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In recent years, various service robots have been deployed in stores as
recommendation systems. Previous studies have sought to increase the
influence of these robots by enhancing their social acceptance and trust.
However, when such service robots recommend a product to customers in real
environments, the effect on the customers is influenced not only by the robot
itself, but also by the social influence of the surrounding people such as store
clerks. Therefore, leveraging the social influence of the clerks may increase the
influence of the robots on the customers. Hence, we compared the influence of
robots with and without collaborative customer service between the robots and
clerks in two bakery stores. The experimental results showed that collaborative
customer service increased the purchase rate of the recommended bread and
improved the impressions of the robot and store experience of the customers.
Because the results also showed that the workload required for the clerks to
collaborate with the robot was not high, this study suggests that all stores with
service robots may demonstrate high effectiveness in introducing collaborative
customer service.

KEYWORDS

social service robot, customer service, recommendation system, social influence, field
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1 Introduction

In recent years, service robots have been widely used in various scenarios; one such
use of a service robot is as a recommendation system for sales promotion. These robots
have been experimentally introduced in real commercial facilities and are expected to
be a novel approach to product promotion. For example, the service robots recommend
products at shopping malls (Song et al., 2021), convenience stores (Kamei et al., 2010),
department stores (Watanabe et al., 2015), and bakeries (Song et al., 2022), and experiments
have demonstrated an increase in the corresponding product sales. The implementation of
recommendation techniques using service robots has been tested in a limited number of
situations; however, they are expected to be used widely if their utility is proven in a large
number of cases.

When service robots recommend products, two main elements are important to
strengthen the influence of the robots: social acceptance and trustworthiness of the
robot (Herse et al., 2018b; Ghazali et al., 2020). First, in order to recommend products
to customers, the robot needs to initiate a conversation with them. However, service
robots in a real environment are often ignored by customers even when they directly
approach the customers and talk to them (Lee et al., 2012; Tanaka et al., 2016). An interactive
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recommendation cannot be achieved if a conversation between the
robot and customer is not initiated; consequently, the advantage of
using a dialogue system, such as an interactive robot, diminishes.
Therefore, we must improve the social acceptance of the robots to
achieve interactive recommendations. Next, to find information and
products that customers actually prefer, and assist the customers
in making purchase decisions, it is essential to build trust between
the customers and all recommendation systems including but not
limited to robots (Pu et al., 2012). In particular, when using a robot
recommendation system, the previous study has reported that a high
level of trust in a robot facilitates acceptance of recommendations
from the robot (Rau et al., 2009). Improving the level of trust
in the robot’s suggestions helps in establishing a more effective
recommendation system.

Hence, previous studies have focused on investigating various
methods to improve the social acceptance and trustworthiness of
the robot itself as a recommendation system. Meanwhile, in this
study, we assume that these service robots will not be introduced
in an environment where only robots serve the customers but
in stores that are already operated by human staff. In this case,
the social acceptance and trustworthiness of the robot may be
influenced not only by the robot itself but also by other people
around the robot, including the working staff. Such influences from
the surroundings are called social influences, and are considered
not only in human–robot interaction (HRI) (Malhotra and Galletta,
1999) but also in human–human interaction (HHI) (Cialdini
and Goldstein, 2004). Although the topic of service operations
involving robots and human staff has been discussed (Xiao and
Kumar, 2019; Belanche et al., 2020), it is still unclear what benefits
can be gained by the influence of the staff through real-world
trials.

Accordingly, we assumed that the social acceptance and
trustworthiness of robots, which strengthen their influence on
the customers, are affected by the surrounding people in a real
environment. Therefore, the aim of this study is to improve the
social acceptance and trustworthiness of robots as recommendation
systems by leveraging social influences and to improve the
influence on customers through the improved social acceptance
and trustworthiness. In particular, we create an atmosphere
in which robots have already been accepted by collaborative
customer service (CCS) with store clerks. This is a simple
method, but CCS may be able to improve the social acceptance
and trustworthiness of the robot from the perspective of the
customer. Consequently, the improved influence of the robot
owing to high social acceptance and trust can promote sales.
In addition, we consider that collaboration with clerks can be
adopted universally and it improves the persuasive recommendation
by robots proposed in previous studies. Therefore, in this study,
we introduced two service robots in two bakery stores. A field
experiment was conducted to verify how the recommendation effect
of the robot was influenced by CCS between the robot and store
clerks.

The remainder of this paper is organized as follows. The related
works are described in Section 2. The experimental methodology
and results are presented in Sections 3 and 4, respectively. In
Section 5, a discussion based on the results and the potential
for future research is presented. Finally, Section 6 presents our
conclusions.

2 Related works

In order to utilize robots as recommendation systems in the
real-world, the social acceptance and trustworthiness of robots are
important (Herse et al., 2018b; Ghazali et al., 2020). This is because
robots are often ignored by customers in the real-world (Lee et al.,
2012; Tanaka et al., 2016) and improving the trustworthiness of
robots enhances persuasiveness (Rau et al., 2009). On the other
hand, many studies aiming at developing robot recommendation
systems directly verify the persuasiveness of robots, which means
that the users’ decisions can be influenced by robots, rather than
the social acceptance or trustworthiness of robots. Therefore, we
mainly present the literature on the persuasiveness of robots which
is especially related to the trustworthiness.

Many studies have focused on nonverbal behavior to
improve the persuasiveness of robots. In particular, it has been
found that a robot’s gaze and gesture expressions improve its
persuasiveness (Ham et al., 2015). These nonverbal cues influence
its persuasiveness more than simple voice-based communication
(Chidambaram et al., 2012). Although simple voice-based
communication has limited influence on the persuasiveness, the
effects of various types of persuasive verbal communications
have been verified. For example, because expertise improves the
persuasiveness in HHI (Cialdini, 2001), robots can utilize expert
knowledge and rhetorical communication (Andrist et al., 2013).
In addition, the persuasiveness of a robot is enhanced through
emotional verbalization (Bertacchini et al., 2017; Saunderson and
Nejat, 2022) and by utilizing the user’s estimated emotions and social
media information (Bertacchini et al., 2017).

The aforementioned studies have focused on improving the
persuasiveness of a single robot, but a few studies have attempted the
same with multiple robots. In general, people tend to agree with the
opinions of others in their surroundings, which is called normative
conformity. This concept was experimentally verified in HHI (Asch,
1956). Similarly, people also tend to agree with the opinions
of multiple robots (Salomons et al., 2017). The persuasiveness of
robots can be improved by the balance theory too (Heider,
1958). In a group with two robots and one human, it has been
shown that adjusting the relationship between the two robots to
balance the group state increases the persuasiveness of the robot
toward the human (Kadowaki et al., 2008). In addition, another
study using multiple robots showed that sequential persuasion,
in which multiple robots talk repeatedly to customers, enhances
persuasiveness, and the level of persuasiveness increases with an
increase in the number of robots (Tae et al., 2021). Thus, methods to
improve the persuasiveness of robots have been verified fromvarious
perspectives.

Some studies have utilized the persuasiveness of these
robots in recommendation systems. In general, in the context
of recommendation, the trustworthiness has been shown to
shape source credibility and improve persuasion (Haiman, 1949;
O’Keefe, 1990). Therefore, in robots as well, several studies have
focused on the trustworthiness and persuasiveness of robots as
recommendation systems. The basic persuasiveness of robots has
been investigated in terms of their embodiment (Herse et al., 2018b)
and proactive recommendation ability (Peng et al., 2019). Many
recommendation systems have been proposed to estimate the user’s
state during the interaction and recommend products according
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to the estimated state (Carolis et al., 2017; Woiceshyn et al., 2017;
Herse et al., 2018b; Alslaity and Tran, 2019). For example, the
user’s state such as attitude, emotion, and product preferences
was estimated from the voice, posture, and facial expressions,
and products were recommended based on these assessments
in a dress shopping scenario (Carolis et al., 2017). The long-
term adaptability of personalized recommendation systems by
estimating user preferences through multiple interactions has been
improved (Woiceshyn et al., 2017).Thus, the aim of previous studies
was to develop a more persuasive recommendation system by
personalizing the system using various methods (e.g., (Alslaity and
Tran, 2019)).

The studies introduced in the previous paragraph verified
the effectiveness of the robot recommendation system through
laboratory experiments. Whereas some studies have demonstrated
the practicality of recommendation systems as a new sales
promotion method by verifying their effectiveness in real
environments. As an example, the successful sale of toothbrushes by
a teleoperated robot was demonstrated in a commercial facility
(Song et al., 2021), and a recommendation robot in a bakery
improved the store sales (Song et al., 2022). Three autonomous
robots introduced in a convenience store promoted the sale of
the recommended products (Kamei et al., 2010). It has also been
shown that the longitudinal recommendation effect increases by
adding confidence and word–of–mouth to the recommendation
statement (Okafuji et al., 2021). Further, an android robot realized
approximately twice as much product sales as the average human
salesperson (Watanabe et al., 2015). In addition, robot systems
that provide users with coupons and tastings that indirectly
influence sales promotions have also been proposed (Shiomi et al.,
2013; Tonkin et al., 2017; Okafuji et al., 2022). These studies
examined the robot’s size (Shiomi et al., 2013), types of robot
behavior (Okafuji et al., 2022), and aggressiveness of the robot’s
talk (Tonkin et al., 2017). Studies on robot recommendation
systems have also compared the performance of humans and
virtual agents (Shiomi et al., 2013; Tonkin et al., 2017; Herse et al.,
2018a; Okafuji et al., 2022; Sakai et al., 2022), and some studies
have shown that the performance of the robot system exceeds
human performance (Okafuji et al., 2022). However, in these
studies, the persuasiveness of robots which is especially related
to the trustworthiness is mainly evaluated rather than the social
acceptance of robots, even though they are conducted in a real
environment.

Studies have been conducted on the various aspects of
using robots as recommendation systems. However, although
they have directly examined the persuasiveness of robots to
influence users’ decisions, few studies have thoroughly investigated
the social acceptance and trustworthiness that influence their
persuasiveness. In addition, although a few studies have focused
on the persuasiveness of multiple robots (Kadowaki et al., 2008;
Salomons et al., 2017; Tae et al., 2021), most have examined the
effect of recommendation by a single robot. As described in
the introduction, we assumed that these service robots will be
introduced in stores that are already operated by humans. In this
case, the social influence of the surrounding people, including
store clerks, may also affect the relationship between the robot and
customers. In the hospitality field, the topic of three-way interaction
among customers, service robots, and employees has been recently

discussed (Xiao and Kumar, 2019; Belanche et al., 2020). However,
the actual effect of such interactions has not yet been investigated.
Therefore, it is necessary to investigate in detail the influence of
CCS when introducing service robots at a brick-and-mortar retail
establishment.

3 Methodology

3.1 Overview

The aim of this study is to investigate whether the social
acceptance and trustworthiness of robots in the service field
are improved and whether the recommendation effect is further
improved through CCS between robots and clerks. To verify this,
we installed service robots that recommended products at two
bakery stores and conducted field experiments. The experiment was
conducted for 15 days from April 14th to 28th, 2022, and the robot
was operated between 10 AM and 2 PM and 3 PM and 5 PM.

3.2 Robot systems

We developed a teleoperated robot system that enabled an
operator to remotely control the robot and communicate through
it via a web-based video calling application. The system comprised
three main components: a robot controller application, an operator
interface, and a server. The social robot used in this system was
“Sota,” developed by Vstone Co., Ltd., as shown in Figure 1. Sota
is approximately 0.3 m tall, and it has functions such as voice
and LED-generated facial expressions that light up the eyes and
simulate blinking the mouth in sync with speech. Operators can
monitor the video sent by the robot and speak accordingly through
the robot to the customers in real time. The operator can control
the gaze direction and some gestures of the robot using the
interface.

FIGURE 1
Humanoid robot “Sota”.

Frontiers in Robotics and AI 03 frontiersin.org

https://doi.org/10.3389/frobt.2023.1125308
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org


Okafuji et al. 10.3389/frobt.2023.1125308

FIGURE 2
Layouts of two bakery stores and experimental setups. The left and right figures show the layouts of the Control and Collaborative Stores, respectively.

3.3 Experimental fields

We conducted experiments simultaneously in two bakeries
with similar environments, selected from multiple candidates, to
evaluate CCS. These bakeries are located in Osaka and Kyoto,
Japan, in residential areas outside the city center. Apart from
small organizations such as elementary schools, there are no large
universities, hospitals or businesses nearby. They sell approximately
50 types of bread. Figure 2 shows the layout of each store and the
experimental setup.

3.4 Robot tasks

One robot was installed in each store. The main tasks of the
robot were to recommend specific bread products, converse with
customers, and announce events such as the availability of freshly
baked bread. Welcoming customers and promoting products are
listed as tasks that retailers expect robots to perform (Niemelä et al.,
2017b); these tasks were included in this experiment. In terms of
recommendations, the robot provided information about specific
products in detail to arouse the interest of the customer. Regarding
the products for recommendation, we discussed with the shop
owners and selected five from approximately 50 kinds of bread at
each shop.

As verbal behavior, the robot was able to provide and answer
questions about detailed information about specific bread since
using expertise improves persuasiveness (Andrist et al., 2013). In
addition, in order to make recommendations according to the
user’s state (Carolis et al., 2017), the robot recommended different
specific bread in accordance with the position and behavior of
the customer. As nonverbal behavior, the robot always gazed
at the customer and expressed gestures (Ham et al., 2015). The
gesture expressions include pointing to bread, raising hands,

waving the body, and so on. These gesture expressions are
automatically generated when approximately 50 types of registered
words such as greetings are spoken by operators. In other words,
the robot’s nonverbal behavior can all be automated based on
the operator’s utterances and the customer’s position. On the
other hand, the operators can also adjust the robot’s gaze and
express specific gestures that do not depend on the operator’s
utterances.

Four robot operators, all females in their 20 s, were employed
for the tasks. They are all voice actors and skilled performers. All
of them had experience operating robots in previous experiments.
The operators spoke in a voice by modulating their own voices
similar to that of a small child to maintain consistency with
the childlike appearance of the robot. This teleoperated approach
has been referred to as “Wizard of Oz (WoZ)” (Riek, 2012).
Two of the four operators were assigned to each store daily
on a random basis to eliminate differences in the operator
performance.

The WoZ style was applied in this experiment because if an
autonomous robot is used, communication errors might occur,
and it will be difficult to evaluate the effectiveness of CCS. In
addition, we instructed the operators to not admit to customers
that they were human even if they were asked. If customers
know that the robot is operated by humans, they would evaluate
customer service for the human operator instead of the robot.
To perform the experiment correctly, we informed the store
clerks at each store that the robot was operated by humans.
However, we instructed them not to divulge this information to
customers. Therefore, this experimental environment created a
scenario wherein the clerks were aware that they worked with
a robot-mediated human whereas the customers were given the
impression that they were being served by an autonomous robot.
These experimental settings have been used in another study
(Song et al., 2022).
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3.5 Clerk operations

For evaluating CCS, the robot tasks, especially the bread
recommendation method, in the two bakeries were the same but
the clerks’ operations were different. As a control condition, CCS
was not applied in one bakery, and the robot attempted to serve
the customers alone. For instance, the robot would say, “Welcome!“,
“I recommend the salt bread today because it is the most popular!“,
and “Thank you!“. The clerks communicated information to the
robot only when freshly baked bread was available; otherwise, they
provided customer service as usual, without involving the robot,
unless the customer inquired about the robot.

At the other bakery, the robot and clerks provided CCS.
Specifically, we generated situations in which the customer was
always presented with interactions between the robot and clerks
while the customer was visiting the store. For example, the clerk
reiterates the statement made by the robot:

• Robot: “I recommend the salt bread today!”
• Clerk: “We recommend the salt bread today!”

The clerk responds to a statement from the robot:

• Robot: “Customers have come!”
• Clerk: “Okay, Thanks! Welcome!”

The clerk chats with the robot:

• Robot: “What is your recommendation?”
• Clerk: “It is the salt bread.”
• Robot: “Hey customers! The salt bread seems to be

recommended!”

As in these examples, CCS operation involves two elements:
1. The clerk reiterates the robot’s statement, and 2. The robot
communicates not only to the customer but also to the store clerk
when welcoming customers or promoting products. We suppose
that these interactions convey an atmosphere to the customers that
the robot is accepted by the store clerks. On the other hand, in
the store without CCS, these two elements were not present, and
the robot and the clerk served customers independently. However,
when a customer asked about the robot, the clerk showed a positive
attitude toward the robot. Thus, attitudes toward the robot did not
change in either store.

In addition, such collaboration is considered to strengthen two
types of communication: sociality and support giving/getting (Fay,
2011). Informal communication strengthens employee satisfaction
(Fay andKline, 2011) and relationships (Aplarslan andKilinç, 2015);
thus, clerks may easily accept robot-mediated operators. Improving
the relationship between the robot and clerks will have a more
positive influence on the customer’s impressions of the robot.

Hereafter, the store without CCS is referred to as the Control
Store, and the storewithCCS is referred to as theCollaborative Store,
as shown in Figure 2.

In this experiment, in the Control Store, eight store clerks (all
females, three in their teens, four in their 20 s, one in their 30 s, one
in their 50 s, 1 with no response) served customers independently of
the robots when the robots served customers. In the Collaborative

Store, 13 store clerks (12 females and 1 male, six in their teens, three
in their 20 s, one in their 30 s, and three in their 40 s) performedCCS
with the robot.

3.6 Measurement

In this study, we evaluated the following: purchase rates of the
recommended bread and questionnaires presented to customers,
clerks, operators, and interaction rates.

First, the sales of the five types of recommended bread were
evaluated to verify the influence of the robot. It was difficult to
compare the sales between the two stores because the types of bread
sold in each store and the recommended breads were different.
Therefore, within each store, the influence of the robot was verified
by comparing the purchase rates of the recommended bread when
the robot was in operation and when it was not in operation.
The opening hours of the Control and Collaborative Stores were
7 am to 6 pm and 7 am to 7 pm, respectively. Therefore, the robots
operated for 6 hours (10 am–2 pmand 3 pm–5 pm) in each store and
recommended specific types of bread, whereas they did not operate
for 5 hours at the Control Store and 6 hours at the Collaborative
Store each day. When not in operation, the robot remained inside
the store, but all movements were stopped. Therefore, the influence
of the robot was evaluated by comparing the following equation
during the period of its operation and non-operation within each
store:

Purchase Rate (PR) [%] =
NRec

NAll
× 100, (1)

where NRec indicates the units sold for five types of recommended
breads and NAll denotes the units sold for all types of
bread.

Next, we conducted a survey of the customers and clerks
about their impressions of the robot and the store experience. The
customer questionnaire was presented at the cash register, and
all customers passing through the cash register were prompted to
answer the questionnaire. All questionnaires were evaluated using a
1–7 grade Likert scale.

The customer questionnaire was related to the impressions of
the robot because the customers did not know that the robot was
controlled by human operators. Seven items were listed in the
questionnaire: intelligent, useful, easy to talk, enjoyable, friendly,
influential, and trustworthy. These are part of the social acceptance
model for robots (Heerink et al., 2010). In addition, installing a
robot may improve the impressions of the store experience. For
example, it has been reported that installing robots in hotels
improves their brand experience (Chan and Tung, 2019). Therefore,
we also evaluated the impressions of the store experience under the
influence of CCS. The following four items were listed in relation to
the store experience: 1) “Were you satisfied with this shop?” 2) “Did
the robot improve the brand image of the store?” 3) “Did you feel
anxious about robots usurping your job?” and 4) “Do you hope to
revisit this store?”

Regarding the clerk questionnaire, we asked the participating
clerks to answer the questionnaire every day.The clerk questionnaire
asked about their impressions of the robot similar to the customer
questionnaire. However, the clerk questionnaire may convey the
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impressions of the human operator, not the robot, because the
clerks were aware that the robot was operated by humans. The
items listed in the impressions of the robot were the same as
those in the customer questionnaire. The four items listed in the
impressions of the store experience were 1) “Did the robot improve
the impression of the store?” 2) “Did you feel anxious about robots
usurping your job?” 3) “Did you feel frustrated about working
with the robot?” and 4) “Do you hope to work with the robot
again?”

In HHI, humans build rapport through communication,
including informal communication (Aplarslan and Kilinç, 2015).
However, it is known that humans’ perception of speaking objects
is distorted when the appearance of the object is changed, even if
they know that the object is operated by humans (Bennett et al.,
2017). In addition, teleoperated humanoid robots are recognized
as having lower intelligence than humans even when they perform
the same task (Kuwamura et al., 2012). Therefore, it is unclear
whether the relationships between clerks and robot-mediated
operators are established in the same way as in HHI. Hence, the
relationship between these variables was investigated using the clerk
questionnaire.

Finally, we administered a daily questionnaire to operators of
their workload, motivation, and sense of belonging. It is known
that informal communication makes people develop a sense of
belonging, even during telework, which increases their commitment
to the work (Fay, 2011). Therefore, we evaluated whether similar
results could be obtained in this experimental environment, even
though the operator questionnaire was not directly related to the
purpose of this study. The items in the operator questionnaire were
based on NASA-TLX (Hart and Staveland, 1988), and included the
following: “Did you maintain high motivation throughout today’s
work” and “Did you feel a sense of belonging to the store during
today’s work?”

4 Results

We analyzed the PRs of the five types of recommended
breads, the impressions of the robot and store experience from
the customers and clerks, and work performance of the operators

when the robot was placed in the two bakeries for 15 days.
However, the experiment was canceled on 21st April at the
Control Store because of poor physical condition of one of the
operators. Thus, the Control Store was evaluated for 14 days.
The customer questionnaires at the Control and Collaborative
Stores received 216 and 98 responses, respectively (average: 15.4
and 6.5, respectively, per day). The numbers of responses to the
clerk questionnaire at the Control and Collaborative Stores were
32 and 43, respectively (average: 2.3 and 2.9, respectively, per
day).

Demographic information of customers in the two stores
is listed in Table 1 and Table 2. During the experiment period,
we annotated customer information from 10 am to 5 pm. The
demographic information between the two stores (305 and 543
customers in the Control and Collaborative Stores, respectively)
shows no large difference using the chi-squared test (Gender:
χ2 (1) = 0.03,p = 0.98,V = 0.01,Age: χ2 (1) = 1.78,p = 0.41,V = 0.05,
Group: χ2 (1) = 0.00,p = 1.00,V = 0.00). We used Cramer’s V as the
effect size in the chi-squared test.

4.1 Purchase rate of recommended bread

Figure 3 shows the PRs at both bakeries, as represented by
Eq. 1, divided into periods when the robot was in operation and
when it was not in operation. In the Control Store, the average
PR when the robot was not in operation was 15.5% (264/1707),
whereas the average PR when the robot was in operation was 14.5%
(345/2373). This means that the PR was reduced when the robot
was in operation. However, in the Collaborative Store, the average
PR when the robot was not in operation was 7.1% (305/4305),
whereas the average PR when the robot was in operation was 8.6%
(400/4637). This means that the PR increased when the robot
was in operation. These results were verified within each store
by using the chi-squared test. The results for the Control Store
revealed no significant differences in the PRs with and without
the robot recommendation: (χ2 (1) = 0.67,p = 0.71,V = 0.01).
However, the results in the Collaborative Store revealed significant
differences in the PR with and without the robot recommendation:
(χ2 (1) = 7.30,p = 0.02,V = 0.03).

TABLE 1 Demographic information on observed customer age and gender.

Number of Number of Number of Number of

Stores male customers female customers adult customers child customers

(Ratio %) (Ratio %) (Ratio %) (Ratio %)

Control 102 (33.4) 203 (66.6) 282 (92.5) 23 (7.5)

Collaborative 185 (34.1) 358 (65.9) 487 (89.7) 56 (10.3)

TABLE 2 Demographic information on customer group.

Stores Ratio of solo customer % Ratio of group customers %

Control 72.2 27.8

Collaborative 72.0 28.0
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FIGURE 3
Purchase rate (PR) at each store.

FIGURE 4
Impressions of the robot by customers. * means p <0.05.

4.2 Customer questionnaire

Figure 4 shows the results of the customers’ impressions of
the robot obtained from 216 to 98 customer questionnaires in the
Control and Collaborative Stores, respectively. The value of 4 is
neutral because of the use of the 1–7 grade Likert scale. Thus, the
results indicate positive impressions of the robot in both stores,
except for the item “Friendly” in the Control Store. In addition, the
robot in the Collaborative Store elicited more positive impressions
from the customers in all aspects than the robot in the Control
Store. These results were nearly identical trends across age and
gender. These results were verified using the Mann–Whitney U
test. The results revealed significant differences in all items between
the stores (Intelligent: U = 7530,p < 0.01, Useful: U = 8312,p < 0.01,
Easy to talk: U = 7903.5,p < 0.01, Enjoyable: U = 8337,p < 0.01,
Friendly: U = 7458,p < 0.01, Influential: U = 8385.5,p < 0.01, and
Trustworthy: U = 8262.5,p < 0.01).

Figure 5 shows the results of the customers’ impressions of
the store experience. The results show that the values for the
Collaborative Store are greater for all items than those for the
Control Store. These results were nearly identical trends across age
and gender. The results revealed significant differences between
the two stores (Satisfaction: U = 7894,p < 0.01, Brand image:

FIGURE 5
Impressions of the store experience by customers. * means p <0.05.

U = 6786.5,p < 0.01, Hope to revisit: U = 8206.5,p < 0.01), with the
exception of Anxiety (U = 10,140,p = 0.53).

4.3 Clerk questionnaire

Figure 6 shows the clerks’ impressions of the robot-mediated
operators calculated by 32 and 43 clerk questionnaires in the
Control and Collaborative Stores, respectively. The results show
positive impressions of the robot-mediated operators in both
stores, except for the item “Friendly” in the Control Store.
In addition, the robot-mediated operators in the Collaborative
Store received better impressions from the clerks in all aspects
than the robot-mediated operators in the Control Store. These
trends are the same as those of the results for the customers.
These results were verified using the Mann–Whitney U test,
which revealed significant differences in all items between both
stores (Intelligent: U = 407,p < 0.01, Useful: U = 489,p = 0.03, Easy
to talk: U = 428,p < 0.01, Enjoyable: U = 395,p < 0.01, Friendly:
U = 157.5,p < 0.01, Influential: U = 467,p = 0.01, and Trustworthy:
U = 415.5,p < 0.01).

Figure 7 shows the results of the clerks’ impressions of the
store experience. The results for the Collaborative Store were
greater for “Brand image” and “Hope to work with robot” than
the corresponding values for the Control Store, and the opposite
results were observed for “Anxiety” and “Frustration.” The results
of both stores revealed significant differences in “Brand image”
(U = 426.5,p < 0.01) and no significant differences in other items
(Anxiety: U = 617.5,p = 0.30, Frustration: U = 616,p = 0.42, and
Hope to work with robot: U = 567.5,p = 0.18).

4.4 Operator questionnaire

Figure 8 shows the results of the questionnaire related to the
operators’ workload using NASA-TLX. The items “Mental demand,”
“Physical demand,” “Temporal demand,” “Performance,” “Effort,”
and “Frustration” are independent subscales, and “Overall weighted
workload’ indicates the operator’s overall workload calculated in
subscales. These results were verified using the Mann–Whitney U
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FIGURE 6
Impressions of the robot by clerks. * means p <0.05.

FIGURE 7
Impressions of the store experience by clerks. * means p <0.05.

test, and the results revealed no significant differences in all items
between both stores (Mental demand: U = 83,p = 0.50, Physical
demand: U = 67,p = 0.13, Temporal demand: U = 76,p = 0.32,
Performance: U = 95.5,p = 0.93, Effort: U = 64,p = 0.12, Frustration:
U = 75,p = 0.30, and Overall weighted workload: U = 83,p = 0.50).

Figure 9 shows the results of the operators’ motivation and
sense of belonging. Both results show that the values for the
Collaborative Store were greater than those for the Control Store.
The results revealed significant differences in both items between
the stores (Motivation: U = 34,p < 0.01 and Sense of belonging :
U = 42.5,p < 0.01).

4.5 Interaction rate

Figure 10 shows the rate of customers who interacted with the
robot for each store. The results show that the Collaborative Store
has a higher interaction rate than the Control Store on all days, and
the average results for the Interaction Rate between the two stores
revealed significant differences (χ2 (1) = 59.96,p < 0.01,V = 0.18).
The regression line at each store are Rate(control) = 0.2× day+ 16.9,
Rate(collaborative) = 0.6× day+ 31.4, respectively. The slopes of the
regression lines are positive for both stores.

FIGURE 8
Workload results of the operators using NASA-TLX.

FIGURE 9
Motivation and sense of belonging of operators. * means p <0.05.

5 Discussion

5.1 Effect of collaborative customer service
on customers

The results revealed no significant difference in the PR in the
Control Store but showed a difference in the PR in the Collaborative
Store when comparing the situations where the robot was in
operation and not in operation. These results indicate that the use
of the robot as a recommendation system had a greater influence
on the customers in the Collaborative Store. The robots in both
the stores were operated by the same operators and used the same
strategy to recommend various types of bread. The Collaborative
Store, where the clerks collaborated with the robot, aimed to create
an atmosphere in which a relationship between the clerks and the
robot was already established. In other words, the results suggest
that the persuasiveness of the robot was influenced by the social
influence of the clerks, and this influence affected the sales of the
recommended types of bread.

Even though the manner of interaction of the robot with the
customers was the same in both stores, customers’ impressions of
the robot improved for all items in the Collaborative Store. These
items include the factors of social acceptance (Heerink et al., 2010)
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FIGURE 10
Interaction Rate. The dotted line is the regression line of the
interaction rate for each store.

and trustworthiness in the robot. In addition to the results of the
questionnaire, the high Interaction Rate of customers also indicates
that the social acceptance of the robots in the Collaborative Store
was high. In other words, as explained in the introduction, two
important factors (social acceptance and trustworthiness) were high
for the robot in the actual retail store. The result of high social
acceptance implies that the robot was less likely to be ignored by
customers, and the information provided by the robot was trusted,
which implies that the purchase rate of the products recommended
by the robot was high. Therefore, the effectiveness of the robot’s
recommendationswas strengthened because the customers accepted
and trusted the robot owing to social influence, which is consistent
with the previous study (Rau et al., 2009). This is also similar to the
phenomenon of social influence described in HHI (Cialdini and
Goldstein, 2004).The results of this study imply that social influence
of the clerks exists even in the use of service robots in the retail
industry.

A comparison of the PR between the first and last halves of
the experimental period showed the longitudinal influence of the
robots. In the Control Store in the first 8 days, the PR when the
robot was in operation decreased by approximately 20.3% when
compared with the PR when the robot was not in operation. In
contrast, the PR when the robot was in operation in the last 7 days
increased by 8.8% when compared with the PR when the robot was
not in operation. In the Collaborative Store, the PR increased by
7.5% in the first half of the period, whereas it increased by 42.2%
in the last half of the period owing to the influence of the robot’s
recommendations.

Interestingly, in both stores, the influence of the robot was
stronger during the last half of the period. In other words, it is
possible that the greater the frequency of contact with the robot,
the greater its influence, which is known as the mere exposure
effect (Zajonc, 1968). The results of the Interaction Rate, which is
related to the customer behavior change, show that the percentage
of customers who interacted with the robot increased in the last
half of the experiment in both stores. However, this is an indirect
result to verify the long-term influence of the robot, and it is still
unclear whether the impressions of the robot was strictly improved
in the longitudinal duration. This is because we could not collect the

questionnaire from customers who saw the robot more than once.
These results suggest that CCS between the clerks and the robot may
have accelerated the establishment of the relationship between the
robot and customers. If a long-term experiment can be conducted
to fully establish a robot–customer relationship, the influence of
the robot between the Control and Collaborative Stores could be
comparable.

The results also show that CCS improves the customers’
impressions of the store experience. In terms of brand image, this
result is consistent with the results of a previous study (Chan and
Tung, 2019). In contrast, one possible reason why the results for
“Anxiety” did not show a significant difference between both stores is
that the robot did not perform skillful tasks that made the customer
feel anxious. In this study, the robot’s tasks were designed to include
welcoming customers and promoting products, as proposed in a
previous study (Niemelä et al., 2017b), that is, theywere not essential
tasks (such as baking bread, displaying the bread, and handling the
checkout) for the clerks working at the bakeries. We believe that
because these support tasks do not give the impression of replacing
human labor, they did not cause a difference in “Anxiety” between
the two stores.

Further, the impressions of the robot and store experience were
positive for many items, not only in the Collaborative Store but
also in the Control Store. This implies that the introduction of
service robots creates a positive impression on the customers, which
is consistent with the results of previous studies (Niemelä et al.,
2017a; Song and Kim, 2022). Therefore, the introduction of
robots is beneficial in aspects other than sales, regardless of
CCS.

5.2 Influence of collaborative customer
service on clerks and operators

The impression formed by clerks of the robot can be interpreted
as an evaluation of the human operator rather than the robot.
In this situation, the impressions of the robot-mediated operators
in the Collaborative Store showed better results for all items
than that in the Control Store. The increased communication,
including informal communication, between the robot-mediated
operators and clerks, had a more positive effect on the robot.
This is consistent with the results reported in previous studies
on HHI (Fay and Kline, 2011; Aplarslan and Kilinç, 2015). In
addition, human perception of a speaking object is distorted
even if it is known that the object is operated by another
human (Kuwamura et al., 2012; Bennett et al., 2017). However, we
found that communicating with a robot-mediated human could
produce the same positive impressions as in the normal HHI
situation.

Regarding the workload of the operations, the Collaborative
Store required collaboration between the clerks and the robot
operators, which could have increased their workload. However,
at both stores, the clerk questionnaire showed no significant
difference for the item “Frustration”; the operator questionnaire
also showed no significant difference in the overall weighted
workload of NASA-TLX. This implies that the application of
CCS in the Collaborative Store did not have a significant effect
on the workload, which suggests that CCS may not increase
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the workload of clerks but can increase the influence of the
robot.

In addition, the evaluation of operators showed that CCS
improved their motivation and sense of belonging. These results for
robot-mediated telework are similar to those of a previous study on
conventional telework (Fay, 2011).

5.3 Open questions for collaboration
between humans and autonomous service
robots

In this study, the experimental design used a robot operated by
human operators, and clerks were aware of this setting. Therefore,
it was easy to build a relationship between the clerks and robots, as
we focused on evaluating CCS without the communication errors
caused by autonomous robots. In addition, we expect that these
service robots will be autonomous robots in the future, whereupon
it is unclear whether they can build a similar relationship with the
clerks (Lu et al., 2019; Qiu et al., 2020). This is likely to become
a major issue as service robots become more widespread in the
future.

In studies on industrial robots, human–robot collaboration
has been actively examined (Ajoudani et al., 2018), as they have
been prevalent before the introduction of service robots. One
topic that is often discussed in human–robot collaboration is the
relationship between robots and workers. Because industrial robots
have replaced human labor in factories, it has been pointed out that
in some cases, employees do not welcome the introduction of robots
(Welfare et al., 2019).Therefore, robotsmust be assigned to activities
that do not diminish the preferences and satisfaction of humans. It
has been shown that employees prefer to collaborate with robots in
such environments (Ferreira et al., 2014; Welfare et al., 2019). The
same issue is expected to occur with service robots in the future
(McClure, 2018).

Therefore, when introducing autonomous service robots in
the future, we should pay attention to the relationship between
robots and workers. In particular, we should eliminate the fear
of workers about the introduction of service robots (McCartney
and McCartney, 2020). Involving workers in co-designing the
human–robot collaboration can be effective in enabling workers
to gain an understanding of service robots and not feel anxious
about their jobs (Niemelä et al., 2019). This study designed
welcoming customers and promoting specific products as the
tasks of the robot, but these are the expectations for robots that
were answered by workers through workshops (Niemelä et al.,
2017b). Therefore, the actual introduction of service robots for
performing these tasks may not be perceived positively by the
workers. Thus, several considerations are required for tasks to
be assigned to service robots (Shi et al., 2016; Niemelä et al.,
2017c).

In addition, although the WoZ robot was used in this
study, the results of this study show that the impression of the
robot by the clerks can be improved by CCS with the clerks
rather than by providing customer service independently. This
may have similar implications for autonomous service robots.
Talking to the clerk from the robot while providing customer
service is one of the elements of CCS presented in this study,

and it can be implemented through interaction design on the
robot side. In the future, it will be necessary to verify whether
autonomous robots can build relationships with store clerks through
various interaction designs including those proposed in this
study.

5.4 Limitations

This study had some limitations. First, we selected two bakery
stores with similar environments from several candidate stores
to verify the influence of CCS. However, these two stores did
not have strictly identical environments such as different types
of bread sold. In addition, we compared the PRs during periods
when the robot was in operation and not in operation. Because
we had no pre-experiment sales data for recommended bread
for each store by time of day we were unable to eliminate the
effect of time of day on PRs from our analysis results. In other
words, the tendency of the recommended bread purchased by the
time of day may vary. Thus, we cannot argue that the results of
this study can be strictly attributed to CCS. We also considered
conducting A/B testing using a single store. In this case, it would
be difficult to verify the effect of CCS because the results would
be greatly influenced by the customer’s experience. In fact, this
study showed that the influence of the robot improved in the
last half of the experiment. Thus, we used two bakery stores to
conduct this study to eliminate the factor of customer’s experience.
This problem is not limited to this study but applies to many
studies with real-world field experiments. We need to discuss the
extent to which rigorous comparisons are required in future field
experiments.

Second, the long-term influence of the robot was not
investigated in this study, as the longitudinal influence of the
robot was examined for only 15 days. Previous studies on the
social acceptance of robots spanned several months, for example,
6 months (de Graaf et al., 2016). Therefore, 15 experimental
days were not sufficient to investigate the long-term effect.
The results of this study show that the influence of the robot
improved in the last half of the experiment; however, the PR
and Interaction results include customers who visited more than
once, but we could not clearly verify their impact. This is because
when testing in real stores, it is very difficult to identify which
customers visited more than once during the experimental period.
In addition, it is unclear whether the social acceptance and
trustworthiness of the robot also improved because we cannot
collect the questionnaire from customers who interacted with
the robot more than once. Thus, it is also unclear whether this
effect will be maintained over several months. We expect that the
long-term relationship between the robot and customers will be
maintained if we continue using the WoZ robot. However, using an
autonomous robot is likely to reduce the long-term influence of the
robot.

Finally, the introduction of autonomous service robots was not
considered in this study. As discussed in the previous section, the
introduction of autonomous service robots into a store has many
potential issues such as the tasks to be assigned to the robots
and functions to be considered to build a relationship with the
store clerks. Because all stakeholders have different expectations
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regarding the introduction of service robots (Niemelä et al., 2017b;
McCartney and McCartney, 2020), it is important to carefully
discuss with these stakeholders and co-design autonomous robots
before introducing them into the workplace (Niemelä et al., 2019).

6 Conclusion

The aim of this study was to increase the influence of robots
as a recommendation system by leveraging the social influence of
clerks. Therefore, we compared the influence of robots with and
without collaborative customer service (CCS) with clerks in two
bakery stores.

The results showed that CCS increased the purchase rate of
the recommended types of bread and improved the impressions of
the robot and store experience of the customers. In addition, the
impression formed by the clerks of the robot was also improved.
Because the results showed that the workload for the collaboration
between the robot and clerks was not high, this study suggests
that all stores with service robots may show high effectiveness in
introducing CCS.

In this study, WoZ robots were deployed in bakery stores to
investigate the effects of CCS. However, these robots will operate
autonomously in the future. In this case, various potential issues
need to be considered, such as the tasks to be assigned to the robots
and functions needed to build relationships with customers and
workers.
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