help practitioners guide
awareness campaigns and better plan for the equitable

rollout of SAV technology. Specifically, this study’s find-
ings could advise policies intending to ameliorate dis-
crimination in the provision of shared mobility services
and evaluation measures and priority frameworks for
equitable SAV resource allocation (8, 13). Given demo-
graphic differences in attitudes and design preferences,
policymakers and planners can design SAV systems to
equitably attract different communities. In addition, we
fill a gap in the literature, specifically quantifying public
preferences, design preferences, and equity considera-
tions around SAYV technology, rather than personal AVs.

The rest of the paper is structured as follows. In the
following section we provide a brief literature review on
SAV technology and public attitudes and preferences.
Then we provide a background of our survey methodol-
ogy and data-gathering process. Next we summarize data
gathered and used in our statistical analysis. After that
we examine the results of models predicting general will-
ingness to adopt SAV technology before turning to mod-
els that identify preferences among certain hypothetical
features of SAV technology, splitting our sample by the
four demographic indicators described previously.
Finally, we discuss results and conclusions.

Literature Review

Although there is not much in the literature around pub-
lic preferences and attitudes around SAV systems specifi-
cally, there have been several studies on the demand-side
barriers to the widespread adoption of general AV tech-
nology. Specifically, research demonstrates that cost,
travel time, and waiting time play an important role in
predicting AV adoption (1, 14, 15). Kyriakidis et al. (14)
found that 22% of respondents would only ride an AV if
they could do so at no cost and highlighted concerns
about data privacy, data issues, and safety. Further,
Haboucha et al. (16) found that even if SAV services
were available at no cost, only 75% of the respondents
would use the service. This points to the need for aware-
ness campaigns and peer-to-peer communication that
can counteract low willingness to use AV technology
among some demographics (11, 15, 17-19).

Much of the literature on AV adoption suggests the
presence of gender and age gaps in attitudes toward AV
technology. Both Moody et al. (20) and Abraham et al.
(21) found that young, high-income, highly educated
males were the most optimistic about AV safety. Hulse
et al. (22) found that 43% of their survey participants
had a positive attitude toward AV technology whereas
46% were uncertain and 10% expressed negative senti-
ment. Those who were significantly more likely to have a
positive attitude toward autonomous vehicles were male
and younger. Older participants were the most likely to
have a negative attitude toward autonomous vehicles.
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Many other papers found that women exhibit a lower
preference for AV technology than men (17, 21, 23-26).
However, most of this literature focuses on gender gaps
in nonshared AVs. SAV technology relies on shared vehi-
cles, which may further exacerbate women’s discomfort.
Women are 10% more likely than men to feel unsafe in
rail transit and 6% more likely to feel unsafe in buses,
with women’s safety perceptions driving their overall
satisfaction with public transit services (27). Hsu et al.
(28) found that while attitudes toward environmental
concerns related to transit use did not differ along gender
lines, women had higher safety concerns than men.

Researchers have also examined the relationship
between perceptions of AV technology and physical dis-
ability, finding mixed results. Hwang (29) found that the
ability of AV technology to address current transporta-
tion service inequities for people with disabilities
improved opinions toward the technology, particularly
among those with negative views of public transit.
However, Bennett et al. (/8) identified a more negative
perception of AV technology among physically disabled
respondents compared with able-bodied respondents.
Although we do not examine the role of disability in our
study, we do examine the relationship between SAV per-
ceptions and physical health, an understudied area.

Survey Background

Our examination of public perceptions and preferences
about SAV technology uses a sample gathered from
across the Twin Cities metro area. Specifically, we used
various recruitment methods including using Facebook
advertisements targeting Minneapolis and surrounding
15-mile radius as well as using the Double-Opt-In
Market Research Panels at Qualtrics. The primary data
source for this report was an originally designed survey
instrument. The survey was administered through
Qualtrics between July 3, 2020 and January 9, 2021.

We recruited survey participants through several
methods. First, between July 3 and August 18, 2020, we
ran a series of advertisements on Facebook and
Instagram, targeted to users who resided in the seven-
county (Hennepin, Ramsey, Anoka, Dakota, Carver,
Scott, and Washington) metropolitan area. We ran ads
during 2-week intervals and intermittently checked the
composition of our sample to ensure that it was repre-
sentative. After the first set of ads had run, our sample
was overwhelmingly White and female, so we reset
Facebook and Instagram ad targeting to emphasize
majority-minority areas in South Minneapolis, North
Minneapolis, and the Northwest first-ring suburbs, and
Midway St. Paul. This improved sample representative-
ness slightly, so we readjusted our parameters after run-
ning another 2 weeks of ads, this time focusing on

several groups that were less prominent in the sample:
people who were parents, people who worked in service
sector jobs, and people with lower levels of education.

After running these ads, we completed the sample by
recruiting participants through Qualtrics. Qualtrics
recruits paid panels of survey-takers intended to be rep-
resentative of local area demographics. We recruited a
Qualtrics panel primarily composed of people of color
and skewed toward male participants to fully diversify
our sample. We screened out Qualtrics panel participants
who lived outside the seven-county metro area.

The survey opens with a page providing researcher
contact information and information about the survey’s
Institutional Research Board (IRB) approval. After par-
ticipants provide their consent at the bottom of this page,
they watch a minute-long introductory video created by
the research team which describes SAVs and shows foo-
tage of SAV prototypes in action. See Figure 1 for a SAV
prototype included in the video. The first section of the
survey asks respondents to identify their level of comfort
hypothetically riding an SAV such as those shown in the
introduction video. Specifically, we asked participants
“how comfortable would [they] be riding the automated
vehicle technology shown in the video?” Responses along
a five-point Likert scale ranged from “very uncomforta-
ble” to “very comfortable,” with “neutral” in the middle.
Participants were then asked to rank their comfort riding
any vehicle with strangers (“people you do not know”),
both at the current time and before the COVID-19 pan-
demic, using similarly worded five-point Likert scales.
Following these comfort-related questions, we asked two
questions intended to gauge respondents’ WTP for a sin-
gle SAV ride from their home to downtown Minneapolis.
The first of these questions captured economic WTP,
asking respondents to identify their maximum price for
such a ride. The next question captured temporal WTP,
asking respondents to identify their maximum wait time
for a SAV to pick them up for the same ride downtown.
WTP for AV technology has been examined before using

Figure |. EasyMile shuttle in Minnesota in 2018.
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similar survey methods, so this approach fits with previ-
ous literature (23).

Following the comfort and WTP questions, respon-
dents were asked a series of demographic questions about
their age, cohabitation/household structure, race/ethni-
city, country of birth, gender, income bracket, and gen-
eral health. In addition, a set of transportation access
questions were included: whether participants had a valid
driver license, how often respondents had access to an
automobile, and how difficult it was to reach ten differ-
ent areas within the Twin Cities metro area, including
Downtown Minneapolis, Downtown St. Paul, and sev-
eral first- and second-ring suburbs.

The next part of the survey relies on interactive parti-
cipant mapping. Only a few questions from this section
were used to generate the sample used in this paper.
Specifically, we gather respondents’ home locations (as
identified on a searchable map interface) and locations
within the metro area that they travelled to during the 7
days before taking the survey. Participants were asked to
identify if travelling to each location presented a hassle.
We explain the control variables generated from these
survey questions in the next section.

After participants finished the mapping section, they
completed the final section of the survey. This section
was composed of five questions asking respondents to
select their preferred set of possible SAV features
between two randomly generated sets. Because of its use
of randomization, this conjoint survey analysis approach
allows for more consistent causal inference in survey
research (30). Sets were randomly populated with fea-
tures from seven categories using self-designed computer

Table I. Conjoint Survey Categories and Features

algorithms. The seven categories and the associated fea-
tures are outlined in Table 1. We conducted randomiza-
tion such that at least two differences had to exist
between the two competing sets and such that the same
two sets could not reappear. Note that each category
includes a baseline feature, considered the most basic
possible specification for said category. Respondents
then selected one of two randomly generated sets of fea-
tures, with one feature per category appearing in each
set. Figure 2 shows an example conjoint question from
the survey.

Summary Statistics and Sample Geography

After survey administration completed, our data included
469 completed responses. We removed participants who
did not live in the Twin Cities metro area or did not dis-
close a home location, leaving 413 remaining responses.
Although some participants skipped a few questions or
avoided disclosing certain demographic data, participant
item-specific nonresponse occurred only for a few ques-
tions and never exceeded 5% of the total final sample.
The home locations of the 413 participants living in
the seven-county area are shown in Figure 3, which also
identifies the jurisdictions of Minneapolis and St. Paul,
county boundaries, and major highways. We specifically
identify Minneapolis and St. Paul in the map because as
the central cities of the metro area, they have the most
robust transit infrastructure and the densest urban form
of any municipality in the region. Most participants live
within Minneapolis or St. Paul or “first ring” suburbs
such as St. Louis Park or Edina (shown in Figure 3 as

Category Description Number of features Features
Payment system How a user pays for rides on the SAV system 2 App only (b)

App and onboard payment
Booking system How a user hails an SAV/books a trip 2 App only (b)

Storage space

Security measures

Sitting room How much sitting room on board an SAV
Seating layout

Extra amenities

Possible options for dedicated space on board an SAV 4

Possible options for security on board an SAV

How the seating on board an SAV will be laid out 2

Possible options for additional conveniences

App, text, and call booking
No storage space (b)
Storage for strollers
Storage space for bikes
Storage space for bags

3 None (b)

Camera

Onboard attendant
2 Limited seating (b)

Ample seating (b)
Seats face each other (b)
Seats face same direction
3 None (b)

Wi-Fi

Power outlines

Note: SAV = shared automated vehicle.

Baseline features are presented first in numbered lists in Column 3 and indicated as (b).
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Choose the set of features you prefer.

(OpionA ) (OpﬁonB )
Payment System | App / Onboard App on
Booking System | App / Text / Ca App / Text / Ca
Storage Space | Bikes Bags
Security Measures | Aftencant Camera
Sitting room | Ample Ample
Seating | Face forward Face forward

Exiras | Free wifi Free wi-

Figure 2. How feature bundles were shown to survey
respondents.
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Figure 3. Map of home locations.

the clusters of homes respectively to the west of central
Minneapolis and south of Southwest Minneapolis).
Table 2 lists summary statistics for both dependent
and independent variables for all observations in the
final sample. This includes continuous and binary vari-
ables. Notably, the sample is balanced across gender,
and its racial breakdown generally reflects that of the
entire seven-county Twin Cities metro area. The set of
variables describing participant geography and travel
patterns necessitates further explanation. The average
participant listed 9.4 trips taken during the last week,
including visits to the same location. The average activity

space, defined by a participant’s minimum convex poly-
gon bounding box of all listed locations surrounded by a
I-mile buffer, was about 102 square miles. In addition,
nearly 54% of participants lived in Minneapolis or St.
Paul. Finally, to gauge the extent to which travel pre-
sented hassles, we computed the Location Hassle Ratio:
each participant’s raw ratio of the number of locations
that induced any travel hassle to their total number of
listed locations.

SAV Willingness-to-Adopt Analysis

To understand the determinants of the three measures of
hypothetical SAV adoption, we regress each dependent
variable on a full set of demographic and geographic
indicators, according to the general equation:

Y=G+R+I+A4A4+ AD+C+ M+ ¢,

where Y represents the exact recorded maximum pay-
ment in US dollars, maximum wait time in minutes, or a
binary valued 1 if participants reported being comforta-
ble or very comfortable with SAV technology (on the
Likert Scale) and 0 otherwise. The right-hand side of the
equation includes several vectors of variables (bolded in
the equation) and an error term €. Here G includes bin-
ary indicators for female and nonbinary gender, R
includes indicators for race/ethnicity using White partici-
pants as a reference group, I includes indicators for mid-
dle (US$50,000-US$99,999) and high (more than
US$100,000) income, AA includes indicators for auto-
mobile access level, AD includes indicators for age
decade, and C includes indicators for cohabitation with
a child and for living alone, using all others a reference
group. Here M includes several miscellaneous variables.
First, it includes transformations of the two variables
(pre-COVID and current) gauging general comfort shar-
ing vehicles with strangers, creating a binary for gen-
eral comfort using the same configuration as the
general comfort-dependent variable; M also includes
indicators for foreign born participants, participants
with a valid driver’s license, participants who report
good health (good, very good, or excellent health on
the Likert scale), and central city residents. Finally, M
includes two continuous variables drawn from the
mapping section of the survey: the natural log of each
participant’s activity space, and each participant’s raw
trip hassle ratio.

We use ordinary least squares (OLS) models to esti-
mate the above equation for participants’ maximum pay-
ment and waiting time and logistic (logit) regression
(reporting odds ratios) to examine the determinants of
SAYV comfort. Results of these three models are presented
in Table 3, showing several important findings. Income
affects WTP, with middle-income and high-income
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Table 2. Summary Statistics of Dependent and Independent Variables
Variable N Mean (percent) SD Min. Max.
Dependent variables Maximum wait time (minutes) 381 15.950 7.319 0 30
Maximum payment (dollars) 407 12.545 8.279 0 30
Comfort with SAV (Likert) 413 3.959 [.152 I 5
Independent variables ~ Current comfort with shared vehicles (Likert) 413 2.768 1.460 I 5
Pre-COVID comfort with shared vehicles (Likert) 413 3.852 [.155 I 5
Age 412 35.500 15.251 18 80
Income (US$) <10,000 413 0.058 0.234 0 I
10,000-25,000 413 0.109 0.312 0 I
25,000-50,000 413 0.194 0.396 0 I
50,000-75,000 413 0.203 0.403 0 I
75,000-100,000 413 0.186 0.390 0 I
>100,000 413 0.213 0.410 0 I
PNS 413 0.036 0.187 0 I
Health Poor 413 1.9% na na na
Fair 413 10.4% na na na
Good 413 27.8% na na na
Very good 413 37.8% na na na
Excellent 413 21.5% na na na
PNS 413 0.5% na na na
Automobile access Rare 413 9.4% na na na
Sometimes 413 21.5% na na na
Always 413 69.0% na na na
Race Asian or Pacific Islander 413 11.1% na na na
Black 413 6.5% na na na
Mixed 413 0.8% na na na
White 413 53.8% na na na
Hispanic (any race) 413 23.2% na na na
PNS 413 0.5% na na na
Gender Female 413 48.4% na na na
Male 413 45.8% na na na
Non-binary 413 4.1% na na na
PNS 413 1.7% na na na
Cohabitation Spouse/partner 413 49.9% na na na
Children under the age of 5 413 16.5% na na na
Children between 6 and 17 413 25.2% na na na
Child over 18 413 7.7% na na na
Roommate 413 18.9% na na na
No one 413 13.8% na na na
Other 413 10.4% na na na
Birth country Not foreign born 413 78.5% na na na
Foreign born 413 21.5% na na na
Travel patterns Number of total trips 410 9.400 9.186 0 102
Central city resident (Minneapolis or St. Paul) 413 53.8% na na na
Activity space (sq miles) 413 101.957 160.073 3.14] 1197.449
Location hassle ratio 410 0.384 0.420 0 I

Note: SD = standard deviation; Min. = minimum; Max. = maximum; SAV = shared automated vehicle; PNS = preferred not to say (or participants who

declined to disclose); na = not applicable.

Not all variables appear the same way in regressions as we make appropriate adjustments and transformations. Note that categorical variables are showing

percentages, not means.

participants reporting average maximum payments
respectively US$1.70 and US$3.70 higher than low-
income participants. However, income was not associ-
ated with maximum wait time or general comfort. Good
health status affected neither of the three dependent vari-
ables. For race, Black and Hispanic participants are will-
ing to pay about US$6.50 and US$5.35 for a ride from

their dwelling to downtown Minneapolis, controlling for
their central city status and their income, compared with
White participants. For gender, although women do not
significantly differ from men in their maximum payment
or wait times from men, they are about 50% less likely to
report being somewhat or very comfortable with taking
an SAV ride in Column C, a finding significant at 90%
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Table 3. Results of Willingness-to-Adopt SAV Models

A-Max. Payment (OLS)

B-Max. Wait time (OLS) C-SAV comfort (Logit)

Variable
Coef. SE P>t Coef. SE P>t Odds ratio SE P>z
Gender
Female 0.372 0.749 0.620 —-0.820 0.776 0.292 0.568%* 0.177 0.069
Nonbinary 3.296 2.133 0.123 1.017 2.022 0.615 0.561 0.351 0.356
Race
Asian Pacific Islander 0.561 1.522 0.713 —1.889 1.250 0.132 0.694 0.378 0.502
Black 6.480%** 1.382 0.000 2.310%* 1.387 0.097 0.845 0.541 0.792
Mixed Race/Other —-0.339 1.977 0.864 —1.278 1.823 0.484 0.616 0.455 0.512
Hispanic/Latino 5.357%** 1.164 0.000 1.898%* 1.016 0.063 1.288 0.537 0.544
Income
Mid (US$50,000-US$99,999) 1.699%* 0.832 0.042 0.095 0.898 0916 0.753 0.252 0.396
High (US$100,000 + ) 3.715%** 1.069 0.001 0.140 1.129 0.901 0.679 0.300 0.380
Automobile access
Sometimes 1.876 1.414 0.185 2.719%* 1.379 0.049 2.008 1.032 0.175
Always 2.044 1.372 0.137 2.695%* 1.438 0.062 1.178 0.532 0.717
Age decade
20s —-0.827 1.715 0.630 —1.284 1.618 0.428 0.528 0.348 0.332
30s —2.060 1.845 0.265 —1.380 1.740 0.428 1.055 0.738 0.939
40s —1.929 2.032 0.343 —2.398 1.936 0.216 0.186* 0.146 0.032
50s —3.408 2.086 0.103 —0.640 1.892 0.736 0.769 0.595 0.734
60s 0.129 2.333 0.956 0.667 2.006 0.740 1.867 1.898 0.539
70s & 80s 1.483 2413 0.539 2.558 2.363 0.280 0.241 0.200 0.086
Cohabitation
Live with child 1.552 0.968 0.110 2.245%* 1.008 0.027 1.792 0.673 0.121
Live alone 0.267 1.016 0.793 -0.368 1.133 0.745 0.570 0.245 0.191
Misc.
Transit Comf. Now 2.717%%* 0917 0.003 2.716%** 0913 0.003 2.417** 0.972 0.028
Transit Comf. Pre-COVID 1.301* 0.785 0.099 0.933 0.810 0.250 4.445%** 1.311 0.000
Driver license 1.558 1.289 0.227 2.893%* 1.155 0.013 1.028 0.506 0.956
Foreign born 2.793** 1.144 0.015 2.382%* 1.056 0.025 0.866 0.363 0.731
Good health —0.955 1.121 0.395 —0.389 1.149 0.735 1.345 0.575 0.488
Central city resident —0.301 0.754  0.690 0.464 0.790  0.557 0.710 0.220  0.268
Log activity space 0.214 0.315 0.498 -0319 0.295 0.281 1.103 0.154 0.485
Hassle-trip ratio 0.1 [4*** 0.043 0.009 0.050 0.038 0.189 1.072* 0.042 0.078
N 386 386 386 361 361 361 390 390 390
R? 0.397 0.397 0.397 0.273 0.273 0.273 0.196 0.196 0.196

Note: SAV = shared automated vehicle.

Models A and B are OLS (Ordinary Least Squres) models with continuous dependent variables. Model C is a logit regression, with odds ratios displayed. R
for Model C is actually a pseudo-R?. Sample sizes fluctuate because some participants skipped dependent variable questions. An asterisk is added if statistically
significant at 90% confidence, two asterisks are added for coefficients that are significant at 95% confidence, and three asterisks for 99% confidence.

confidence. This aligns with findings of gendered percep-
tions toward SAV technology.

Transportation-related factors are also important.
The ratio of hassles to total trips was positively corre-
lated with WTP. This implies that as a potential solution
to transportation problems, SAVs are valued by those
who experience more difficulty in day-to-day transporta-
tion than those with relatively easy daily travel patterns.
Although maximum wait time is positively correlated
with participant automobile access, it is not significantly
associated with other dependent variables. Similarly,
having a driver’s license increases maximum wait time by
about 3.5min, but does not significantly affect the two
other dependent variables. This suggests that holding all

else constant, perhaps those who have reliable personal
transportation options (in the form of a driver’s license
and decent access to an automobile) may see SAVs as a
novelty that would be worth waiting a few minutes for,
not necessarily paying a lot of money for. Foreign born
individuals and respondents who live with at least one
child under 17 years of age also exhibit longer maximum
wait times and higher payments, but membership in
those groups is not significantly associated with general
SAV comfort level. It is plausible that people with chil-
dren value the convenience of travel associated with
SAV technology and thus are more willing to wait longer
and pay higher amounts for a trip. The next section
explores potential explanations for some of these
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findings by examining differences in preferences for cer-
tain possible features of a hypothetical SAV, gauged by
the conjoint section of the survey instrument.

SAV Design Consideration Analysis

We now examine preferences for SAV technology fea-
tures, drawing data from the survey’s conjoint segment.
To analyze the results of the conjoint survey segment of
the online survey instrument, we run logistic regressions
of the probability a collection of features was selected on
indicators of the presence of each feature, omitting the
baseline feature from each category. Thus, models cap-
ture the marginal effect of a given feature’s presence on
the likelihood a collection is selected, specifically relative
to the presence of the baseline feature within the relevant
category.

Table 4 lists the details of the main model run on the
full sample and separate models run for men and women
separately. For the full model, most features significantly
affect whether a collection of features is selected. The
presence of more flexible options for payment and book-
ing in a collection increase its likelihood of selection.
Compared with the “no additional storage space”
option, the bag storage space option increases the odds
of selection by about 35% and the bike storage space

Table 4. Conjoint Analysis by Gender

option increases the odds of selection by 64%. By con-
trast, the presence of the stroller storage space option in
a feature collection has no effect on selection. The pres-
ence of each security measure option approximately dou-
bles a given collection’s chance of selection compared
with a collection that included no security measure. On
average, participants valued ample sitting room over lim-
ited sitting room and preferred to face forward rather
than to face each other. For extra amenities, the presence
of power outlets and free Wi-Fi increased a collection’s
selection odds by about 50% and 97%, respectively.
Partitioning the sample by gender shows notable differ-
ence in preferences between men and women. First, men
do not exhibit any significant preferences for payment
and booking flexibility, with women driving the effect
found among the full sample. Although neither gender
exhibits a significant preference for stroller storage,
women’s preferences for bag storage and bike storage
were slightly higher than those of men. Stark differences
occur for security preference, with the options for cam-
era security and attendant security increasing women’s
likelihood to select a given collection by 130% and
140%, respectively. By contrast, those same features
increased men’s likelihood to select a bucket by only
68% and 52%, suggesting that women value security
measures more than men. Women exhibit slightly more

Full Women Men

Variable OR SE P>t SE P>t OR SE P>t
Payment system

App/Onboard |.208%** 0.082 0.005 | .446%** 0.138 0.000 0.931 0.091 0.469
Booking space

App/Text/Call [.2]5%** 0.081 0.003 [.294%* 0.131 0.011 1.090 0.101 0.352
Storage space

Bags [.346%** 0.132 0.003 |.420%* 0.208 0.017 1.280* 0.180 0.080

Bikes | .644%** 0.156 0.000 |.743%%* 0.233 0.000 [.537%** 0.216 0.002

Strollers .09 0.094 0.839 1.096 0.149 0.501 0.898 0.119 0415
Security

Camera 2.0]2%%* 0.166 0.000 2.319%** 0.284 0.000 |.684%** 0.202 0.000

Attendant [.9]8%** 0.166 0.000 2,40 *** 0.307 0.000 [.522%** 0.183 0.000
Sitting room

Ample [.266%** 0.093 0.001 [.342%** 0.146 0.007 [.235%* 0.131 0.046
Seating

Face each other 0.729*** 0.050 0.000 0.685%** 0.072 0.000 0.809** 0.075 0.023
Extra

Power outlets [.503%** 0.132 0.000 [.920%** 0.242 0.000 |.253* 0.171 0.098

Free wi-fi [.972%** 0.161 0.000 2.1 | 5% 0.263 0.000 |.897#** 0.221 0.000
Constant 0.3 3%*x* 0.036 0.000 0.2]2%*x* 0.036 0.000 0.474%** 0.081 0.000
N (sample size) 4,120 2,000 1,888
Pseudo-R? 0.046 0.067 0.045

Note: OR indicates odds ratio from logit regressions. SE is standard error. Participants who chose not to disclose gender or were nonbinary not included
in the partitioned samples but are included in the full sample. The sample size of nonbinary participants is too small to conduct valid analysis on. An
asterisk is added if statistically significant at 90% confidence, two asterisks are added for coefficients that are significant at 95% confidence, and three

asterisks for 99% confidence.
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Table 5. Conjoint Analysis by Race/Ethnicity

White participants All participants of color Black Hispanic

Variable OR SE P>t OR SE P>t OR SE P>t OR SE P>t
Payment system

App/Onboard 1.384** 0.129 0.000 1.057 0.105 0579 0.949 0.269 0.855 1.029 0.138 0.833
Booking space

App/Text/Call 1.284** 0.122 0.009 1.158 0.108 0.116 0.988 0.278 0964 1.073 0.133  0.569
Storage space

Bags [.575** 0223 0.001 [.169 0.159 0250 1.498 0.456 0.185 1.326 0.250 0.135

Bikes 1.949*%* 0.244 0000 1.431** 0204 0.012 1.385 0.544 0408 1.438** 0.266 0.049

Strollers 1.064 0.143 0644 0.979 0.124 0.867 1.161 0.378 0.648 1.023 0.184 0.897
Security measures

Camera 2.333** 0.256 0.000 [.768** 0.223 0.000 2.178*** 0.650 0.009 [.171 0.203 0.363

Attendant 2.514** 0310 0.000 1.438** 0.174 0.003 1.865** 0.579 0.045 1.045 0.171  0.788
Sitting room

Ample 1.399** 0.135 0.000 1.136 0.130 0264 0.972 0.255 0915 0.898 0.137 0483
Seating

Face each other 0.661** 0.063 0.000 0.815** 0.080 0.036 0.85I 0.209 0511 0.948 0.138 0.716
Extra

Power outlets .762*%* 0212 0.000 1.276* 0.168 0.063 2.157** 0.834 0.047 1.129 0.195 0.482

Free wi-fi 1.965** 0216 0.000 1.963** 0242 0.000 2.129** 0.745 0.031 1.773*** 0.277 0.000
Constant 0.215** 0.033 0.000 0.454* 0.080 0.000 0.335 0.128 0.004 0.654 0.157 0.076
N (sample size) 2,220 1,880 270 950
Pseudo-R? 0.071 0.029 0.046 0.016

Note: OR indicates odds ratio from logit regressions. SE is standard error. Participants who chose not to disclose income not included in the partitioned
samples but are included in the full sample. An asterisk is added if statistically significant at 90% confidence, two asterisks are added for coefficients that are

significant at 95% confidence, and three asterisks for 99% confidence.

distaste toward facing each other than men and slightly
more of a preference for ample seating room. Finally,
although the presence of power outlets in a collection
increases selection odds by about 92% for women, it
only increases men’s selection odds by about 25%.
Although on-vehicle free Wi-Fi is strongly valued by
both genders, women exhibit slightly higher preference
for it.

The next set of models splits up the sample by race,
with results listed in Table 5. Most of the effects esti-
mated in the full sample regressions are driven by White
respondents. In fact, the magnitude of the effect on selec-
tion associated with each feature’s presence in a collec-
tion is higher for white participants than for participants
of color (defined here as Nonwhite and/or Hispanic
participants). Although for some features such as free
Wi-Fi, the difference in effect magnitude between partici-
pants of color and White participants is very slight, for
other features such as the presence of power outlets or
an attendant, presence increases selection odds substan-
tially more for White respondents than for others.
Further, people of color do not exhibit any preferences
across payment or booking systems, not for ample seat-
ing while White respondents do. When Black and/or
Hispanic participants are further partitioned, even fewer
features significantly affect selection at 95% confidence.

The presence of an attendant, forward facing seating,
and power outlets do not affect collection selection for
Black and/or Hispanic participants.

Next, we partition the sample by health status, as
listed in Table 6. Unhealthy participants include those
who reported poor or fair health in the survey. The pres-
ence of flexible booking, bicycle space, security cameras,
and ample sitting room (compared with their respective
baseline features) increase the likelihood of selection
more for unhealthy participants than for healthy partici-
pants. By contrast, the inclusion of flexible payment sys-
tem, security attendant, and both extra amenities
increase the odds of selection more for healthy partici-
pants than for unhealthy participants

Table 7 lists conjoint analysis results partitioned by
income. Low-income participants value payment and
booking flexibility slightly more than middle-income parti-
cipants, although high-income participants value payment
flexibility about the same as low-income participants,
while not exhibiting significant preference across booking
options. Preference for bag space is positively correlated
with income, and although preference for bike space is
similar between low- and middle-income participants,
high-income participants exhibit more preference than
their lower-income counterparts. Preferences for security
features are consistent across income brackets, with low-
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Table 6. Conjoint Analysis by Health Status

Unhealthy participants

Healthy participants

Variable OR SE P>t OR SE P>t
Payment system

App/Onboard 1.407 0.324 0.138 [.194%* 0.084 0.012
Booking space

App/Text/Call 2.60] *** 0.533 0.000 [.110 0.077 0.131
Storage space

Bags 1.436 0.433 0.230 |.344%%* 0.141 0.005

Bikes 2.132%* 0.693 0.020 [.624%** 0.160 0.000

Strollers 1.239 0.350 0.449 1.004 0.098 0.964
Security measures

Camera 2.277*** 0.631 0.003 [.97 [ #** 0.172 0.000

Attendant 1.299 0.303 0.262 2.024%** 0.190 0.000
Sitting room

Ample 1.821** 0.438 0.013 [.229%** 0.096 0.008
Seating

Face each other 0.670* 0.142 0.059 0.743*** 0.054 0.000
Extra

Power outlets 1.185 0.279 0.471 [.566%** 0.150 0.000

Free wi-fi 1.701** 0.460 0.049 2.0 | H* 0.174 0.000
Constant 0.187%*x* 0.075 0.000 0.323 % 0.040 0.000
N (sample size) 500 3,600
Pseudo-R? 0.090 0.045

Note: OR indicates odds ratio from logit regressions. SE is standard error. Participants who chose not to disclose income not included in the partitioned
samples but are included in the full sample. An asterisk is added if statistically significant at 90% confidence, two asterisks are added for coefficients that are
significant at 95% confidence, and three asterisks for 99% confidence.

Table 7. Conjoint Analysis by Income

Income <US$50,000

Income = US$50,000 and <US$99,999

Income US$100,000 +

Variable OR SE P>t OR SE P>t OR SE P>t
Payment system

App/Onboard [.28]** 0.154 0.040 1.192* 0.119 0.078 [.246** 0.132 0.038
Booking space

App/Text/Call [.396%** 0.152 0.002 1.198* 0.122 0.076 1.178 0.125 0.122
Storage space

Bags 1.233 0.201 0.200 1.368%* 0.202 0.034 [.450%* 0.221 0.015

Bikes | .582%** 0.256 0.005 |.584#** 0.229 0.001 [.749%*x* 0.267 0.000

Strollers 0.939 0.142 0.676 1.043 0.149 0.769 1.132 0.169 0.405
Security measures

Camera [.9] [H** 0.268 0.000 2.147%** 0.265 0.000 2.102%** 0.270 0.000

Attendant [.86]%** 0.279 0.000 |.752%%* 0.233 0.000 |.775%%* 0.248 0.000
Sitting room

Ample [.354** 0.174 0.019 [.399%** 0.145 0.001 [ .447%%* 0.156 0.001
Seating

Face each other 0.70] *** 0.075 0.001 0.696%*** 0.074 0.001 0.697*%** 0.078 0.001
Extra

Power outlets [ 494 0.206 0.004 [.503%** 0.211 0.004 [.53]** 0.228 0.004

Free wi-fi 2,159 0.293 0.000 2.038%** 0.254 0.000 [.970%** 0.263 0.000
Constant 0.293 % 0.061 0.000 0.309%** 0.051 0.000 0.285%#* 0.050 0.000
N (sample size) 1,480 1,610 880
Pseudo-R? 0.054 0.050 0.042

Note: OR indicates odds ratio from logit regressions. SE is standard error. Participants who chose not to disclose income not included in the partitioned

samples but are included in the full sample. Coefficients given an asterisk if statistically significant at 90% confidence and two asterisks are added for
coefficients that are significant at 95% confidence.
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income participants exhibiting slightly more preference for
an attendant and lower preference for cameras than high-
income and middle-income participants. Preference for
ample seating room is also positively correlated with
income, although preferences are similar between low-
income and middle-income participants. For extra ame-
nities, although preferences are consistent across income
brackets, there is a slight positive income correlation in
preference for power outlets and a slight negative income
correlation in preference for free Wi-Fi. Preference for for-
ward facing seating is notably consistent in all income
groups.

Discussion

Analysis of data from both portions of the survey pro-
vides several important and related takeaways. First,
women exhibit notably less comfort with SAV technol-
ogy, compared with men. Results from conjoint analysis
offer some potential explanations for this gendered com-
fort gap. For nearly all categories of features in the con-
joint questions, women exhibited less indifference
between alternatives and the baseline option. Women
especially exhibited higher preference for both security
measure options compared with men. This finding aligns
with research on women’s overall safety experiences on
public transportation (27). The technology initially shown
in the video did not noticeably feature any security mea-
sures, which could have contributed to female partici-
pants’ overall reduced comfort with the technology.

By contrast, Black and Hispanic participants did not
significantly differ from other racial/ethnic groups in
their general comfort with SAV technology. However,
they were willing to pay more, potentially reflecting a
higher economic valuation of SAV technology because
of its possible transport comfort and efficiency advan-
tages, compared with currently existing modes. This is
notable given established gaps in Black and Hispanic
automobile ownership associated with the United States’
historical development of automobile infrastructure for
White suburban dwellers, resulting in poorer transporta-
tion connectivity in Black and Hispanic neighborhoods
(25). Black and Hispanic participants, as well as other
participants of color, demonstrated higher levels of indif-
ference between possible SAV system features, suggesting
that the overall transportation ease benefits of SAV may
dominate other features when it comes to ultimate pre-
ferences and assessments of the technology. These results
ultimately suggest that participant race is correlated not
with general comfort with SAV technology, but with
potential utility drawn from a potential SAV service.

Notably, unhealthy participants revealed higher pre-
ference for the flexible booking system (compared with
the app-only option) and for ample sitting room than

their healthy counterparts. This suggests that although
health does not necessarily affect willingness to adopt,
public health policy must advise the features included in
a final SAV system. Further, wealthier individuals exhib-
ited a higher WTP for a given SAV trip, which makes
sense given their higher financial ability. While there were
a few income differences in preferences, people with
incomes under US$50,000 exhibited more indifference
toward all features but free Wi-Fi and security attendants
than their middle-income counterparts, suggesting that
feature flexibility may appeal more to middle-income or
high-income participants. However, it is important to
note that low-income individuals exhibited significant
preferences regardless in many cases. Finally, the extent
to which people experienced travel hassles affected WTP
for an SAV trip but not the other two willingness-to-
adopt measures.

Conclusion

Transportation researchers have called for an equitable
implementation of autonomous vehicle technology. It
benefits AV proponents to develop an equitable process
because much of the hailed positive externalities of AV
systems will only be realized with widespread use (6). In
addition, AV systems could render transportation systems
more economically and racially equitable by increasing
mobility, reducing air pollution from vehicle emissions,
lowering transportation costs, and increasing safety par-
ticularly for pedestrians and bike users (4, 7, 8, 10).

An equitable SAV rollout would mean that public
administrators and planners account for gendered, racial,
health-related, and economic differences in both general
attitudes toward SAV and specific design considerations
(31). This research provides several important findings
that can aid the design and rollout of future public SAV
systems. First, it provides further evidence that SAV
technology can feasibly serve the purpose of reducing
transportation inaccessibility, especially for Black and
Hispanic people. The indifference exhibited in conjoint
analysis by people with high transportation hassle ratios
and by Black and Hispanic people should not necessarily
indicate that onboard features are irrelevant to these
groups of people, but that overall efficiency gains are
more important. To ensure gender equity in willingness
to adopt this new technology, it will be important for
public providers to ensure adequate onboard security
and flexibility in payment and booking.
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