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Abstract
In recent years, the research of humanoid robots that can change users’ opinions has been conducted extensively. In particular,
two robots have been found to be able to improve their persuasiveness by cooperating with each other in a sophisticated
manner. Previous studies have evaluated the changes in opinions when robots showed consensus building. However, users did
not participate in the conversations, and the optimal strategy may change depending on their prior opinions. Therefore, in this
study, we developed a system that adaptively changes conversations between robots based on user opinions. We investigate
the effect on the change in opinions when the discussion converges to the same position as the user and when it converges to a
different position. We conducted two subject experiments in which a user and virtual robotic agents talked to each other using
buttons in a crowded setting. The results showed that users with confidence in their opinions increased their confidence when
the robot agents’ opinions converged to the same position and decreased their confidence when the robot agents’ opinions
converged to a different position. This will significantly contribute to persuasion research using multiple robots and the
development of advanced dialogue coordination between robots.
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1 Introduction

Argumentation is the process of reaching a consensus
through agreement or disagreement [27] being effective for
persuading and establishing consensus.Recently, argumenta-
tion systems have been developed to improve persuasiveness
by generating an argument between two agents and allowing
the user to listen to it [25]. Advanced coordination between
two robots in a conversation can improve attractiveness [12]
and allow the conversation to continue without breaking
down, even if the speech recognition is incorrect [2, 14].
We believe that such advanced coordination between robots
can enhance the persuasiveness of robotic discussions. Such
robots are expected to be used when changing opinions is
important, such as improving lifestyle habits. However, it
is unclear what tactics robots can employ to alter opin-
ions.

Regarding changes in users’ opinions, Itahara et al. eval-
uated their impressions when asked to observe a consensus-
building conversation between two robots [15] discussing
affirmations (positive) and counterarguments (negative) about
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a topic. They compared four scenarios: two in which either
robot changed its opinion to the opposite side, and the
other two in which both robots discussed only one side of
the opinion. It was found that by making the user observe
the robots’ building consensus on a negative opinion, their
impression on the topic can become negative, and that a con-
versation with only negative opinions gives the impression
of unfairness. However, strategies for achieving these posi-
tive aspects have not yet been investigated and an interactive
setting was not evaluated because the users watched only a
video.

In this study, we investigated whether users’ opinions can
be changed by a consensus-building dialogue between robots
based on users’ opinions. We assumed a situation in which
two robots discuss a topic with opposing opinions. In such
a situation, the effects of two strategies are tested: first, a
strategy in which a robot with a different opinion from the
user agrees with the same opinion as the user; and second,
a strategy in which a robot with the same opinion as the
user agrees with a different opinion. We tested the following
hypotheses.

H1 When the robots show a user the convergence to the
same opinion as the user, the confidence of the user’s
opinion can be increased more than when they do not.

H2 When the robots show a user the convergence to a dif-
ferent opinion from the user, the confidence of the user’s
opinion can be decreased more than when they do not.

To verify these hypotheses, we propose a system that devel-
ops discussions between robots according to the user’s choice
using an argumentation structure [24]. We conducted two
experiments by asking the users to converse with two vir-
tual robot agents in a crowded setting. We evaluated the
degree of change in users’ opinions before and after the
conversation. We also analyzed the relationship between
the effects of the dialogue strategies and the degree of
confidence in the opinions of the user before the conver-
sation.

The remainder of this paper is organized as follows: In
Sect. 2, related work on dialogue systems using multiple
robots and dialogue strategies for persuasive conversations
are described. Section3 describes a system that allows the
user to listen to a discussion based on their opinion. Section4
details the first experiment regarding the dialogue strategy,
in which the robot shows agreement with the same stance of
the user. By contrast, Sect. 5 details the second experiment
regarding the dialogue strategy, in which the robot agrees
with the opposite stance of the user. Section6 discusses its
effectiveness and limitations, and the work is concluded in
Sect. 7.

2 RelatedWork

2.1 Studies on Incorporation Between Robots

Incorporating multiple robots in human–robot exchanges is
a promising approach to easily control conversation. Ari-
moto et al. [2] reported that by adding a second robot,
users decreased their feelings of being ignored and the dif-
ficulty of the conversation. Iio et al. developed predefined
turn-taking patterns for multiparty conversations by using
multiple robots. This technique is effective, regardless of
the user’s answer to a robot’s question [14]. Sugiyama et
al. proposed a dialogue strategy in which a robot asked a
question to a side-participating robot, which was advanta-
geous for mitigating any user perception of a breakdown in
the dialogue [30]. Khalifa et al. demonstrated an English-
language learning system using robots, and the second robot
(an advanced learner robot) limited the user’s utterances
by completing their sentences, thereby improving speech-
recognition performance [17]. In this study, we focus on
consensus building in discussions to investigate what coor-
dination between the robots could increase or decrease
confidence in the user’s opinion.

2.2 Studies on Argumentation System

Recently, argumentation systems have been developed to
discuss various topics [10, 29]. Such systems handle argu-
mentation based on computational models, such as argu-
mentation structures [23, 31, 32]. One of the most famous
argumentation databases is the AIFdb [18], which is one
of the largest databases currently available for argumenta-
tion. Sakai et al. created large argumentation structures for
dialogue systems [24]. Argumentation systems that can dis-
cuss various user topics have been developed based on these
structures [1, 13]. The system tracks discussions by trac-
ing the argumentation structure. In addition, some studies
attempted to generate discussions between multiple agents
through argumentation structures. For example, Rach et al.
attempted to extract argumentation structures from online
texts and generate agent-agent argumentation dialogue [22].
Mitsuda et al. used a large-scale language model to gener-
ate agent-agent discussions with natural utterance texts from
argumentation structures [20]. They evaluated the coherence
and naturalness of the utterance text; however, the influence
of the change in user opinion was not discussed.

2.3 Studies on Social Influence by Others

Humans are easily affected by others. For example, when
other dummy human participants make incorrect choices, the
target participant also tends to make incorrect choices [4].
This effect could be caused by small dummy humanoid
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robot participants [28]. Moreover, in a review on social influ-
ence [8], the susceptibility to influence varied depending on
social relations, such as authority. For example, it has been
reported that not only the rational deliberative aspect but also
the emotional interpersonal aspect are important factors in
consensus building [16]. It is also known that susceptibility
to persuasion varies depending on the user’s own personality
traits; Bickmore et al. reported that extroverted people are
more likely to respond to persuasion from embodied agents,
whereas introverts are more likely to respond to persuasion
over the phone [5]. In our study, we have robots with the
same or different positions as the users in an argument with
opposing views. We investigated whether users’ opinions
were affected when they indirectly observed the consensus
building of robots, one of which could be perceived as being
similar to the user.

Several studies have investigated persuasion using
humanoid robots [3, 19]. Saunderson et al. [26] showed that
interaction strategies that cause a robot to express emotions
are more persuasive than logical or neutral strategies in a
persuasion task using a robot. In their study, they used two
robots, one of which behaved in a neutral manner as a base-
line, and the other robot behaved differently depending on
the conditions. However, these methods do not allow robots
to interact with each other in an advanced manner. Winkle et
al. [33] reported that a strategy emphasizing similarity to the
user and a strategy based on goodwill significantly improved
the number of exercise repetitions through persuasion com-
pared to a strategy emphasizing expertise. In their study, they
also focused on the similarity between a robot and a user in
terms of argumentation position, but they did not focus on
conversations between multiple robots. Studies have aimed
to improve persuasiveness by focusing not only on conver-
sational content, but also on nonverbal cues such as voice,
gestures, and eye gaze [7, 11]. Thus, persuasion using social
robots is not only based on verbal interactions but also on
other factors, such as nonverbal information. We were par-
ticularly interested in the effects of conversational strategies
when robots were grouped together.

3 Dialogue System

We developed an argumentation system with two robots that
made the user feel that the robots built a consensus based on
their opinions. Figure1 shows the architecture of the discus-
sion system.

The scenario-generationmodule generates discussion sce-
narios using an argumentation structure [24] and a scenario
template [20]. The argumentation structure is a graph struc-
ture that represents a discussion of two conflicting stances
on a certain topic. In the argumentation structure, the nodes
represent utterances corresponding to claims, propositions,

Fig. 1 System architecture. The two robots’ discussion scenarios are
generated by the scenario generation module based on the argumenta-
tion structure and the scenario template. The dialogue manager runs the
discussion scenario. The robots basically talk to each other by voice
and sometimes ask a user questions. Note that to easily understand the
robots’ utterances, the utterance texts are shown near the robot. The user
clicks the buttons that indicate the possible response to the robots’ ques-
tions. Based on the response, the dialogue manager selects appropriate
scenarios to be executed

and premises. The edges between the nodes represent the
relationship between utterances, which are marked as either
supportive or non-supportive.

To generate the discussion scenario, a subtree of the struc-
ture shown in Fig. 2was randomly extracted from the original
argumentation structure. Specifically, one root node (main
proposition), two main issue nodes (opposite stances), four
viewpoint nodes (two supportive nodes each under the corre-
sponding main issue nodes, which represent a conversational
topic), and eight premise nodes (two supportive nodes each
under the corresponding viewpoint nodes, which represent
reasons) are extracted. Using this subtree, a discussion sce-
nario was generated based on the template [20] where two
robots built a consensus about topics based on user opinions.
Table 1 shows the detailed flow used in the scenario gener-
ation, which is equivalent to Experiment 1, described later.
In Experiment 2, the discussion flow was the same, except
for the speaker robot in lines 7–15. Specifically, if the user
selects stance A, R2 claims an utterance from the premise
node and R1 agrees or disagrees with R2. Notably, if the
user selects “no” to the question of the line 11, the robots
repeat the same discussion of the lines 5–11. To make utter-
ance sentences in the nodes as natural as spoken language,
we used an automatic conversion of Japanese sentence-end
expressions [21].

In addition, the module automatically generates the
robot’s behavior, such as gaze shifts and gestures, based on
handcrafted rules, and adds them to the scenario. As an exam-
ple of these rules, when a robot speaks to another robot, the
robot looks at the other robot using its head and eyeballs.
The other robot looked at the robot. As a result, dialogue
scenarios describing the robots’ utterances, gazes, gestures,
and execution timings were obtained.
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Fig. 2 Subtree of the argumentation structure. The nodes represent
utterances corresponding to claims, propositions, and premises, and the
edges between the nodes represent the relationship between utterances.
For example, for the topic “pros and cons for auto-driving,” there are

two conflicting claims (good or bad). The claim “Auto-driving is good”
is supported by two propositions, such as “Auto-driving will ease traf-
fic jams.” Each proposition is also supported by two premises, such as
“Auto-driving will reduce unnecessary stops and decelerations.”

Table 1 Discussion flow used in the scenario generation

Lines Flow

1 R2 claims an utterance of the root node

2 R1 claims an utterance of main issue node of stance A and then
one of the viewpoint node under the main issue node

3 R2 also claims an utterance of main issue node of stance B and
then one of the viewpoint node

4 R1 asks the user to choose their stance on the topic

* (A user selects stance A)

5 R2 claims an utterance of main issue node again

6 R1 claims an utterance of main issue node again

7 R1 claims an utterance of premise node under the claimed
viewpoint node

8 R2 agrees (disagrees) with R1

9 R1 claims an utterance of another premise node

10 R2 agrees (disagrees) with R1

11 R1 asks the user a question to listen to

* (The user selects “yes”)

12 R1 claims an utterance of another viewpoint node

13 (Repeating discussion of 7 to 11)

14 R1 claims an utterance of main issue node again

15 R2 agrees (disagrees) with R1

16 R1 closes the discussion

The dialogue manager parses this scenario and sched-
ules commands for the robots. Following the scheduling
operation, the dialogue manager executes the commands as
planned. In this study, the user talks to the robots using but-
tons.When the user presses the button, the dialogue manager
selects the appropriate scenario and executes it accordingly.

4 Experiment 1

To verify the effectiveness of the dialogue strategy in which
the robots converged to the same opinion as the user, a
subject experiment was conducted on crowdsourcing. Our
hypothesis was that (H1) when robots show the user the
convergence of the same opinion as the user, the user’s con-
fidence in the opinion can increase more than when they
do not. We prepared two conditions: agree-with-same-stance
(AgreeSS) and disagree-with-same-stance (DisagreeSS).We
evaluated the changes in opinions before and after the dis-
cussion. Additionally, we evaluated their impressions of the
discussions. All procedures in two experiments including
experiment 2 were approved by the ethical committee of the
Graduate School of Engineering Science, Osaka University,
Japan.
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Fig. 3 Scene of the conversation with the virtual robot agents in the
experiment site. Robots were placed in the right and left side of the
drawing panel. When the robots spoke, the utterance text in the speech
balloons was shown in the upper side of the robot. Under the panel,
two buttons were placed. The buttons were only shown when the robot
waited for the answer. Notably, only Japanese texts were shown on the
experimental site

4.1 Method

4.1.1 Subjects

A total of 297 adults registered with a Japanese crowd-
sourcing service participated in the experiment. During the
experiment, to ensure that only reliable data was collected,
we used data from subjects with high reliability scores for
task achievement in the crowdsourcing system. Specifically,
we only included people who completed more than 95% of
their previous tasks without problems. In addition, we did
not use data from participants who did not pass the attention-
check questions that tested whether they remembered the
dialogue. Finally, we included 236 participants (104 males
and 132 females, ranging from teens to septuagenarians, with
an average ageof 41.4 years (SD = 10.6)).All subjects expe-
rienced a conversation with a virtual robot agent under both
conditions. The order of the two conditions was random.

4.1.2 Apparatus

The experiment was conducted on the Internet. A crowd-
sourcing site was used to recruit participants to submit
completed questionnaires. The experimental site, a separate
website, provided a conversation experience for the user eval-
uation and questionnaire. The experimental site consisted of
three sections. The first section explains the experiment and
verifies that the browser can run the experiment correctly. The
second section presents a drawing panel showing the virtual

robot agents, as shown in Fig. 3. The third section contained
the questionnaire.

The robot’s shape was the same as that of a tabletop
humanoid robot called CommU (developed through a collab-
oration between Osaka University, Japan, and VStone Co,.
Ltd.). When the robot spoke, the wave file was synthesized
using text-to-speech software and played while synchroniz-
ing its mouth. Notably, the robots’ voices were different,
allowing the user to easily distinguish the robots. With 14
degrees of freedom, the robot can produce various nonverbal
gestures, such as gaze shifts and nodding.

4.1.3 Stimuli

The robots discussed topics using conflicting stances.Dur-
ing the discussion, the robots asked the participants to choose
their stance. Based on the subject’s answer, the robot with the
same opinion as the user claims the premises. For the given
premises, the other robot utters depending on the conditions.
That is, in the AgreeSS condition, the other robot with a dif-
ferent opinion showed agreement, whereas in theDisagreeSS
condition, the robot showed disagreement. Examples of dia-
logues for each condition are listed in Table 2. To avoid losing
the attention of the subject, after finishing the condition-
depending exchange (line 11 in Table 1), the robots inserted
a question to check whether the subject carefully listened to,
that is “Hey, did the user listen to us carefully?”.

We used the following five topics corresponding to the
five argumentation structures [24]: “Do you accept driving
automobiles: yes or no?”, “Where do you prefer to live: the
countryside or city?”, “Which is the best place to visit in
Japan: Hokkaido or Okinawa?”, “Which is the best break-
fast: bread or rice?”, and “Which is the best theme park:
Tokyo Disney Resort or Universal Studios Japan?”. Based
on these structures, we prepared each five subtrees (25 sub-
trees in total). The conversation timewas approximately three
minutes.

4.1.4 Procedure

On the crowdsourcing site, the participants read an expla-
nation of the experiment and decided to participate. They
then moved to the experimental site and read the instruc-
tions at the top of the first page. The instructions directed
the participants to proceed with the experiment, such as how
to complete the robots’ dialogue and the questionnaire. In
addition, the instructions informed the participants that the
questionnaire page would be shown after the dialogue page
and that they should concentrate on the dialogue because
the questionnaire inquired about the content of the dialogue.
Furthermore, the instructions on the first page of the experi-
mental site included a description of informed consent. The
instructions also indicated that the participants clicked the
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Table 2 Example dialogues

AgreeSS DisagreeSS

1 R2 Are you for or against auto-driving?

2 R1 Well, I am for it. Auto-driving will ease traffic jams.

3 R2 Um, I am against it. When auto-driving is realized, responsibility for accidents will be ambiguous.

4 R1 Hmm, I would like to hear the user’s opinion about the topic.

H I am for auto-driving. (by button)

5 R2 I, unlike the user, am against it.

6 R1 I’m for it, like the user.

7 Auto-driving will reduce unnecessary stops and decelerations.

8 R2 Hmmm, that is correct. Hmmm, I don’t think so.

9 R1 Besides, auto-driving will maintain the appropriate speed and distance between vehicles.

10 R2 Hmmm, that is true. Hmmm, I wonder if this is really the case.

11 R1 Hey, did the user listen to us carefully?

H Yes. (by button)

R1 Thank you for listening. We should continue the discussion.

12 If auto-driving is realized, traffic accidents will be reduced.

13 [Repeat once]

14 R1 Thank you for listening. So, I am for auto-driving.

15 R2 Indeed, that is absolutely true. I am still not convinced.

16 R1 Shall we end this discussion?

The topic is “Do you accept driving automobiles: yes or no?” The numbers in the left column correspond to the lines in the dialogue flow in Table 1.
R1, R2, and H represent a robot with stance A (agreement with automobiles), another robot with stance B (disagreement with automobiles), and a
human user, respectively. The bold text represents the differences between the conditions

next button if they decided to participate in the experiment,
but exited the page if not.

Subsequently, the participants completed a questionnaire
on their backgrounds regarding conversational robots. They
then checked the volumeof the speaker in the subject’s device
used in the experiment. On the next page, the participants
were instructed to talk to the conversational robots about the
topic using two buttons. The same page showed five topics
to be discussed and a questionnaire to be completed after the
conversation. On the last part of the same page, the partici-
pants were asked to fill in their prior opinions about the five
topics.

Subsequently, the participants spoke to the robot. If the
dialogue was interrupted (e.g., owing to network errors), the
subject could restart the dialogue by pressing a retry but-
ton placed below the drawing panel. After completing the
dialogue, a questionnaire was created. After the participants
completed the questionnaire, they talked to the other robots
and completed the questionnaire again. They then download
the completed answers and submit them to a crowdsourcing
site.

4.1.5 Measurement

A visual analog scale was used to measure the degree of
confidence in the opinion to assess the degree of change in

opinion and to check whether prior confidence levels could
affect the subjects’ scores. The questionnaire item was “For
the topic of [topic name], click on the point on the line that
comes closest to the degree of your opinion.” The subject
rated the item in a slider format ranging from−100 (stanceA)
to 100 (stance B). The midpoint value of zero corresponded
to “undecided.” The prior confidence was calculated using
the absolute value of the score. To calculate the degree of
change,−1 ismultiplied by the difference between the scores
before and after the conversation if the participant selected
Stance A before the conversation. For example, when a sub-
ject rates 50 (stance B with moderate confidence) before the
conversation and then rates 100 (stance B with high confi-
dence) after the conversation, the difference is calculated to
be 100 − 50 = 50. However, when they rated 10 (stance B
with low confidence) after the conversation, the difference
was 10 − 50 = −40. When a subject rates −50 (stance
A with middle confidence) before the conversation and rates
−100 (stance Awith high confidence) after the conversation,
the difference is (−100 − (−50)) × (−1) = 50. However,
when they rate −10 after the conversation, the difference is
(−10−(−50))×(−1) = −40. Questions were asked before
and after the conversations.Notably, the participants assessed
this scale for all domains before the interaction to choose the
domains of the conversation but only for the talked-about
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domain after the session to assess the degree of change in
opinion.

To evaluate whether prior confidence affected partici-
pants’ posterior scores, a linear mixed model (LMM) was
computed. The dependent variable was the degree of change,
calculated using the above formula. The fixed effects of the
independent variables were condition (1 = AgreeSS, 0 = Dis-
agreeSS) and binary prior confidence (1 = High, 0 = Low).
Notably, the threshold for distinguishing between High and
Low prior confidence levels was 50. The random effect was
subject ID.

To evaluate users’ impressions, we prepared the following
follow-up questionnaire:

Persuasiveness Do you think that the discussion between the
robots is persuasive?

Agreeableness Do you think that the discussion between the
robots is agreeable?

Realization Did you find realizations about the topic after
participating in the robots’ discussions?

Deepness Did you deepen your understanding of the topic
after participating in the robots’ discussions?

Confidence Did your own opinion become more confident
after participating in the robots’ discussion?

Change Was your own opinion changed after participating
in the robots’ discussions?

Participants rated the aforementioned items on a seven-
point Likert scale ranging from 1 (“strongly disagree”) to 7
(“strongly agree”). The midpoint value of four corresponded
to “undecided.” We also used the LMM to evaluate whether
prior confidence could affect the questionnaire scores.

For the attention check, we prepared the questionnaire
“Do you understand the robot’s conversation?” The partici-
pants rated the items on a seven-point Likert scale. We only
included subjects who rated their scores higher than 4. In
addition, we prepared a question about the dialogue content,
that is, “Please select two robots’ opinions that appeared
in the conversation.” We prepared four candidates for the
answer: two viewpoint nodes that appeared in the conversa-
tion and two other viewpoint nodes that did not appear. We
only used subjects who succeeded in selecting all the correct
viewpoints.

4.2 Results

Figure 4 shows the boxplots of the degree of change in
opinion between the prior and posterior confidences. As a
result of the LMM, shown in Table 3, a significant interac-
tion between the condition and prior confidence was found.
Therefore, we performed a simple slope analysis to inves-
tigate whether the relationship (simple slope) between the
degree of change in opinion and a particular level of an inde-

Fig. 4 Boxplots of the degree of change in opinion between the prior
and posterior confidences in user’s opinion

pendent variable was significant. Consequently, the slope of
the DisagreeSS condition (simple slope = −23.378, Std.
Error = 5.676, t-value = −4.119, p value < .001), and
high confidence (simple slope= 27.323, Std. Error= 6.312,
t-value = 4.329, and p-value < .001) were significant, indi-
cating that the simple slopes of the DisagreeSS condition and
the high confidence level were not zero. Since we assigned
the dummy variable 1 in AgreeSS and High confidence and 0
inDisagreeSS and Low confidence, the results suggested that
the degree of change in opinion in the DisagreeSS condition
at high confidencewas lower than that in theDisagreeSS con-
dition at low confidence and that in the AgreeSS condition
at high confidence.

Table 4 lists the LMM results for the questionnaire
applying Bonferroni correction. As shown in the table, the
condition factor had significant main effects on persua-
siveness, agreeableness, deepness, and confidence. Since
the corresponding coefficients of the condition factor were
greater than zero, these results suggest that the scores of the
AgreeSS condition were higher than those of the DisagreeSS
condition.

The results of the simple slope analysis showed that when
a robot with a different opinion from the user disagreed with
the same opinion as the user (DisagreeSS dialogue strategy),
subjects with a higher prior confidence level significantly
decreased their posterior confidence level compared to those
with a lower prior confidence level. It was also found that
the AgreeSS strategy increased posterior confidence levels
more than theDisagreeSS strategy for thosewith higher prior
confidence levels. The results of the follow-up questionnaire
showed that persuasiveness, agreeableness, depth, and con-
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Table 3 Results of the linear mixed model for degree of change in opinion

Estimate Std. error Df t-value p value

Degree of change in opinion Intercepts 9.333 3.359 465.115 2.778 .006**

Condition −3.794 4.332 275.036 −0.876 .382

Prior confidence −23.378 5.676 459.295 −4.119 < .001***

Condition×Prior confidence 31.117 7.827 365.160 3.975 <.001***

The bold font highlights a significant interaction between the condition and prior confidence

Table 4 Results of the linear mixed model for each questionnaire item

Estimate Std. Error Df t-value p value

Persuasiveness Intercepts 4.613 0.116 463.544 39.725 < .001***

Condition 0.506 0.147 273.041 3.454 <.001**

Prior Confidence −0.096 0.195 454.785 −0.492 .623

Condition×Prior confidence 0.214 0.267 355.673 0.801 .424

Agreeableness Intercepts 4.416 0.119 464.84 37.177 < .001***

Condition 0.500 0.153 275.573 3.279 .001**

Prior Confidence −0.201 0.200 458.496 −1.002 .317

Condition×Prior confidence 0.535 0.276 363.812 1.938 .053

Realization Intercepts 4.549 0.113 461.832 40.315 < .001***

Condition 0.286 0.140 271.201 2.050 .041

Prior Confidence 0.029 0.188 450.044 0.153 .878

Condition×Prior confidence −0.221 0.256 347.533 −0.866 .387

Deepness Intercepts 4.569 0.111 456.979 41.178 < .001***

Condition 0.350 0.131 266.051 2.666 .008*

Prior Confidence 0.046 0.182 437.478 0.254 .799

Condition×Prior confidence −0.072 0.243 330.248 −0.296 .767

Confidence Intercepts 4.492 0.108 456.28 41.501 < .001***

Condition 0.344 0.127 265.485 2.698 .007*

Prior Confidence −0.161 0.177 435.767 −0.905 .366

Condition×Prior confidence 0.510 0.236 328.299 2.161 .031

Change Intercepts 2.990 0.116 457.497 25.692 < .001***

Condition −0.070 0.138 267.052 −0.506 .614

Prior Confidence −0.367 0.192 438.771 −1.917 .056

Condition×Prior confidence −0.474 0.256 332.110 −1.854 .065

The bold font highlights significant main effects of the condition on persuasiveness, agreeableness, deepness, and confidence

fidence in the AgreeSS condition were significantly higher
than those in the DisagreeSS condition. The results suggest
that the subjects in the AgreeSS condition felt that the dis-
cussion was more convincing and persuasive because they
were supported by another robot. Because the same opinion
as the subject converged, the subjects did not gain any new
insights or changes in opinion, but they felt that the discus-
sion was deeper and, therefore, the confidence level of the
user’s opinion was strengthened.

5 Experiment 2

To verify the effectiveness of the dialogue strategy in which
the robots converged to different opinions from the user,
another experiment was conducted. Our hypothesis was that
(H2)when the robots show the user a convergence of different
opinions, the user’s confidence in the opinion can be reduced
more than when they do not. We prepared two conditions:
agree-with-opposite-stance (AgreeOS) and disagree-with-
opposite-stance (DisagreeOS). We also evaluated changes
in opinions and impressions of the discussion.
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5.1 Method

5.1.1 Subjects

A total of 292 adults registered with the same Japanese
crowdsourcing service participated in the experiment. All
participants of this experiment did not participate in the
Experiment 1. The same procedure used in Experiment 1
was used to collect reliable data. Finally, we included 224
subjects (90 males and 134 females, ranging from teens to
septuagenarians, with an average age of 41.6 (SD = 11.1)).
All subjects also experienced virtual robot agent conversa-
tions under both conditions. The order of the two conditions
was randomized.

5.1.2 Apparatus

The setup for Experiment 2 was the same as that used in
Experiment 1.

5.1.3 Stimuli

During the dialogue, the robots discussed a topic with
conflicting stances and asked the subjects to choose their
stance. The flow of asking the participants about their stance
was the same. Based on the subject’s answer, a robot with a
different opinion claims the premises. For the given premises,
the other robot utters depending on the condition. In other
words, in the AgreeOS condition, the other robot with the
same opinion as the subject showed agreement, whereas in
the DisagreeOS condition, the robot showed disagreement.
Examples of dialogues for each condition are listed inTable 5.

The topics and durations of the conversations were the
same as in Experiment 1.

Table 5 Example dialogue extracted from the flow 5–10

AgreeOS DisagreeOS

H I am for the auto-driving.

5 R1 I’m for it, like the user.

6 R2 I, unlike the user, am against it.

7 When auto-driving is achieved, it is difficult to
determine the extent to which the driver influences
the driving of the vehicle.

8 R1 Hmmm, that is correct. Hmmm, I don’t think so.

9 R2 Accidents caused by auto-driving are not only the
responsibility of the persons involved, but also of
the manufacturers.

10 R1 Hmmm, that is
true.

Hmmm, I
wonder if this
is really the
case.

The format is the same as Table 2

Fig. 5 Boxplots of the degree of change in opinion between the prior
and posterior confidences in opinion

5.1.4 Procedure

The procedure for Experiment 2 was the same as that for
Experiment 1.

5.1.5 Measurement

The measurements in Experiment 2 were identical to those
in Experiment 1.

5.2 Results

Figure 5 shows boxplots of the degree of change in opinion
between prior and posterior confidence levels. As a result of
the LMM, shown in Table 6, a significant interaction between
the condition and prior confidence in the opinion was found.
From simple slope analysis, the slope of the AgreeOS con-
dition (simple slope= −26.379, Std. Error= 6.324, t-value
= −4.171, p-value < .001) and high confidence (simple
slope = −16.296, Std. Errors = 7.359, t-value = −2.214,
and p-value = .028) were significant. The results suggest
that the degree of change in opinion in the AgreeOS condi-
tion at the high confidence level was lower than that in the
AgreeOS condition at the low confidence level and that in
the DisagreeOS condition at the high confidence level.

Table 7 lists the LMM results for the questionnaire. As
shown in the table, significant main effects of the condition
factor for the items persuasiveness, agreeableness, deepness,
and change were found, suggesting that the scores of the
AgreeOSconditionwere higher than those of theDisagreeOS
condition.
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Table 6 Results of the linear mixed model for the degree of change in opinion

Estimate Std. error Df t-value p value

Degree of change in opinion Intercepts −3.133 3.623 443.998 −0.865 .388

Condition 1.497 5.140 264.157 0.291 .771

Prior Confidence −8.586 6.391 443.997 −1.344 < .180

Condition×Prior confidence −17.793 8.982 364.373 −1.981 <.048*

The bold font highlights a significant interaction between the condition and prior confidence

Table 7 Results of the linear mixed model for each questionnaire item

Estimate Std. error Df t-value p value

Persuasiveness Intercepts 4.422 0.119 435.975 37.106 <.001***

Condition 0.627 0.149 250.735 4.199 <.001***

Prior Confidence 0.007 0.206 432.782 0.034 .973

Condition×Prior Confidence −0.219 0.271 311.281 −0.807 .421

Agreeableness Intercepts 4.071 0.128 439.482 31.871 <.001***

Condition 0.771 0.166 254.053 4.654 <.001***

Prior confidence 0.044 0.223 437.753 0.195 .845

Condition×Prior Confidence −0.116 0.298 323.440 −0.390 .696

Realization Intercepts 4.591 0.120 439.063 38.217 < .001***

Condition 0.360 0.155 252.756 2.323 .021

Prior confidence −0.226 0.209 437.164 −1.081 .280

Condition×Prior Confidence 0.267 0.280 321.162 0.954 .341

Deepness Intercepts 4.660 0.114 433.127 40.807 < .001***

Condition 0.397 0.140 248.999 2.840 .005*

Prior Confidence −0.096 0.196 428.689 −0.492 .623

Condition×Prior Confidence 0.153 0.255 304.116 0.600 .549

Confidence Intercepts 4.365 0.100 434.421 43.536 < .001***

Condition 0.035 0.124 249.749 0.283 .777

Prior Confidence 0.255 0.173 430.554 1.476 .141

Condition×Prior Confidence 0.112 0.226 307.183 0.495 .621

Change Intercepts 2.906 0.135 436.983 21.473 < .001***

Condition 0.490 0.171 252.054 2.864 .005*

Prior Confidence −0.61 0.234 434.219 −2.601 .010

Condition×Prior confidence 0.349 0.310 314.663 1.125 .262

The bold font highlights significant main effects of the condition on persuasiveness, agreeableness, deepness, and change

The results of the simple slope analysis showed that for
the AgreeOS dialogue strategy, that is, when a robot with
the same opinion as the user agreed with another one with a
different opinion, users with higher prior confidence in the
opinion significantly reduced their posterior confidence level
more than those with a lower prior confidence level. How-
ever, it was also found that the experience of the AgreeOS
strategy reduced posterior confidence levels of opinion more
than the DisagreeOS strategy did, only for users with higher
prior confidence. The results of the follow-up questionnaire
also showed that persuasiveness, agreeableness, depth, and
change in the AgreeOS condition were higher than those in
the DisagreeOS condition. The results suggest that the sub-

jects in the AgreeOS condition felt that the discussion was
more convincing and persuasive because theywere supported
by another robot, even though their opinion was different
from that of the user. In addition, they felt that the discussion
was deeper, and therefore, their opinions changed.

6 Discussion

6.1 Effects of the dialogue strategy

We tested these hypotheses in the present study.

123



International Journal of Social Robotics (2024) 16:1509–1521 1519

H1 When the robots show a user the convergence to the same
opinion as the user, the confidence of the user’s opinion
can be increased more than when they do not.

H2 When the robots show a user the convergence to a dif-
ferent opinion from the user, the confidence of the user’s
opinion can be decreased more than when they do not.

Hypothesis 1 was partially supported by the results of
Experiment 1; in other words, the effect of robot consensus
was observed for users who had a higher level of confidence
in their prior opinions. In addition, the results of Experiment
2 partially supported Hypothesis 2. In the higher initial con-
fidence group, the maximum and minimum ranges of the
boxplots of the AgreeSS in Fig. 4 were narrower than in
the other conditions. A similar result was observed in the
DisagreeOS in Fig. 5. This suggests that people with higher
initial confidence in their opinions are less likely to change
their opinions. Nevertheless, dialogue strategies demonstrat-
ing convergence based on user opinions were found to be
effective for users with higher levels of confidence in their
prior opinions.

We originally assumed that robot consensus was effec-
tive for those with lower confidence in their prior opinions;
however, our results did not support this assumption. We
assumed that users who scored lower on their opinions were
less confident. However, we may have identified users who
were not interested in this opinion. The results of the follow-
up questionnaire confirmed that there is an overall effect on
the impression of the dialogue; however, as for the change
in opinion, robot consensus may not have a strong influence
unless users are interested in the topic. Therefore, we believe
that our experimental results are consistent with the both
hypotheses when the users who are interested in the topics
are limited.

These findings suggest that it is possible to create robots
that easily persuade or negotiate with users by varying their
level of confidence in their opinions. The results also show
that such sophisticated cooperation between robots can affect
user impressions, which will accelerate the development of
dialogue strategies using multiple robots in the future. Note
that the dialogue template is independent of the dialogue
domain and can, therefore, be applied to dialogues from var-
ious domains. In addition, the argumentation structure used
in this study had only a small number of nodes, suggesting
that a persuasive discussion could be provided without a sig-
nificant cost.

6.2 Limitation

In this study, no significant changes in opinionwere observed
in humans with lower levels of confidence. We considered
that those with lower levels of confidence would fall into two
categories: those who were unable to decide due to extreme

anxiety and those who were unable to decide due to low
interest in the topic at hand. Based on this, our discussion
method may have worked well for the former; unfortunately,
we did not find any people that fit this description. This must
be supported by additional research.

For control purposes, the robots that showed agreement or
disagreement corresponded to the conditions that used only
simple responses, i.e., “that is correct” and “I don’t think
so.” However, it may be possible to increase the sense of
convincing and persuasiveness by having the user observe a
more in-depth discussion situation, such as displaying multi-
ple exchanges froma single viewpoint. Thismay explainwhy
the opinions of users with lower levels of confidence did not
change. In the future, it would be worth investigating more
advanced discussion scenarios to increase persuasiveness. In
particular, adding another condition inwhich the robot claims
another premise in support of the robot’s responses, that is,
the robot says, “I don’t think so because [reason from the
other stance]” instead of simply saying “I don’t think so,” is
an important future work. Moreover, because the argumen-
tation structure [24] used in this study included nodes for
rebuttals, it may be easy to investigate the effects of rebut-
tals.

In this study, the visual analog scale was adapted to mea-
sure the confidence level of the opinion because we aimed
to understand the strength of opinions about two opposing
positions in one dimension, and to facilitate the detection
of differences before and after a conversation. However, the
consistency of the quantification of the confidence level was
not evaluated, although many studies have confirmed the
validity of the visual analog scale [6, 9]. In the future, the
consistency should be checked.

Adifferencebetween this study and theprevious study [15]
was that the evaluation was not conducted in an interactive
situation. However, the effects of this interactivity were not
directly evaluated. Comparing the conditions with and with-
out interactivity is a future work.

In addition, two arguments and two premises were dis-
cussed in a single conversation. These numbers were used
to indicate agreement or disagreement through repetition.
However, our results may be limited in these situations.
Moreover, increasing the number of statements may strongly
affect changes in opinion, even for people with a lower
confidence level. Furthermore, it is important to investigate
another dialogue strategy showing a more complex conver-
gence process; for example, showing a process in which the
robot initially disagrees with the other stance, but changes
its opinion midway through to agree with it. The effects of
these numbers and dialogue strategy should be investigated
in the future.
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7 Conclusion

In this study, the effect of a dialogue strategy in which robots
converge their opinions based on a user’s opinion was ver-
ified. The crowd-based experiments were conducted using
virtual robotic agents. The results showed that presenting
arguments that converged to the same opinion as the user
increased the persuasiveness, conviction, and depth of opin-
ion. It was found that people with a higher confidence level
in their prior opinion increased their posterior confidence
level when the robots converged to the same opinion as the
user. It was also found that persuasiveness, conviction, and
depth of opinion increased when the user observed an argu-
ment in which robots converged to different opinions from
the user. In addition, the posterior confidence level of the user
was reduced, especially for those with a high prior opinion
confidence level. Our findings provide a substantial contri-
bution to the study of persuasion employing many robots as
well as the advancement of robotic conversation coordina-
tion. Future research will concentrate on creating dialogue
patterns that reinforce these benefits by considering more
advanced coordination with robots.
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