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Abstract— The growing presence of autonomous delivery
robots (ADRSs) in public spaces has introduced new challenges
regarding public perception, safety, and policy regulation.
While ADRs provide a convenient, contactless delivery solution,
little research has explored how their design influences public
acceptance and regulatory concerns. This study investigates the
impact of expressive robotic features on perceptions of ADRs
through a between-subjects online survey comparing two ADR
models: the expressive Dax robot and the more widely deployed
Starship robot. Participants answered questions about the
robots’ expressivity and policy-relevant perceptions surrounding
the robot. Findings showed a mix of enhancements from added
robot expressiveness (e.g., higher warmth and competence
ratings for Dax) and added worry about a robot with a
more visible “head” (e.g., concerns about data storage, since
onlookers can see a clear head-integrated camera). Expectations
of robot impacts on the community and reactions in the case of
hypothetical issues also differed across robot platform. These
findings suggest that roboticists must consider the broader social
implications of ADR design, while policymakers must acknowl-
edge that robot personality can shape public concerns about
privacy, safety, and liability. While expressiveness can enhance
trust and acceptance, it is not a substitute for transparency and
inclusive policymaking. As ADRs become more integrated into
daily life, balancing technological innovation with community
concerns will be essential to fostering equitable and responsible
deployment.

I. INTRODUCTION

The rapid emergence of autonomous delivery robots
(ADRs) in public spaces has raised important questions
regarding their perceptions by the public and the need for
policy to successfully incorporate them into communities.
The use of ADRs for last-mile sidewalk food delivery in
particular was embraced as a no-contact option during the
COVID-19 pandemic, and has continued to grow since [1]. At
the same time, little is understood about the interplay between
these sidewalk ADR systems and local communities, although
scholars are beginning to investigate this issue [2]-[4]. The
types of interaction surrounding sidewalk ADRs are also
relatively novel in that the majority of human interlocutors
around them will not have explicitly “opted-in” to interacting
with the robots; that is, the presence of ADRs affects not
only those who choose to use their services, but also the
general public. The increasing use of ADRs provides a
valuable opportunity to study human-robot interaction (HRI)
in increasingly ecologically valid settings to inform a variety
of research areas, including social robotics and public policy
related to everyday robots.
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Past related work, including our team’s previous interview-
based study on the Starship delivery robots [5], has revealed
nuances and complications in the relationship between ADRs
and human communities. For example, our past work revealed
significant misunderstandings related to the data collection
and storage abilities of the Starship robots (as shown in
Fig. [T), as well as recurring concerns about safety and
accessibility. At the same time, we uncovered cases when
the delivery robots had benefits such as providing easier
food access to individuals with disabilities. ADRs can have
benefits, but failure to properly understand the interactions
between humans and ADRs can negatively affect the public’s
acceptance and intention to use such robotic services, in
addition to causing larger privacy and safety concerns.
Therefore, while robotic systems begin to be integrated into
more aspects of public life, understanding public perceptions
of ADR systems is an essential step for both roboticists and
policymakers alike.

Another focus of this work is the interaction abilities of
ADR robots and how this interaction design impacts percep-
tion by the public. Additional major points of discussion in
our Starship interviews were opinions from participants re-
lated to the social aspects of the robot, with many participants
commenting on poor communication abilities, monotonous
voice lines, and lack of personality [5]. These findings mo-
tivated us to design a study that compares the very common
Starship ADRs to a newer, less widespread system: the Dax
robots, as operated by the company Daxbot in Philomath,
OR. The Dax robot (as shown in Fig. [2) was explicitly
designed as a more expressive alternative to other ADRs.
We consider these two specific platforms (i.e., Starship and
Dax) in our research to better understand whether (and how)
a more expressive robot is viewed differently than a robot that
has minimally expressive features features, including topics
that may affect ADR policy.

The primary goal of this study was to assess the impacts of
expressive robot features on participant perceptions of service
robots, especially as they relate to public policy implications.
To address this research aim, we designed a between-
subjects online survey that introduced participants to either
the Starship or Dax robot, and then administered a series of
questions to capture perceptions of robot expressivity and
policy-relevant perceptions surrounding the robot. Section
reviews related work on community impacts and policy
concerns related to ADRs, as well as expressive features in
service robotics. This work, along with our previous study on
the Starship robots, motivated the online survey study design
described in Section[ITl] The results of the study are presented
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Fig. 1: An example Starship robot, an ADR system currently
used on over 30 college campuses in the U.S.

in Section and the implications of these results are
discussed in Section [Vl The contributions of this work include
empirical insights on significant opinion differences between
the two studied robots, as well as correlations that can be
informative for future efforts in ADR design, deployment,
and policy.

II. RELATED WORK

The increase in ADR popularity raises questions and
concerns that are central to the fields of HRI and robotic
policy. Currently, ADR companies have a global market
share of nearly USD 0.5 billion [6]. Among reasons to adopt
ADREs is the potential lowering of carbon emissions with this
systems compared to conventional delivery vehicles [7], as
well as health benefits for individuals during disease outbreak
or for immunocompromised users [1]. Due to their common
interactions with people on sidewalks and in other public
spaces, ADR systems represent some of the first opportunities
for roboticists and policymakers to study the relationship
between humans and service robots on a broad scale [8]. The
nature of these systems creates a unique set of interactions
that is difficult to study in a laboratory setting, in which the
humans are coming across these robots “in the wild” as a part
of their daily lives. Understanding interactions with ADRs
and their effects on communities is therefore a necessity if
ADRs (and future similar robotic systems) are to become
successfully integrated into society.

Evidence of this need to better understand ADRs’ inter-
actions and impacts is clear in past studies. While ADRs
are becoming increasingly common in urban environments,
public opinions on these systems are divided. The use of

Fig. 2: An example Dax robot, an ADR system specifically
designed to have expressive features and behavior.

these robots necessitates their successful integration into
a community, but while some embrace the benefits of
autonomous delivery, others view the robots as intrusive
or even potentially threatening [2], [4]. Unexpected inter-
actions between humans and robots can detract from the
successful operation of ADRs. Some studies, for example,
have highlighted the occurrence of human onlooker abuse
and/or damage of delivery robots that failed to satisfy social
norms [9], [10]. Additional studies identified privacy, security,
and liability as key concerns related to the adoption of robots
[1], [11], [12]. Overall, failure to consider HRI surrounding
ADR systems can threaten not only the efficacy of the robots
themselves, but also the comfort and safety of community
members.

Robot social cues seem to be one key factor that can
shape communities’ responses to ADRs. For example, past
work identified social cues and trust/safety to be the most
significant ethical factors affecting intent to reuse service
robots, with privacy/data protection and responsibility/lia-
bility being other significant factors [3]. Our team’s past
findings on perceptions of ADRs, specifically the Starship
delivery robots, echoed these concerns: criticisms of the
robots’ expressive abilities and unpredictable behavior were
common, as were misunderstandings and confusion around
privacy, data protection, and liability related to the robots [5].
Many participants noted the Starship robots’ insufficient
communicative features, a monotonous or inhuman voice,
and a lack of personality. Together, these findings indicate a
need for further research into the interplay between levels of
ADR expressiveness and perceptions of safety, privacy, and
liability.

Current knowledge from the field of social robotics can
help to inform ways to add expressive abilities to ADRs,



and to understand how they might be helpful. For example,
past work demonstrates that gaze enhances the smoothness
and clarity of human-robot interaction [13]. Gesture like-
wise increases likeability and intent to reuse a robot [14].
Facial expression is another way to communicate clear
robot emotions or reactions [15]. Beyond more humanoid-
presenting robots, LED light patterns [16] and sound [17]
can help to communicate robot operation status, intent, and
even social warmth. Motion path likewise conveys apparent
ideas about the robot’s attitude [18]. In the service robotics
space specifically, the form (e.g., humanlike, mascot-like, or
machine-like) has influenced emotional responses to the robot
and performance expectations of human interlocutors [19].
Accordingly, understanding what expressive features are
clear to viewers of modern ADRs, how these features are
perceived, and what expressive features may be needed in
future ADR systems is another focus of this work.

III. METHODS

At a high level, to address our central research question, we
decided to complement and expand our past interview-based
efforts, which had engaged individuals who had interaction
experience with ADRs [5], with a broader surveying of
potential ADR end users. Within our designed survey, we
included between-subjects experiences with either a Starship
robot or a Dax robot, as further detailed below. Of the two, the
Starship robot is less naturally expressive, and the Dax robot
more naturally expressive, so we expected that participant
input would differ across the robot platforms. We anticipated
that these trends (based on how a delivery robot presents
in the world) could also have an impact on policy-related
implications of ADR systems. The institutional review board
(IRB) of Oregon State University approved this study under
protocol #IRB-2019-0172.

A. Study Design

Based on the goals of the work, we sought to present
multiple ADR systems with different types of expressive
features. The two robots selected, based on platforms we
could interact with smoothly to gather survey media, were
the Starship and Dax robots. Each robot’s important features,
as well as an overview of the media shared for each robotic
platform, are explained below.

1) Starship is a box-like white robot approximately 2ft
(i.e., 0.61m) across in all dimensions. The six-wheeled
robot features a set of headlights inlaid into the front
of the robot, blinkers on the back, onboard speakers,
and an orange flag that lights up for visibility. The
flag is mounted to an antenna which extends 2’ above
the top of the robot. The robot is built around a
container that customers can access by opening the
top panel. The Starship robots feature decals with the
company’s logo and region-specific marketing slogans.
The robot sometimes uses synthetic voice lines to handle
interference from passers-by and communicate with
customers upon delivery.

2) Dax is a taller, more cylindrical-shaped robot with two
sets of treaded wheels and a distinct head attached to
an articulated neck. The robot is designed specifically
to be capable of expressive behaviors such as nodding,
shaking, and cocking its head. In addition, the head
has a built-in light display that shows expressive eye
animations such as gaze in different directions and heart
eyes. The chest of the robot contains a drawer that opens
and closes based on app input during the food delivery
process.

Each survey respondent was randomly assigned to the
Starship or Dax group, and viewed a photograph of the
assigned robot (i.e., Fig. [T] or Fig. [2), followed by three
short video clips:

o Cruising: the robot driving past the camera uninter-
rupted.

o Interference: the robot driving then stopping when the
cameraperson gets in its way.

e Delivery: the robot stopping while someone retrieves an
order from inside the robot and then driving away.

Based on the differences in the expressive abilities of the
two robots, the videos for each group included selected
differences in robot expression while controlling for all other
video elements as much as possible. In the Cruising video, the
Starship robot has no added nonverbal expression but the Dax
turns its head to look at the cameraperson as it passes. In the
Interference video, the Starship robot swerves and speeds up
to pass the interfering pedestrian while the Dax robot shakes
its head “no” at the interfering pedestrian. In the Delivery
video, the Starship delivers the voice line “Dude, I'll catch
you on the flip side. Keep it real, and let the good times
roll.” The Dax robot’s Delivery video includes nonverbal
sounds indicative of satisfaction. Notably, the Dax’s drawer
also vibrates and makes some consequential sound in the
Delivery video.

At a high level, the survey sought to capture input on the
expressivity of the presented robots, as well as policy-relevant
perceptions related to each robot. Generally, the survey flow
was ordered so that participants would answer more neutral
or general questions about the robot first, before transitioning
into questions that were potentially more charged or leading
(e.g., scenarios about collisions, questions about data privacy
issues), as further detailed in Section [l1I-C

B. Participants

The 100 participants in this study were recruited through
the Prolific online surveying platform. The 59 women, 40
men, and 1 non-binary person in this study were aged 18
to 79 years (M = 38.1, SD = 13.1). A majority (68%) of
participants identified their racial/ethnic identity as White,
followed by 17% identifying as Black, 6% as Asian, 3% as
Hispanic, 3% as Multiracial, 2% as American Indian, and
1% as other. Most of the participants had no experience in
Science Technology Engineering and Mathematics (STEM)
fields (42%); had little to no experience with robots/robotics
(83%); and had no experience with service robots (51%).



C. Procedure and Measurement

Upon beginning the survey, participants provided informed
consent and then were randomly assigned into the Starship
or Dax robot group, with balancing so that each group
included the same number of participants (i.e., 50 each).
The participant then completed a number of scale-wise, rank
order, yes/no/maybe, and free-response questions, as further
detailed below.

The first set of questions covered topics related to the
respondent’s social perception of the robot and perceptions of
the robot’s expressive features. Specifically, we administered:

o Robotic Social Attribute Scale (RoSAS) questions having
to do with the standard warmth, competence, and
discomfort topics of this inventory [20]. Questions were
administered on a 9-pt Likert-type scale from Not at all
associated (1) to Very much associated (9).
o Godspeed Questionnaire items having to do with the
animacy subscale of this inventory [21]. These questions
were administered on a 5-pt semantic differential scale.
e Robot form and features questions naming several
attributes of the robot: its sound, movement, onboard
lights, appearance/form, and behavior.
o The Inclusion of Other in the Self (10S) scale question,
which gauges the participant’s sense of social closeness
with the robot [22]. The scale was administered as
a multiple-choice question with seven Venn diagram
images with progressively more overlap, representing an
increase in perceived closeness between the participant
and the robot.
e Price Sensitivity Meter (PSM) questions assessing the
perceived price or value of an object [23]. This measure
was administered via a series of text entry questions,
where the participant was asked to identify price points
in USD at four different thresholds: the points at which
the robot would be
— “So cheap that it would make [the participant] feel
the quality of the robot couldn’t be very good.”

— “A bargain— a great value for the money.”

— “Starting to get expensive but still a good option for
buying.”

— “So expensive that [the participant] would not con-
sider buying it.”

The survey then transitioned into a section consisting of
the following custom questions surrounding robot policy
concerns and issues, which were formed based on an ex-
tensive look at the literature to identify what key concerns
scholars have studied or explored in relation to human-ADR
interactions [1]-[4], [12], [24], [25].

« Ranked choice questions related to the relative impor-
tance of various robot concerns. The eleven concern
statements were curated to emphasize the effect of
specific robot features; they were divided into two
thematic groups of statements that participants were
asked to rank from most to least important. The first
set consisted of six statements focused on the robots
themselves, including the concerns that the robot

— “May fail to clearly communicate where it is going.”

— “May make too much noise.”

— “May have trouble navigating obstacles.”

— “Could be broken into easily.”

— “Could take images or videos without my permis-
sion.”

— “Does not look robust enough for use in all weather
conditions.”

The second set focused on five statements about the
robot operators/companies, including statements that the
operators of the robot

— “Should not share personal data collected from the
robot with third parties.”

— “Need to delete all saved personal data as soon as
possible.”

— “Need to clearly outline what data it collects and for
what purpose.”

— “Need to make public all the routes the robot will
follow before launch.”

— “Should not stray from planned routes and access
areas.”

Free-response questions allowing further elaboration
on the ranked choice answers, as well as additional
input on how participants would feel about ADRs being
incorporated into their own region.

Yes/no/maybe questions related to general impressions
of the robot as well as other concerns. Participants were
given a series of ten statements and asked to select
“Yes”, “No”, or “Maybe” for each. The first set of
statements, focused on robot capabilities, included that
the robot

— “Has a good line of sight when moving.”

— “Can store data safely.”

— “Cannot share data with other entities.”

— “Is capable of manipulating people socially.”

— “Appears to have emotions.”

The second set of statements which was more focused

on concerns about the robot, included that the robot

— “Is capable of taking compromising photos/videos.”

— “Will disturb pedestrians/passers-by.”

— “Cannot harm anyone unless programmed to do so.”

— “Can interact safely with its environment.”

— “Seems capable of causing injury to small children
or pets.”

Incident liability questions in which participants were

given a short hypothetical scenario and asked to indicate

the party that they believed would be liable for that

incident. The two scenarios involved collisions between

the robot and the participant, and were adapted from

our previous interview study on the Starship robots [5].

In the first hypothetical scenario, the delivery robot

collided with the participant, causing a minor injury;

in the second, the participant drives into the robot

while backing out of their driveway, visibly damaging

the robot. For both questions, the potential answers



for liability assignment were: the robot, yourself, the
robot company, the operators of the robot, and other.
Respondents were asked to select just one option.

o Incident response questions in which participants were
asked to select from a list of potential actions that
they might take in response to a given robot incident.
The three hypothetical incidents consisted of the two
scenrios described in the liability questions, as well as
a third scenario in which the participant witnessed “the
delivery robot being harassed by pedestrians.” The list of
potential responses was again derived from our results in
the Statship interview study, and participants were asked
to select all options that applied. The options consisted
of: contacting the police, contacting the robot delivery
company, pursuing legal action (such as a lawsuit),
attempting to assist the robot, contacting [the partic-
ipant’s] insurance provider, fleeing the scene, having no
response, and other. Respondents were allowed to check
all options that applied.

Next, participants completed an attention check question.
This single question, with a clear correct answer, helped to
confirm participant attention to the survey. To help us to
normalize PSM cost estimates, we also asked respondents to
view an image of another ADR system (the Snack-E robot
from 7-Eleven) and estimate the cost of purchasing the robot.
The survey then transitioned into collecting demographic
information, including age, gender, racial/ethnic identities,
national identities, profession, and hometown.

After completing the study, participants received US$7.50
for their time.

D. Analysis

Scale-wise and Price Questions: The first block of ques-
tions (RoSAS, I0S, Godspeed II, PSM) were evaluated using
two-tailed t-tests (o« = 0.05). In the case of the PSM, the
participant’s responses in each category were divided by their
prediction of the Snack-E robot cost to normalize the data.
With the use of t-tests, the effect size was reported in the
form of Cohen’s d. All statistical analyses were conducted
using R and STATA.

Rank Choice: For robot policy issues and concerns ques-
tions, in addition to using descriptive statistics, we compared
the ranks given by the participants in both groups (i.e.
Dax and Starship) using the Wilcoxon Rank Sum test to
look for statistically significant differences between the two
groups [26]. The effect size (r) was calculated by dividing the
standardized Z by the square root of the total number (v/N)
of observations [27]. The strength of the effect sizes will
follow the classifications outlined by Cohen and Vaske [28],
[29].

Multivariate Analysis: Because of the custom nature of
the rank choice questions, ordinary logistic regression was
also performed to analyze the effect of multiple variables
such as robot type, age, ethnicity, experience in STEM,
and experience with robotics on how respondents ranked
the policy concerns [30]. The categories in the experience
variables were combined to ensure that the results did not
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Fig. 3: RoSAS responses, where the top of each bar shows the
mean value, and error bars represent the standard deviation.
Significant differences are denoted by starred brackets above

pairs of bars.

suffer from the “separation” problem that can occur in
logistic regression [30]. In logistic regression, the signs on
the coefficients will indicate the likelihood of a participant’s
response being in a higher coded category. Thus, a positive
coefficient will indicate that participants were more likely to
rank this particular concern higher in terms of importance
while a negative coefficient will indicate that participants
were less likely to rank a particular concern higher in terms
of importance.

Yes/No/Maybe and Liability: The general impressions
questions and liability responses were analyzed using the
chi-squared (x2) test. Effect sizes were reported using the
¢ coefficient for the dichotomous multiple choice responses
and Cramer’s V for all other categorical responses [28], [29].

IV. RESULTS

This section presents the key findings from our analysis,
focusing on participants’ perceptions of and attitudes toward
the Starship and Dax robots. How these perceptions may have
interacted with participant demographics is also addressed.
The results highlight statistically significant differences in
perceived warmth and competence, as well as in concerns
regarding robot policy issues, perceptions about liability, and
responses to incidents.

A. Social and Expressive Attributes

1) RoSAS Social Attributes: The results of the t-test
showed significant differences in the results of the RoSAS
warmth (p = 0.012, d = 2.497) and competence (p = 0.039,
d = 2.138) scales. The Dax robot scored higher on both
scales, as shown in Fig. 3] No significant difference was
found for the discomfort scale ratings (p = 0.193).



PSM Pricing

] Starship
I Dax

i

BN &

N of
?}Qe <a° Q*Qe

Normalized price
N} ~

o

-2

G‘(\ee@ \1@\\)‘3’
O

<00 &P

Fig. 4: PSM responses, with the top of each bar showing
the mean normalized value and the error bar representing
standard deviation.

Robot Concerns

5 .
-Starship
4t I Dax
<
3 L
©
[
1 L
0
. .35.\0(\ \\\(5'5\; &,ac,\e’c" 6\“\(\‘ \)‘se"c" {00’\
‘0\}(\\0 o0° ,\0‘0‘6 \“39\0 ,a'@(\e“
ey P\ &
o 00({\ {\Q‘a\\(\ ?;3_6‘; o \:\0\_\9‘
od \©

Fig. 5: The mean ranks given to key robot-related policy
concerns by participants.

2) Godspeed Animacy: The t-test on the animacy scale
did not show significant differences (p = 0.087). The mean
Starship animacy rating was 2.08 (SD = 0.65), while Dax
had a mean rating of 2.26 (SD = 0.42).

3) 10S Social Closeness: The t-test on the I0S data
showed no significant difference (p = 0.426). The Starship
robot yielded a mean social closeness feeling of 1.88 (SD =
1.04), while Dax had a mean rating of 2.06 (SD = 1.20).

4) Price Sensitivity Meter: In all four of the PSM cat-
egories (too cheap, good value, expensive, too expensive),
Starship tended to be priced slightly higher than the Dax, as
shown in Fig. F_ll However, none of these differences were
statistically significant (all p > 0.208).

B. Robot Concerns, Issues, and Impressions

Operator/Company Concerns
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Fig. 6: The mean ranks given to key operator/company-related
policy concerns by participants

1) Robot Policy Concerns and Issues: The mean ranks
in Fig. [3] show that for both the Starship and Dax robots,
participants were generally most concerned (on average)
about whether they would be able to navigate obstacles safely.
Respondents were next most concerned about the security of
the contents that the robots would be carrying.

The results from the Wilcoxon Rank Sum test showed
that for “making too much noise” there was a significant
difference (p = 0.447) with a small effect size of » = 0.199.
The Dax robots received a higher mean rank for this category.

Figure [f]shows the mean ranks related to operator/company
concerns. It is clear that, in general, participants were
interested in making sure that the data being collected by the
robots was not being shared and that communities were made
aware of what types of data the robots would be collecting
and why.

The Wilcoxon Rank Sum test was used again to test for
significance between the ranks given to the two studied
robots. This time, there were significant results for two issues:
“delete all saved data” (p < 0.013, r = 0.249) and “clearly
outline the data collected” (p < 0.020, r = 0.232) — both
of which showed a small effect. Interestingly, the mean rank
for “clearly outline what data is collected and why” was
higher for Starship robots while the mean rank for “deleting
all saved data” was higher for Dax robots, suggesting that
participants had differing perspectives of what is important
depending on the design and appearance of the robots.

2) Multivariate Analysis for Concerns and Issues: The
results of the ordinal logistic regression not only corroborate
previous findings but also reveal potentially interesting associ-
ations between other control variables. In terms of supporting
the previous findings, the negative coefficient on Starship
in Fig. [7] for “too noisy” indicate participants who viewed
Starship media were more likely to rank this concern lower
than participants who viewed Dax media (p = 0.050). In



Variable POO_I - Noisy Navigating Easy to Take Pictures Mot .
Communication ’ Obstacles Break In Weatherproof

Robot Bpe

Starship -297 -871** 315 304 202 521
Demographics

Male - 804 136 -.360 828 7129% -.370
Age 034** 026 .009 - 0447 019 -.025
Race and Ethnicity

Black or African American 065 441 .092 -.758 -.306 547
American Indian or Hawanan Native 929 1.384 -2.590%* .828 -.057 -.082
Aslan 1.166 452 .646 -1.034 -1.323 967
Other 181 294 =241 -.573 -.490 .090
Experience in STEM

Little Experience -514 -.193 579 538 318 .049
Some Experience -.636 166 =241 1.357%* 258 =341
Lots of Experience -1.115% 868 003 156 -1.037 796
Experience with Robotics

Little Experience 470 1.180%* .068 255 -0.862* -.469
Some Experience 307 146 258 -1.103* -0.245 499
Lots of Experience 815 =121 -2.320% 1.407 1.955 -.766
*p < 0.1; " p < 0.05; ***p< 0.0]

Fig. 7: Ordinal Logistic Regression: multivariate analysis of key robot-related concerns.
Variable No Data Sharing Delete Saved Data Public Routes NOI Straying
= Data Transparency from Routes

Robot Tipe

Starship -228 -.841%* 973 149 167
Demographics

Male -.209 .042 102 598 -.387
Age -.002 -.011 027 .024 -.029%
Race and Ethnicity

Black or African American -467 1.530%** -.128 424 -1.534%*
American Indian or Hawarian Native -.782 938 -.258 791 -244
Asian -477 1.019 1.738* -.903 - 784
Other 1.088 340 377 -.625 =557
Experience in STEM

Little Experience -.240 272 -.966* -.125 .682
Some Experience 247 -.356 152 -.632 447
Lots of Experience 810 168 o= -1.368* 919
Experience with Robotics

Little Experience 346 .039 408 -.579 -478
Some Experience -314 770 060 =716 306
Lots of Experience -.768 878 -2.948* 2.577* 1.111

*p< 0.1 *Fp<0.05: p<0.0]

Fig. 8: Ordinal Logistic Regression: multivariate analysis of key operator/company-related concerns.

contrast, in Fig. [§] results show that participants who viewed
Starship media were more likely to rank “outline what data is
collected” (i.e., the question on data transparency) higher—as
the coefficient is positive—than participants who viewed Dax
media (p = 0.026). The opposite was true for “deleting saved
data,” with Dax participants being more likely to be more
concerned about this issue (p = 0.046). All three of these

results were statistically significant at the 5% level.

Furthermore, at the 5% level of significance, the results
in Fig. [/| show that males were more likely to be concerned
about the robot being tampered with or broken into than
females (p = 0.044), while the ability of the robots to
communicate was more likely to be regarded by females
as being more important compared to males (p = 0.041).



Furthermore, as the age of the respondents increased, they
were significantly more likely to be concerned about the
ability of robots to communicate with people (p = 0.046),
while the younger participants were more likely to view the
safety and security of the package contained within the robot
as more important (p = 0.010).

Other significant findings include the notion (as shown in
Fig. [B) that Black or African American respondents were
more likely to regard “deleting all saved data” as more
important compared to the baseline of White Americans
(p = 0.005). Black or African American participants were
also less likely to be concerned about robots straying from
their routes compared to White individuals (p = 0.013).
Interestingly, those who have extensive experience in STEM
fields were significantly less likely to be concerned about
what data is being collected and why (p = 0.005), as shown
in Fig.[/] These results show that there is a clear difference in
the perception of robot and ADR operator/company concerns
based on knowledge and cultural background; policymakers
will need to take these nuances into account when making
decisions about what would work best to improve social
outcomes.

3) General Impressions: The participants were also asked
a few questions about their overall impressions of the robot.
Figure [9] shows the results of responses to those questions
by robot type.

At the 5% level of significance, we can see that there
is a significant difference in responses for “capable of
manipulating people socially” (p = 0.023) and “cannot harm
anyone unless programmed” (p = 0.024) — with the effect
sizes indicating a small or minimal effect (V' = 0.275 and
V = 0.273, respectively).

Looking at the descriptive statistics, Fig. [0 clearly shows
that Starship robots are generally perceived as having a good
line of sight. It is also notable that out of all 50 Starship
respondents, zero of the respondents indicated that it could be
capable of social manipulation. As for perceptions of safety,
a larger number of Dax participants responded “no” when
asked whether it could injure small children/pets, and also
answered “yes” to Dax robots being safe unless tampered
with.

C. Liability and Incident Response

Participants were asked to consider hypothetical liability
and responses to three scenarios involving incidents centered
around ADRs: the robot colliding with them on the sidewalk
and causing a minor injury; their car colliding with the robot
as they backed out of their driveway; and witnessing the robot
being “harassed” or interfered with by pedestrians. Results
related to these questions are as follows.

1) Sidewalk Collision: Differences in liability responses
between the two robots for the sidewalk collision question
were not statistically significant (p = 0.139). The distribution
of liability responses can be seen in Fig. [I0] For the
question about responding to the sidewalk incident, as further
illustrated in Fig. the difference across robot platforms in
the number of responses for ‘assist the robot” was significant

(p = 0.014, ¢ = 0.246). Significantly more participants from
the Dax group indicated that they would help the robot.

2) Driveway Collision: Liability response differences be-
tween the two robots for the driveway collision question
were not significant (p = 0.075). The distribution of these
liability responses can be seen in Fig. For responses to
the incident, as illustrated in Fig. there were also no
significant differences between participant input for the two
robots (all p > 0.105).

3) Robot Harassment: The results for responding to this
scenario appear in Fig. The largest disparity between
robot groups was in answers of ‘no response’ for this incident
(p = 0.017, ¢ = 0.238) — indicating participants were
significantly more prone to doing nothing when witnessing
Starship robot bullying.

V. DISCUSSION

The overall findings offer glimpses into differences in
perceptions of the Starship and Dax robots, based on a
brief orientation to the robots via images and videos. Based
on differences in the expressive nature of these ADRs, we
expected differences to emerge in perceptions of the robot
and reactions to the hypothetical, policy-relevant scenarios
that were presented to participants. The perception of the
Dax robot as more socially warm aligns with the idea that
this robot may be perceived as more expressive. Dax was
also seen as significantly more competent in the scale-wise
RoSAS questions. Participants also in general perceived Dax
to be more capable of social manipulation and less likely to
harm nearby people.

Characteristics of the robots’ form and function played
some role in participant ratings of concerns as well. For
example, the noisy Dax drawer may have led to the height-
ened concern about noise for this robot in particular. Added
expressive features might also generally lead to more motors
and more sound, which is something that robot designers
should take into consideration and may need to balance with
enhancements from higher robot expressivity. Concerns about
data privacy and transparency differed between groups. With
Starship, participants were more concerned with knowing
what type of data is being collected, and Dax participants
more concerned about having their data deleted. Here,
differences in expressive design between the two robots may
be playing an important role in shaping perceptions. The clear
and obvious placement of cameras on the Dax robots seems
to have made participants self-conscious about their data,
while the less conspicuous placement of cameras on Starship
robots seem to have left participants wondering exactly what
data is being collected.

Interestingly, participants with extensive STEM experience
were significantly less likely to express concerns about
data collection and navigation difficulties. This suggests that
education and familiarity with robotics play a significant role
in how comfortable individuals feel about data-related (and
other) risks. Policymakers might benefit from engaging with
a broad range of stakeholders, including both STEM profes-
sionals and individuals without STEM training, to ensure a



Starship Dax Chi-Squared Cramer’s

(%) (%) ) Value  PVUE Ty
Good Line of Sight
No 4 18
Maybe 40 34 5.01 082*% 0.224
Yes 56 48
Storing Data Safely
No 12 16
Maybe 62 56 48 788 069
Yes 26 28
Sharing Data
No 24 20
Maybe 66 70 24 887 049
Yes 10 10
Social Manipulation
No 80 58
Maybe 20 34 7.57 023%* 275
Yes 0 8
Having Emotions
No 90 74
Maybe 6 18 445 108 211
Yes 4 8
Capture Unwanted Footage
No 14 10
Maybe 60 54 1.30 523 114
Yes 26 36
Disturb Passersby
No 28 28
Maybe 52 50 07 967 026
Yes 20 22
Cannot Harm Unless Programed
No 34 12
Maybe 36 40 7.44 024 %% 273
Yes 30 48
Interact Safely with Environment
No 6 10
Maybe 48 48 59 744 077
Yes 46 42
Cause Injury to Small Pet/Child
No 20 40
Maybe 58 38 542 067* 233
Yes 22 22

¥p<0.0; % p< 0.05; %% p<0.0]

Fig. 9: Chi-Squared Test: participants’ general impressions of the robots.

balance of perspectives on risks. The multivariate analysis  being recorded and stored. Black or African American
also suggests that security-related concerns may be more and other marginalized communities have historically been
prominent among men, while women and older participants  wary of emerging technologies, particularly those involving
prioritize interaction and engagement. Additionally, members  surveillance, due to a long history of racial discrimination
of marginalized communities may be more concerned about and systemic harm. Technologies like facial recognition and
data collection than other groups. Such findings highlight  predictive policing algorithms have been widely criticized for
further dimensions of inclusiveness that would be needed to  their racial biases [31]. These systems, trained on datasets that
capture community needs when designing robots and policy.  reflect existing inequalities, frequently misidentify people of

The regression results showed that minority groups were color and disproportionately target minority communities, re-
significantly more likely to be worried about their data inforcing patterns of over-policing and wrongful surveillance.
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Fig. 10: Assignments of liability in the case of a sidewalk
collision.

Incident Response: Sidewalk Collision
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Fig. 11: Selected responses to a hypothetical sidewalk colli-
sion. Participants could chose more than one option.

Additionally, marginalized communities face a dual burden
of exclusion from technological access (the digital divide)
and exploitation through data extraction, where sensitive
information, such as health or biometric data, is collected
without consent and sold for corporate gain [31]. These
factors contribute to a greater distrust of technology among
Black and other minoritized populations, who remain dispro-
portionately impacted by its harms [32]. All of these historical
implications can impact perceptions about technologies with
data-gathering abilities.

To dispel harmful notions and foster trust when deploying
new technologies, we recommend that policymakers prioritize
inclusive design and transparency, as simply expressive
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Fig. 12: Participants’ assignments of liability in the case of
a driveway collision.

80Incident Response: Driveway Collision

-Starship
B Dax

60

Number of occurrences

Fig. 13: Participants’ selected responses to a hypothetical
driveway collision. Participants could chose more than one
option.

design on its own will not be sufficient. Initiative to promote
transparent communication about how technologies work,
their risks, and redress mechanisms can go along way in
maintaining, and even rebuilding, trust within communities.
In marginalized communities, the focus should be centered
around improving racial justice in regulatory frameworks
and treating communities as essential collaborators-—not
passive subjects. This approach will help to counter tech-
driven inequity and align innovations in robotics to collective
social goals.

One potential impact of the difference in perception of
the two robotic systems is seen in the results surrounding
incident response. In both the sidewalk collision and robot
harassment scenarios, Dax participants were 16% more likely



Incident Response: Robot Harassment
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Fig. 14: Participants’ selected responses to a hypothetical
incident of robot harassment by human pedestrians. Partici-
pants could chose more than one option.

than Starship participants to indicate that they would assist
the robot, while Starship participants were more likely to
have no response at all. A possible explanation for these
differences is that the Dax’s appearance and behavior evoke
a greater sense of sympathy than the Starship robots.
Altogether, these findings indicate that differences in
perceptions of ADR systems and incidents involving these
delivery robots appear depending on the robot’s form and
expressiveness. These nuances provide fascinating insights
for both roboticists and policymakers, indicating that the form
and expression of service robots may indeed have significant
consequences, even in scenarios as crucial as how adverse
incidents involving these types of robots are handled.

VI. CONCLUSION

This study highlights the significant role that expressive
robotic features play in shaping public perception and policy
concerns surrounding ADRs. Through an online, between-
subjects survey comparing the expressive Dax robot and the
less expressive Starship robot, we found that participants
not only viewed Dax as warmer and more competent but
also responded differently to key policy concerns depend-
ing on the robot’s design and behavior. While safety and
security—particularly regarding obstacle navigation and pack-
age protection-remained central concerns for both robots,
expressive features influenced how participants prioritized
privacy, data transparency, and communication capabilities.

Our findings suggest that demographic factors, including
gender, age, race, and STEM experience, influence how
individuals assess ADR-related risks and policies. Similarly,
participants from minoritized groups were significantly more
concerned about data privacy, possibly reflecting broader con-
cerns about surveillance and historical mistrust of emerging

technologies. Meanwhile, those with STEM expertise were
generally less concerned about most issues, underscoring how
familiarity with technology impacts perceptions of risk. These
variations highlight the necessity of inclusive policymaking
that considers diverse perspectives when integrating ADRs
into communities.

Moreover, our study demonstrates that public perception
of ADRs extends beyond simple likability. Expressive design
elements influence how people evaluate a robot’s potential for
privacy infringement, a robot’s safety around others, and even
how they anticipate responding to incidents involving the
robot. These findings suggest that roboticists must carefully
consider the broader social consequences of their designs to
ensure that ADRs are not only functional, but also socially
acceptable.

Ultimately, while expressive features can enhance ac-
ceptance and trust in ADRs, they are not a substitute for
transparency and inclusive design. As technology continues
to advance, policymakers must work alongside roboticists to
ensure that ADRs are developed and deployed in a way that
respects community concerns, protects privacy, and fosters
equitable access. Addressing these nuanced challenges will
be critical in shaping the future of ADR integration and
ensuring that service robotics contribute positively to society.
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