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Abstract

Since service robots serving as salespersons are expected to be deployed efficiently and
sustainably in retail environments, this paper explores the impacts of their interaction
cues on customer experiences within small-scale self-service shops. The corresponding
customer experiences are discussed in terms of fluency, comfort and likability. We analyzed
customers’ shopping behaviors and designed fourteen body gestures for the robots, giving
them the ability to select appropriate movements for different stages in shopping. Two
experimental scenarios with and without robots were designed. For the scenario involving
robots, eight cases with distinct interaction cues were implemented. Participants were
recruited to measure their experiences, and statistical methods including repeated-measures
ANOVA, regression analysis, etc., were used to analyze the data. The results indicate that
robots solely reliant on voice interaction are unable to significantly enhance the fluency,
comfort and likability effects experienced by customers. Combining a robot’s voice with the
ability to imitate a human salesperson’s body movements is a feasible way to truly improve
these customer experiences, and a robot’s body movements can positively influence these
customer experiences in human–robot interactions (HRIs) while the use of colored light
cannot. We also compiled design strategies for robot interaction cues from the perspectives
of cost and controllable design. Furthermore, the relationships between fluency, comfort
and likability were discussed, thereby providing meaningful insights for HRIs aimed at
enhancing customer experiences.

Keywords: human–robot interaction; service robot; interaction cues; customer experiences

1. Introduction
Service robots have been gradually applied in various fields in society, and are be-

ginning to perform different activities that are typically undertaken by humans, such as
customer service roles in shopping malls [1,2], educational and medical support for children
and the elderly [3–6], and museum guides [7]. The adoption of service robots provides sus-
tainable benefits from both social and economic perspectives. For example, service robots
in shopping malls can act as shopkeepers or assistants at service desks to complete tasks
including providing information [8,9], making deliveries [10], and distributing flyers [11].
They can relieve humans from performing repetitive and monotonous tasks, reduce the
long-term operational costs, help attract customers, etc. The role of service robots usually
consists of multiple tasks according to different scenarios. Some of robots’ tasks need to
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dealt with on a one-by-one basis over time, but some are separate tasks [12]. To complete
the tasks successfully and guarantee smooth HRI, appropriate expressions for robots that
are tailored to specific contexts and different tasks are quite important. Many researchers
focus on the effects of interaction cues including robot behavior [1,13,14], eye gaze [15],
and voice [16–19] to provide design suggestions on robot expression. These interaction
cues can enhance the predictability of a robot’s behaviors, thereby facilitating greater user
acceptance and enabling integration of the robot into diverse scenarios. Meanwhile, in
some studies, different contexts are considered as they can lead to varied effectiveness
and experiences in HRI [20–22]. Designing appropriate expressions for robots according
to context in HRI design can provide much better experiences for humans, improve the
effectiveness of interaction and promote the sustainable application of robots.

When using robots in shopping scenarios, we cannot expect that every customer is
proficient in interacting with the robot. The ability to interact with robots and the personal
perceptions of robots can affect customer experiences. Some studies reveal that likeability
in HRI can affect the emotions of humans [23–25], and different robot behaviors can draw
the attention of passersby [26] and evoke positive or negative emotions in humans [13,27].
In other words, in shopping scenarios, robot behaviors could result in customers having
different shopping experiences. Furthermore, when considering the detailed process in
shopping, robots often need to undertake multiple sub-tasks, in which case the fluency
aspect in HRI is also part of the customer experience.

In recent years, many small-scale shops have increasingly adopted the self-service
mode, which involves characteristics such as the integration of surveillance cameras,
no salespersons and sometimes predefined voice prompts. When customers wish to
purchase goods, they select the items independently and complete the payment using their
smartphones by scanning a payment code. Hence, the application of service robots in
small-scale shops without salespersons is considered, and three research questions (RQs)
are explored as follows.

Research question 1 (RQ1): Does the integration of a robot salesperson into a small-
scale unmanned shop enhance the fluency, comfort and likeability of the customer shopping
experience?

Research question 2 (RQ2): What combination of interaction cues for robots can
enhance the fluency, comfort and likeability of the customer shopping experience when a
robot acts as a salesperson in a small-scale unmanned shop?

We are concerned with the customers’ experiences during shopping and their feelings
after shopping. Research question 3 (RQ3) is incorporated into the scope of consideration.

RQ3: Does the fluency and comfort experienced by customers during the shopping
process positively affect their perception of the likeability of the shopping process?

The structure is organized as follows. Section 2 reviews the related work. Section 3
describes the early-stage preparations, including the analysis of customer behavior in
shopping and the design of robot body gestures in small-scale self-service shops. Section 4
explains the experiments. Section 5 illustrates the discussions, presents the findings and
outlines some limitations. Section 6 concludes this study.

2. Related Works
2.1. Studies of HRI in Shopping Scenarios

When service robots are deployed in shops, they are often expected to assume the role
of salesperson by performing multiple tasks such as interacting with customers, assisting
in product searches, and handling checkout operations. The customer shopping behaviors
show temporal continuity. Customers’ shopping experiences can be influenced by many
factors throughout this continuous process, including the expression of the salesperson,
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the communication between the customer and the salesperson, and so on. All of these
factors make the application of robots in shopping scenarios context-dependent. When
robots serve as salespeople, it is necessary to consider how to design their expressive
behaviors and interactions with humans based on context. Some studies focus on human–
human interactions to propose different approaches for applying robots in shopping [28–30].
For instance, Liu et al. recorded voice and action data of a shopkeeper and customers
in a camera shop scenario to explore proactive behaviors in robots [30]. However, some
research reveals that duplicating typical human behaviors may not produce optimal choices
of robots [31–33]. The work of Naito et al. highlighted the need to investigate robot-specific
best practices for customer service and showed that a robot shopkeeper can choose direct
behavior to improve customer experiences [33].

In addition, some works focus on the social tasks accomplished by robots in shopping
scenarios. For example, Edirisinghe et al. explored a service robot with friendly guidance
and appropriate admonishment and obtained overall positive impressions from both
customers and shop staff [34]. Sabelli et al. discussed the long-term presence of the
Robovie robot, which served as a mascot in a shopping mall, through a qualitative study
and explored how visitors interacted with, understood and accepted it [2]. Studies of
tasks such as monitoring blind regions with a robot shop clerk [35], sharing environments
where humans and robots have to cross each other in narrow corridors [36] and having
conversations with people on walks [37] can also provide valuable guidance for robot
applications in shopping scenarios.

2.2. Customer Experiences in HRI

Customers generally have clear aims when entering a shop, and their behaviors
are influenced by the aims. When engaged in a shopping scenario, robots interact with
customers during service. From the customers’ perspective, the perception of a robot
expression is critical to their experience. The robot expression consists of various interactive
cues, through which customers understand the robot’s intention and provide appropriate
feedback. For robots to be integrated into shopping scenarios, HRIs need to reach a good
level of fluency to ensure customer experience. Some studies have developed fluency scales
in HRI [38], and have proposed unified predictive models to generate the robot’s motion
to make its intent more transparent to the human [39]. The comfort in shopping is also an
important experience for customers, which may lead to continuing or withdrawing from the
interaction. Some studies focus on comfortability in HRI [40–43]. For instance, Eunil Park
et al. found that individuals who interacted with a robot with a similar personality were
more comfortable than those who engaged with a robot with a different personality [44].
The works of Koay et al. [43] and Ball et al. [45] revealed through different experiments
across various scenarios that encounters with a robot from the front are more comfortable.

The likelihood of a customer returning to the shop is influenced by their perception of
the robot’s service to some extent. When customers feel that robots in shops are likable, they
will accept the use of a robot within the scenario [46,47]. Likeability usually describes the
positive impression that people form of others [48]. Some studies showed that likeability is
one of the key concepts in HRI evaluation [14,18,49]. The work of Salem et al. indicated
that the perception of likeability is impacted by the non-verbal behaviors displayed by
robotic systems, and it also results in increased future contact intentions in humans [50]. It
also illustrates the necessary of a robot’s body gestures.
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3. Early-Stage Preparation
3.1. Analysis of Behaviors in Shopping

The main roles of humans in shopping scenarios are salesperson and customer. When
robots are deployed in shopping scenarios, the responsibilities of a robot salesperson are
expected to be identical to those of a human salesperson. Hence, the behaviors of a human
salesperson are analyzed. The communication behaviors between a salesperson and a
customer in a small-scale shop when making a purchase are summarized and divided into
four stages as follows based on the observations in our daily life. Here, the four stages are
named as T1, T2, T3, and T4, respectively.

T1 (the beginning stage): Greeting behaviors between the salesperson and customers,
such as conversation and hand beckoning. The start point is usually from the salesperson.

T2 (the inquiry stage): This is the stage for selecting goods. The inquiries come from
the customers or the salesperson. The customers ask the salesperson about the location
of the goods and other problems they may encounter in shopping. To provide customers
with the information about goods, the salesperson typically combines verbal answers with
guiding behaviors, such as pointing with their hands or walking toward the goods.

T3 (the transfer stage): This usually happens at the cashier desk. Customers hand
items for purchase to the salesperson or place them on the cashier desk. The salesperson
informs the customer of the price, and either scans the customer’s payment QR code or
instructs them how to scan the merchant QR code to pay. In this stage, voice and gesture
guidance are necessary.

T4 (the end stage): Customers finish the payments of goods. The salesperson talks with
the customer to make sure the shopping process is complete, after which they exchange
farewells. In this stage, conversations are sometimes accompanied with body gestures
including nodding and waving.

The above stages are also consistent with the operation pipelines of robots in stores
revealed in the studies of Okafuji et al., Song et al., and Brengman et al. [51–53]. For example,
Song et al. conducted a long-term field experiment at a bakery store for 6 months, and
illustrated the robot’s behaviors including welcoming customers, recommending products
and expressing thanks to the customers when they leave [52]. Brengman et al. collected
28 h of video materials of robots deployed in a chocolate store, and illustrated the four
sequential stages in the robot’s behaviors: drawing attention, gaining interest, inducing
desire and making a sale [53]. The salesperson usually chooses voice and body gestures for
welcoming, guiding and bidding farewell in shopping. On this basis, in small-scale self-
service shops, the stages from T1 to T4 of the robot’s behaviors can be briefly summarized
as follows.

T1: Vocal greetings are sometimes given to customers, and sometimes they are not.
T2: Providing information or guidance about the goods that customers intend to buy.
T3: Guiding the customers to scan the merchant QR code. The code is often placed in

a visible location for easy access.
T4: Sometimes there is a robot voice prompt for the end of shopping or a farewell

message.
In this study, the designs of the robot’s voices, V1, V2, V3 and V4, for different stages

are respectively shown in Table 1.
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Table 1. The design of robot’s voices for different shopping stages.

Stages Voice Details

T1 V1 “Hello, welcome to the self-service shop.”
T2 V2 “Please choose the goods you need.”
T3 V3 “Please scan the QR code to checkout”.

T4 V4 “Thank you for your coming and
welcome come again.”

3.2. Design of Robot’s Body Gestures
3.2.1. Robot Platform and Its Body Gestures

The Yanshee robot, which utilizes the open hardware platform architecture of Rasp-
berry Pi + STM32, is used. In order to make the robot’s body gestures more in line with
the body language semantics of salespeople across different shopping stages, we designed
14 body gestures for the Yanshee robot, designated as B1 to B14. The body gestures
were recorded on videos, and the typical body movements are shown in Figure 1. Their
corresponding descriptions are given in Table 2.

Figure 1. The designed robot’s body gestures.

Table 2. The descriptions of the designed robot’s body gestures.

No. Descriptions

B1 Go forward
B2 Go back
B3 Turn left/right
B4 Raise left/right hand
B5 Raise both hands
B6 Extend left/right hand
B7 Extend both hands
B8 Wave left/right hand
B9 Wave both hands
B10 Beckon with left/right hand
B11 Beckon with both hands
B12 Lean to the left/right
B13 Squat
B14 Bow down

3.2.2. Participants and Procedure

Fifty participants aged 18–30 were recruited. They were required to watch the videos of
the robot’s body gestures and answer the questionnaire shown in Table 3. Before watching,
to ensure participants understood the research purpose, corresponding descriptions of
where and why this robot’s body gestures would be used are given. A Likert scale from 1 to
7 was chosen to assess the matching degree, and the higher the score, the more consistently
the behavior matches. When the score is 1, it means the behavior is very inappropriate.
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Based on the quantitative data from the participants, the scores for the matching of the
robot’s body gestures are shown in Figure 2.

Table 3. The questionnaire about the robot’s body gestures.

No. Details

Q1 How well does it match the behavior for
greeting in T1?

Q2 How well does it match the guide behavior for
selecting goods in T2?

Q3 How well does it match the guide behavior for
payment in T3?

Q4 How well does it match the behavior for
farewell in T4?

(a) (b) 

(c) (d) 

Figure 2. The scores of robot body gestures for four stages in shopping. (a) T1 (the beginning stage);
(b) T2 (the inquiry stage); (c) T3 (the transfer stage); (d) T4 (the end stage).

3.2.3. The Employed Robot’s Body Gestures

The obtained scores were analyzed by the repeated-measures ANOVA, using SPSS
26.0. In stage T1, the body gesture B5 shows a significant difference from other body
gestures (p < 0.01). In stage T2, B4 does not exhibit a significant difference compared to B1
(p = 0.07), while it shows a significant difference from the other body gestures (p < 0.05).
In stage T3, B6 exhibits a significant difference from other body gestures (p < 0.001), and
in stage T4, B14 also shows a significant difference from other body gestures (p < 0.001).
This indicates that body gestures B5 (M = 6.14, SD = 0.9), B4 (M = 4.7 SD = 1.52) and B1
(M = 4.12, SD = 1.662), B6 (M = 5.74 SD = 0.88) and B14 (M = 5.74 SD = 0.88) can be
respectively used to express greeting, guide to select goods, guide to pay and bid farewell
in shopping. Moreover, compared to B4, in addition to having a relatively lower M-value
and a relatively larger SD, B1 takes a longer time to execute due to the consideration of the
robot’s dynamic balance when going forwards. Therefore, B4 is adopted in T2.

4. Experiments
4.1. Hypothesis and Scenarios

The customer experiences in unmanned small-scale shops are analyzed from two per-
spectives: the experience throughout the shopping process and the feelings after shopping.



Sustainability 2025, 17, 10368 7 of 17

The former focuses on the fluency and comfort during the shopping process, while the
latter considers the likeability. The corresponding details are shown in Table 4.

Table 4. The details for customer experiences.

Types Customer Experiences Descriptions

Experience during shopping

Fluency The fluency of the activity
during the shopping process

Comfort
The sense of comfort

experienced during the
shopping process

Feeling after shopping Likeability Customers like the whole
shopping process

Consider the research questions mentioned in Section 1. For RQ1, a typical self-service
shopping scenario and a scenario wherein the Yanshee robot serves as a salesperson are
constructed. The two scenarios are named S1 and S2, respectively, and shown in Figure 3.
S1 shows a self-service shopping scenario featuring textual prompts displayed above the
payment code, and S2 shows a self-service shopping scenario with a robot serving as
a shopping assistant. In the context of self-service, in addition to voice prompts, other
interaction cues are typically absent. We proposed the first hypothesis for RQ1 and RQ2.

Figure 3. The scenarios and the flow of participants in the experiments.

Hypothesis 1 (H1). Robots that rely on voice as the sole cue of interaction to function as sales
assistants can significantly enhance the fluency, comfort and likeability of the shopping experience
in small self-service shops.

We set up interaction cues combining different channels to explore the appropriate
customer–robot interaction in a small-scale self-service shop. In the scenario of a robot
serving as a salesperson, we proposed the second hypothesis in four aspects.

Hypothesis 2a (H2a). When only a single interaction cue is designed, the robot’s voice prompts
show a more positive impact than the robot’s actions on customer experiences of fluency, comfort
and likeability.

Hypothesis 2b (H2b). When a new interaction cue is added to form a dual-channel combination
with robot voice prompts, the addition of robot body movements can positively influence customer
experiences of fluency, comfort and likeability.



Sustainability 2025, 17, 10368 8 of 17

Hypothesis 2c (H2c). When a new interaction cue is added to form a dual-channel combination
with robot voice prompts, the addition of the robot’s colored lights can positively influence customer
experiences of fluency, comfort and likeability.

Hypothesis 2d (H2d). The robot’s three-channel interaction cue combination can significantly
enhance customer experiences of fluency, comfort and likeability compared to the dual-channel
interaction cue combination.

For RQ3, according to the two scenarios, without a robot (S1) and a with robot (S2),
the third hypothesis is proposed from two aspects.

Hypothesis 3a (H3a). In the scenario without a robot, both the fluency and the comfort during the
shopping positively influence the likeability for customers in small, unmanned shops.

Hypothesis 3b (H3b). In the scenario with a robot serving as a salesperson, both the fluency
and the comfort during the shopping positively influence the likeability for customers in small,
unmanned shops.

4.2. Design of Interaction Cues for Robot

Customers interacting with a service robot have relatively definite intention in a shop-
ping scenario. They observe and listen to the robots to find the interaction cues. Different
combinations of interaction cues show different levels of efficiency in expressing the robot’s
intention. Many studies have revealed that, from the viewer’s perspective, judgements of
perception concerning the magnitude of a stimulus feature can be influenced more by its
left side than by its right side [54–56]. It is seen as a type of leftward bias. Currently, we are
not sure whether this happens when humans observe robots in shopping scenarios. Hence,
in the design of interactive cues for the Yanshee robot, the hand movements, B4 and B6,
illustrated in Figure 2 are designed for the left and right hands, and are named as B4_left,
B4_right, B6_left and B6_right, respectively.

Although the major approach to improving HRI is to imitate the interaction mech-
anisms of human–human interactions [57,58], some recent studies have suggested that
this is not enough and that the distinctive characteristics of robots should be utilized in
HRI [28–30]. Hence, the characteristics of the Yanshee robot are also considered in the
design of experiments. The Yanshee robot has the ability to emit different colored lights
from its chest. We designed two light types, C1 and C2. For C1, the yellow light blinks to
attract the customer’s attention. It is employed in the stages of T1 and T4 to welcome the
customer and say goodbye. For C2, the green light being kept on in the stages of T2 and T3
expresses that the guidance process is smooth. A yellow blinking light and a solid green
light are designed based on traffic signal lights. Overall, the designed interaction cues for
each stage in the experiments are shown in Table 5.

Table 5. The designed interaction cues for each stage in the experiments.

Stage
Body Gesture

Voice Color
Left Right

T1 B5 B5 V1 C1
T2 B4_left B4_right V2 C2
T3 B6_left B6_right V3 C2
T4 B14 B14 V4 C1

Based on Table 5, the combinations of interactive cues for the Yanshee robot are de-
signed from the perspectives of single-channel, dual-channel and three-channel in scenario
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S2. A total of eight combinations were designed, as shown in Table 6, and are desig-
nated as SR1 through SR8. SR1-SR3 employ different single-channel interaction cues,
SR4-SR6 utilize different dual-channel combinations and SR7-SR8 incorporate different
three-channel combinations.

Table 6. The descriptions of the eight combinations of interaction cues.

Type Sequence Number
Stage

T1 T2 T3 T4

Single-channel
SR1 V1 V2 V3 V4
SR2 B5 B4_left B6_left B14
SR3 B5 B4_right B6_right B14

Dual-channel
SR4 V1 + B5 V2 + B4_left V3 + B6_left V4 + B14
SR5 V1 + B5 V2 + B4_right V3 + B6_right V4 + B14
SR6 V1 + C1 V2 + C2 V3 + C2 V4 + C1

Three-channel
SR7 V1 + B5 + C1 V2 + B4_left + C2 V3 + B6_left + C2 V4 + B14 + C1
SR8 V1 + B5 + C1 V2 + B4_right + C2 V3 + B6_right + C2 V4 + B14 + C1

4.3. Experimental Procedure

Twenty-five males (M = 23.24, SD = 1.74) and twenty-five females (M = 23.44, SD = 1.16)
with the age range of 20~26 years were recruited from Nanjing Forestry University. They
were asked about some basic information including personal information and their history
of interactions with robots. Then, they were required to enter the shopping scenarios. The
participants first shopped in S1, a scenario which is without a robot. After finishing, they
took a break, and then shopped in S2, a scenario which is with a robot. In scenario S2, the
Yanshee robot can display eight combinations of interaction cues. These combinations were
random for the participants. After that, they were interviewed to complete questionnaires
about their experiences. The questions in the questionnaire are shown in Table 7. Selection
results from participants were transformed into 7-point evaluations, ranging from 1 (very
weak) to 7 (very strong). The flow of participants in the experiments can be seen in Figure 3,
indicated by the orange arrows. An example of the HRI process for scenario S2 is shown in
Figure 4, in which the Yanshee robot displays the combination of interaction cues, SR5.

Table 7. The questionnaire for customer experiences of HRI.

No. Details

Q1 Do you think this process make you feel
comfortable?

Q2 Do you think the whole experience smooth?
Q3 Do you like the interaction process?

Figure 4. An example of an HRI process in scenario S2 in the case of a robot with a combination of
interaction cues, SR5.
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4.4. Results
4.4.1. The Reliability and Validity of the Questionnaire

Cronbach’s α reliability coefficients and the values of Kaiser–Meyer–Olkin (KMO) for
scenarios S1 (without robot) and S2 (with robot) are shown in Table 8. All significance
values of Bartlett’s test of sphericity are less than 0.001. The M-values and SDs of fluency,
comfort and likeability scores across different scenarios are shown in Table 9.

Table 8. The reliability and validity of the questionnaire.

Scenario S1 S2

Combinations of
Interaction Cues SR1 SR2 SR3 SR4 SR5 SR6 SR7 SR8

Cronbach′s α 0.846 0.846 0.915 0.920 0.808 0.875 0.854 0.842 0.836
The values of KMO 0.730 0.655 0.742 0.748 0.714 0.728 0.688 0.642 0.689

Table 9. The M-values and SDs of fluency, comfort and likeability scores.

Scenario Combinations of
Interaction Cues

Fluency Comfort Likeability

M-Value SD M-Value SD M-Value SD

S1 5.54 1.37 5.38 1.31 5.18 1.42

S2

SR1 5.70 1.22 5.12 1.29 5.00 1.26
SR2 2.62 1.55 2.94 1.62 2.52 1.46
SR3 2.30 1.52 2.70 1.31 2.36 1.35
SR4 5.88 1.14 6.12 0.87 6.04 0.86
SR5 6.22 0.89 5.98 0.87 5.86 0.95
SR6 5.90 1.07 5.52 1.01 5.56 1.13
SR7 6.24 0.85 5.92 0.90 5.92 0.92
SR8 6.08 0.99 5.78 1.08 5.76 1.19

4.4.2. The Results of Repeated-Measures ANOVA

The repeated-measures ANOVA was used to analyze the obtained data. For Mauchly’s
test of sphericity, p < 0.001. The results of the multivariate tests indicated significant effects
for fluency (F(4.359, 213.614) = 101.050, p < 0.001 and partial η2 = 0.673), comfort (F(4.999,
244.974) = 69.142, p < 0.001 and partial η2 = 0.585) and likeability (F(4.880, 239.114) = 91.092,
p < 0.001 and partial η2 = 0.650). The estimated marginal means for fluency, comfort and
likeability are shown in Figure 5. The data for scenario S1 are plotted in green, and those
for the eight conditions of scenario S2 (SR1~SR8) are plotted in blue. Based on multivariate
tests, significant differences were found between scenario S1 and various conditions of
scenario S2. Specifically, for fluency, S1 differed from SR2, SR3, SR5, SR7 and SR8. For
comfort, S1 differed from SR2, SR3, SR4, SR5 and SR7. For likeability, S1 differed from SR2,
SR3, SR4, SR5, SR7 and SR8. All p-values are less 0.05 in these comparisons. In scenario
S2, the data for conditions SR2 and SR3 differed significantly from all other conditions (all
p < 0.05) for fluency, comfort and likeability. Furthermore, for fluency, significant differences
were found between SR1 and both SR5 and SR7 (p < 0.01), as well as between SR7 and SR4
(p = 0.019) and SR6 (p = 0.028). For comfort, significant differences were found between
SR1 and other conditions (all p < 0.05). Additionally, SR6 differed significantly from SR4
(p = 0.001), SR5 (p = 0.007), and SR7 (p = 0.026). For likeability, significant differences were
found between SR1 and other conditions (all p < 0.01), as well as between SR6 and SR4
(p = 0.009) and between SR6 and SR7 (p = 0.046).
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(a) (b) (c) 

Figure 5. The estimated marginal means for fluency, comfort and likeability in different cases.
(a) Fluency; (b) comfort; (c) likeability.

4.4.3. The Results of Regression Analysis

The correlations of fluency, comfort and likeability in the cases shown in Table 6
were analyzed by Spearman correlation test. The results show significant correlations
among the three aspects of customer experiences in both scenario S1 (without robot) and
scenario S2 (with robot), with all p values smaller than 0.001. Then, the linear regression
analysis was used to further analyze the data [59]. The effects of fluency and comfort
on likeability in scenarios S1 (without robot) and S2 (with robot) were examined. To
demonstrate the impacts on likeability, the results in Table 10 show that the p-values of
ANOVA and coefficients are smaller than 0.05. This indicates that, in some cases, either
fluency or comfort can be omitted from the regression models since it does not have a
significant effect on likeability. For example, in scenario S2, the influential predictors of
likeability vary across conditions. For the cases of SR4, SR5, SR6 and SR8, both fluency and
comfort are positive predictors. For the cases of SR1, SR2 and SR7, only comfort shows a
positive predictive influence, while fluency is excluded. For the case of SR3, only fluency
shows a positive predictive influence, while the comfort is excluded. All the values of R2

and Durbin–Watson (D-W) in Table 10 indicate that all regression models for scenarios S1
and S2 meet the assumptions of good fit and independent errors. Furthermore, in scenario
S1, the values of standardized beta coefficients of fluency and comfort are 0.430 and 0.349,
with t-values of 3.155 and 2.562 and p-values of 0.003 and 0.014, respectively. This indicates
that both fluency and comfort exert positive predictive impacts on likeability in S1.

Table 10. The results obtained by the regression analysis.

Scenario Combinations of
Interaction Cues

Model Summary ANOVA Coefficients

R R2 D-W F p Standardized
Beta Coefficients t p

S1 0.710 0.503 2.091 23.822 <0.001
(Fluency) 0.430 3.155 0.003
(Comfort) 0.349 2.562 0.014

S2

SR1 0.829 0.687 1.933 105.396 <0.001 (Comfort) 0.829 10.266 <0.001

SR2 0.815 0.664 2.206 95.007 <0.001 (Comfort) 0.815 9.747 <0.001

SR3 0.803 0.645 1.838 87.233 <0.001 (Fluency) 0.803 9.340 <0.001

SR4 0.703 0.495 2.188 22.990 <0.001
(Fluency) 0.329 2.604 0.012
(Comfort) 0.462 3.655 <0.001

SR5 0.805 0.647 1.956 43.146 <0.001
(Fluency) 0.411 3.645 <0.001
(Comfort) 0.476 4.219 <0.001

SR6 0.809 0.654 2.240 44.410 <0.001
(Fluency) 0.440 4.268 <0.001
(Comfort) 0.477 4.629 <0.001

SR7 0.681 0.463 1.879 41.430 <0.001 (Comfort) 0.681 6.437 <0.001

SR8 0.783 0.613 2.083 37.251 <0.001
(Fluency) 0.552 5.135 <0.001
(Comfort) 0.333 3.097 0.003
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5. Discussions
5.1. The Improvements in Fluency, Comfort and Likeability in Small-Scale Unmanned Shopping

According to the results of repeated-measures ANOVA and Table 9, there are signifi-
cant differences in fluency, comfort and likeability between the scenario without a robot
(S1) and the scenario with a robot (S2), with p < 0.001. The differences vary according
to the combination of interaction cues employed by the robot. However, when only the
voice (SR1) was utilized, no significant difference was observed compared to scenario S1.
This indicates that H1 is not supported. Considering the results shown in Figure 5, in the
scenario with a robot (S2), under the single-channel body movement cases (SR2 and SR3),
the scores for fluency, comfort and likeability are significantly lower than those under all
other cases, including S1. This indicates that H2a is supported. This is consistent with
the study showing that a single visual stimulus caused some stress to users, and a single
auditory stimulus was less influential than visual stimuli [60]. Furthermore, it indicates
that in the absence of appropriate interaction cues, the use of robots in self-service shops
does not improve the customer experience.

In addition, for fluency, the dual-channel case (voice and right-side body movement,
SR5) and the three-channel cases (voice, body movements and light, SR7 and SR8) have
significantly better scores than all other cases. For comfort, the dual-channel cases (voice
and body movements, SR4 and SR5) and the three-channel cases (voice, left-side body
movements and light, SR7) have significantly better scores than all other cases. For likeabil-
ity, the dual-channel cases (voice and body movements, SR4 and SR5) and the three-channel
cases (voice, body movements and light, SR7 and SR8) have significantly better scores than
all other cases. Moreover, with regard to fluency, comfort and likeability, no significant
differences are observed among SR6, S1 and SR1. This indicates that H2c is not supported.

Based on the results mentioned above, for RQ1, voice constitutes a critical interaction
cue for a robot salesperson; however, the mere presence of voice is insufficient to enhance
fluency, comfort, and likeability. The interaction cue of a robot’s colored light is not
essential. The improvements in fluency, comfort and likeability are primarily achieved
by integrating the robot’s voice prompts with body movements that imitate a human
salesperson’s behavioral patterns.

5.2. The Design of Interaction Cues for Robot Salesperson in Small-Scale Self-Service Shop

H2b is partially supported, as the combination of the robot’s left-side body movements
and voice prompts has no significant effect on fluency. According to the results shown
in Section 4.4.2, for comfort and likeability, the scores for the voice-only case (SR1) are
significantly lower than those for the cases combining the robot’s voice and body move-
ments (SR4 and SR5). Furthermore, no significant difference is found between the scores of
SR4 and SR5. For fluency, the scores for the voice-only case (SR1) are significantly lower
than those for the case combining the robot’s voice and right-side body movements (SR5),
while there is no significant difference between SR1 and the case combining the robot’s
voice and left-side body movements (SR4). Therefore, there are positive impacts of the
robot’s body movements on the customer experiences of comfort and likeability, as well
as of its right-side body movements on experiences of fluency. This result is the part that
supports H2b. Furthermore, it reveals the asymmetry in customers’ perceptions of fluency
for the robot’s left-side and right-side body movements. When an individual is positioned
in front of a robot, the movements of the robot’s right side correspond to the individual’s
left visual field. The study of Jewell et al. revealed that healthy people usually respond
quicker and judge stimuli that appear in the left visual field compared to the right [61].
Therefore, the findings indicate that the leftward bias mentioned in Refs. [54–56] is evident
in the perception of fluency of HRI, and are consistent with Ref. [61].
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For RQ2, the dual-channel case (robot’s voice and right-side body movements, SR5),
and the three-channel case (robot’s voice, right-side body movements and color light, SR7)
yield higher scores in fluency, comfort and likeability compared to the other cases. While
considering the design costs, adopting the dual-channel interaction cues of the robot’s voice
and its right-side body movements emerges as the optimal approach.

5.3. The Internal Relationships Among Customer Experiences of Fluency, Comfort and Likeability
in Small-Scale Self-Service Shop

H3a is supported, but H3b is partially supported. For RQ3, according to the analysis
shown in Section 4.4.3, we discuss from the view of scenarios with and without the robot.
In the scenario without a robot (S1), fluency and comfort during the shopping process
show positive impacts on the likeability. The interaction between fluency and comfort is
also considered. The results show no interaction between fluency and comfort (p = 0.621).
This finding indicates that the interaction between fluency and comfort does not have a
significant impact on likeability. In addition, in the scenario with a robot (S2), not all cases
result in both fluency and comfort positively influencing likeability. For example, in the
case that the robot’s voice is used as the sole interaction cue (SR1), only the comfort level
has a positive impact on the likeability.

When robots are employed as store assistants, they are expected to truly enhance the
customer experience. Therefore, we discuss the two cases, SR5 and SR7, mentioned in
Section 5.2, because their corresponding interaction cues are more meaningful in terms of
fluency, comfort and likeability. In the case where the robot’s voice and right-side body
movements were used (SR5), both fluency and comfort during the shopping process show
positive impacts on the likeability. The corresponding interaction between fluency and
comfort are also considered. The results show no interaction between fluency and comfort
(p = 0.719). It means that the interaction between fluency and comfort in this case does
not affect the likeability. In the case where the robot’s voice, right-side body movements
and light were used (SR7), just comfort during the shopping process has a positive impact
on the likeability. Hence, for designers, implementing the dual-channel interaction cues
consisting of the robot’s voice and right-side body movements offers two distinct avenues
for enhancing likeability. Meanwhile, the advantage of the three-channel interaction cues,
comprising the robot’s voice, right-side body movements and light, is that they focus on a
single aspect, comfort, thereby simplifying control of the design to improve likeability.

5.4. Limitations

The findings in this study demonstrate the feasibility and necessity of using service
robots in small-scale self-service shops, and could be utilized for designing interactions to
guide customers and provide more appropriate customer experiences. Limitations can be
described from three directions. One of them is that the experimental platform, the Yanshee
robot, is a small-scale robot with 17 degrees of freedom and cannot exhaustively cover the
different robots used in real scenarios. Service robots in many public areas may have larger
sizes, more degrees of freedom and more interactive expressions. This may have an impact
on customers’ perception. Another limitation is that it is unclear whether the results can
inform an HRI design for all age groups of customers in small-scale self-service shops as
the participants in our experiments were relatively young. Expanding the age range of
customers may lead to more meaningful design directions. And finally, in the shopping
scenario without a robot, when there is no salesperson in the shop, customers simply shop
without asking any questions. However, when a service robot is engaged as a salesperson,
customers may expect robots to solve more complex issues such as introducing product
features, handling returns, etc., in self-service shops. Such expectations may also affect the
corresponding customer experiences.
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6. Conclusions
This paper mainly studied the impact of service robots on customer experiences in

small-scale self-service shops. We analyzed customer shopping behaviors and performed
early-stage experiments to select appropriate robot body gestures for imitating salesperson
behaviors and establishing self-service shopping scenarios. Then, the robot, Yanshee, was
used for the subsequent experiments. Two self-service shopping scenarios were designed,
with one featuring a service robot, and the other involving no robotic assistance. In the
scenario with a robot, eight cases with different interaction cues were designed. Customer
experiences in terms of fluency, comfort and likability were evaluated.

The findings of this study explain how varying interaction cues impact fluency, com-
fort and likability in self-service shopping environments. Furthermore, the study identifies
feasible and effective combinations of interaction cues to enhance each of these customer ex-
periences. Additionally, the intrinsic relationships among fluency, comfort and likability are
examined, thereby offering valuable insights for the design of a service robot’s interaction
cues. The main contributions of this study are summarized as follows:

1. A self-service shop with a voice-only robot shows no significant improvement
in fluency, comfort and likeability over a shop with no robot. When only the robot’s
body movements are present, fluency, comfort and likability are likely to be diminished.
In contrast, combining voice prompts with body movements that imitate the behavioral
patterns of a human salesperson represents a feasible and effective approach for deploying
robots in self-service shops.

2. When introducing a new type of interaction cue based on the robot’s voice, enhanc-
ing the robot’s body movements can positively influence customers’ experiences of fluency,
comfort and likeability, whereas the addition of colored light cannot yield similar effects.

3. The feasible and effective interaction cue combinations include the dual-channel
cues (robot’s voice prompts and right-side body movements) and the three-channel cues,
(robot’s voice prompts, right-side body movements and colored light). Compared to a
scenario without robots, both combinations can enhance the customer experiences in terms
of fluency, comfort and likeability. The first combination is cost-effective and improves
likeability by enhancing fluency and comfort. The second combination’s effect on likeability
is mediated by perceived comfort, making it easier to control from a design perspective.

The contributions of this study provide design guidance for HRI in self-service shops
aimed at improving customer experiences, and thereby facilitating a shift in users’ per-
ception of robots from mere tools to interactive companions. It can help to increase the
duration and interaction frequency of robot interactions, enabling them to integrate more
harmoniously into society. In addition, the interaction cues designed in this study can also
improve the predictability and interpretability of robot behavior. These improvements
can benefit users’ acceptance and trust in the robots, promoting interaction efficiency and
reducing the operational costs.
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