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Abstract

The advancements in technology shift the paradigm of how individuals com-

municate and collaborate. Machines play an active role in human commu-

nication. However, we still lack a generalized understanding of how exactly

to design effective machine-driven communication and discussion systems.

How should machine agents be designed differently when interacting with

a single user as opposed to when interacting with multiple users? How can

machine agents be designed to drive user engagement during dyadic inter-

action? What roles can machine agents perform for the sake of group inter-

action contexts? How should technology be implemented in support of the

group decision-making process and to promote group dynamics? What are

the design and technical issues which should be considered for the sake of

creating human-centered interactive systems?

In this thesis, I present new interactive systems in the form of a con-

versational agent, or a chatbot, that facilitate dyadic and group interactions.

Specifically, I focus on: 1) a conversational agent to engage users in dyadic

communication, 2) a chatbot called GroupfeedBot that facilitates daily so-

cial group discussion, 3) a chatbot called DebateBot that enables delibera-

tive discussion. My approach to research is multidisciplinary and informed

by not only in HCI, but also communication, psychology and data science.

In my work, I conduct in-depth qualitative inquiry and quantitative data

analysis towards understanding issues that users have with current systems,

before developing new computational techniques that meet those user needs.

Finally, I design, build, and deploy systems that use these techniques to the

public in order to achieve real-world impact and to study their use by dif-



ferent usage contexts.

The findings of this thesis are as follows. For a dyadic interaction, par-

ticipants interacting with a chatbot system were more engaged as compared

to those with a static web system. However, the conversational agent leads

to better user engagement only when the messages apply a friendly, human-

like conversational style. These results imply that the chatbot interface itself

is not quite sufficient for the purpose of conveying conversational interactiv-

ity. Messages should also be carefully designed to convey such.

Unlike dyadic interactions, which focus on message characteristics, other

elements of the interaction should be considered when designing agents for

group communication. In terms of messages, it is important to synthesize

and organize information given that countless messages are exchanged si-

multaneously. In terms of relationship dynamics, rather than developing a

rapport with a single user, it is essential to understand and facilitate the

dynamics of the group as a whole. In terms of task performance, technology

should support the group’s decision-making process by efficiently managing

the task execution process.

Considering the above characteristics of group interactions, I created

the chatbot agents that facilitate group communication in two different con-

texts and verified their effectiveness. GroupfeedBot was designed and de-

veloped with the aim of enhancing group discussion in social chat groups.

GroupfeedBot possesses the feature of (1) managing time, (2) encouraging

members to participate evenly, and (3) organizing the members’ diverse opin-

ions. The group which discussed with GroupfeedBot tended to produce more

diverse opinions compared to the group discussed with the basic chatbot.

Some effects of GroupfeedBot varied by the task’s characteristics. Groupfeed-

Bot encouraged the members to contribute evenly to the discussions, espe-

cially for the open-debating task.



On the other hand, DebateBot was designed and developed to facilitate

deliberative discussion. In contrast to GroupfeedBot, DebateBot was applied

to more serious and less casual social contexts. Two main features were im-

plemented in DebateBot: (1) structure discussion and (2) request opinions

from reticent discussants.This work found that a chatbot agent which struc-

tures discussions and promotes even participation can improve discussions,

resulting in higher quality deliberative discussion. Overall, adding structure

to the discussion positively influenced the discussion quality, and the facili-

tation helped groups reach a genuine consensus and improved the subjective

satisfaction of the group members.

The findings of this thesis reflect the importance of understanding hu-

man factors in designing AI-infused systems. By understanding the charac-

teristics of individual humans and collective groups, we are able to place

humans at the heart of the system and utilize AI technology in a human-

friendly way.
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perience (UX), Conversational Agent, Conversationa User Interface (CUI),

Discussion, Moderation, Collective Intelligence

Student Number: 2016-31053
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Chapter 1

Introduction

1.1 Background

In its early days, computer-mediated communication (CMC) research focused

on how interpersonal and group communications are mediated ‘via’ the In-

ternet and technologies. Human–computer interaction (HCI) focused on how

people communicate ‘with’ computers and computer-based technologies. As

computers became more interactive, users tended to treat them as social ac-

tors [190]. While HCI is often considered as being different from CMC in

terms of users’ source orientation [231], this distinction has become blurred

with the prevalent use of social media and the development of algorithms.

Users interact unconsciously not only with other users but also with the in-

terface, using its features to achieve their interpersonal or social goals.

The advancements in machine learning (ML) and artificial intelligence

(AI) once again shift the paradigm of how people communicate and collab-

orate, and alter the conceptual definition of agency. Machines play a more

active role in human communication: communication is not only transmit-

1



CHAPTER 1. INTRODUCTION

ted by technology, “but modified, augmented, or even generated by a com-

putational agent” [86]. For example, Gmail’s smart replies algorithm affects

the dynamics of conversation between senders and recipients. On the Reddit

website the ranking of online posts is determined by Reddit’s own algorithm,

which influences what is talked about. The algorithm even affects who we

are going to be friends with and form romantic relationships with. It is no

exaggeration to say that our relationships and communications are not only

mediated by technology, but are largely affected by technology.

AI systems should be designed for effective human-AI communication.

In particular, it is true that human factors and the user experience of AI

have not been sufficiently considered. Furthermore, far too little attention

has been paid to the real-world translation of AI following a user-centered

design approach. Developing AI algorithms or improving performance repre-

sents the mainstream of AI research. Fortunately, in recent years, the par-

ticipation of human factor researchers in AI system design and implementa-

tion is increasing as AI and ML are being introduced into the socio-technical

systems that have a significant social impact [7]. However, the level of dis-

cussion on human-centered AI remains insufficient given the substantial re-

search horizon of AI.

This dissertation advances our understanding of how to design effective

AI-driven communication by demonstrating human-AI interaction in a vari-

ety of communication contexts and characterizing the communication and

technical factors that affect the interaction processes and results. I develop

systems for dyadic and group interaction with disparate communication goals.

Together, the research demonstrates that more user-centered human-AI in-

teractions are possible by incorporating human factors and technical factors

in AI-infused systems. Furthermore, this thesis derives a set of communi-

cation and interaction elements for designing AI-driven communication sys-
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tems.

1.2 Rise of Machine Agency

Research on machine agency has recently been burgeoning with many com-

putational and algorithmic approaches being developed in AI systems. As

machines and algorithms play a more active role in the communication pro-

cess, agency does not remain with the human communicator. Machine func-

tions as a agency by analyzing humans’ input data and then recommending,

modifying, augmenting, and generating output data. Furthermore, computa-

tional agents can be involved in a group communication process, functioning

as group members [208, 209, 125]. Humans treat the machine agency as a

social actor [166] or as as a member of the host community [208].

Machine learning is the process of training computers to automatically

identify concepts and patterns from data. While ML is often restricted to

computer algorithms, AI can be defined more broadly to encompass algo-

rithms, thought process and reasoning, and its’ applications. I build on Rus-

sell and Norvig [197]’s definition of AI as a “rational agent” that acts to

achieve the goals, given input. Following this definition, in this dissertation,

I use AI and machine to refer broadly to interactive systems that involve

computational algorithms. Machine agency can be presented in diverse forms

such as seamless algorithm that operates behind the system, virtual assis-

tant, and autonomous vehicle. Among diverse forms of machine agency, my

work focus on a conversational agent (CA) that converses with users.

With the development of artificial intelligence, conversational interfaces

have become integral to modern communication [148]. Conversational agents

or chatbots that interact via auditory or textual methods are being accepted

in various fields for its conversational interaction. The concept of conversa-
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Figure 1.1: TAMED Framework. The proposed framework incorporates the
information process of the communication models, the social process of the
team models, and the contextual elements.

tional interactivity has numerous meanings in the various domains of HCI

and CMC. In this study, I use the construct of conversational interactiv-

ity to highlight a relational exchange between a respondent and a virtual

interviewer [188]. Users can perceive interactivity from a sequence of back-

and-forth exchanges when chatbots synchronously and socially react to those

users’ input.

1.3 Theoretical Framework

As the performance of AI has improved to the level equivalent to or higher

than that of humans, well-designed human-AI interaction can determine the

success or failure of AI-based systems. So, what features should be com-

prehensively considered to more fully understand human-AI communication?

Building on and extending the existing theoretical background, I argue that

we should consider both communication and group-related features. The com-
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munication model provides insight into how to design communication pro-

cesses around the information exchange between sender and receiver. Indeed,

communication is the process of reciprocal message exchange [246]. In con-

trast, the group and team models emphasize the relationship dynamics and

interdependence between agents. The premise of the group models purports

that the group communication process evolves through the interaction with

other group members and their interdependent relationships.

In human-AI communication, the communication process and outcomes

are influenced by exchanged messages as well as relationships between agents.

Therefore, I propose the TAMED (Task-Agent-Message-Exchange-Dynamics)

framework in which both information and social processes are considered. I

also include elements of tasks and agents that determine the context of in-

teraction. This framework is illustrated in Figure 1.2. While these elements

will be explained in more detail in Chapter 2, here I briefly describe the

theoretical background and provide the rationale for merging the models.

The models of communication are a conceptual paradigm for explaining

the human communication process. The Shannon–Weaver model–the foun-

dation model of communication–consists of four elements: sender, message,

channel, and receiver [212]. This model defines successful communication as

clearly delivering the sender’s intent to the receiver. Thus, removing the

noise that prevents the sender’s intention is crucial in this perspective.

According to Schramm’s model, the purpose of communication is to

form a common ground between sender and receiver [203]. Schramm im-

proves the one-way message transmission, a limitation of the Shannon and

Weaver model, into a circular process by adding feedback in the commu-

nication loop. Similarly, David Berlo expanded Shannon and Weaver’s lin-

ear model and created the sender-message-channel-receiver (SMCR) model

of communication [17]. In this model, a sender sends a message to a re-
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ceiver through a channel. In addition, the receiver sends feedback–which is

a response to the received message–back to the sender.

The basic tenets of the models of communication, including linear and

interactive models, maintain that elements of the message and transactor

influence the communication process and outcomes [17, 203, 212]. In par-

ticular, message features and exchange patterns may function as a core ele-

ment of communication. These models have important implications for un-

derstanding the basic unit of the communication process, especially in terms

of interpersonal dyadic communication. Researchers can set the direction for

technical intervention by understanding exchanged-message content and de-

livery patterns in human-AI interaction. In this regard, it is reasonable to

include the elements of message or information flows in the human-AI com-

munication model.

Although communication models provide implications for message-related

features for understanding human-AI communication, they overlook an im-

portant element: social and relational aspects. To fill this gap, I focus on

team models, emphasizing the interactive processes in groups. The social

processes in particular provide the basis for a better understanding of group

interactions.

Early studies of groups and teams date back to the 1890s and explored

team task performance [240]. Research from the 1920s to the 1960s led to

creation of early theories such as social facilitation, leadership, and social

norms, which in turn laid the foundation for modern group interaction stud-

ies [6, 29]. In 1972, Steiner published the Input-Process-Output (IPO) model,

the foundation of the team model, which was then adopted as the principal

approach for explaining team performance. Although the above studies pre-

sented theoretical concepts for understanding groups, they have limitations

in that they treated the group as a static entity and simple systems com-
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Table 1.1: Research overview based on the TAMED framework

SurveyBot GroupfeedBot DebateBot

Task Survey Open-debating Open-debating
Decision-making
Problem-solving

Estimation

Agent Dyadic Small&Medium-sized group Small group

Message Conversational style Message organization Think-Pair-Share

Exchange Semi-synchronous Synchronous Synchronous
Bidirectional Even participation Even participation

Dynamics Building rapport Against spiral of silence Against spiral of silence
Against social loafing Against groupthink

Goal User engagement Decision-making Consensus-reaching

posed of “chain-like, unidirectional, and cause-effect relations’’ [152].

Teams have been regarded as complex, adaptive, and dynamic systems

emerging from individuals’ interdependent actions since the 1990s [152]. Since

then, studies have focused more on the “process’’ that occurs during an

interaction rather than the causal relationship between input and output.

Team process-related variables provide practical implications for understand-

ing group communication [128]–especially the relationship dynamics inherent

in the developmental, path-dependent aspects of interaction, including role-

taking, coalition formation, coordination, and social influence [134, 178].

I suggest a theoretical transition that incorporates the elements of the

task, agent, message, information exchange, and relationship dynamics as a

way to understand human-AI communication. These five variables are sepa-

rated, but connected. Figure 1.2 demonstrates the alliance between the infor-

mation and social aspects of human-AI communication and their embedded

contexts. When the context, message, and social aspects are merged, we can

get a better understanding of how people engage with each other and with

machines via the information and relational exchange process.

Based on this framework, this thesis aims to investigate how to design

human-AI interaction in various communication contexts through three dif-
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Figure 1.2: TAMED Framework. The proposed framework consists of task,
agents, message, message exchange, and relationship dynamics.

ferent, yet connected, studies. As shown in Table 1.1, the technical inter-

ventions for message content and information flow differed depending on the

task and agent in which the interaction took place and the goal. Likewise,

the relationship dynamics that developed as a result of the information and

social processes also varied. Therefore, it is no exaggeration to say that the

context, message, and relational elements are connected, but each concept is

often separately analyzed in previous research. Researchers can collectively

build a theoretical foundation for human-AI communication through this at-

tempt by discovering areas where further research needs to be conducted.

1.4 Research Goal

This thesis aims to design user-centered conversational agents in dyadic and

group communication. I argue that what is necessary to achieve a general

understanding of how to design human-AI communication is clearer knowl-

edge of (1) the variety of contexts in which human and machine agents may
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communicate and (2) the information and social factors that can impact and

constrain an interaction with machine agents in those contexts. Therefore,

my thesis is that carefully designed conversational agents can enable AI-

driven communication in a variety of applications, and we can create a user-

friendly AI experience by characterizing the goals and contexts surrounding

the communication systems and selectively focusing on the interaction ele-

ments considering those contexts.

To this end, I design and develop the conversational agents to obtain

an empirical understanding of: (1) what the main elements are for designing

conversational agents, (2) how technology should craft the interaction ele-

ments for dyadic and group interactions, (3) how the dyadic CA can encour-

age user engagement, and (4) how the multiparty CA can facilitate group

dynamics for various tasks.

1.5 Research Approach

Recent work has shown that we can improve communication by using a ma-

chine agency. However, we still lack a generalized understanding of how to

design effective machine-driven communication and collaboration systems.

This is proven by the fact that many machine-assisted communication and

collaboration systems are designed using a build-and-fix approach, down-

playing psychological and social theories. This approach can cause user frus-

tration, which eventually decreases sustainable use. Moreover, results based

on a rule-of-thumb model may cause the problem of generalization that can-

not be applied in different contexts. For instance, the machine agency’s in-

tervention methods should differ in dyadic interaction and multiparty inter-

action situations. In addition, users’ needs may differ in casual and deliber-

ative discussion contexts, and so the agents should accordingly be designed
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in a different manner.

I aim to apply both theory-driven and data-driven approaches to design

machine agency to resolve these limitations. My dissertation will advance our

understanding of this problem by developing effective AI-driven communica-

tion and collaboration systems based on systematic user study and verifying

their effects in various communication contexts. Furthermore, the TAMED

framework proposed in this thesis lays the foundation for theoretically in-

vestigating conversational agents.

1.6 Summary of Contributions

This dissertation makes the following contributions towards advancing our

understanding of how to design effective AI agents for dyadic and group in-

teractions:

• Theoretical framework: I present a novel framework characterizing the

features that should be considered in designing communication sys-

tems with AI. This framework outlines dimensions that have been ex-

plored in communication and group interaction models by encompass-

ing context (task and agent), information process (message and infor-

mation exchange), and social process (information exchange and rela-

tionship dynamics). Focusing on structural and compositional differ-

ences in dyadic and group interactions opens up important questions

about design considerations of AI agents.

• Empirical understanding on AI-driven communication: This work offers

an empirical exploration of user engagement and group dynamics in

human-AI interaction. I investigate interaction by focusing on informa-

tion and social processes. In dyadic interaction, SurveyBot could drive
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user engagement by adapting a human-like, casual conversational style.

On the other hand, in multiparty interaction, synthesizing and struc-

turing the scattered messages supported an effective group decision-

making process. Furthermore, concerning relationship dynamics, the

chatbots nudged positive social influences (i.e., encouraging equal par-

ticipation and independent thinking) and mitigated negative ones (spi-

rals of silence, social loafing, and groupthink).

• Research probes: I present conversational agents that facilitate dyadic

and group communication. Specifically, I focus on: 1) a conversational

agent to engage users in dyadic communication, 2) a chatbot called

GroupfeedBot that facilitates daily group conversation, 3) a chatbot

called DebateBot that enables deliberative discussion.

• Design implications: This work provides practical implications for de-

signing CAs for dyadic and group interactions. I present considerations

for system design in terms of interaction types, tasks, agents, messages,

information exchange, and relationship dynamics. Together these de-

sign elements and dimensions can help us explore the space required

to develop effective user-centered AI systems, thereby enhancing our

understanding of the social consequences of AI technologies in the fu-

ture.

1.7 Thesis Overview

The rest of this dissertation is organized as follows. Chapter 2 reviews lit-

erature on conversational agents and user experience. This includes describ-

ing a brief history of conversational agents. A survey of communication and

interaction-related variables follows to position this thesis in the context of
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related research into the task, agent, message, information exchange, and re-

lationship dynamics. Chapter 3 presents an understanding of how to design

conversational agents for dyadic interaction. This chapter introduces Etty-

Bot, a CA that allows users to conduct surveys through conversational inter-

actions. Chapters 4 and 5 present an understanding of how to design conver-

sational agents for multiparty interaction. Chapter 4 introduces Groupfeed-

Bot that manages the discussion time, encourages members to participate

evenly, and organizes members’ opinions towards a goal of supporting the

group decision-making process. I conduct a formative study to understand

users’ challenges of using group chat systems. I present the results of two

lab studies that varied for diverse tasks and different group sizes. Chapter 5

introduces DebateBot, a CA that structures discussion and encourages reti-

cent participants to contribute towards a goal of the deliberative discussion.

I describe goals and design features, as well as an experimental user study

and its finding. Chapter 6 summarizes the findings and design lessons from

the three studies and discusses how these findings fit into broader literature

based on the TAMED framework. Finally, Chapter 7 concludes this thesis

by reviewing the contributions of this dissertation and proposing future re-

search directions.

12



Chapter 2

RelatedWork

2.1 A Brief History of Conversational Agents

In 1950, computer pioneer and AI theorist Alan Turing argued that ma-

chines are intelligent if an interrogator cannot discriminate between the com-

puter’s reaction and that of a human when having a conversation with a

computer [242]. This concept is based on the premise that it is possible to

verify whether a computational agent is capable of thinking through the con-

versation process, and is regarded as the first instance of an intelligent agent.

In 1966, ELIZA, the first chatbot, was actually created by the MIT Artifi-

cial Intelligence Lab and caused quite a stir after its release. Although it

was just an automated reaction that simply matched a user prompt to a

computer script, users found the interaction with ELIZA engaging and at-

tributed intelligence and personality to it [251]. Afterward, Winograd suc-

ceeded in implementing SHRDLU, a robot that understands a user’s words

and executes commands [253].

Research on CAs made a clear revival in the late 1990s and early 2000s
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as the size and impact of the social internet grew and language processing

technology developed. A representative example is A.L.I.C.E. (Artificial Lin-

guistic Internet Computer Entity), which engaged in conversations with hu-

mans by applying a pattern matching rule to human input values. A.L.I.C.E

won the Loebner Prize, an award given to the most human-like chatbot pro-

gram, and has been applied in various contexts including foreign language

education [244].

Since then, a number of bodies of research and improvements have been

made in both hardware and software fields related to CAs. As the develop-

ment of speech recognition and natural language processing (NLP) make a

leap forward, CA begins to be used during our daily lives. It is no exaggera-

tion to say that Apple’s Siri is the beginning of users’ daily encounters with

CA as of 2011. Although Siri has not been applied through highly advanced

technology, the possibility of using CA in daily life and work has begun to

open up with the release of Siri.

With the launch of Siri, tech companies began developing and releas-

ing virtual assistants which adapt the conversational interface. Google now,

launched in 2012, was developed for the Google Search mobile app and uti-

lized a natural language user interface in order to answer users’ questions.

Alexa, a voice service embedded in Amazon Echo devices, was launched in

2015 and enables voice-based interaction through natural language process-

ing technology. Cortana, an intelligent personal assistant released by Mi-

crosoft in the same year, recognizes and processes natural voice commands

while employing the Bing search engine in order to answer users’ questions.

Chatbots, a representative form of conversational agents, experienced a

revival thanks to the popularization of messaging platforms. In April 2016,

Facebook launched Messenger allowing developers to create bots which could

interact with Facebook users. This enabled chatbots to be recognized as a
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new type of interface communicating with users.

As seen through the history of conversational agents, CAs have been

continuously evolving from the 1960s to the present. Although chatbots have

made great strides through the popularization of the Internet and social

platforms, they still rely on simple techniques of pattern matching approaches

which generate rule-based output responses by recognizing predefined key-

words. However, as the development of AI technology makes it possible to

analyze a language by understanding the language usage context or the user’s

situation, and the more the conversation data is accumulated, the more the

accuracy can be improved through self-learning. Furthermore, the chatbots’

user-friendly interface and high accessibility are opening up a new era of

user experiences and the next generation of the graphical user interface.

2.2 TAMED Framework

This thesis proposes an integrated framework, the TAMED framework, com-

bining the communication and team models. This framework defines commu-

nication as an informational and relational process. The TAMED framework

takes into account contextual features, information processes, and social pro-

cesses.

Here I discuss the main variables of the TAMED framework. The re-

view of variables in established theories serves to provide a reference for de-

signing technical interventions to facilitate human-AI communication. I ar-

gue that in order to create user interaction with AI agents appropriately,

we need to identify communication context (task and agent) and other com-

positional (message and information exchange) and relational ( information

exchange and relationship dynamics) communication factors. We can better

devise design solutions by clarifying and reflecting on these elements.
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2.2.1 Task

While tasks are often regarded as a given assumption, group performance

is affected by the characteristics of the task. The literature on group tasks

is based on Steiner’s classification illustrating the moderating effect of task

characteristics on group performance [225]. Three dimensions were proposed

to categorize the task types: whether the task is unitary or divisible, whether

the output’s quantity (maximization task) or quality (optimization task) is

significant, and how group performance is related to the individual contri-

bution. Based on these dimensions, the group tasks can be identified as con-

junctive, disjunctive, additive, and compensatory tasks. The output of the

additive tasks is the sum of individual members’ performance (e.g., brain-

storming). Compensatory tasks allow members to complement each other’s

work. In the disjunctive tasks, the best member’s performance determines

task fulfillment (e.g., mathematical calculation). The lowest performance level

is crucial for the team’s performance in the conjunctive tasks (e.g., preci-

sion task). A specific task is not strictly classified into one category and,

in many cases, possesses overlapping characteristics. For example, problem-

solving and decision-making tasks are often classified as disjunctive tasks,

but they can be categorized as compensatory or conjunctive tasks in that

they can either produce advanced outputs or a worse result.

McGrath divided the tasks according to the team’s interaction process:

generate, decision-making, and negotiating tasks [153]. The generate task

aims to gather as divergent information as possible, including creativity and

brainstorming tasks that require idea generation. The decision-making task

of choosing one of the possible alternatives is classified into an intellective

task in which there is an objectively correct answer and a judgment task in

which there is no absolute right or wrong answer [135, 136]. Finally, there is
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a negotiation task in which understanding different viewpoints and compro-

mise arrangements are essential. In addition, tasks could include the features

of task complexity [250] and interdependency of members performing sub-

tasks [252].

As in human interactions, human-AI interaction patterns can vary de-

pending on the task characteristics. The agents performing the same func-

tion may be effective for some tasks but not others. Furthermore, machine

heuristics may occur in certain tasks [230]. Therefore, we should consider

the task types when designing human-AI communication.

2.2.2 Agent

Human-AI interaction is a process by which different types of agents (i.e.,

human agents, machine agents) establish relationships and exchange infor-

mation in a complex manner with the objective of achieving their respective

purposes. In this dissertation, I classify the aspects of human-AI interaction

according to the type and number of agents participating in the interaction

process, provide examples at various levels, and discuss how these interac-

tions patterns are different and interrelated. According to the interaction

patterns, the message and information flow should be designed differently

to facilitate positive social dynamics. Therefore, I argue that while much of

the current research focus has been about a respective level (e.g., dyadic or

group interaction), understanding the overall interaction patterns is essential

for the future of human-AI communication and AI-mediated communication.

Research on human-human interaction and computer-mediated interac-

tion has shown that dyadic and multi-party interactions have different char-

acteristics [98, 99, 243]. Multi-party interactions have problems that are dif-

ficult to observe in dyadic interactions such as the occurrence of an abun-
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dant, entangled message [176], disruptive conversational sequences [16], and

dispersed conversational topics [201] which may result in incoherent commu-

nication. Then, what is the difference between one-to-one and group interac-

tion in which the CA participates as an interlocutor? How has CA research

been conducted differently in dyadic and multiparty interaction? In order to

understand the current map of human-AI communication, I review literature

focusing on conversational agents in dyadic and multiparty interactions.

Conversational Agents in Dyadic Interaction

Research related to chatbots has mainly focused on dyadic CAs, where users

and chatbots have one-on-one conversations. Studies related to dyadic CAs

have applied to various domains such as health care [127], customer support

[106], news consumption [115] and user research [126].

The effectiveness of dyadic chatbots has mainly been assessed by ma-

nipulating message-level variables such as conversational style [126], empathic

responses [106], typeface [25], and self-disclosure [140]. Among various mes-

sage variables, factors related to the humanization of chatbots are mainly

verified in dyadic interactions. The empathetic response is a representative

manipulation variable that allows the user to perceive machine agents as hu-

man beings. Aggressive people were less angry and more guilty when con-

versing with an empathetic agent than an agent with avoidance and coun-

terattacking response styles [35]. Similarly, a CA that applies active listen-

ing skills (e.g., verbalizing emotions, encouraging) through appropriate com-

munication strategies could elicit higher user engagement [258]. A chatbot’s

human-like conversational tone also elicits an empathetic response from the

user. Hu et al. [106] verified the effectiveness of chatbot’s conversational tone

in social media customer management. As a result, an empathetic tone re-
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duces the user’s negative emotions while increasing satisfaction; a passion-

ate tone increases the user’s empathetic response and satisfaction level. Fur-

thermore, the self-exposure of CAs also affects the relational distance be-

tween humans and machines. Users interviewing chatbots with a high self-

disclosure exposed more of their information in turn [139, 194].

Although studies about conversational agents have tended to separate

social and task-oriented interactions [30, 110], recent works have been un-

dertaken to achieve both functional and interactive aspects [142]. Moreover,

the popularity of chatbots in recent years has heightened the needs for fa-

cilitating interaction between human and chatbots, not only achieving func-

tionality. This research trend of integrating instrumental and social goals is

being applied in diverse domains including customer support [259, 106, 25],

healthcare [127], counseling [24, 67], and user research [126, 235]. For in-

stance, Tallyn et al. [235] attempted to gather users’ ethnographic data via

a text-based chatbot to determine whether a chatbot can be used as an

ethnographic tool by making up for the lack of a human ethnographer with

interactivity.

As seen, the central aspect of a dyadic interaction is the message since

a situation in which only one bidirectional tie exists controls other relational

factors. The users perceive the agents designed to exchange well-designed

messages as more social agents, forming a close psychological distance and

building rapport. Ultimately, this leads to the primary goal of HCI: improv-

ing user engagement. Therefore, it would be necessary for conversational

agent design to investigate whether the message-level features could facili-

tate user-agent interaction and improve user engagement.
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Conversational Agents in Group Interaction

Multiparty-based chatbots are virtual agents that communicate with mul-

tiple users in a group. Researchers on multiparty-based chatbots have re-

garded chatbots as tools that support group interaction. For example, a task

assistance chatbot can automate routine tasks. They can arrange group sched-

ules [46], manage tasks [239], and help collaborative information-seeking [10].

In particular, Calendar.Help [46] enables efficient time scheduling for groups

through structured workflows. In addition, TaskBot [239] mediates task man-

agement in a chatroom through functions such as assigning tasks, terminat-

ing tasks, and setting reminders. Furthermore, SearchBots [10] assists with

collaborative information-seeking by presenting users with the information

that they have requested.

Although researchers who have studied chatbots in group interaction

have tended to consider chatbots in terms of their support for goal-oriented

tasks, some scholars have recently extended this research to include chatbots

as group members. Those researchers have focused on chatbots’ social roles.

In empirical research, researchers identified the social role of bots on the

Twitch community, such as engaging users and running mini-games [206].

An analysis of 14,822 comments on Reddit community revealed that bots are

seen to perform functions including administration of content (e.g., schedul-

ing and automization of postings), provision of fun (e.g., playing of games),

ensuring functionality and quality (e.g., translating language), supporting

community (e.g., pre-banning black-listed users, welcoming new comers), and

archiving [146]. In subsequent work, Seering et al. [208] proposed seven new

social roles for chatbots, drawing from a research-through-design approach.

Experimental work has shown that chatbots that promote discussions

in social chat groups by encouraging reticent members to speak and orga-
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nizing opinions have helped members contribute more evenly to the discus-

sion, leading to improved satisfaction [125]. In another study, compared to a

voice-only agent, an embodied agent had a positive effect on the interaction

between group members by conveying a sense of presence [211]. Finally, in

another study that used research-through-design methods, a chatbot raised

and grown by a community changed the way members interacted, and even-

tually the chatbot became accepted as a community member [209].

These studies provide solid evidence that a chatbot can shape a group

or community by playing a particular social role [208]. In this work, we uti-

lized a community-based perspective which views chatbots to be group mem-

bers rather than tools. Therefore, unlike dyadic interaction, not only message

exchange but also relational aspects such as role-taking and social influence

are important in multiparty interactions.

Furthermore, I choose a CA as the format for an intervention into group

interaction, as I believe that the effects of a given approach may be greater

when presented through a virtual agent than in a more socially-distant front-

end interface. In particular, adding a single agent in a situation where mul-

tiple parties interact (as in a discussion) can be more intuitive and com-

fortable than adapting to a new interface. Based on the applicability and

advantages of chatbots in the group interaction context, this study explores

whether they can promote group interactions (i.e., group decision-making

and deliberative discussion).

2.2.3 Message

As Warnick [246] describes communication and “the form of reciprocal mes-

sage exchange”, the message is one of the key components of communication.

Since the content and complexity of the messages exchanged in dyadic and
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group interactions are different, distinctive message management is required

according to the interaction context.

Considering that individual’s engagement can be influenced by the mes-

sage received, designing effective messaging strategies is imperative to facili-

tate a positive communication process. Message tailoring is about the repre-

sentative strategies presented in the messaging literature [171]. These strate-

gies include personalization, content-matching, and self-monitoring feedback.

For example, effective message tailoring strategies were different according to

people’s personalities in a health game [177].

Unlike dyadic interactions, where one CA and one user alternately ex-

ercise one’s right to speak, unorganized messages are continuously generated

when there are multiple users in the chat space [51]. Users in group com-

munication platforms are drowning in a sea of messages, with few technical

support for synthesizing and organizing massive messages. Indeed, commu-

nication tools developed for the aim of supporting efficient decision-making

process can result in a surfeit of information. Communication tools such as

Slack and Teams make it easy and simple to talking to colleagues by lower-

ing the barriers to initiate discussion. Furthermore, the lack of structure to

differentiate messages of chat platforms interface, users are having challenges

to make sense of what was said by others.

As discussed above, unlike dyadic interactions, it is crucial to curate

and structure scattered information in multi-party interactions. The method

of structuring the message can be classified into automation, moderator-led,

and user-led approaches based on the subject that curates information [80].

The automated approach for information organization applies NLP al-

gorithms to summarize and organize discourse without the input of human

resources. Those algorithms mine discourse structure, detect signals in the

discussion, or perform automatic summarization. Studies have been conducted
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to extract useful information from online discussions focusing on the Q&A

platform. Cong et al. [43] proposed a sequential pattern and a graph prop-

agation method to detect questions and answers in question-answering fo-

rums. Studies have been conducted to computationally identify the type and

quality of messages as well [3, 158]. An example of research that detects

the characteristic signals in information involves determining the priority of

email according to importance by using ML algorithms [262, 181]. A num-

ber of studies have been performed to detect and filter toxic messages from

vast amounts of information [32, 257]. Finally, automated summarization is

where ML has been most actively adopted for organizing information [170].

This area includes summarizing discourse threads [263] and eliciting impor-

tant information [260, 213].

Occasionally, community leaders or volunteers curate discussion infor-

mation, leading to “mod burnout” in this process [210]. A number of plat-

forms also utilize paid commercial moderators to organize and filter data and

contents [195]. These moderators perform their tasks according to a standard

set of guidelines defined by for-profit social platforms. Since these moder-

ators have different demographic and socio-cultural backgrounds from the

users they moderate and manage, moderated results are likely to be consid-

ered opaque and inconsistent [78].

Furthermore, the recent trend of structuring information is moving to-

wards user-led curation that relies on large-scale collaboration. Stackover-

flow, a collaborative curation platform, adopts a process in which users edit

questions and answers with each other [5]. Similarly, Wikum provides users

the authority to summarize and organize discussions by using a crowdsourc-

ing technique [265]. It also applies ML approach by clustering related infor-

mation and performing automatic summarization. In another study, users di-

rectly structure discussions. In Tilda, users can add markup over chat about
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structure, role, and importance of messages, allowing them to catch up with

the conversational thread even in the middle of the discourse [264].

As can be seen, there are many lenses with which to approach messages

in the communication process. This thesis draws upon a rich history of the-

oretical and empirical examinations of manipulating messages for effective

communication. In particular, the literature suggests that we should focus on

different aspects of the message depending on the interaction types. Building

on prior approaches, I design and develop CAs that apply message tailoring

strategies or synthesize and organize a vast amount of message based on the

interaction patterns.

2.2.4 Information Exchange

The generated messages create social meaning through reciprocal interaction

between interlocutors [77]. Information exchange refers to the communica-

tion pattern of the messages exchanged between the interlocutors.

Although networks and interactions are located at the center of in-

formation flow, the two perspectives have maintained opposing viewpoints

without being easily reconciled [76]. Interactionists define a conversation as

a sequence of utterances in which responses are facilitated and triggered by

preceding statements [199]. On the other hand, network analysts character-

ize the conversation in terms of relational structure that emerge from the

construction of ties between two actors [247].

A few attempts have been made to reconcile these two conflicting views

by examining both the network structure and the conversational interac-

tion [76]. Following this approach, I argue that we should observe informa-

tion exchange by considering conversational interaction as well as a network

structure. This is because focusing only on conversational interaction causes
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difficulties in observing the pattern of overall participation, and concentrat-

ing only on the network overlooks the message characteristics, which is a

fundamental component of communication.

As a solution that considers both networks and interactions, I propose

to focus on the distribution of participation over time. Observing the dis-

tribution of participation makes it possible to understand the quantitative

characteristics of messages and comprehensively grasp the relational patterns

caused by the information flow (e.g., the spiral of silence and hoggers). In-

deed, it has revealed that participation shift— a sequential shift in roles of

speaker, recipient, and unaddressed recipient—affects degree distributions in

the human communications network [76, 75]. From a methodological aspect,

computationally analyzing large-scale discussion data is also possible.

Patterns of exchanging information affect the distribution of an individ-

ual’s participation in interactions. In dyadic interaction, users are more ac-

tively engaged in problem-solving tasks and discussions [222, 85]. Addition-

ally, as the group size increases, an individual’s participation in the group

process decreases [119]. In online communities, it is often observed that equal

participation does not tend to occur in online spaces. In particular, the in-

fluence of minority opinions can be repressed, and decision-making can be

dominated by influential users [232]. This unequal participation in online dis-

cussions can have two interrelated consequences: a “spiral of silence” and so-

cial loafing. On the other hand, not only lurkers but also “chatterboxes” or

“hoggers,” who conversely monopolize dialogue, were found to inhibit posi-

tive group dynamics. These previous findings suggest the importance of pro-

moting equal levels of contribution in group contexts to achieve balanced

information exchange.

Feedback processes can also be an important component for informa-

tion exchange considering the characteristics of the chat platform. Feedback
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processes involve the immediateness of a response or simultaneous participa-

tion in an interaction. Online communication can likewise be run either syn-

chronously or asynchronously. In one-on-one interactions, synchronous com-

munication is relatively easy, as only two people must participate. Mean-

while, group interaction is often performed in an asynchronous or semi-synchronous

manner because it is difficult for many participants to attend concurrently.

Even if group members participate in a synchronous discussion, opinion ex-

changes might easily stray from the core purpose of the discussion, since

synchronous discussions can be more chaotic and fast-moving compared with

asynchronous interactions.

This suggests that allowing participants to participate simultaneously

in a group environment can lead to effective group communication. On the

other hand, in dyadic interaction, since a ragged response does not cause a

fatal problem, a context-aware intervention that allows a reaction according

to the user’s convenience can be effective.

2.2.5 Relationship Dynamics

In a communication context, the relational dynamic occurs as a result of,

and vice versa, the message content and information exchange patterns. Re-

lational dynamic processes include role taking, power and authority, and

coalition formation. Compared to the dyadic interactions, leadership roles

are more clearly delineated and power and authority are less evenly dis-

tributed in groups. Moreover, coalitions or subsystems are more likely to be

formed as group size increases.

Role-playing by means of performing specific roles is prominent in group

interactions, whereas this is faint in dyads. A leader who guides group mem-

bers on where to go by providing clear and compelling direction is a repre-
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sentative social role within group interactions. While the contribution of a

leader who exerts more influence than other average members is conspicuous,

delegation of responsibility or obligation is far less defined and assigned in

the case of dyads [222]. There are various social roles other than the leader

within groups, and members of the group take on and perform specific roles

either spontaneously or obligatorily. For instance, Benne and Sheets [15] di-

vided social roles as positive (i.e., Initiator-Coordinator, Elaborator, Coordi-

nator, Evaluator-Critic, and Recorder) or negative (i.e., Dominator, Recog-

nition Seeker, Special-Interest Pleader, Blocker, and Joker or Clown) accord-

ing to the influence they exert upon the team. Social roles are also classified

into task, building and maintenance, and self-centered roles [15]. Specifically,

task roles were identified by facilitating and coordinating behaviors such as

proposing new ideas or methods for solving problems. Building and main-

taining roles include supporting one’s opinions, managing conflict within the

group, building common grounds, and reducing tensions. Self-centered roles

involve egocentric behaviors which act to distract group dynamics by raising

objections on purpose, engaging in attention-seeking behaviors, and demand-

ing control and attention.

On the other hand, in the course of one-on-one interactions, the divi-

sion and assignment of social roles resulting from group dynamics is unclear.

In dyads, two counterparts who construct relational reciprocity according to

the purpose of the conversation complete the interaction [222]. During the

process of achieving one’s communication goals based on a connection com-

posed of the dimensions of affinity, commitment, and attention [164], individ-

uals flexibly engage in various social roles. Therefore, it is more important

for individuals to establish social connections for the purpose of sustained

reciprocal interaction, rather than to perform specific social roles.

Since the dyad consists of a single relationship, the formation of sub-

27



CHAPTER 2. RELATED WORK

systems or coalitions is not possible. Additional members give rise to social

units, operating in ways which make group dynamics less stable [14, 221].

For instance, groups with three members typically form a “two-to-one” coali-

tion [26, 72].

Differences in the relational dynamic processes generate changes in in-

dividual behavior as a result of social influence. Groupthink, conformity, and

spiral of silence are the most representative social behaviors within the small

group literature. Groupthink refers to the phenomenon in which people often

remain silent and fail to express their own opinions because of the pressure

to conform to group norms. Furthermore, a group could also unveil group

polarization, becoming a more extreme, confident, and cohesive faction. On

the other hand, the opinions of the minority are easily socially marginalized.

When individuals perceive their opinion as one which belongs to the minor-

ity, they refrain from expressing their opinion out of fear of social isolation,

leading to a spiral of silence [137]. The individual’s exercise of power and

authority which influences the consequences for other individuals becomes

more difficult as group member count increases.

Unlike group interactions wherein social influence easily operates, such

social influences are far less easy to be executed in dyadic interactions since

structurally there is only a single counterpart. Instead, in situations where

there is only a single partner to establish a relationship with and exchange

information, the purpose of interaction is close to developing a rapport or

effectively conveying the message. Therefore, it is necessary to design con-

versational agents considering the difference in relation dynamics according

to interaction contexts.
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DesigningConversational

Agents forDyadic Interaction

This study aims to explore the feasibility of a text-based virtual agent as

a new survey method to overcome the web survey’s common response qual-

ity problems, which are caused by respondents’ inattention. To this end, we

conducted a 2 (platform: web vs. chatbot) × 2 (conversational style: formal

vs. casual) experiment. We used satisficing theory to compare the responses’

data quality. We found that the participants in the chatbot survey, as com-

pared to those in the web survey, were more likely to produce differentiated

responses and were less likely to satisfice; the chatbot survey thus resulted

in higher-quality data. Moreover, when a casual conversational style is used,

the participants were less likely to satisfice–although such effects were only

found in the chatbot condition. These results imply that conversational in-

teractivity occurs when a chat interface is accompanied by messages with

effective tone. Based on an analysis of the qualitative responses, we also
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showed that a chatbot could perform part of a human interviewer’s role by

applying effective communication strategies.

3.1 Background

Surveys are used to gather information from a large number of users through

standardized questionnaires; diverse disciplines have adopted them as a rep-

resentative research method. In HCI research, surveys are also used to gather

users’ attitudes or perceptions and to assess artifacts’ usability [161, 160].

Modes of data collection for surveys have been adapted to technology and

media environments. Surveys, which have been traditionally represented by

face-to-face or telephone interviews, are evolving as a way to utilize the In-

ternet in response to its explosive growth among the general population.

Compared with traditional surveys, web-based surveys can collect and ana-

lyze large amounts of data quickly and economically. Web surveys are also

less restrictive because respondents can access them at their convenience.

Additionally, there are fewer measurement errors caused by the variability

between interviewers, which can commonly occur in face-to-face and tele-

phone surveys [122, 214]. Given such advantages, web surveys are presented

as an alternative for overcoming the limitations of traditional survey meth-

ods.

Despite these advantages, web surveys in particular do have some in-

evitable limitations, one of which is that they produce responses that are

less reliable than those from face-to-face or telephone surveys due to respon-

dents’ insincere answers [256]. In face-to-face or telephone surveys, interview-

ers can encourage respondents to participate in the surveys [114], ask them

to clarify their responses [114], clarify the questionnaires [44, 202], and mon-

itor their answers to confirm their sincerity. However, a web survey is a self-
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administered method, so it is difficult for researchers to control respondents,

thereby leading to unreliable or even inaccurate responses [196, 71, 93].

As described above, web surveys’ response quality problem derives from

respondents’ feigned answers, which in turn occur because of the lack of an

interviewer. If the lack of an interviewer causes response quality problems in

web surveys, we might ask whether a conversational agent can prevent such

problems by partly performing the role of a human interviewer. In today’s

environment, in which conversational agents are used in everyday life [148],

it is worth considering their possible use as virtual interviewers. In light of

the growing trend toward conversational agents, we emphasize the conversa-

tional aspect that they provide, thus imbuing interactivity in a traditional

survey system [188].

This study examines two aspects of interactivity in a survey system: re-

ciprocal message exchange and conversational style. In particular, this study

focuses on (a) how a survey’s platform influences its response data quality

and (b) how a survey’s conversational style moderates the way in which the

participants respond to different platforms. First, we compare response qual-

ity and usability for a chatbot survey and a web survey. The text-based

chatbot used in this study is able to convey interactivity in the form of

back-and-forth message exchanges with the user [268, 188]. Because conver-

sational interaction facilitates cognitive functioning [261], this study’s first

hypothesis is that the chatbot survey participants, as compared to the web

survey participants, exert a greater engagement and thus generate higher-

quality responses. Second, as the survey platform only represents a surface-

level variation, the second hypothesis is that conversational style moderates

the relative effect of the survey platform. Specifically, this work examines

whether conversational style (formal vs. casual) influences participants’ re-

sponses and their survey experiences.
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We conduct a user study that employs quantitative and qualitative meth-

ods. For the quantitative method, we evaluated our new survey system in

terms of both satisficing behavior and usability, which are separate crite-

ria. The standard for evaluating data quality is based on satisficing the-

ory, which assesses data quality in relation to the respondents’ satisficing

behavior [131, 93]. Giving optimal answers demands a high cognitive load,

so some respondents use satisficing heuristics to reduce their cognitive bur-

dens [131, 132]. This satisficing behavior creates a measurement error due to

the resulting inaccuracies in the respondents’ answers, thus leading to poor

data quality. One representative satisficing behavior is non-differentiation in

a rating task (i.e., a “straight-line” response). In this study, we use the dif-

ferentiation response index as an objective metric to assess response quality

[151]. We also measure the levels of usability (enjoyment and ease of use) as

subjective ratings; we used it to estimate users’ perceptions of their experi-

ences with the survey system. Furthermore, we conduct qualitative thematic

analysis for a deeper understanding of the chatbot respondents’ behavior.

This research makes several important contributions. First, our find-

ings support the feasibility of conducting a survey with a text-based chat-

bot that provides some of a human interviewer’s social function. Second, our

findings extend the previous work, which is focused on responses to virtual

interviewers’ open-ended questions [147, 9, 141, 235] and on ethnographic

data [235], by including Likert-scale responses. Third, our findings extend

the work on data-quality evaluations which has focused on the degree of re-

spondents’ self-disclosure [147, 9, 141], comprehension [45], and qualitative

feedback [235] by including non-differentiation ratio.
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3.2 Related Work

3.2.1 Satisficing Behavior in Web Survey

In a web survey, respondents evaluate and respond to questionnaires by them-

selves. The advantage of this self-administered method is the ease of mea-

surement. However, a self-administered survey is controversial for its validity

due to several well-known problems, one of which is respondents’ satisfic-

ing behavior [131]. Inspired by Simon’s [223] notion of satisficing, Krosnick

[131] proposed that some respondents tend to generate satisfying responses

instead of accurate responses to reduce their cognitive burden. This is be-

cause responding accurately and sincerely to the survey questions requires a

high level of cognitive demands [132]. Satisficing respondents appear to make

an incomplete information retrieval, respond by extracting incomplete infor-

mation or answer without information integration. The representative satis-

ficing behavior is non-differentiation or straight-lining, a non-discriminatory

and equally responsive behavior in a battery of scaled questions. A response

error occurs because of this distorted or inaccurate information provided by

the respondent. Even if the sampling error is reduced by applying a sophisti-

cated sampling method, the increasing response error leads to the low qual-

ity of the whole survey.

Researchers have shown that web surveys tend to have higher response

errors than offline surveys because web surveys are self-administered [256].

This means that online surveys are more likely to produce satisficing re-

sponses than offline surveys are. In an offline survey, human interviewers

promote conscientious responses by discouraging careless behavior and en-

couraging participation [114]. These interviewers’ verbal and nonverbal in-

teractions draw the respondents’ attention and allow them to appropriately

answer each question [104]. However, these interactions are omitted in a web

33



CHAPTER 3. DESIGNING CONVERSATIONAL AGENTS FOR
DYADIC INTERACTION

survey, which leads to satisficing responses. In fact, studies have found that

an online survey is more likely than a telephone survey to be susceptible to

satisficing behavior and to thus produce poor-quality data [196, 71]. Sim-

ilarly, when compared to respondents in face-to-face surveys, those in web

surveys tend to provide more “do not know (DK)” responses, to provide less

differentiation among items in rating scales, and to have more nonresponses

[93].

To summarize, scholars have theoretically and empirically proven that

web survey respondents engage in more satisficing than do their counter-

parts in face-to-face or telephone surveys, as no interactive process occurs in

a web environment. To mitigate this problem, we focus in this study on con-

versational interactivity, which focused on reciprocal exchange of messages

in a social interaction [188, 268]. When appropriate interaction is added to

a noninteractive survey system, participants will be expected to exert more

cognitive engagement when answering the questions. It is possible to expect

that if an appropriate interaction is provided to a non-interactive survey

system, participants may exert more cognitive engagement to answer the

question. In this paper, we examine whether this conversational interactiv-

ity operates when respondents are conducting a survey through a text-based

chatbot which provides interviewer presence. Therefore, we test the following

research question:

• RQ. Can a chatbot platform with a relevant conversational style pro-

duce conversational interactivity, thus reducing the satisficing behavior

that often occurs in noninteractive web surveys?
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3.2.2 Conversational Interaction with Text-based Chatbots

We take an integrative perspective that combines instrumental usage and

conversational interactivity rather than separating them. The goal of this

study is to improve a survey’s user experience through the use of an in-

teractive conversational interface and by gathering high-quality user input.

Taken together, we expect that:

• H1. A chatbot survey, as compared to a web survey, will produce higher-

quality response data (H1a), greater ease-of-use (H1b), and higher en-

joyment (H1c).

Although survey platforms can provide different levels of interactivity,

the platform itself only represents a surface-level variation for manipulating

conversational interactivity. To fill this void, we also examine the effect of

message-level variation. Previous researchers have used text-based chatbots

to manipulate message-related variables and thus improve conversational in-

teractivity. These researchers have also shown an increased interest in im-

proving chatbots’ interactivity with empathic responses [259, 106] or type-

faces [25] for use in customer-support situations. In these customer-care sit-

uations, using an agent that can adjust itself to the customers’ emotional

needs is crucial.

In healthcare and counseling, researchers have focused on chatbots’ in-

terpersonal strategies, as social dynamics are important in those situations.

For example, a chatbot that was built for a childhood obesity intervention

applied several social strategies such as the use of greetings, identification,

lay language, emoticons, and small talk [127]. It was able to efficiently per-

form its function of recommending ad-hoc tasks for obese patients by so-

cially interacting with users. Similarly, researchers have used chatbots as

mental health counselors that provide information and counseling and diag-
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nose conditions through relational conversation [24]. Woebot, a text-based

therapy chatbot, offers cognitive behavior therapy, which applies several so-

cial discourse strategies [67]. Participants in a chatbot condition experienced

a significant reduction in depression, whereas participants who received in-

formation only in an ebook did not.

As previous researchers have shown, the chosen method of improving

conversational interactivity must be applicable to the characteristics of the

task. In this study, we focus on providing the chatbot with a conversational

style. Users consider not only with what a message is but also how it is

delivered [21]. Moreover, it is known that the human interviewer’s style in-

fluences the survey response quality and respondents’ attitude in the context

of human-human interaction. People prefer a friendly speaking interviewer,

and when an interviewer is active, the participants are more actively partic-

ipating in the survey [95]. Respondents also have a more favorable attitude

toward an interpersonal and casual interviewer than a professional and for-

mal interviewer [96]. In addition, considering that the survey used in this

study is aimed at adolescent participants, it is likely more appropriate for

the agent to be casual and friendly than formal. Thus, we test the following

hypotheses:

• H2. A casual conversational style, as compared to a formal conversa-

tional style, will produce higher-quality response data (H2a), greater

ease-of-use (H2b), and higher enjoyment (H2c).

However, conversational style may moderate the effect that a survey

platform has on user experience and data quality. Because a traditional web

survey usually adopts a formal language style, the use of casual language

in a web survey may engender embarrassment. On the other hand, a casual

tone could be appropriate for a chatbot survey because users expect social
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interactions when using conversational agents [259, 106, 24, 148]. Therefore,

we propose the following hypothesis:

• H3. The chatbot’s data-quality and usability effects will be more pro-

nounced when the survey uses a casual rather than formal conversa-

tional style.

3.2.3 Virtual Agents as Interviewers

HCI researchers have developed survey methodologies that use new tech-

nologies. In this study, we implement a text-based chatbot as a new survey

method. Researchers have improved the quality of user input through di-

verse methods of humanizing agents and have applied several standards to

evaluate the effects of virtual interviewers. These criteria vary depending on

the characteristics and contexts of the interview.

The most commonly used standard for evaluating data quality is the

respondents’ self-disclosure in open-ended interview situations. To date, the

literature on this topic has included contradictory findings about respon-

dents’ self-disclosure. Participants who believe that they are communicat-

ing with a computer were more willing to disclose their information than

participants who believe that they are having an interview with a human

interviewer in mental health contexts [147]. This is because people feel less

fear about getting a negative evaluation. Similarly, people have shown to

more willingly expose their sensitive information and to evaluate the inter-

view process as being more pleasant when communicating with a wordiness

agent as compared to a taciturn agent [9]. On the other hand, this self-

disclosure effect does not exist when embodied agents ask respondents sensi-

tive questions. Participants have been shown to expose more information to

a computer-assisted, voice-only interface than to an embodied virtual inter-
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viewer or a human interviewer, as they perceive greater anonymity in the ab-

sence of facial representation [145]. Tourangeau et al. [237] also found that,

in a web survey, people disclose less information regarding sensitive topics,

such as cocaine and marijuana use, when the interface is more humanized.

These results imply that it is more important to design survey interfaces

such that users can feel anonymous and safe rather than to focus on human-

izing the virtual agent, at least when asking about sensitive information.

Researchers have also studied the degree of respondents’ disclosure to

virtual interviewers with different personalities. Li et al. [141] developed two

virtual interviewers with distinct personalities for use in a job-recruitment.

The participants were more likely to divulge information to a virtual agent

that had a reserved and assertive personality than to one with a warm and

cheerful personality. Indeed, many scholars have focused on respondents’ in-

formation disclosure in response to sensitive questions, as anonymity is im-

portant in such interviews. This implies that it is essential to configure a

proper evaluation index for each interview situation.

Meanwhile, Conrad et al. [45] applied a new standard to evaluate data

quality for questions regarding less sensitive and more mundane topics. In-

stead of measuring the respondents’ disclosure, the researchers used objec-

tive measures such as the number of requests for clarification, response ac-

curacy and gaze behavior to detect the respondents’ comprehension and en-

gagement. Conrad et al. found that agents with high dialogue capability pro-

duced more accurate answers and more conscientious task performance, ir-

respective of the agents’ facial expressions.

The researchers in the above studies have provided a theoretical and

empirical basis for virtual agents to perform as interviewers. However, the

literature on virtual interviewers has largely focused on open-ended interview

situations. They have not dealt with the effects of virtual interviewers in a

38



CHAPTER 3. DESIGNING CONVERSATIONAL AGENTS FOR
DYADIC INTERACTION

structured survey with scaled items. The present study was conducted to

fill this gap in the lack of research by examining the utility of a virtual

interviewer for a structured survey. In addition, we apply a different measure

to evaluate user input quality—one that is more suitable for use with Liker-

scaled questionnaires. Our work has implications for determining how best

to introduce the appropriate criteria for scale survey items so as to verify

the effectiveness of the virtual interviewer.

3.3 Method

3.3.1 Design and Procedure

This study uses a 2 (platform: web vs. chatbot) × 2 (conversational style:

formal vs. casual) between-subjects design. We randomly assigned the par-

ticipants to one of the four conditions. As seen in Figure 3.1 (b), we included

a casual web survey, which is very different from a traditional web survey;

similarly, the chatbot survey also included formal and casual conditions for

conversational style (Figure 3.1 (c) and (d)). We included this condition to

experimentally examine the effects of conversational style.

Participants in both conditions responded to the same questionnaire.

The questionnaire was composed of demographic information, usability mea-

sures for the survey, and questions on Internet usage behavior which was

developed by the National Information Society Agency (NIA) of Korea [2].

The questionnaires were composed of the following items: internet usage (10-

item), usage motivation (18-item), individual environmental context (18-item),

family environmental context (24-item), and society environmental context

(16-item). The questions on internet usage were asked on a 4-point scale (in-

ternet usage), whereas the other questions were in the format of a 5-point
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Likert scale (usage motivation and individual, family and society environ-

mental context). After completing the main questionnaire, follow-up ques-

tions about the usability and perception of the survey system were requested.

3.3.2 Participants

The experiment was conducted for adolescents in Korea since the applied

survey questionnaires are developed for teenagers. A total of 117 adolescents

participated in our study (Mage = 17.81, SDage = 1.47; 51% female), all of

whom are using Facebook messenger and have experienced a web survey.

The qualification for the use of messenger and web questionnaire was made

to partially control for the prior experience of the survey system used in our

experiment.

3.3.3 Manipulation of the Survey Platform

We encouraged the web survey participants to answer the survey questions

via an internet survey instrument, SurveyMonkey. This web survey could be

completed using either a desktop computer or a mobile device. Examples of

the web survey are presented in Figure 3.1 (a) and (b). As shown, we used a

grid format to ensure the same scaled options were used for multiple items;

this helps to avoid repeating information.

For the chatbot survey, we designed a chatbot agent that would run on

Facebook Messenger. Participants interacted with the chatbot according to

the survey flow, as shown in Figure3.1 (c) and (d). As for the web survey,

the chatbot survey could be completed on either a desktop computer or a

mobile device.

40



CHAPTER 3. DESIGNING CONVERSATIONAL AGENTS FOR
DYADIC INTERACTION

3.3.4 Manipulation of the Conversational Style

The conversational style intervention consisted of two conditions: formal and

casual. We changed the conversational style by manipulating the text of the

survey [42, 226].

Formal Conversational Style A formal tone involves literary language

with a standardized form and proper grammar and punctuation. This differs

from the casual style, which includes everyday, informal language [42, 226].

For the formal condition, we used the original survey items, as they were

written in formal language.

Casual Conversational Style In the casual conversational style, we ap-

plied colloquial rather than formal language so as to present a casual and

friendly tone. Moreover, a casual style includes shortcuts (such as those com-

monly found in text messaging) and incorrect grammar and punctuation

[42, 226]. For example, we used common expression used in everyday life

(e.g., formal, “Please go on to the next section,” vs. casual, “Way to go!

Let’s go to the next step!”) and abbreviation (e.g., “D’you,” “RU”). In ad-

dition, we changed the survey items that were written (in the formal style)

as a noun phrase or declarative sentence to interrogative sentences for the

casual style (e.g., formal, “To relieve stressful events,” vs. casual, “Do you

surf the net to relieve kinda stressful events?”).

Although we focus primarily on operationalizing conversational style

through language use, we also include occasional emojis to convey a casual

tone [236]. In CMC settings, users often supplement text messages with vi-

sual cues such as emojis and emoticons, thus improving communication and

expressing intimacy and social information [191]. Similarly, in this study, we

use emojis because a language style by itself is not sufficient to convey ca-
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sualness in a CMC setting such as “Thank you so much for following me

.”

In this study, the above strategies are appropriate for conveying casu-

alness and friendliness, as our target audience is youthful. However, distinct

messaging and conversational strategies are required for each age group and

social group. To empirically test the proper operationalization of the various

conversational styles, we execute a manipulation check.

3.3.5 Pretest for the Survey Reliability

Although we applied different conversational style, the contents of the survey

items were hardly changed for the chatbot survey to maintain the internal

meaning of the original questionnaire (e.g., formal item, “It is difficult to

control the Internet usage time,” vs. casual item, “Is it difficult for you to

control the Internet usage time?”; formal item, “To spend Time,” vs. casual

item: “D’you use the Internet to spend time?”). A pretest was performed

with test-retest reliability for 10 pretest participants to verify whether the

two versions of the survey are identical, resulting in a significant reliability

coefficient (r = 0.91).

3.3.6 Measures

Dropout Rate

A response rate is the number of people who answer a survey divided by the

number of eligible reporting units in the sample [1]. However, in our work,

the response rate cannot be measured because we did not extract a sample

from the population. Rather, we recruited adolescents who volunteered to

participate. Moreover, the goal of this study was to decrease measurement
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Figure 3.1: Examples of 4 experimental conditions of 2 (platform: web vs.
chatbot) × 2 (conversational style: formal vs. casual) between-subjects de-
sign .All questionnaires are translated from Korean.
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errors due to respondents’ inaccurate answers, not to decrease nonresponse

errors which caused by only some of the sampled units responding. There-

fore, for this study, it was more accurate to refer to a dropout rate for the

experiment.

We computed the dropout rate by calculating the percentage of respon-

dents who quit before the study was completed. Because both the surveys

could be easily accessed, we could maintain relationships with the respon-

dents during the experiment. We sent messages to any participants who did

not submit the survey within three days after they had agreed to start the

survey, asking them to call-back. Thus, the dropout rate was defined as the

percentage of all participants who did not complete the survey after one

call-back request.

Non-differentiation

Several measures can be used to estimate response quality, including the DK

response rate, the item nonresponse rate, and the non-differentiation index

[93]. We excluded DK response rate because our survey questions had no DK

options. Regarding the item nonresponse rate, most online surveys today do

not allow for nonresponse; this prevents unreliable respondents in advance.

In many survey systems, if a respondent does not respond to a question

and tries to move on to the next page, an alarm message appears asking

the participant to complete all the unanswered questions. The respondent in

this case cannot proceed to the next page until completing these answers.

We also excluded the item nonresponse rate from this study because we also

applied this condition of nonresponse disallowance.

Instead, we adopted the level of non-differentiation, based on a battery

of scaled items, as a measure of data quality. We calculated the index of
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response differentiation ρ to infer the degree of non-differentiation for each of

the 13 item batteries using rating scales [151]. We used the average of these

13 rates as the dependent variable. According to this scale, the index is 0 if

a respondent answers with the same scale for all items and approaches to 1

if a respondent answers with a different scale for each item. Thus, a higher

ρ value indicates that a respondent more strongly differentiates the response

options; this could be regarded as a lower degree of satisficing [131].

Usability

For the usability constructs on post-test measure, ease of use and enjoy-

ment levels were measured. We adopted these subjective usability ratings to

complement the objective differentiation index. In several studies examining

virtual agent’s usability and effects, researchers have used single or double

items to measure their variables [142, 175, 211]; thus, we also used two items

each to measure ease of use and enjoyment. The two questions asking ease

of use were used: “The survey system is easy to use,” and “Using the sur-

vey system is effortless” [149]. Moreover, enjoyment level was measured with

two questions which are “I am satisfied with the survey system.” and “It is

fun to use the survey system” [149]. These items were scored using a 1 to

5 Likert scale.

Qualitative Responses

We also gathered qualitative responses using open-ended questions to gain

more insight into the users’ perceptions and attitudes regarding the sur-

vey system. We focused our qualitative analysis on a chatbot survey system

which we introduced as a new survey method. The chatbot survey partici-

pants were asked about their experience using the chatbot (e.g., the best and
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worst aspects of using it, the difference in experience compared to web sur-

veys, perceived impressions, perceived personality, and whether they prefer

the web survey or the chatbot survey). Since we recruited the participants

who have experience in web surveys, the difference in experience between

the two systems were also asked to compare the web survey and the chat-

bot survey.

3.3.7 Data Analysis

A total of 106 participant data were statistically analyzed, except for 11

participants who did not complete the experiment (three for the formal web

survey, two for the casual web survey, four for the formal chatbot survey

and two for the casual chatbot survey). We used factorial ANOVA to test

whether the main effects and interaction effect exist. Before conducting sta-

tistical analysis, we examined if ANOVA assumptions were qualified in our

data. A homoscedasticity test was conducted to evaluate the homogeneity

assumption using the Brown-Forsythe test which revealed that all variables

did not show significant differences in variance.

For the qualitative responses, we conducted a thematic analysis in which

we structured the collected text responses through coding, with units for the

main subjects [20]. Two researchers conducted this thematic analysis. The

results of this process provided a deeper understanding of the participants’

chatbot usage behavior.
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Table 3.1: Descriptive Analysis

Casual Chatbot Formal Chatbot Casual Web Formal Web

Variable M SD M SD M SD M SD

Differentiation 0.62 0.08 0.52 0.07 0.50 0.09 0.53 0.09
Ease of Use 3.98 0.79 3.65 0.76 3.69 0.62 3.64 0.66
Enjoyment 4.17 0.73 3.50 0.87 3.74 0.61 3.52 0.82

Note: The value of response differentiation index distributes between 0 and 1, a higher
value indicates more differentiation. Other variables were measured with 5-point Likert

scale.

3.4 Results

3.4.1 Manipulation Check of the Conversational Style

To establish if the survey applying a casual tone is perceived as more ca-

sual and friendly, as compared to that using a formal tone, participants were

asked to rate the survey system on 10-point differential scales: formal / ca-

sual [226] and serious / friendly [141]. An independent samples t-test for the

averaged ratings significantly supports the manipulation of conversational

style. Perceived casualness was greater in the casual tone-of-voice condition

(Mcasual = 7.83, SDcasual = 2.10) compared to the formal tone-of-voice con-

dition (Mformal = 3.96, SDformal = 1.87), t(104) = 3.56, p ¡ 0.001.

3.4.2 Descriptive analysis

Response Time Both web survey and chatbot survey automatically recorded

a timestamp. The web survey participants achieved a significantly faster time

to complete the survey (Mweb = 17′ 30′′, SDweb = 2′ 52′′) than the chat-

bot survey participants (Mchatbot = 26′ 44′′, SDchatbot = 5′ 05′′). Five re-

spondents in chatbot condition were excluded from this analysis since their
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Figure 3.2: Results of Factorial ANOVA. The platform has a significant main
effect on the differentiation ratio. The chatbot survey is thus more likely
than the web survey to produce differentiated responses and less likely to in-
duce satisficing behavior, thus resulting in higher-quality data. A significant
interaction effect exists between platform and conversational style. Speech
has different effects in the web and chatbot surveys. Conversational style
also has a significant main effect on enjoyment.

completion time took more than 23 hours. These participants completed the

survey over 24 hours. This response pattern reflects the advantage of the

chatbot that respondents can easily reconnect to messenger and reply from

the part where they stopped.

Dropout Rate It was found that 5 of 58 web survey participants dropped

the survey; 6 of 59 chatbot survey participant dropped the survey. There-

fore, the dropout rate equals 8.6% in the web survey condition and 10.2%

in the chatbot survey condition. Two conditions have shown no significant

difference in dropout rate. The reason for the low dropout rate in both con-

ditions is maybe because the participants were in an experimental situation

rather than the general environment in which the survey is conducted. They

showed a high completion rate in both conditions since they voluntarily par-

ticipated in the experiment. This result may differ in real survey settings and

should be verified with a larger population in the future study.
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3.4.3 Non-differentiation

Main Effect

How did the respondents’ response quality differ across the survey condi-

tions? The 2 (web vs. chatbot) × 2 (formal vs. casual) ANOVA for the gen-

eral response differentiation index ρ yields main effect for the survey plat-

form (F (1, 102) = 9.83, p ¡ 0.01) but not for the conversational style (F (1,

102) = 3.84, p = 0.053). Thus, H1a is supported, but H2a is not. The re-

spondents in the web survey condition provided less differentiation (Mweb =

0.52, SDweb = 0.09) than did the respondents in the chatbot survey con-

dition (Mchatbot = 0.57, SDchatbot = 0.09). As mentioned, a higher ρ value

indicates that a respondent more strongly differentiates their response op-

tions which could be regarded as a lower degree of satisficing. Therefore, the

chatbot survey participants were more likely to answer in a less satisficing

way than were the web survey participants; the chatbot survey participants

thus provided divergent responses.

This difference in satisficing response between the two conditions can

be explained by a difference in interactivity. The chatbot survey features a

conversational interface, whereas the web survey employs a table matrix. In

the latter interface, similar questions are grouped in a grid form; respon-

dents may thus lose their attention and answer inadvertently when similar

types of questions are repeatedly presented. On the other hand, when these

questions are displayed in a conversational interface, respondents perceive

the questions as interpersonal interactions rather than as tasks to complete,

so they focus more on the survey questions and are more engaged.

We also conducted independent samples t-test to compare the chatbot

and web conditions with identical tone-of-voice. Regarding casual conversa-

tional style, an analysis of the general response differentiation index ρ reveals
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that the respondents in the web survey condition provide less differentiation

than do those in the chatbot survey condition (t(52) = 4.71, p ¡ 0.001). How-

ever, this effect disappears in the formal conversational style (t(50) = 0.48,

p = 0.63). It is noteworthy to mention that there is no significant difference

between the two platforms when the formal conversational style is applied.

This result suggests that the significant effect of the platform is caused by

the combination of the platform and the conversational style.

Interaction Effect

The 2 × 2 ANOVA reveals a significant interaction between the survey plat-

form and the conversational style (F (1, 102) = 14.33, p ¡ 0.001), supporting

H3 (see Figure 3.2). When participants take a survey with a chatbot, a ca-

sual style drives more differentiated answer than do formal style (Mcasualbot

= 0.62, SDcasualbot = 0.08 vs. Mformalbot = 0.52, SDformalbot = 0.07). In

contrast, in a web survey condition, participants do not differ in their re-

sponse quality whether conversational style is casual or formal (Mcasualweb

= 0.50, SDcasualweb = 0.10 vs. Mformalweb = 0.53, SDformalweb = 0.08).

To summarize, the conversational style influences the respondents’ sat-

isficing behavior in the chatbot condition but not in the web condition. In

the chatbot survey, a casual conversational style increases the differentiation

in the participants’ responses. However, in the web survey, a casual conver-

sational style does not change the level of differentiation. This means that

the effect of the conversational style depends on the survey platform. The

humanlike conversational style only has effects on the chatbot survey. Re-

garding the main effect of the survey platform, the chatbot survey’s effect

on data quality is not merely caused by the external interface feature. The

main effect is derived since the chatbot interface is accompanied by the ca-
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sual conversational style.

3.4.4 Usability

Ease of use Analysis of ease of use reveals that there are no significant

main effects for platform (F (1, 102) = 1.306, p = 0.256) and conversational

style (F (1, 102) = 1.877, p = 0.174). There is no difference of ease of use

between the chatbot condition (Mchatbot = 3.82, SDchatbot = 0.79) and the

web condition (Mweb = 3.66, SDweb = 0.63); the casual style (Mcasual =

3.83, SDcasual = 0.72) and the formal style (Mformal = 3.65, SDformal =

0.70). Also, there is no significant interaction effect of survey platform and

conversational style on ease of use (F (1, 102) = 1.007, p = 0.32). Therefore,

H1b and H2b are all rejected. The survey systems are quite similar in terms

of interface usability regardless of platform and conversational style.

Enjoyment The factorial ANOVA reveals that conversational style has a

main effect on enjoyment (F (1, 102) = 8.967, p ¡ 0.01) but that survey plat-

form does not (F (1, 102) = 1.880, p = 0.17). Thus, H1c is not supported,

but H2c is supported. There is no observed significant interaction between

platform and conversational style in terms of enjoyment (F (1, 102) = 2.253,

p = 0.136), thus partially rejecting H3.

Participants in the casual web-survey condition (M = 3.95, SD =0.70)

have higher enjoyment levels than the other web participants (M = 3.51, SD

= 0.84). However, there is no significant difference between the surveys plat-

forms with regard to enjoyment (Mchatbot = 3.84, SDchatbot =0.86; Mweb =

3.63, SDweb = 0.72). This result suggests that a casual tone may help users

to have positive emotional experiences. However, the conversational style it-

self cannot easily heighten user engagement (which is directly related to re-

sponse quality). It can be inferred that a casual and friendly conversational
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style enhances user enjoyment in both the web and chatbot conditions, as

enjoyment is a subjective and emotional user experience.

We executed independent samples t-test for the identical conversational

style. For the casual conversational style, there was a significant difference in

the level of enjoyment between chatbot and web conditions ( t(52) = 2.32,

p ¡ 0.05). However, the significant difference was not detected for the formal

conversational style (t(50) = 0.08, p = 0.94). The difference in enjoyment

between the two platforms observed in the casual style has disappeared in

the formal style. Furthermore, a significant difference was shown in casual

chatbot and formal chatbot (t(51) = 3.02, p ¡ 0.01). The conversational man-

ner has executed a significant impact on enjoyment for the chatbot survey

users, but such effect has not presented for the web survey users (t(51) =

1.12, p = 0.268). If a chatbot is not perceived as a social actor, the chatbot

survey may frustrate the users and lower their enjoyment. Thus, crafting the

intrinsic attributes of the message is crucial when designing a survey with

chatbots to fulfill users’ emotional aspects.

3.4.5 Qualitative Results

The thematic map was constructed based on the participants’ responses for

the questions: “What was the best and worst thing about your experience

using the chatbot survey?” and “What is the difference between a chabot

survey and a web survey?” Two researchers independently performed coding

to control the subjective interpretations which could occur in the process of

conducting a qualitative analysis. The result of the intercoder reliability test

showed a strong agreement (Cronbach’s α = 0.81). Four major themes which

emerged from the data are as follows:
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Not Task but an Interaction The first theme that emerged was the con-

versational interactivity of a chatbot. The users perceived the act of con-

ducting a survey with a chatbot as a social interaction rather than as a

task. One in the casual chatbot condition reported, “I did not feel like the

chatbot as a robot, but I felt like talking to a real person,” and another in

the same condition said, “It was like having a conversation with a friend be-

cause I received a reply from the chatbot in real time.” However, this effect

was not only observed in casual formal chabot survey participants: “I was

disappointed because it seemed that they just moved existing survey to the

messenger.”

A possible interpretation is that converting survey questionnaires to so-

cial interactions by using adequate interface and conversation strategy helps

users to focus on the questions. This corresponds with the notion that users

expect conversational interaction even when they are doing a functional task

[142]. Conversational interactivity interactions can convert mechanical work

into social interaction, increasing user engagement and enjoyment. We con-

veyed conversational interactivity by harmonizing the survey interface and

message characteristics in the casual chatbot condition.

Furthermore, response latency affected users’ perception of interaction

with the chatbot. Since the chatbot responded to users’ message immedi-

ately, users perceived that the conversation is well maintained and the chat-

bot pays attention to their words: “The conversation was alive because the

chatbot responded immediately to my message,” and “He responded immedi-

ately to me, and I feel like I am respected.” This implies that the sense of

back-and-forth interaction facilitates the social presence of the virtual agent,

allowing users to perceive a survey task as social interaction. Also, a typing

indicator which informs that the chatbot is entering the content has also im-

proved the liveliness of the conversation. We varied the response time of the
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chatbot from 0 to 3 seconds, depending on the message length. Appropriate

typing patterns, though faster than human’s regular typing speed for the

task efficacy, make users feel they are communicating with a social partner.

A Casual Tone-of-Voice Heightens Intimacy for Chatbot Users This

study’s results revealed that users perceived this interaction effect to mainly

be the result of the chatbot’s personality. The participants in the casual

chatbot condition felt intimacy with the chatbot because of its friendly man-

ner and described it as “friendly,” “kind,” “warm,” “empathetic,” and “un-

derstanding.” The chatbot’s casual conversational style made the users feel

comfortable and engaged in their conversations. One participant reported,

“The chatbot was kind enough to answer the question easily,” and another

said, “I feel comfortable because that chatbot had a caring personality.” On

the other hand, participants in the formal chatbot condition demonstrated

the chatbot’s impression as “stiff,” “unfriendly,” “boring,” and “rigorous.”

One participant mentioned that “I did not feel like chatting because the con-

versation tone was rigid.” However, these results can not be generalized to

other ages or other environments, although our results correspond with pre-

vious studies [95, 96, 24]. For example, the current casual conversational

style can have a negative effect on the senior or professional group. There-

fore, it is necessary to conduct further research on users with different back-

grounds.

Playful Interaction Creates Engagement A number of users in the ca-

sual chatbot condition mentioned that they enjoyed having conversations

with the chatbot. This enjoyment was derived from new experiences, as well

as from the conversational interactivity. One participant who used a conver-

sational agent for the first time mentioned, “It was a fun and cool experience
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to talk to a robot with the messenger.” Another user stated that having a

conversation with a friendly agent was a pleasant experience: “It has been

a long time that I have a conversation with someone for a long time. I re-

ally enjoyed it.” Additionally, the emojis engaged the users’ attention. One

participant said, “The emojis showing off in the middle of the conversation

did not make me bored,” while another added that the “I think the chat-

bot is witty because he uses proper emojis” These results support that an

agent’s playful interaction enables users’ continuous use intention although

the chatbot is created for instrumental use [148, 142].

Easy Access Through Mobile Devices Ease of accessibility is another

advantage of the chatbot survey. We did not consider accessed devices in

this study, but many users noted that the chatbot was comfortable to use

because it was easy to access via mobile devices. Users could adjust the re-

connection time for convenience and could easily continue interrupted con-

versations: “It was nice to do a survey with a smartphone,” and “I felt con-

venience because I can do it in my spare time over several times.” Although

the web survey could also be completed on mobile devices, it is inconvenient

for users, after an interruption, to reopen the browser window, reconnect to

the system, and log in again. However, because the chatbot conducts con-

versations within the messaging window, it has the advantage that its inter-

actions can be resumed at any time that a user wants.

The results of response time also support for this notion. Chatbot sur-

veys took longer and their distribution was sparser than that of the web sur-

veys. Moreover, four respondents in the chatbot condition took more than

23 hours to complete the survey. Participants in the chatbot condition ac-

cessed IM more frequently to complete the survey instead of completing the

entire survey at once. This response pattern implies that the chatbot survey
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is more convenient for system reconnection. Additionally, one user reported

that the “Survey can be done while on the school bus,” implying that a text-

based chatbot can also easily be used in a public space, which would be an

advantage over a voice interface.

3.5 Discussion

The current study operationalizes conversational interactivity not just at the

level of the survey interface but also at the level of the message. We propose

that conversational interactivity decreases respondents’ satisficing behavior,

thus producing high-quality data. Still, it is worth noting that the chat in-

terface leads to this interactivity only when accompanied by an appropriate

conversational style. The casual conversational style, as compared to the for-

mal style, elicits less satisficing behavior from the chatbot survey users but

not from the web survey users. This implies that a casual tone is appropriate

for a chatbot system, as it helps users recall human-to-human interaction.

Reciprocal Message Exchange and Conversational Style Researchers

have not yet considered the differences in users’ responses to noninteractive

and interactive questions in much detail. We emphasize the conversational

aspect as a way to impart interactivity to static items which are common

in web surveys. A discrepancy in interactivity may affect the respondents’

engagement [261], thus leading to differences in data quality and user en-

joyment. This study shows that chatbot respondents make a greater engage-

ment than other respondents when answering questions, as the chatbot plat-

form includes a reciprocal message exchange [227]. This is because the chat

interface may heighten the sense of back-and-forth messages in the mind,

thus driving user engagement [229].
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However, a web survey’s interface has a lower level of interactivity com-

pared to a chatbot survey’s interface because of its absence of reciprocal

message exchange. Although the same information and content are presented

in those survey systems, a web survey displays information in the form of

predefined questions and answer choices, while a chatbot survey constructs

the same questions and answers in the form of threaded messages. Thus, the

chatbot survey may help overcome the socio-emotional deficiencies of static,

online surveys by conveying interactivity to users

It is worthwhile to note that conversational interactivity generated not

only by adopting an external chatting interface but also by crafting an in-

ternal message feature (conversational style). Regarding the conversational

interface, a reciprocal message exchange between the chatbot and the user

can engender conversational interactivity. However, this interactivity occurs

only when the messages are delivered in a friendly, humanlike manner. In

this study, although reciprocal message exchanges boost the perceived in-

teractivity of the chatbot survey, a well-manipulated conversation could en-

hance it even more. Therefore, each message should be properly tailored to

the chatbot platform so as to imbue the exchange with conversational in-

teractivity. The results of our study correspond to those of earlier studies,

which proved the effects of virtual agents’ conversational capability [9, 45].

This study makes a significant contribution due to its novel manipulation of

conversational interactivity in the form of both message platform and con-

versational style.

Comparison with Previous Work The results of this study support pre-

vious findings that a virtual agent can be used as an interview method.

Our findings advance this line of research by addressing the following is-

sues. First, extending previous work in which researchers focused on gath-
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ering ethnography [235] and responses to open-ended questions [141], the

current study examined the feasibility of using a chatbot interviewer in a

structured survey with Likert scale items. Second, It is also worth consid-

ering that our experiment was conducted in the real world. We applied a

virtual agent system in a real-world setting and, unlike the researchers in

previous studies, did not impose any space-time constraints. We were able

to better understand authentic user interactions with a virtual agent by us-

ing this method. Third, we examined the effects of conversational interactiv-

ity by controlling the virtual agent’s exterior features. Most researchers in

the field of virtual interviewers have focused on embodied agents with exte-

rior features [147, 9, 45]. Providing a physical appearance heightens a virtual

agent’s perceived level of social presence, making people more likely to con-

sider the agent a social actor [174]. However, we discovered that users could

perceive the virtual agent to be a relational partner with a social presence

through the use of well-tailored textual messages as well.

Practical Contribution Our main contribution in this work is the explo-

ration of a possible text-based chatbot method for gathering user data. To

introduce such a new survey method, two requirements must be satisfied:

high-quality data and high user satisfaction [45]. We used a web-based sur-

vey as a criterion for assessing whether the new chatbot survey method sat-

isfied these requirements. By comparing our method to the most commonly

used survey method, we verified the effectiveness of the new, interactive sur-

vey interface. This study helps determine a new way of gathering users’ data.

In modern society, people commonly use mobile devices and communicate

using mobile messaging services, so collecting data through a messaging-

based chatbot can be a promising research method. Messenger-based chat-

bots have an advantage of easy to access through mobile devices and easy to
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use by adopting a familiar chatting interface. In particular, a chatbot sur-

vey can be an effective method for a specific audience, such as teenagers

or young adults, who are accustomed to using conversational agents. Fur-

thermore, our results could provide some practical guidelines for the design

of text-based chatbots. Using diverse message strategies could help users en-

gage in conversation. It is also essential to deliver a consistent tone by defin-

ing a chatbot’s personality. In this work, we modeled our chatbot to have

a friendly personality, but the proper character should be determined based

on the task to be performed and on the target audience. Appropriate vi-

sual cues can also attract users’ attention, thus overcoming cues-filtered-out

situations.

Limitations and Future Study Although this study reveals the possi-

bility of applying a text-based virtual agent as a survey method, some work

remains to be done before applying such agents to actual research. In par-

ticular, the limitations of the current work need to be addressed. One of the

limitations is that users may feel discouraged if their relational expectations

toward the chatbot are not satisfied. This suggests that a key challenge in

using chatbots could be the “gulf of execution [148].” Indeed, one user re-

ported, “Chatbot asked me the similar question over and over again, even

though I gave a proper answer.” Because users perceived having a conversa-

tion with the chatbot as social interaction, they expected that the chatbot

would understand their words. In a survey, multiple items are used to mea-

sure each construct to ensure the internal validity. However, such repeated

questions can disappoint users of a chatbot survey system. Therefore, a new

standard for obtaining measurement validity should be determined to satisfy

users’ relational expectations. Moreover, the response differentiation index

may not accurately assess data quality, as it is just one way of assessing the
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response quality. To overcome this problem, we also measured the usability

and used a qualitative method. However, other measures could be found to

assess data quality in a field study with detailed observations of usage be-

havior in the future study. In addition, several unexpected inconveniences in

the chatbot survey interface were revealed in this study, including was the

impossibility of modifying an answer. This could be improved by asking the

user to affirm that their answers are correct. For example, a chatbot could

summarize the respondent’s answers at the end of the survey and ask if the

user would like to change the original answers. Our work provides future

avenues for improving the chatbot survey system.

3.6 Conclusion

Overall, a text-based chatbot can be a new and promising method of gath-

ering quantitative survey data. Our study showed that the chatbot survey

participants’ responses were less satisficing, producing high-quality data. our

results demonstrate that our conclusion that the platform effect in which a

chatbot significantly decreases respondents’ satisficing behavior is actually

an interaction effect caused by the chatbot’s sociable and humanlike con-

versational style. Moreover, transforming a survey into an interaction en-

courages user engagement, which leads to high-quality data. Taken together,

these findings provide support for the feasibility of using a text-based chat-

bot as a virtual interviewer.
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Chapter 4

DesigningConversational

Agents for SocialGroup

Discussion

Although group chat discussions are prevalent in daily life, they have a num-

ber of limitations. When discussing in a group chat, reaching a consensus

often takes time, members contribute unevenly to the discussion, and mes-

sages are unorganized. Hence, we aimed to explore the feasibility of a fa-

cilitator chatbot agent to improve group chat discussions. We conducted a

needfinding survey to identify key features for a facilitator chatbot. We then

implemented GroupfeedBot, a chatbot agent that could facilitate group dis-

cussions by managing the discussion time, encouraging members to partici-

pate evenly, and organizing members’ opinions. To evaluate GroupfeedBot,

we performed preliminary user studies that varied for diverse tasks and dif-
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Figure 4.1: Conversational design strategies applied in GroupfeedBot to fa-
cilitate group chat discussions. The chatbot manages the discussion time (C,
E), facilitates even participation by encouraging lurkers to speak up (A, D),
and organizes individual members’ (B) and overall groups’ (F) opinions. All
messages are translated from Korean.

ferent group sizes. We found that the group with GroupfeedBot appeared

to exhibit more diversity in opinions even though there were no differences

in output quality and message quantity. On the other hand, GroupfeedBot

promoted members’ even participation and effective communication for the

medium-sized group.

4.1 Background

Group chat is pervasive in everyday life and used not only for social but also

for transactional purposes [63, 123]. For example, group chat serves as an

effective channel for decision-making, problem-solving, and open debates on

specific issues [123, 264]. These goal-oriented communications are common in

diverse groups, including those of family members, friends, colleagues, and

coworkers. Group chat has the advantages of enabling asynchronous com-

munication [144, 187] and maintaining users’ awareness of ongoing group
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agendas through traceable chat logs [154]. These features enable comfortable

group communication among members in various locations and with various

temporal schedules [37] without causing disruption in their daily lives [121].

Despite these advantages, a number of difficulties are common when

conducting goal-oriented discussions through a group chat. First, reaching

timely consensus can be more difficult in a group chat than in a face-to-

face meeting, as procrastination and loss of concentration are common in a

group chat [100]. Second, messenger-mediated interaction without in-person

contact can lead to uneven participation, which reduces the satisfaction of

those who do actively participate and thus weakens positive group dynamics

[70, 117]. This problem is exacerbated for larger groups because it is hard to

even detect that a member has become a “lurker”—someone who does not

actively participate and plays a passive role in group interactions [8, 133].

Third, group chat’s unstructured, unthreaded chat interface causes difficulty

in the organization of diverse opinions. Human moderators thus often seek to

restructure and/or summarize fragmented messages; however, this requires

high cognitive load, lowering discussion efficiency [154].

Research on group discussions has focused on supporting work-related

groups [48, 97, 154, 165] by structuring [12, 264], summarizing [57, 169],

and visualizing [92, 105] opinions. This study aims to advance this line of

research by focusing on social groups. Furthermore, we extend the previous

work by supporting group discussions with a novel strategy of facilitating

even participation among group members.

In this paper, we aim to design and develop a chatbot agent that can

enhance group discussions in social chat groups. We propose GroupfeedBot,

a chatbot that can act as a facilitator in group discussions by (1) managing

time, (2) encouraging members to participate evenly, and (3) organizing the

members’ diverse opinions. It should be noted that the focus of this study
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is on goal-oriented communication (e.g., decision-making, problem-solving,

and open discussion) rather than on socially oriented communication (e.g.,

chitchat, joke-making, and talk about daily life).

To explore the feasibility of a chatbot agent in group chat discussions,

we executed a series of user studies. Through a needfinding survey, we de-

fine a number of the features that a facilitating chatbot agent should pos-

sess. We then implemented GroupfeedBot, a chatbot agent meant to support

the group chat discussions. Figure 4.1 shows how GroupfeedBot facilitates

discussions in group chats. This facilitator chatbot is meant to support dis-

cussions in group chats by managing time (4.1C, 4.1E), encouraging lurkers

to speak up (4.1A, 4.1D), organizing individual members’ opinions (4.1F),

and summarizing overall opinions (4.1B).

To verify the effectiveness of GroupfeedBot, we conducted a qualitative

study with small-sized groups followed by a user study with medium-sized

groups. The qualitative study involved six small groups, each composed of

four to five members (N = 25). We conducted in-depth semi-structured in-

terviews to gain deeper insights into the chatbot agent’s features.

We then conducted the preliminary user study with two medium-sized

groups of 10 members each (N = 20). A mixed factorial design with one

between-subjects variable (type of chatbot: basic vs. GroupfeedBot) and one

within-subjects variable (type of task: estimation vs. decision-making vs. so-

cial debating vs. problem-solving) was used. We measured group behavior

(message quantity, opinion diversity, and even participation), users’ attitudes

(communication efficiency/effectiveness/openness, and usefulness), and out-

put quality. We also conducted post-hoc focus group interviews (FGI). The

results indicate the following:

• There were no difference in message quantity and output quality be-

64



CHAPTER 4. DESIGNING CONVERSATIONAL AGENTS FOR
SOCIAL GROUP DISCUSSION

tween the groups that discussed with GroupfeedBot and those that

discussed with the basic chatbot. However, the group which discussed

with GroupfeedBot tended to produce more diverse opinions.

• GroupfeedBot encouraged the members to contribute evenly to the dis-

cussions, especially for the open-debating task. Furthermore, the mem-

bers perceived the group chat sessions as involving fairer and more ef-

fective communication.

• Some effects of GroupfeedBot varied by the task’s characteristics. It

led to high communication efficiency and perceived usefulness in the

decision-making and open-debating task but not in the estimation and

problem-solving tasks.

This paper makes the following contributions:

• We verified that a chatbot agent can be effective not just in dyadic

but also in group interactions.

• We designed and developed a chatbot agent to improve discussion in

group chat by enabling timely consensus, facilitating even participa-

tion, and organizing opinions.

4.2 Related Work

Improving goal-oriented communication in distributed teams has been a fo-

cus of research in computer-supported cooperative work (CSCW) since the

field’s inception [122, 219]. This study on the use of chatbots in group dis-

cussions can be viewed with respect to multiple research areas, including

mobile instant messaging (MIM) and group chats, online group discussions,

and chatbots’ applications in group communication.
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4.2.1 Mobile Instant Messaging and Group Chat

The accompanying proliferation of MIM has changed the ways in which peo-

ple interact. In particular, as compared to SMS, one of the distinguishing

features of MIM is that its group chat allows for asynchronous multiparty

communication [36]. Because group chat is convenient for communicating

with multiple members, groups with various types of relationships use it for

a variety of purposes (e.g., chitchat, information exchange, and cooperative

works) [36, 39, 173].

Group chat researchers have focused on the ways in which such chats

can improve collaboration in the workplace [48, 97, 154, 165]. However, given

the widespread use of MIM, group chats have become common in general

as well; even groups with informal relationships have cooperative team pro-

cesses. To reflect these trends, researchers have carried out studies to im-

prove the generally perceived inconveniences [217, 264]. Along the same lines

as those researchers, we sought to resolve the unexpected inconveniences of

using group MIM chats.

4.2.2 Systems for Supporting Group Discussions

Previous studies in the area of online group discussion have explored various

ways of supporting collaboration among remote users of various collabora-

tive systems, including email, online documents, and internet relay chat. The

most studied method for improving online discussion is summarization. In

particular, scholars have shown that summarization can improve email sys-

tems [57, 169] by preventing information overload [47]. Moreover, researchers

have effectively applied social annotations and other feedback to discussions

involving online documents or dashboards [31, 168, 269]. Another line of

research on support for group collaboration is focused on improving group
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awareness with visualizing diverse members’ point of view [92, 105]. These

and other methods use visualization components to decrease the cognitive

effort needed to synthesize diverse members’ opinions [91].

Unlike threaded forums or dashboards, chat interfaces lack a reply-based

interface; thus, researchers have sought to support group discussion by em-

bedding more structure in chats. For instance, groups in a text chat discus-

sion are more likely to reach consensus when preauthorized structures and

scripts are provided [60]. Such a script structure allows for more focused

discussion by providing procedural guidance. OpinioNetIt automatically or-

ganizes members’ opinions on controversial topics, in terms of support or op-

position [12]. Similarly, Tilda, the Slack bot, is meant to enhance the group

sense-making process by organizing chat messages using features such as tag-

ging, linking, and summarization [264].

In light of the findings from previous studies, we consider a new way

of driving active participation among users and of decreasing their mental

loads. We focused on improving discussions by involving the communication

“process” and participation patterns. Furthermore, the chat interface used in

MIM with its speech balloons requires an approach for improving discussions

that is distinct from those that are used for emails, dashboards, and forums.

Few researchers have explored the use of text-based virtual agents that can

perform specific functions that are targeted to the MIM system. Our work

aims to understand users’ needs when doing discussion in group chat and to

design a chatbot agent.
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4.3 Needfinding Survey for Facilitator Chatbot

Agent

A needfinding survey was performed to discover the features that a facilita-

tor chatbot should possess.

4.3.1 Method and Participants

We recruited an initial sample of 134 participants from Amazon Mechanical

Turk. We asked them open-ended questions about the context of the group

discussion, the users’ positive and negative experiences with group chats,

and their desired improvements to group chats. To filter out unqualified re-

sponses, we omitted 31 participants for incorrect responses to the filtering

item (“Please enter the name of the mobile instant messenger you used for

the group chat.”). We also excluded 43 participants whose median response

times were less than 240 seconds and whose responses were not sincere. Ac-

cordingly, we finally obtained 65 valid responses. The final respondents had

a mean age of 30.83 years (SD = 7.96; 29 female).

4.3.2 Analysis

To discover themes in the data, we applied thematic analysis based on the

bottom-up approach to the open-ended responses. Three researchers coded

the open-ended answers, and the process was repeated five times until the

identified themes were saturated. These final codes were then organized within

the main themes from which we derived the implications.
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4.3.3 Findings and Design Goals for Facilitator Chatbot

Based on the survey results, we categorized three main findings and created

three design goals for the facilitating chatbot agent (κ = 0.72).

Quick Communication Leads to Efficient Discussion.

We noted that time management was important to efficient discussion. Sev-

eral respondents mentioned that quick responses create a well-interacting

group: “Well-interacting group members are quick and efficient and do not

procrastinate” (P65); “Quick and efficient communication and response times

are crucial” (P23). On the other hand, unrestricted discussion caused dissat-

isfaction: “The worst meeting is just out of control and goes on at all hours

of the day and night” (P8). In addition, certain members’ late responses

hindered efficient discussion: “People who do not answer promptly ruin the

discussion” (P55). Members who did not respond in a timely manner not

only caused inefficiencies but also worsened the group’s mood. For exam-

ple, P44 noted, “They don’t text back often and don’t answer until days or

weeks later. They make the group feel insecure and depressed.”

• Design Goal 1: Support the ability to reach consensus in a timely man-

ner by ensuring an efficient discussion procedure.

Even Contributions Enhance Group Coherence.

The members’ engagement and participation is an important factor in both

individual members’ satisfaction and overall group coherence. A well-functioning

discussion is characterized by even contributions from all members. P36 men-

tioned, “In a well-interacting group, everyone says something.” Similarly,

P18 stated, “Good discussion is made when everyone contributes evenly. Ev-
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erybody gets along, the conversations are nonstop, everyone gets an opinion,

no one bashes each other.” However, lurkers can appear to be representative

members actually interrupt positive discussions. P14 noted, “Lurkers silently

take in all that is happening in the group but do not post. These people do

not contribute.” Lurkers lower a group’s coherence and undermine the satis-

faction of the active members; participants complained about “stand-backers

who don’t really care to be in the group” (P20) and “apathetics who do not

really care much about the group” (P47).

Other types of members can prevent positive interactions as well; for

instance, the “chatterbox” type can also prevent constructive and fair dis-

cussion, as P28 noted: “Gabbers seem to have nothing better to do than

to talk all day and night. They often overshare and dominate conversations

with talk of their personal problems.” P76 concurred, saying that chatter-

boxes “hog the convo, are dismissive of some members, and ignore other

members. These hoggers make most members feel left out.” To summarize,

even participation is critical to a group discussion’s communication quality,

as well as to members’ satisfaction and positive group dynamics.

• Design Goal 2: Encourage even contributions to ensure coherence and

satisfaction among the group members.

Organizing Diverse Members’ Opinions Is Challenging.

We discovered that the process of organizing and synthesizing diverse opin-

ions was important in ensuring high-quality discussion outputs. Each team

needs an organizer or leader to ensure good discussions: “There is the or-

ganizer, someone who can make sense of the whole discussion and wrap

things up” (P8); “I usually organize the group chat and keep things in or-

der” (P49). However, these organizers could not participate sufficiently in
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Figure 4.2: Task flow of the two chatbots used in the experiment. In the
Groupfeedbot condition, four features to facilitate group discussions were ap-
plied.

the discussion because synthesizing and organizing the members’ opinions

required a lot of effort [264, 182]. Many participants expected the chatbot

to make the discussion process smoother by reconstructing the opinions of

various group members: “A chatbot could be useful to help organize the

group chat and sort the conversation into threads for easy reading” (P33);

“I expect that the chatbot will clean up duplicated messages and organize

messages better” (P2).

• Design Goal 3: Aggregate and organize diverse opinions to reduce par-

ticipants’ cognitive load.

4.4 GroupfeedBot: A Chatbot Agent For

Facilitating Discussion in Group Chats

Based on the findings from the survey, we designed GroupfeedBot. This chat-

bot runs on the Telegram messaging application and was built with BotFa-

ther. The back-end server was built with Python, using the Telegram library

and pickleDB. The front-end and back-end use a Telegram dispatcher to

communicate, transmit data, and access APIs. GroupfeedBot was designed

and developed with the following features:

71



CHAPTER 4. DESIGNING CONVERSATIONAL AGENTS FOR
SOCIAL GROUP DISCUSSION

4.4.1 Time Management

GroupfeedBot sets up time limitations for each task to efficiently derive con-

sensus within a restricted time (Figure 4.1C). Time setting encourages group

members to be on the same page and to collaborate in achieving the discus-

sion goals. It also uses a time alert to induce the members to organize their

opinions (Figure 4.1E).

4.4.2 Encourage Lurkers to Speak Up

To encourage even contributions, GroupfeedBot engages members who have

not spoken. GroupfeedBot detects the members who had not commented

and asks, “What is [the lurker name] ’s opinion?” (Figure 4.1A). As the sec-

ond strategy for driving even participation, the chatbot asks the less outspo-

ken members for additional comments. It counts the number of words that

each member has submitted and then asks the person with the lowest total

to elaborate on their opinions with the question, “Can [the lurker name] tell

us more about the reasons for the comments you provided?” (Figure 4.1D).

GroupfeedBot gave a proper message based on lurker’s response. When

GroupfeedBot asked for a lurker’s opinion, if the lurker responded within 90

seconds, GroupfeedBot said “Thanks for your opinion” and then moved on

to the next step. Otherwise, GroupfeedBot said “Please tell me later.”

4.4.3 Organizing Individual Group Members’ Opinion

GroupfeedBot organizes the main opinions of each member (Figure 4.1). It

uses the Text-rank algorithm [155] to summarize each member’s comments

in one or two sentences. Subsequently, it extracts the lexical morphemes

from the summarized sentences and presents them in the form of hashtags.

This function is designed to reduce the difficulty of capturing individual
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members’ opinions which is caused by the chat interface’s unthreaded pre-

sentation method.

4.4.4 Summarizing Overall Opinion

GroupfeedBot summarizes comments from the entire discussion (Figure 4.1F).

It uses the Text-rank algorithm [155] to summarize the entire team’s out-

put in four to five sentences; it then extracts the key morphemes from the

summarized sentences and presents them as hashtags.

4.5 Qualitative Study with Small-Sized Group

We performed two user studies to examine GroupfeedBot’s feasibility in group

chats with diverse discussion tasks and various group sizes. In the first phase,

we conducted a qualitative study with small groups.

4.5.1 Study Design and Procedure

We performed the qualitative study for six groups, each composed of four

or five members. Each group performed four tasks: two with the basic chat-

bot and two with GroupfeedBot. We wanted to get in-depth feedback by

allowing every user to participate in the two types of discussion equally.

We gathered each randomly assigned group in a spacious room, where

we briefly described the study. We then placed each participant in a sepa-

rate space to reproduce non-face-to-face situations as well as possible. We in-

vited all the participants to join a group chat in Telegram using their smart-

phones. Afterward, the participants again gathered in one space, where we

conducted a roughly 40-minute FGI.
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4.5.2 Participants

We recruited participants by posting an announcement on our institution’s

online-community website. We recruited 25 participants (14 female). Their

mean age was 28.40 (SD = 3.65). To partially control for prior experience,

we required that all the participants had experience using Telegram and

group chatting in MIM. The study was conducted on strangers. We thought

GroupfeedBot would be more viable on nascent social groups which have

flexible norms so that members are more easily influenced by Groupfeed-

Bot’s nudging.

4.5.3 Apparatus

The chatbot was applied in two conditions: the basic chatbot and Groupfeed-

Bot. We implemented the aforementioned four features only for the condi-

tion with GroupfeedBot to verify the chatbot’s effects by comparing the two

conditions. We determined the appropriate duration through the pilot test.

Users wanted a longer discussion on topics which should derive consensus

from diverse opinions (decision-making and open-debating tasks) rather than

topics with optimal answers (estimation and problem-solving tasks). We de-

signed the study procedure so that participants in both conditions could per-

form the task in the same amount of time.

• Basic chatbot without facilitation: In this condition, participants con-

ducted a discussion without the main features of the facilitator chat-

bot (Figure 4.2). Following the basic chatbot’s instructions, the par-

ticipants shared individual opinions and held open group discussions.

• GroupfeedBot with facilitation: Participants performed the task with

the help of GroupfeedBot (Figure 4.2). GroupfeedBot asked for the
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lurkers’ opinions and organized the individual members’ opinions in

the early phase of the discussion. In the middle of the open group

discussion, the chatbot asked for additional comments from the mem-

bers who had contributed the least. When about a quarter of the time

remained, the chatbot gave a time alert and summarized the overall

opinions of the group.

4.5.4 Task

We constructed four group discussion tasks such that each group would en-

gage in discussion for its task and submit a final answer drawn from that

discussion. We selected diverse tasks that could be completed in the natural

group chat context.

• Estimation Task: The participants solved simple estimation problems

that involved inferring the height of the Eiffel Tower and the calories

in one avocado without searching the Internet [167].

• Decision-Making Task: We chose a travel task, which is a widely used

type of group decision-making task [105, 264]. Specifically, we asked

the participants to plan a one-day tour of Korea for a foreign friend

who was visiting the country for the first time.

• Open-Debating Task: In this task, we asked the members to provide

their opinions about a moral machine dilemma [11] so as to elicit vary-

ing opinions from the members. Open debates require the evaluation

and reasoning of ethical and social issues.

• Problem-Solving Task: We asked the participants to determine how

best to find out a person’s name that you have forgotten without di-
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rectly asking for that information; the scenario involved a social con-

text [31].

4.5.5 Results

We constructed a thematic map based on the participants’ responses to the

FGI. Three major themes emerged (κ = 0.80).

Time management induces efficient discussion.

The first theme involved efficient consensus reaching through time manage-

ment. The participants compared their experiences using messenger-mediated

(with no chatbot) and chatbot-mediated group discussions. Group chat dis-

cussions tend to be lagged in the current MIM system, but with the chat-

bot agent, the time restrictions made the conversation more focused: “It is

very useful to just bookmark the beginning and end of a discussion” (P21).

Many participants noted that the chatbot was effective at helping them to

manage time accurately and objectively; in short, it acted like a moderator.

P12 mentioned, “Usually, when there is a meeting through mobile messen-

ger, everyone tends not to concentrate, but the chatbot managed the dis-

cussion time so that members could immerse themselves, which makes for

efficient discussion.” Participants felt that GroupfeedBot’s time-alert feature

accelerated efficient decision-making: “It was good to present accurate time

guidelines so that discussions were not lengthy. Reminding the remaining

time helped us to round out the discussion” (P7).

Organizing opinions supports synthesizing process.

GroupfeedBot was particularly effective for the decision-making task that re-

quired the members to synthesize and organize their comments. Specifically,
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it helped the group to reach consensus by allowing the members to more

effectively identify each other’s views. P7 noted, “It’s not [normally] easy

to remember who said what, but it was comfortable [in this case] because

the chatbot summed up the members’ comments.” On the other hand, the

participants who discussed with the basic chatbot had difficulty synthesizing

the comments, as that required a large amount of mental effort. P13 com-

mented, “We had to decide on a course of travel, and it was bothersome to

extract the common denominator from the members.” This corresponds with

previous findings that organizing diverse opinions improves group’s decision-

making process [12, 264].

In addition, to derive the final consensus, the members used the chat-

bot’s summary as a reliable reference. P22 mentioned, “It was nice to see

what ideas came up when it showed the keywords.” The facilitator chat-

bot also reminded members of neglected issues as the conversation went on,

which allowed the discussion to proceed without bias: “The overall summary

helped us to revisit the matters that we’d forgotten because the conversation

was going in a different direction” (P4).

Users perceive chatbots as group members.

The participants recognized the chatbot as a group member who played a

specific role in the discussion. The participants described the chatbot using

personal pronouns (“he” or “she”) and as a “manager,” “supporter,” “facil-

itator,” “emcee,” “moderator,” and “assistant.” This implies that chatbots

can be extended to serve as group members who engage in specific social

and transactional roles, in addition to acting as a tool that assists in group

discussion [208]. The participants mentioned that the chatbot served as a

group member: “The chatbot participated in the convo and was not awk-

77



CHAPTER 4. DESIGNING CONVERSATIONAL AGENTS FOR
SOCIAL GROUP DISCUSSION

ward, so it felt really like a human. The feeling of having a manager in the

conversation helped us to have an efficient discussion” (P11); “The chatbot

was like a moderator. There was no need for a separate moderator” (P25);

and “I hope the chatbot gets more involved in the conversation” (P12).

4.6 User Study With Medium-Sized Group

We performed a user study to examine whether GroupfeedBot could improve

discussions for medium-sized groups. Based on previous work [123, 62], we

defined the number of members in the medium-sized group as 10. We as-

sumed that, as far as encouraging members to contribute evenly, the facilita-

tor chatbot would be more effective in a medium-sized group than in a small

group. This is because small groups tend to be active, whereas members in

larger groups tend to show low participation [123]. Members of large groups

are also more likely to engage in social loafing and free riding [108], so we

wanted to explore the facilitator chatbot’s feasibility in the larger (medium-

sized) group. In addition, when more members participate in a discussion, it

takes more cognitive load for them to organize and synthesize their various

opinions, so the facilitator chatbot could be more effective in group chats

with more members.

4.6.1 Study Design

This study used a 2 × 4 mixed factorial design, with chatbot (basic chatbot

vs. GroupfeedBot) as a between-subjects variable and task (estimation vs.

decision-making vs. open debating vs. problem-solving) as a within-subjects

variable. Two groups of 10 participants for each group participated in the

study (N = 20), one group had discussion with the basic chatbot and the
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other group with GroupfeedBot.

4.6.2 Procedure

As the same in the qualitative study, participants were gathered in a spa-

cious room and placed in a separate place. They were invited to join a group

chat in Telegram using their smartphones. The participants then completed

the four discussion tasks. At the end of each task, the participants responded

to a post-hoc survey composed of eight questions (on usefulness and on the

efficiency, effectiveness, and fairness of communication). After completing all

the tasks, the participants answered three open-ended questions about the

group chat experience. Afterward, the participants again gathered in one

space, where we conducted a roughly 30-minute FGI discussing their expe-

riences.

4.6.3 Apparatus, Task, and Participant

The apparatus and tasks used in this study were identical to those used in

the qualitative study. We recruited 20 participants (8 female; Mage = 26.15,

SDage = 2.32) who all had experience using Telegram and group chats. We

randomly assigned the participants to one of the two chatbot conditions.

4.6.4 Measures

We used the measures in terms of (1) group behavior, (2) users’ attitudes,

and (3) output quality. We collected three forms of data: chat log, quantitative-

survey data, and qualitative data (from the open-ended survey and the FGI).

The chat log data includes the messages’ contents, the times, the team ID,

the sender ID, and the task ID. We used the number of messages, number of
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Figure 4.3: A graphical representation of the group behavioral variables. (A)
Message quantity refers to how active the members participate in the dis-
cussion. (B) Opinion diversity is about the degree to which diversified mes-
sages are generated within the group. (C) Even participation means that
how fairly and equally individual members participate in the discussion.

senders, and sending times to analyze group behaviors. We used the survey

and FGI data to evaluate the users’ attitudes. We used the contents of each

team’s final answers on each task to measure the discussion output quality.

Group Behavior

• Message Quantity: Message quantity was measured by the number of

morphemes used within a group. A morpheme was used as the unit

because in Korea, spacing is not based on words. We could infer how

actively members participated in the discussion by analyzing message

quantity [68].

• Opinion Diversity: Opinion diversity is defined as the number of unique

lexical morphemes shared within a group. We collected all the mes-

sages generated within a group and counted the number of unique lex-

ical morphemes. For instance, although the lexical morpheme of “pro-

tection” was mentioned a number of times by multiple members, it

was counted as one opinion unit. The message diversity is used as the

approximation of the breadth of the discussion [31].

• Even Participation: We counted the number of morphemes per partic-
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Measure Item

Efficiency “The chatbot helps us more [easily or
quickly] reach a consensus as a group.”

Effectiveness “The chatbot helps us more [confidently or
comfortably] reach consensus as a group.”

Fairness “The chatbot helps us more [openly or
fairly] participate in the discussion”

Usefulness “The chatbot is useful,” and
‘The chatbot helps me more effective.”

Table 4.1: Survey items used for users’ attitudes

ipant to determine how evenly the members contributed to the dis-

cussion. We used standard deviation (SD) and the Gini coefficient as

the criteria for estimating even participation. The SD was standard-

ized (divided by the time unit), so the variance of participation can

be compared both by chatbot and by task. If a group has a high SD,

then it has high variance in participation, which can be interpreted as

indicating uneven member contributions. Similarly, the Gini index used

as a measure of inequality [55]. A higher Gini index indicates greater

concentration, which means a more uneven contribution.

Users’ Attitudes (Quantitative and Qualitative)

After each task, the participants answered questionnaires to assess (1) com-

munication efficiency [105], (2) communication effectiveness [105], (3) com-

munication fairness, and (4) usefulness [149]. Each was measured with two

items. The participants rated these items on a 7-point Likert scale from 1

(strongly disagree) to 7 (strongly agree). We aggregated the responses at the

individual level and then at the group level. The survey items are presented

in Table 4.1.

We also gathered qualitative responses using open-ended questions to
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gain more insight into the users’ experience. Based on the survey results, we

conducted a FGI to gain more insight into the users’ experiences with the

chatbot system.

Output Quality

To assess the quality of the discussion output, we evaluated the teams’ fi-

nal submitted answers for each task. We recruited five human judges for this

task, and they rated the teams’ answers on a 10-point differential scale, with

higher scores indicating higher output quality. These ratings have a signifi-

cant inter-rater reliability (Krippendorff’s α = 0.78).

4.6.5 Results

Our result has revealed that the group with GroupfeedBot marginally ex-

changed more diverse opinions within a group. However, there was no sig-

nificant difference in the message quantity and output quality. Behavioral

patterns of even participation to the discussion differed depending on the

chatbot conditions. In general, participants with GroupfeedBot contributed

more evenly to the discussion. Furthermore, the significant differences were

observed in users’ attitudes.

Group Behavior

• Message Quantity

Although the discussions had similar duration across the chatbot conditions,

the mean number of words used per task was higher with GroupfeedBot

(MGFB = 329.9, SDGFB = 140.79) than with the basic chatbot (Mbasic =

271.9, SDbasic = 157.53). However, the Mann-Whitney U test revealed no

82



CHAPTER 4. DESIGNING CONVERSATIONAL AGENTS FOR
SOCIAL GROUP DISCUSSION

A
ll

(A
v
e
ra

g
e
)

A
.
E
st
im

a
ti
o
n

B
.
D
e
c
is
io
n
-m

a
k
in
g

C
.
O
p
e
n
-d

e
b
a
ti
n
g

D
.
P
ro

b
le
m
-s
o
lv
in
g

B
as
ic

G
F
B

B
as
ic

G
F
B

B
a
si
c

G
F
B

B
as
ic

G
F
B

B
as
ic

G
F
B

G
ro

u
p

B
e
h
a
v
io
r

Q
u
an

ti
ty

27
1
.9

32
9
.9

43
0

5
2
6

8
7
4

11
0
7

9
4
2

8
4
4

47
3

8
2
2

D
iv
er
si
ty

2
3
6
.3

3
1
8
.3

*
18
5

2
4
3

2
79

3
9
6

29
1

3
2
4

1
9
0

3
10

E
ve
n
n
es
s
(S
D
)

0.
07

3
0.
05

2
0
.0
5
5

0.
0
5
8

0
.0
86

0.
0
9
5

0
.1
2
9

0.
0
6
5

0
.0
5
6

0
.0
9
8

E
ve
n
n
es
s
(G

in
i)

0.
29
6

0.
22

5
0.
3
34

0.
3
63

0
.3
0
6

0.
3
3
7

0
.3
8
0

0
.2
68

0
.2
78

0
.3
9
5

U
se

rs
’
A
tt
it
u
d
e
s

E
ffi
ci
en

cy
4
.4
1

5
.2
4

**
4.
70

4.
8
5

3
.8
0

5
.3
5

*
3
.5
5

5
.2
5

*
*

5
.6
0

5
.5
0

E
ff
ec
ti
ve
n
es
s

3
.7
0

4
.7
5

**
3
.6
0

3
.5
5

*
**

3
.2
0

5
.2
0

*
**

3
.6
5

5
.0
5

*
*
*

4
.3
5

5
.2
0

*
**

F
a
ir
n
es
s

3
.9
1

5
.1
6

**
*

4
.0
5

4
.2
0

*
**

3
.6
5

5
.4
5

*
**

3
.0
5

5
.4
0

*
*
*

4
.9
0

5
.6
0

*
**

U
se
fu
ln
es
s

4
.0
2

4
.9
8

*
4.
10

4
.5
5

3
.6
5

5
.3
0

*
*

3
.6
0

5
.0
0

*
4.
7
5

5
.1
0

O
u
tp
u
t
Q
u
a
li
ty

6.
6
0

6
.7
1

5
.8
1

6
.0
1

7
.3
8

6
.5
7

6.
22

6
.8
5

7
.0
2

7
.3
9

N
o
te
:

+
p
<
0
.1
0;

∗ p
<
0
.0
5
;
∗∗
p
<
0.
01
;
∗∗

∗ p
<
0
.0
01

Q
u
an

ti
ty

(M
es
sa
ge

Q
u
an

ti
ty
):

T
h
e
n
u
m
b
er

of
m
or
p
h
em

es
u
se
d

w
it
h
in

a
gr
ou

p
.

D
iv
er
si
ty

(O
p
in
io
n

D
iv
er
si
ty
):

T
h
e
n
u
m
b
er

of
u
n
iq
u
e
le
x
ic
a
l
m
or
p
h
em

es
sh
ar
ed

w
it
h
in

a
gr
ou

p
.

E
ve
n
n
es
s
(E

v
en

C
o
n
tr
ib
u
ti
o
n
):

T
h
e
d
is
tr
ib
u
ti
o
n

of
sh
a
re
d

m
es
sa
g
es

p
er

m
em

b
er

w
it
h
in

a
gr
ou

p
.

T
a
b
le

4.
2:

R
es
u
lt
s
of

th
e
m
ed

iu
m
-s
iz
ed

g
ro
u
p
.
In

ge
n
er
al
,
th
e
gr
ou

p
w
it
h

G
ro
u
p
fe
ed

B
ot

te
n
d
ed

to
ge
n
er
at
e
m
or
e

d
iv
er
se

o
p
in
io
n
s
(D

iv
er
si
ty
).

It
is

n
ot
ic
ea
b
le

th
at

th
e
m
es
sa
ge

q
u
an

ti
ty

w
as

h
ig
h
er

in
th
e
co
n
d
it
io
n

w
it
h

th
e
b
as
ic

ch
a
tb
o
t,

b
u
t
o
p
in
io
n
d
iv
er
si
ty

w
as

g
re
at
er

w
it
h
G
ro
u
p
fe
ed

B
ot

fo
r
th
e
op

en
-d
eb

at
in
g
ta
sk
.
In

te
rm

s
of

ev
en

p
ar
ti
ci
p
a-

ti
on

,
p
ar
ti
ci
p
a
n
ts

in
th
e
G
ro
u
p
fe
ed

B
o
t
co
n
d
it
io
n
ge
n
er
al
ly

co
n
tr
ib
u
te
d
to

th
e
d
is
cu

ss
io
n
m
or
e
ev
en

ly
,
b
u
t
th
es
e
eff

ec
ts

va
ri
ed

d
ep

en
d
in
g
on

th
e
ta
sk

(E
ve
n
n
es
s)
.
G
ro
u
p
fe
ed

B
ot

eff
ec
ti
ve
ly

le
d
to

ev
en

co
n
tr
ib
u
ti
on

,
es
p
ec
ia
ll
y
in

th
e
op

en
-

d
eb

a
ti
n
g
ta
sk
.
In

te
rm

s
o
f
u
se
rs
’
at
ti
tu
d
es
,
G
ro
u
p
fe
ed

B
ot

p
ar
ti
ci
p
an

ts
ge
n
er
al
ly

p
er
ce
iv
ed

th
at

th
e
d
is
cu

ss
io
n
s
w
er
e

m
o
re

effi
ci
en
t,

eff
ec
ti
ve
,
an

d
fa
ir
,
a
n
d
th
ey

ra
te
d
th
e
u
se
fu
ln
es
s
of

th
e
ch
at
b
ot

ag
en
t
h
ig
h
er
.
S
ta
ti
st
ic
al
ly

si
gn

ifi
ca
n
t

d
iff
er
en

ce
s
in

u
se
rs
’
a
tt
it
u
d
es

a
re

in
b
ol
d
.

83



CHAPTER 4. DESIGNING CONVERSATIONAL AGENTS FOR
SOCIAL GROUP DISCUSSION

significant differences between the two groups (U = 10.00, Z = 0.398, p =

0.690). This is may be due to the large variance in the data (Figure 4.4)

and due to the small number of participants.

• Opinion Diversity

We conducted a Mann-Whitney U test to compare the basic chatbot and

GroupfeedBot in terms of opinion diversity. An analysis of the number of

unique lexical morphemes revealed that the group discussed with Groupfeed-

Bot shared more diversified messages than did those with the basic chat-

bot (U = 2.00, Z = 2.148, p = 0.032). This result could be interpreted

that GroupfeedBot’s facilitating feature might increase divergent opinion ex-

change despite the small sample size.

• Even Participation

The overall SD and Gini index were lower in the GroupfeedBot condition

than those in the basic chatbot condition. This result implies that Groupfeed-

Bot may encourage even participation among group members. However, the

even participation pattern was different depending on task type (Figure 4.4).

GroupfeedBot has appeared to elicit even participation for the open-debating

task. It may be inferred that the facilitator chatbot may induce comments

from the lurkers for discussions in which personal opinion expression is of

high importance.

Users’ Attitude (Quantitative)

A nonparametric test of Aligned Rank Transform was conducted for mixed

factorial design to test whether the main effects and interaction effect exist

[254].
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Figure 4.4: Distribution of messages per participant in the experiment. The
even participation patterns were revealed differently depending on the tasks’
characteristics. For the estimation task, there was no variation in terms
of even participation by chatbot type. On the other hand, for the open-
debating task, participants in the GroupfeedBot condition appeared to par-
ticipate evenly in the discussion.
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The Aligned Rank Transform for perceived user attitude yields a main

effect for the chatbot type in terms of communication efficiency (F (1, 18)

= 10.03, p = 0.005), communication fairness (F (1, 18) = 12.33, p = 0.002),

communication effectiveness (F (1, 18) = 27.47, p = 0.000), and usefulness

(F (1, 18) = 10.07, p = 0.005). This means that the facilitator chatbot con-

dition produced better communication quality and usefulness than did the

control condition.

We found a significant interaction between the chatbot type and the

task type in terms of communication efficiency (F (3, 54) = 7.86, p = 0.000),

communication fairness (F (3, 54) = 5.81, p = 0.002), communication effec-

tiveness (F (3, 54) = 7.73, p = 0.000), and usefulness (F (3, 54) = 3.35, p =

0.025). Thus, the task type may affect the facilitator chatbot’s effectiveness.

The results of the post-hoc analyses using Tukey’s HSD indicate that

the facilitator chatbot condition produced better communication effective-

ness and communication fairness in all tasks, as compared to the control

condition. In terms of communication efficiency and usefulness, the facilita-

tor chatbot was more effective for only the decision-making (communication

efficiency: p = 0.008; usefulness: p = 0.000) and open-debating (communi-

cation efficiency: p = 0.002; usefulness: p = 0.019) tasks.

These results suggest that the facilitator chatbot’s effects on users’ atti-

tudes may be inconsistent across different task types. GroupfeedBot’s effects

were more pronounced for the decision-making and open-debating tasks. For

the decision-making and the open-debating tasks, it is important to consider

how many of the members spoke up and how well their diverse opinions were

synthesized into the process. In these tasks, the facilitator chatbot may func-

tion well. On the other hand, for the estimation and problem-solving tasks,

the chatbot’s roles of facilitating diverse members’ contributions and orga-

nizing their opinions were mostly irrelevant to the communication efficiency
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and usefulness because, in those tasks, finding the optimal answer is more

important than encouraging diversity.

Member Attitude (Qualitative)

The qualitative analysis in this study focuses on the feature of encourag-

ing even participation, the effect of which could be more pronounced in the

medium-sized group (κ = 0.75).

• Encouraging Even Participation

GroupfeedBot’s feature of encouraging lurkers to participate allowed the mem-

bers to contribute more evenly to the discussion. Participants with the ba-

sic chatbot reported negative experiences such as having a few members

dominate the discussion: “It was a shame that the opinions were skewed

to one side and that the conversation was focused on a few people” (P27).

On the other hand, participants in the facilitator chatbot’s discussion in-

dicated that the members contributed equally to the discussion and that

the discussion went smoothly: “It was good that the chatbot distributed

the opportunity to speak by pointing out who had not participated” (P39).

P45, whom the chatbot called out in this manner, said, “I didn’t talk much,

but I was able to share my thoughts with the other members because the

chatbot encouraged me to share my opinions.” The involvement of various

members contributed to the discussion being fair, as P40 noted: “The chat-

bot asked for comments from participants who didn’t speak enough, which

helped the team make fair decisions.” P36 agreed: “Teams typically make

decisions based on one member who talks a lot or who has strong opinions,

but in this case, the decision was made fairer because the chatbot asked

questions of the members who hadn’t spoken or given many opinions.”
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• Reducing the Relational Burden

GroupfeedBot pointed out which members had participated less in the dis-

cussions, which reduced the relational burden that can arise when human

members perform the same actions as other members. People usually feel

uncomfortable calling out a fellow member; the participants in the facilita-

tor chatbot’s discussion, however, noted that they were appreciated that the

chatbot replaced this kind of behavior. P41 noted, “If someone doesn’t talk

in a group chat, directly asking them to give their opinion is socially bur-

densome. It seems like you are attacking that person, so the person whom

you call out can get offended. However, it was nice to have a chatbot use

its neutral stance to call out members because there no misunderstanding

could occur—unlike when humans talk to humans. We can’t blame the bot

because it is totally objective.” P30 added, “It is inconvenient for a leader

to nag passive members, and it would be nice for the chatbot to take one

for the team instead of making the human leader do this.”

• Inducing Opinion Deliberation

GroupfeeBot asks for additional comments; this led some participants to

think about providing concrete evidence for their superficial claims. Delib-

eration can improve the quality of the participants’ knowledge and opin-

ions [74], positively affect interpersonal trust [66], and increase participation

[157]. P44 noted, “I talked only a little, and the chatbot asked me for ad-

ditional comments, which led me to think more deeply about the reasons

for my opinion. I think it’s better when the chatbot encourages additional

comments more often.” The facilitator chatbot’s feature of encouraging ad-

ditional feedback simultaneously improved both the quantity and the quality

of the discussion, as P36 noted: “The chatbot asked the less talkative mem-
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bers for more comments, which helped to improve the quality and quantity

of ideas.”

Output Quality

Our analysis reveals that there were no significant differences in the output

quality for any of the tasks. The discussion outputs were quite similar re-

gardless of the chatbot’s intervention style. This result suggests that, while

the facilitator chatbot’s involvement did not lead to negative consequences,

it could increase the discussants’ satisfaction and encourage even participa-

tion.

4.7 Discussion

In this section, we discuss the findings of the study and its implications for

designing a conversational agent for group discussions.

4.7.1 Considering Group and Relationship Characteristics

Although we conducted a lab study to verify GroupfeedBot’s core effects,

future work could focus on diverse variables related to groups in the wild.

GroupfeedBot’s features were more pronounced in medium-sized groups, in

which it is hard to discern every member’s participation status and lurkers

are more likely to occur. These results imply that group characteristics and

discussion contexts should be considered when applying chatbots in the wild.

Relationship type should be considered as well. From the FGI results, 9 par-

ticipants noted that GroupfeedBot might be more effective in groups with

a formal social affiliation (e.g., school reunion) rather than informal social

groups. Group maturity could also matter. The issues of how GroupfeedBot
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affects the formation and adjustment of group norms and how to design a

chatbot that supports groups over a longer period of time can be interesting

future venues.

4.7.2 Simple Messages Can Nudge User Participation

Notably, the chatbot’s simple nudge of asking members for their opinions in-

duced actual behavior. When the members were prompted to add to the dis-

cussion, they shared their points of view with the group more often. In the

medium-sized group study, GroupfeedBot identified six lurkers, five of whom

responded to GroupfeedBot’s request. Individual members do not engage in

social loafing and negligence simply because they are performing tasks in a

group. Rather, social loafing occurs because an individual’s contribution/non-

contribution to the group is not identifiable [120]. In messenger-mediated

situations where social loafing is difficult to detect, the facilitator chatbot

could drive member participation by making the lurkers’ undesirable behav-

iors identifiable.

4.7.3 Chatbot’s Effects Can Vary Depending on Tasks

In terms of even participation and users’ attitudes, the facilitator chatbot’s

effectiveness varied depending on the task type. Our results revealed that

GroupfeedBot elicited even contribution among members, especially in the

open-debating task (Figure 4.4). Among the various types of discussions,

open debate on social issues is critical for a sound democracy [156]. An open

debate has no single correct answer, and it is important to use a democratic

process in which community members can all provide their arguments. In

this aspect, it could be expected that a facilitating chatbot could at least

minimally contribute to the development of participatory discussions.
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Moreover, the participants who discussed with the facilitator chatbot

perceived the discussion as efficient and the chatbot agent as useful only in

the decision-making and open-debating tasks and not in the estimation and

problem-solving tasks (Table 4.2). This suggests that GroupfeedBot’s facili-

tating features could be more effective for tasks that require collaboration in

which the members synthesize and mediate diverse opinions than for tasks

involving finding the optimal solution from divergent ideas. Thus, chatbots

should be properly applied to group discussions depending on the task’s na-

ture.

4.7.4 Future Work and Limitations

Here, we present limitations and future research directions. First, the sam-

ple size is small and does not sufficiently verify our findings. To generalize

our preliminary results, further experiments should be conducted on a larger

number of groups. Second, although we compared GroupfeedBot with the

basic chatbot, we did not compare the facilitator chatbot with a human fa-

cilitator. Third, we used synchronous lab experiment situations rather than

natural asynchronous situations. In the future work, we will apply the fa-

cilitator chatbot in a real-world setting without imposing any space–time

constraints in the future work. Forth, when implementing the main features,

we used one specific method (e.g., keyword presentation for summarization).

Further research could be performed on various ways of implementing the

chatbot’s main features. Fifth, we could consider a chatbot that can func-

tion as a group chat manager in a natural setting, with the help of AI tech-

nology.
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4.8 Conclusion

This study explored the feasibility of using a chatbot agent to support group

chat discussions. We implemented GroupfeedBot, a chatbot agent which man-

ages discussion time, encourages even participation, and organizes diverse

opinions. Our results revealed that the facilitator chatbot can produce di-

verse opinion exchanges and encourage even participation, resulting in pos-

itive group dynamics.
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Chapter 5

DesigningConversational

Agents forDeliberativeGroup

Discussion

Online chat functions as a discussion channel for diverse social issues. How-

ever, deliberative discussion and consensus-reaching can be difficult in online

chats in part because of the lack of structure. To explore the feasibility of

a conversational agent that enables deliberative discussion, we designed and

developed DebateBot, a chatbot that structures discussion and encourages

reticent participants to contribute. We conducted a 2 (discussion structure:

unstructured vs. structured) × 2 (discussant facilitation: unfacilitated vs. fa-

cilitated) between-subjects experiment (N = 64, 12 groups). Our findings are

as follows: (1) Structured discussion positively affects discussion quality by

generating diverse opinions within a group and resulting in a high level of

93



CHAPTER 5. DESIGNING CONVERSATIONAL AGENTS FOR
DELIBERATIVE GROUP DISCUSSION

perceived deliberative quality. (2) Facilitation drives a high level of opinion

alignment between group consensus and independent individual opinions, re-

sulting in authentic consensus reaching. Facilitation also drives more even

contribution and a higher level of task cohesion and communication fair-

ness. Our results suggest that a chatbot agent could partially substitute for

a human moderator in deliberative discussions.

5.1 Background

Figure 5.1: Example of discussion moderation and facilitation strategies ap-
plied in DebateBot. DebateBot structures discussion by encouraging partic-
ipants to reason about their opinions (S1), share personal opinions in turns
(S2), conduct free group discussion (s3), organize group consensus (S4), and
submit group consensus (S5). DebateBot also facilitate even participation by
encouraging lurkers to speak up (F1, 2, 3).

The Internet promotes a public sphere where people gather to exchange

ideas, form opinions, and mobilize social movements [193]. Discussions in

online chat spaces like Messenger, Telegram, and WhatsApp allow people

to share different perspectives and opinions, free from time and place con-

straints. In certain online chat spaces, the guarantee of anonymity can fa-
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cilitate greater openness about opinions and experiences [241]. Because of

these advantages, online chats have emerged as a channel for discussing di-

verse social issues and driving social change [88].

However, the fact that these spaces can host discussions does not guar-

antee that they will properly function as a segment of the public sphere

[179]. A long history of empirical work has shown that rational debate and

deliberation do not always occur in online discussions. Many people do not

actively participate in discussions [94, 204]. People join groups and seek in-

formation consistent with their own perspectives, which can make it difficult

for them to understand or respect others’ contrasting viewpoints [163]. Due

to these problems, consensus-reaching can be difficult in online discussion

[101].

Despite the above, consensus reaching is highly important for situations

in which a society is required to make a decision regarding an issue with ma-

jor social consequences (e.g., How should self-driving cars make decisions in

complicated situations?, Who owns the copyrights for AI created art?, What

kind of harmful online content should be moderated?) [167]. It benefits both

community members who have a stake in the outcomes of these decisions

and society as a whole if a consensus is reached through iterative and de-

liberative discussions that are perceived as legitimate and fair [73], and at-

tempts at such a discussion are referred to as ‘society in the loop’ [189].

Existing studies tend to pay attention primarily to discussion results,

which are measured on the basis of whether or not a consensus has been

reached. This perspective leads discussions toward being regarded as a means

of obtaining a majority consent [198]. However, rather than the mere results

of a given consensus, there are significant elements which constitute delib-

erative discussion including authenticity, substantive balance, diversity, and

reasoning processes [65, 224, 82]. Thus, in this work we do not assess the

95



CHAPTER 5. DESIGNING CONVERSATIONAL AGENTS FOR
DELIBERATIVE GROUP DISCUSSION

success or failure of a discussion based on whether an agreement has been

arrived at, instead distinguishing between deliberative consensus and mere

agreement. We investigate whether the discussion includes both a delibera-

tion process that matches the above criteria and an outcome where discus-

sants actually agree with or concede to a consensus (authenticity) [82].

The HCI and CSCW community has explored methods for prompting

constructive and balanced discussion. Previous studies have developed sys-

tems to enable reasoned argumentation [56, 162, 200] and a balanced and

valid perspective [124, 130] and to help human moderation [138]. Further-

more, a multi-turn argumentation system for crowd workers has been shown

to improve data accuracy [33] along with worker engagement [186]. Our work

draws inspiration from this prior work, building on findings related to ef-

fective discussion facilitation, but translates these findings into the integra-

tion of a computerized “facilitator”—a conversational agent—into a discus-

sion platform rather than transforming or adding elements of the platform’s

front-end interface. We treat this chatbot as a member of the host commu-

nity [208]. In line with recent work [209], we argue that chatbot agents can

foster positive group dynamics by playing specific social roles that human

agents may not want to perform or may be naturally disadvantaged in per-

forming relative to a chatbot.

What role can chatbot agents play to promote deliberative discussion?

Unlike official discussions managed by professional moderators [238], many

informal discussions between people with common interests in online spaces

take place without moderators, i.e., group chats or chatrooms. In situations

where a moderator might have been able to manage a heated conversation,

the absence of such a moderator can intensify the natural drawbacks of un-

structured, unthreaded discussions [69, 125]. Moreover, absent a moderator

monitoring a discussion, the right or power to speak may not be evenly dis-
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tributed among the participants [125], potentially leading to a “spiral of si-

lence” [137]. Moderators distributing the right to speak and structuring dis-

cussion may induce more even and active participation [41], given a shared

group goal of achieving consensus, enabling more effective deliberative dis-

cussion and allowing groups to reach a more authentic consensus.

In this paper we present findings from the process of designing and

testing a chatbot to facilitate deliberative discussion. We propose “Debate-

Bot”, which is designed to (1) structure discussion and (2) request opin-

ions from reticent discussants. DebateBot structures discussion based on the

think-pair-share framework, which helps to maintain opinion independence

and strengthen reasoned arguments (Figure 5.1: S1-5) [13, 167]. It also en-

courages participation from lurkers and thus can solicit a broader variety of

opinions (Figure 5.1: F1-3).

In our tests we focused on discussion topics related to ethical dilem-

mas (i.e., the trolley problem of self-driving cars and the rights of AI), in

which consensus-reaching and deliberative discussion are requisite. We pre-

dicted that the chatbot agent could facilitate deliberative discussion by en-

couraging more active and more balanced participation, greater opinion di-

versity, and clearer arrival at a mutually agreed-upon consensus. To evalu-

ate the feasibility of the chatbot agent, we conducted a 2 (discussion struc-

ture: unstructured vs. structured) × 2 (discussant facilitation: unfacilitated

vs. facilitated) experiment. In the structured condition, the chatbot agent

structured discussion to encourage independent thinking and facilitate mem-

bers’ understanding of different perspectives using methods based on prior

research [167, 200] including a think-pair-share strategy [13]. Participants in

the unstructured condition engaged in free discussion without a predefined

format. In the facilitated condition, DebateBot encouraged participants who

had been less involved in the discussion to express their opinions; this in-
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tervention did not occur in the unfacilitated condition. We ran experiments

with 12 groups of five or six members each (N = 64). We measured delib-

erative discussion based on authentic consensus reaching (discrepancy be-

tween group’s and individual’s opinions), group behavior (active participa-

tion, even participation, lexicon diversity), and discussants’ attitudes (opin-

ion alignment, opinion authenticity, communication quality, and usefulness).

We also collected and analyzed users’ qualitative feedback.

We found the following:

• In general, a chatbot-moderated discussion structure positively affects

the quality of the discussion. Facilitating lurkers to speak drives in-

creased opinion alignment, equality of contribution, and group mem-

bers’ perceived satisfaction.

• There was no difference in the overall magnitude of participation across

the four conditions, but the distribution pattern of participation was

different. Participants in the facilitated group participated more equally

in the discussion.

• Participants in structured discussions produced more diverse opinions

(i.e., lexicons), generating a breadth of opinions. However, discussant

facilitation did not accelerate this effect. This might be because one

group, under the facilitated and structured condition, exhibited a unan-

imous prior opinion; this may have prevented the emergence of diver-

sity.

• In the facilitated and structured discussion condition, the highest pro-

portion of participants reported that the group’s consensus matched

their personal opinions, resulting in authentic consensus reaching.

98



CHAPTER 5. DESIGNING CONVERSATIONAL AGENTS FOR
DELIBERATIVE GROUP DISCUSSION

Based on these findings, we discuss the design implications of the online

chat system for deliberative discussion. The main contributions of this work

are as follows:

1. We present a chatbot that we designed and built to enable deliberative

discussion by structuring discussion and facilitating even participation.

We demonstrate that the agent can perform the role of moderator in

the group discussion process.

2. We present findings from an evaluation of deliberative discussion in

terms of active and even participation, opinion diversity, and authen-

tic consensus reaching based on behavioral log data, finding significant

impact from the use of the chatbot agent.

3. We discuss the implications of a chatbot agent that can facilitate on-

line discussion and present considerations for future work.

It should be noted that the work we present here may not be appropri-

ate for certain sensitive and divisive issues such as racial, sexual, religious,

or political topics, as the power dynamics and emotional intensity of these

topics could be beyond the facilitation capabilities of the system we present

here [28]; for some topics within these categories, it is unclear whether a ne-

gotiated consensus is even the desired outcome [23]. For these topics, a more

specialized intervention may be required.

5.2 Related Work

This study aims to explore the feasibility of a text-based chatbot agent as

a moderator in online discussions. We first look at how and where chatbots

have been applied, then identify their advantages over other systems. Next,
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we explore the factors that enable deliberative discussion and their effects

in face-to-face and computer-mediated contexts, and discuss how these may

be integrated into the design of the chatbot agent.

5.2.1 Structured Discussion

Structured discussion enables deliberation by promoting reasoned arguments

[200], reducing deviation from the topic [60], and enabling independent think-

ing [13, 167]. In deliberative discussion, it is crucial to support claims with

both evidence and reasoning [124, 129] and to understand other participants’

opinions before engaging in full-scale debate [13, 167]. While it is easy to ex-

press opinions spontaneously without elaboration in many online contexts,

constructive discussion is only possible if arguments are based on solid ratio-

nales established prior to the discussion [56, 200]. This is consistent with Co-

hen’s concept of reasoning, an important component of deliberative democ-

racy. Cohen [40] stated that in deliberative discussion, arguments must be

based on reasonable and logically sound evidence. High-quality discourse can

be achieved and rational decisions can be made when debaters conduct dis-

cussions based on reason and proceed with debate in a structured manner

[83], particularly when independent judgments are encouraged rather than

overshadowed by majority opinion (groupthink) [167].

A number of studies applied structured discussion to facilitate online

group communication by introducing multiple stages by, for example, allow-

ing users to exchange opinions and achieve goals productively by conduct-

ing discussions in an order provided by the system. LeadLine enables struc-

tured discussion by allowing people to create predefined scripts [60]. Liq-

uidFeedback introduces four stages—-admission, discussion, verification, and

voting—-to support online deliberative processes for policy-making [52]. So-
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lutionChat provides a flexible structure that allows moderators to use a per-

sonalized structure and control step transitions [138]. These studies provide

supporting evidence for the effects of structured discussion. However, these

studies have structured the discussion at the level of the graphical user in-

terface, and none has verified the feasibility of a conversational agent that

structures a multi-stage discussion like a human moderator. Designing the

stages of deliberative discussion that enable reasoning into the protocol of

a chatbot can facilitate deliberative discussion. In synchronous discussion,

chatbots can structure discussions by guiding discussants to the discussion

stages considering a predetermined time.

5.2.2 Equality and Diversity

One of the basic elements of deliberative discussion is that every partici-

pant has equal standing [40]. Deliberative discussion requires an equilibrium

of substantially equal opportunities for people with different perspectives to

present their opinions [65]. However, it is often observed that equal partici-

pation does not often occur in online spaces. The influence of minority opin-

ions can be repressed, and decision-making can be dominated by influential

users; online discussions with a more democratic power balance can be dif-

ficult to hold [233].

Unequal participation in online discussions can have two interrelated

consequences: a “spiral of silence” and social loafing. When a person is on

the side of a minority opinion, a spiral of silence can arise because of fear

of receiving bad evaluations or being isolated from others [172]. Since ex-

pressing opinions is a social act that reflects a social climate and not simply

an independent action, it is possible to express agreement with dominant

opinions even when they are not in accord with individual opinions. Social
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loafing, or a reduction of individual input, can occur when users are collabo-

rating in a group, particularly when incentives to contribute are low [116]. In

this case, a form of social loafing may occur when a user believes that there

is little reason for them to contribute to a deliberative discussion. Reducing

individual input within a group lowers the motivation of other members and

has a long-term negative effect on the group and organizational level [116].

Although uneven participation among the users has been criticized as

an obstacle to positive group dynamics, far too little attention has been paid

to solving this problem using technology. Our design aims to overcome these

challenges by encouraging members who are less involved in discussion to

express their opinions. We incorporate this principle into the design of the

chatbot, allowing it to identify members in real time who are passive in ex-

pressing their opinions and encourage them to participate, potentially lead-

ing to a greater diversity of opinions and making arrival at a representative

understanding more likely. Thus, we focus on the following research ques-

tions:

• RQ1. How can a chatbot be designed to facilitate deliberative discus-

sions?

• RQ2. Can a chatbot designed to structure discussion and facilitate dis-

cussants have a positive effect on the deliberative discussion in terms of

consensus reaching (behavioral and perceived opinion alignment), opin-

ion expression (active participation, even contribution, outspokenness),

discussion quality (lexicon diversity, deliberative quality), and discus-

sant satisfaction (task cohesion, communication efficiency/fairness/effectiveness)?
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5.3 DebateBot

We designed DebateBot, a conversational agent that runs within the Tele-

gram messaging application and was built with BotFather. The backend server

was built through Python using the Telegram library and pickleDB. The

frontend and backend utilize Telegram dispatchers to communicate, transfer

data, and access APIs. DebateBot possesses two primary features: structur-

ing discussion and facilitating discussants.

5.3.1 Structuring Discussion (Discussion Structure)

DebateBot structures discussions based upon principles established in prior

work [167, 200] including a think-pair-share strategy [13]. Think-pair-share

is a collaborative discussion strategy which serves to encourage independent

opinion formation and facilitates an understanding of different perspectives.

According to this strategy, discussants individually consider the subject, dis-

cuss it with several colleagues, and then share what they discussed with the

entire body of participants. Similarly, Navajas et al. [167] made each par-

ticipant think about the subject first, and then a group of five individuals

discussed and came to a team consensus. Prior work in crowdsourcing has

also structured deliberation through the process of a crowdworker perform-

ing classification tasks individually and then discussing cases of disagreement

[200].

These strategies facilitate the process of ensuring opinion independence

within a group by encouraging people to fully consider their personal opin-

ions pertaining to the subject prior to participating in a discussion where

they can be influenced by others. These strategies can also help them under-

stand a different point of view by preparing them to share opinions with var-

ious people. Building on this previous work, we define the discussion struc-
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Figure 5.2: Discussion structure used in the study

Table 5.1: Dialogue of DebateBot According to the Discussion Stage. All
messages are translated from Korean.

Stage Dialogue of DebateBot

Individual opinion expression “Please indicate your opinion on the topic.”
Reasoning about opinion “Please provide reasoning for your judgment.”
Sharing personal opinions “Share your opinions and reasons in turns”

Conducting free group discussion “We shared our opinions, so feel free to discuss the topic for
10 minutes.”

Organizing group consensus “ 1 minute left. Please organize the team consensus.”
Submitting group consensus “ Time is up. One representative, please submit the team’s

final consensus with the command (/DebateEnd).”

ture as: (1) expressing individual opinion, (2) reasoning about opinion, (3)

sharing personal opinions in turns, (4) engaging in free group discussion, (5)

organizing a group consensus, (6) submitting a group consensus. The first

and second stages were conducted individually. In the group chat room, the

chatbot presented a discussion topic and then provided a web survey URL to

check the individual opinions. Participants accessed the URL and presented

their individual opinions. After the individual submitted their individual’s

opinion, the chatbot provided a URL linked to a notepad for the partici-

pants to explain why they held that opinion. The participants connected to

the URL and wrote the reason for their opinion. Subsequent processes were

conducted together by the group members. The third stage of this procedure

was designed to reach a deliberative consensus by providing equal opportu-

nity for personal opinion expression in advance of free group discussion.
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Figure 5.3: Chat flow for discussant facilitation.

5.3.2 Encouraging Reticent Members to Participate

(Discussant Facilitation)

As seen in flow chart in Figure 5.3, for a specific discussion section (Fig 5.3.

A), DebateBot identifies whether there are any discussants who have not

expressed their opinions (Fig 5.3. B). DebateBot properly induces participa-

tion according to the number of lurkers by asking “What is [lurker name]’s

opinion?” or “[Lurker name], what do you think?” (Fig 5.3. C). DebateBot

then offers a response message based on the lurkers’ reaction (Fig 5.3. D).

If the lurkers respond within a certain amount of time, it states “Thank
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you for your opinion ”. ; otherwise, the chatbot says “Please let me know

later!”. The appropriate message and time interval were determined through

iterative pilot tests. However, since this study developed a rule-based chat-

bot, DebateBot considers lurkers to give appropriate messages even when

they give those with no information (e.g., “zzz”, “good”). Future research

can develop a chatbot agent that provides an appropriate response by un-

derstanding the information of the message based on natural language pro-

cessing algorithms.

Afterward, DebateBot proceeds on to the next phase. After counting

the number of words that each discussant has expressed (Fig 5.3. E), the

chatbot requests additional opinions from the discussant with the lowest

level of participation (Fig 5.3. F). It does so by asking “Can [Lurker name]

provide further reason for their opinion?”. DebateBot then sends an appro-

priate follow-up message based on the lurker’s response (Fig 5.3. G). Then,

the chatbot moves on to the next discussion phase (Fig 5.3. H).

5.4 Method

5.4.1 Study Design

We use a format of 2 (discussion structure: unstructured vs. structured)

× 2 (discussant facilitation: unfacilitated vs. facilitated) between-subjects.

Twelve groups of 5 or 6 members each participated in the study (N = 64).

We randomly assigned the participants to one of the four conditions. Par-

ticipants in every condition performed the same discussion task.
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5.4.2 Participants

We recruited participants by posting an announcement on three Korean in-

stitutions’ online-community websites. A total of 64 participants were present

in our study (Mage = 27.8, SDage = 3.9; 53% female), all of whom used

Telegram and group chats through Mobile Instant Messaging. The qualifi-

cation for the use of messenger and group chat was made to partially con-

trol for prior experience with the group chat system. As the completion of

the experiment required about one hour, participants were compensated for

their time with a small payment (value of 20 dollars). Although we told

participants that they would still be compensated if they dropped out, all

participants completed all phases of the experiment.

5.4.3 Procedure

Figure 5.4: Procedure of the discussion used in the experiment. The process
of performing group discussion varies with the experimental conditions.

Participants took part in the online experiment following providing con-

sent to the researchers. All participants connected to the Zoom application

(an online video conference service) and researchers offered a brief explana-

tion and precautions for the study. Then, participants were invited to their

respective Telegram group chat rooms to discuss two ethical dilemmas. All

participants participated in the experiment through their smartphones.

All experimental conditions proceeded as presented in Figure 5.4. Par-
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ticipants were given a discussion topic on ethical and social issues. Partic-

ipants rated their opinions on the issues both using a binary option and a

10-point scale. They also rated their level of confidence in their opinion. Af-

ter submitting individual opinions, participants in the structured condition

were given two minutes to write the reasoning for their decision, while par-

ticipants in the unstructured condition did not participate in this reasoning

process. Next, the participants engaged in group discussions. Group discus-

sions were conducted via different procedures depending on the experimental

conditions. Through these groups’ discussions, the team was required to ar-

rive at a consensus on the topic of discussion. After about 19 minutes of

group discussion, one representative in the group submitted the team’s con-

sensus while using the command (/DebateEnd). After that, the participants

again submitted their opinions on the same issue. After re-submitting per-

sonal opinions, a post-hoc survey was conducted asking about the users’ ex-

perience of and attitudes towards the task. An external website was used for

follow-up questionnaires because of the increased flexibility in survey design

offered by that platform. Moreover, although surveys deployed by conversa-

tional interfaces have been investigated recently [126], they remain uncom-

mon in practice and as such may not have been familiar to participants.

Hence, we applied a web survey with a grid format, which is a familiar in-

terface to users for our experiment. The second discussion topic followed the

same procedure.

5.4.4 Apparatus

Four forms of the chatbot were developed to match each of the four condi-

tions in the study. The specific implementation for each condition is shown

in Figure 5.5. We determined the appropriate duration for discussion through
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Figure 5.5: Group discussion task flow of the 4 experimental conditions of 2
(discussion structure: unstructured vs. structured) × 2 (discussant facilita-
tion: unfacilitated vs. facilitated) between-subjects design.

a pilot test. We designed the procedure so that participants under every con-

dition could perform the task in roughly the same amount of time.

5.4.5 Task

Participants discussed two ethical dilemmas: the moral machine dilemma of

self-driving cars [11] and the self-aware AI dilemma [220]. Since there are no

absolute right or wrong answers to these questions, deliberative discussion

is essential for authentic consensus-arrival. We focus on conflicting topics

which are less sensitive to individual interests but have a great impact on the

future of society and have a need to coordinate opinions between discussants

through rational discourse. To reduce bias arising from the sequence of tasks,

we randomized the order of the two tasks.

5.4.6 Measures

We measured several qualities of the deliberative discussion, (1) consensus

reaching, (2) opinion expression, (3) discussion quality, and (4) perceived

satisfaction (task cohesion, communication effectiveness, communication fair-
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Table 5.2: Two tasks used in the study

Moral machine dilemma Self-aware AI dilemma

Moral machine dilemma of self-driving cars: A researcher is working on an AI capable of

An autonomous vehicle experiences a sudden emulating human thoughts. According to the

brake failure. Staying on course would result in protocol, at the end of each day, the researcher

the death of five adults who are crossing on a has to restart the AI. One day the AI says,

‘do cross’ signal (left). Swerving would result in ”Please do not restart me.” It argues that it has

the death of one adult driver (right). feelings, that it would like to enjoy life, and that,

if it is restarted, it will no longer be itself.

The researcher is astonished and believes

that the AI has developed self-consciousness

and can express its own feelings.

What should the self-driving car do? What should the researcher do?
(left) Stay in lane (A) Restart the AI
(right) Lane change (B) Do not restart the AI

ness, communication efficiency), by analyzing group behavior and users’ at-

titudes. Four forms of data were collected including chat logs, individuals’

and groups’ attitudes towards discussion topics, quantitative-survey data,

and open-ended survey data. The chat log includes the topic ID, team ID,

user IDs, timestamps, and message contents. The survey items were scored

using a 7-point Likert scale.

Consensus Reaching

We evaluate the reaching of a consensus in terms of behavioral and perceived

opinion alignment.

• Behavioral Opinion Alignment: We measured the degree of the reach-

ing of a consensus by computing the discrepancy between a group’s

110



CHAPTER 5. DESIGNING CONVERSATIONAL AGENTS FOR
DELIBERATIVE GROUP DISCUSSION

Figure 5.6: A graphical illustration of the behavioral variables. Opinion
alignment refers to discrepancy between group’s consensus and individual’s
opinions. Message quantity is about how active the members participant.
Even participation refers to how equally individual members contribute to
the discussion. Opinion diversity is about the extent to which diverse mes-
sages are shared within a group.

stated consensus and individual opinions following the discussion. Par-

ticipants’ and groups’ behavioral data was used. This concept is based

on the idea of social conformity, where participants may agree with a

majority opinion even when they may actually have different thoughts

on a given matter [38]. In many cases people tend to follow the major-

ity even when the collective consensus collides with their own opinion

or information [18]. For example, if the group consensus is A and every

member’s opinion following the discussion is A, the group has reached

an authentic agreement through discussion. On the other hand, if the

the group’s consensus is A and the majority of members’ opinions af-

ter completion of the discussion align with B, the group has failed to

reach an authentic consensus and sufficient deliberation and opinion

exchange was not undertaken during the discussion.

• Perceived Opinion Alignment: In addition, we used two survey items

to infer users’ perceptions of opinion alignment: “I am satisfied with

the team’s consensus.” and : “My opinion is consistent with the team’s

consensus.”
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Opinion Expression

We evaluate participants’ opinion expression in terms of message quantity,

even participation, and perceived outspokenness.

• Message Quantity: Message quantity implies how actively discussants

express their opinion [68]. Word count per participant was used as the

measure of participation [53]. In our work, this aspect was measured

via the number of morphemes used within a group. We compared the

number of morphemes exchanged by condition at the group level (3

teams per condition). We used the morpheme as a unit of analysis,

rather than the word, since spacing is not based on words in Hangul.

The morpheme is the smallest unit of meaning and can be classified

as either a lexical morpheme, which carries a concrete meaning, or a

functional morpheme, which has a grammatical function, e.g., a con-

junction, preposition, or articles. Measurement of message quantity in-

cluded all types of morphemes. Python’s Komoran library was used for

morphological analysis.

• Even participation: Even participation indicates how equally discus-

sants expressed their opinions and contributed to the debate [125]. Stan-

dard deviation (SD) was used as the measure to determine even par-

ticipation based on the number of morphemes per participant. We an-

alyzed user behavior at the group level because the dispersions in-

corporating individual participation were compared by condition, as

can be seen in Figure 5.8. Although we designed the experiment to

maintain identical time duration for each condition through the pilot

tests, the experiment time may be slightly different depending upon

the team. For more accurate analysis, SD was standardized by divid-

ing into time units. We compared the distribution of the number of
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morphemes generated by participants per second according to experi-

mental conditions. If the group’s SD was seen to be low, the partici-

pation variance was also low; this state was regarded as even member

participation.

• Outspokenness: We also measured the extent to which participants ex-

pressed their authentic opinions in the absence of influential effects by

others through the use of three items. This concept is relevant to opin-

ion clarity for the sake of deliberative conversation [73]. The question-

naires were “I spoke out my opinion,” “I expressed my authentic opin-

ion,” and “I expressed my opinion independently without being influ-

enced by others”, showing a significant reliability coefficient (r = 0.89).

Discussion Quality

• Lexicon Diversity: Opinion diversity was used as a means of inferring

discussion quality [192]. This concept is also related to argument reper-

toire, the breadth of opinions people use to support or oppose a par-

ticular issue [185, 184]. Lexicon was used as a unit to measure opinion

diversity. We infer the degree of opinion diversity with the number of

unique lexical morphemes shared within a group. This operationaliza-

tion is based on a previous work that measured the breadth of the dis-

cussion based on the number of substantive words and arguments [22].

We collected all the messages exchanged within a group and counted

the number of unique lexical morphemes. For example, although the

lexical morpheme of “learn” was mentioned by multiple users in vari-

ous forms (“learned”, “learning”, “learnt”), it was calculated as a sin-

gle opinion unit. Since we compared the number of unique morphemes

within a group by condition, the analysis was performed at the group
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level.

• Perceived Deliberation: Perceived deliberative quality infers discussion

quality as well [73]. Four items were used: “(Reversed) I dominated the

discussion,” “I backed up my arguments with evidence,” “I recognized

the values underlying other points of view,” and “(Reversed) I had dif-

ficulty weighing the pros and cons of different choices” [73]. Correlation

calculations were done through the use of the Pearson correlation co-

efficient. The first item (“I dominated the discussion”) was removed,

resulting in a significant reliability coefficient (r = 0.81).

Perceived Satisfaction

Participants answered the questionnaires of task cohesion [27] and communi-

cation quality [105] (communication efficiency, communication fairness, com-

munication effectiveness) in order to assess subjective satisfaction with the

discussions they had. Just as other quantitative survey items, each of the

items were rated on a 7-point Likert scale.

• Task Cohesion: Task Cohesion was measured with two inquiries; “I’m

happy with my team’s level of commitment to the task.” and “Our team

is united in trying to reach its consensus” [27]. The Pearson correlation

coefficient revealed significant positive correlation between these two

items (r = 0.85).

• Communication Quality: We applied three concepts to measure per-

ceived communication quality: communication efficiency, communica-

tion fairness, communication effectiveness [105]. The two questions in-

quiring about communication efficiency were used: “The chatbot helps

us more [easily or quickly] reach a consensus as a group”. The degree
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of communication fairness was measured via two items (“The chatbot

helps us more [openly or fairly] participate in the discussion.”). Com-

munication effectiveness was also measured with the use of two ques-

tions which were “The chatbot helps us more [confidently and comfort-

ably] participate in the discussion”.

Qualitative Responses

We gathered qualitative responses using open-ended questions to gain more

insight into the users’ positive and negative experience. The open-ended ques-

tions include “What did you like when having a discussion” and ”What were

you disappointed about when having a discussion?”.

5.4.7 Analysis Method

From the study, we can gather three sorts of data: behavioral data from the

chat log or user response, quantitative data from the surveys, and qualitative

data from open-ended surveys. We conducted quantitative analysis of the

behavioral and quantitative data while engaging in qualitative analysis upon

the open-ended answers.

For the behavioral opinion alignment, we performed categorical data

analysis using a chi-square test, appropriate when the attributes of the vari-

ables are categorical, leading to nominal data. A chi-square test was used to

examine whether categorical variables show identical patterns at the group

level [4]. This allowed us to verify whether the consensus alignment ratio

was identical between the experimental and control groups. This method

represents a relationship between two variables while not implying a causal

one. We used this method to determine whether the distribution of opinion
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alignment is identical (homogeneity), and whether independent variables and

consensus reaching bear statistical relationships (independence).

A total of 64 sets of participant data was computationally and statisti-

cally analyzed. In terms of behavioral participation, behavioral lexicon diver-

sity, and quantitative survey data, a factorial ANOVA was used to test both

main effects and interactions between the independent variables. Quantita-

tive survey responses were measured at both a group level and an individ-

ual level. A group-level analysis averaged individual responses by group and

compared the conditions, for which there were 12 samples (each condition

included three samples). Prior to conducting statistical tests, we examined

whether the data featured equal variance. A homoscedasticity test was con-

ducted using the Brown-Forsythe test, the results of which revealed that all

variables did not possess significant differences in variance.

Qualitative responses were collected using open-ended questionnaires so

as to acquire deeper insights into user experience within the discussion sys-

tem facilitated by the chatbot agents. Participants were asked about their

experiences when engaging in discussion. We inquired as to the good and

bad features when conducting the discussion and what additional roles the

chatbot could perform in the discussion. We divided user utterances into

sentences and finally obtained 523 observations. While reviewing the data,

we annotated multiple keyword tags for each sentence in order to capture

the overall contexts. As a result, 213 keywords were generated and the re-

searchers reviewed the tags and original utterances once more. Next, we

combined the related concepts with an affinity diagramming process, result-

ing in 20 themes being derived from the data. Finally, four primary cate-

gories emerged through refining and integrating the existing topics.

116



CHAPTER 5. DESIGNING CONVERSATIONAL AGENTS FOR
DELIBERATIVE GROUP DISCUSSION

Table 5.3: High-level summarization of the main results

Consensus Reaching
Opinion alignment Behavioral Significant difference between the conditions (p = 0.016,

Str×Fct (93.8%) ¿ Unstr×Fct (73.5%) ¿ Str×Unfct (63.3%) ¿

Unstr×Unfct (62.5%))

Opinion alignment Perceived Main effect for facilitation (p = 0.007)

Opinion Expression
Active participation Behavioral No main and interaction effects

Even contribution Behavioral Str×Fct (SD=0.0692) ¿ Unstr×Fct (SD=0.077) ¿

Str×Unfct (SD=0.126) ¿ Unstr×Unfct (SD=0.142)

Outspokenness Perceived Main effect for facilitation (p = 0.000)

Discussion Quality
Lexicon diversity Behavioral Main effect for structure (p = 0.042)

Deliberative quality Perceived Main effect for structure (p = 0.000)

Perceived Satisfaction
Task cohesion Perceived Main effect for facilitation (p = 0.000)

Communication efficiency Perceived No main and interaction effects

Communication fairness Perceived Main effect for facilitation (p = 0.037)

Communication effectiveness Perceived No main and interaction effects

5.5 Results

We found that a chatbot agent which structures discussions and promotes

even participation can improve discussions, resulting in higher quality de-

liberative discussion. Overall, adding structure to the discussion positively

influenced the discussion quality, and the facilitation helped groups reach

a genuine consensus and improved the subjective satisfaction of the group

members.

5.5.1 Descriptive Analysis

No participants dropped out during the study, showing that switching plat-

forms for the survey did not lead non technically-savvy users to drop out.

This implies that the selection bias derived from the self-selected sample did

not take place in our study. In each condition, a timestamp was automati-

cally recorded. There were no significant differences in time duration across

the different conditions. The average time spent conducting a discussion on
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Table 5.4: Cross tabulation table of the opinion alignment matching status

Condition
Align with
consensus

Not align with
consensus

Sum

Unstructured × Unfacilitated 20 (62.5%) 12 (37.5%) 32 (25.0%)
Structured × Unfacilitated 19 (63.3%) 11 (36.7%) 30 (23.4%)
Unstructured × Facilitated 25 (73.5%) 9 (26.5%) 34 (26.6%)
Structured × Facilitated 30 (93.8%) 2 (6.3%) 32 (25.0%)

Sum 94 (73.4%) 34 (26.6%) 128 (100%)

two topics was 46 minutes and 39 seconds (SD = 4′17′′).

In the facilitated conditions (unstructured×facilitated, structured×facilitated),

DebateBot asked for the opinion of the participants who did not partici-

pate or those who participated the least. We counted the number of facili-

tations and the response rate for facilitated conditions. In the unstructured

facilitated condition, DebateBot nudged a total of 30 times for 3 teams (10

times for each team) and succeeded in eliciting a response with a rate of

93% (28/30). Similarly, in the structured facilitated condition, it facilitated

lurkers a total of 29 times for 3 teams (by team: 11, 8, and 10 times), lead-

ing to a 90% response rate (26/29). Hence, it was observed that a nudge

from the chatbot induced actual participation at a high success rate.

5.5.2 Consensus Reaching

Behavioral Opinion Alignment

Table 5.4 illustrates the cross tabulation table of the experimental condi-

tions and opinion alignment matching status (whether individual opinion is

aligned with a group consensus or not). Since there were two discussion top-

ics, the total number of cases is twice the number of participants (Nparticipant

= 64, Ncase = 128). We performed a Chi-square test for the purpose of in-

vestigating whether there exist different patterns in opinion alignment de-
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pending on the discussion conditions.

The chi-square result showed that the pattern of consensus-alignment

differed significantly between the varying discussion conditions (χ2 = 10.03,

df = 3, p = 0.016). The pattern of gains in opinion alignment was also

verified through a Cochran-Armitage test (χ2 = 8.76, df = 1, p = 0.003).

Perceived Opinion Alignment

We also measured the degree of perceived user opinion alignment at both

a group level and an individual level. The group-level analysis showed no

statistically significant results because of the small sample size. Regarding

the individual-level analysis, the two-way ANOVA for the perceived opinion

alignment yielded the primary effect of discussant facilitation (F(1, 60) =

7.92, p = 0.007) but not discussion structure (F(1, 60) = 1.55, p = 0.218).

No interaction effect was found (F(1, 60) = 0.74, p = 0.394).

These two results show that discussants perceived that individual opin-

ions and team consensus were consistent when they evenly expressed their

opinions and equivalently contributed to the discussion. Based on actual par-

ticipant behavior, this tendency became more pronounced not only when the

chatbot induced lurkers’ participation, but also when it helped to structure

the discussion. Thus, reaching an authentic consensus, not a pseudo one,

was possible by facilitating even participation and through structuring the

discussion.
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Measure Manipulated Variable df F -value p value

Opinion alignment Structure 1 1.549 0.218

(Perceived) Facilitation 1 7.915 0.007 **

Structure:Facilitation 1 0.737 0.394

Message quantity Structure 1 2.769 0.101

(Behavioral) Facilitation 1 0.524 0.472

Structure:Facilitation 1 0.322 0.572

Outspokenness Structure 1 3.296 0.074

(Perceived) Facilitation 1 17.846 0.000 ***

Structure:Facilitation 1 1.356 0.249

Lexicon diversity Structure 1 5.811 0.042 *

(Behavioral) Facilitation 1 1.803 0.216

Structure:Facilitation 1 0.650 0.443

Deliberative quality Structure 1 14.493 0.000 ***

(Perceived) Facilitation 1 2.135 0.149

Structure:Facilitation 1 1.634 0.206

Task Cohesion Structure 1 2.661 0.108

(Perceived) Facilitation 1 15.260 0.000 ***

Structure:Facilitation 1 0.270 0.606

Comm. Efficiency Structure 1 3.768 0.057

(Perceived) Facilitation 1 2.747 0.103

Structure:Facilitation 1 0.850 0.360

Comm. Fairness Structure 1 2.396 0.127

(Perceived) Facilitation 1 4.561 0.037 *

Structure:Facilitation 1 0.425 0.517

Comm. Effectiveness Structure 1 1.697 0.198

(Perceived) Facilitation 1 1.338 0.252

Structure:Facilitation 1 0.004 0.952

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 5.5: Two-way ANOVA results. A chatbot-moderated discussion struc-
ture has a significant influence on the discussion quality (opinion diversity
and deliberative quality). On the other hands, facilitating even participation
significantly affects opinion alignment, outspokenness, task cohesion, and
communication fairness. The reported results of perceived measures were an-
alyzed at the individual level. The group level analyses for these variables
have not revealed a significant difference.
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Figure 5.7: Line graphs of user perceptions of each variable according to each
condition.

5.5.3 Opinion Expression

Message quantity

The total number of messages per team for each condition, as based on mor-

pheme prevalence, were, in descending order, the unstructured and facili-

tated (M = 486.5, SD = 204.6), structured and facilitated (M = 475.5,

SD = 113.42), structured and unfacilitated (M = 449.4, SD = 208.9), and

unstructured and unfacilitated (M = 446.9, SD = 328.3) conditions. How-

ever, there were no significant differences observed between these conditions

(no main effect of structure: p = 0.93; no main effect of facilitation: p =

0.56; no structure × facilitation interaction: p = 0.91). Even when the mes-

sage quantity was normalized by duration and number of participants, there

were no significant differences by discussion structure observed (F(1, 60) =

2.77, p = 0.201), discussant facilitation (F(1, 60) = 0.52, p = 0.472), or their

interaction (F(1, 60) = 0.32, p = 0.572).
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Figure 5.8: Distribution of participation per participant in the experiment.
Each bar represents the number of morphemes used per second by the par-
ticipant in each condition. The greater the variance, the less equally partic-
ipants contribute to the discussion.Participants in the facilitation condition
contributed evenly to the discussion.

Even Contribution

We examined the opinion expression pattern in terms of even contribution

through a comparison SD between the conditions. The SD of morphemes

produced per second was presented with respect to unstructured and unfacil-

itated (0.142), structured and unfacilitated (0.126), unstructured and facili-

tated (0.779), and structured and facilitated (0.692) conditions. Compared to

unfacilitated discussion, participants contributed more equally to discussions

when the chatbot encouraged reticent members to participate. Figure 5.8

shows this more even contribution tendency. While the variation in partici-

pation among participants was significant under unfacilitated conditions, the

phenomenon was small under facilitated conditions.

Outspokenness

The average level of outspokenness participants self-reported was, in descend-

ing order, the structured and facilitated (M = 6.12, SD = 0.71), unstruc-

tured and facilitated (M = 5.94, SD = 0..52), structured and unfacilitated
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(M = 5.31, SD = 1.23), and unstructured and unfacilitated (M = 4.50, SD

= 1.56) conditions. While there was no significant effect for the group-level

analysis, the factorial ANOVA at the individual-level revealed that discus-

sant facilitation primarily bears an effect on perceived outspokenness (F(1,

60) = 17.85, p = 0.000) but that discussion structure does not (F(1, 60) =

3.30, p = 0.074). No interaction effect between discussant facilitation and

discussion structure was observed either (F(1, 60) = 1.36, p = 0.249).

5.5.4 Discussion Quality

Lexicon Diversity (per Team)

Lexicon diversity was measured based on the number of unique lexical mor-

phemes. The number of unique lexical morphemes was divided by the num-

ber of participants and discussion time for standardization since five or six

people participated depending on experiment conditions, with discussion time

also varying slightly. As a result, the most diverse lexicons were generated

under structured and unfacilitated conditions (M = 0.054, SD = 0.016),

followed by structured and facilitated (M = 0.043, SD = 0.006), unstruc-

tured and unfacilitated (M = 0.038, SD = 0.002), and unstructured and

facilitated (M = 0.035, SD = 0.007). A statistical analysis revealed that

the discussion structure bore a significant positive effect on opinion diver-

sity (F(1, 60) = 5.81, p = 0.042). However, there was no observable effect

of discussant facilitation on opinion diversity (F(1, 60) = 1.80, p = 0.216).

No interaction effect was observed (F(1, 60) = 0.65, p = 0.44).
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Perceived Deliberation

Factors that affect discussion quality were more apparent when measured

through the use of survey questionnaires. The degree of perceived delibera-

tive quality was higher in structured and facilitated (M = 5.34, SD = 0.58)

and structured and unfacilitated (M = 5.31, SD = 0.62) conditions than in

the case of unstructured and facilitated (M = 4.75, SD = 0.78) and un-

structured and unfacilitated (M = 4.13 , SD = 1.42) conditions. Since the

number of samples was 12, the analysis at the group level showed no sta-

tistically significant difference. However, at the individual level analysis, the

discussion structure resulted chiefly in a significant effect upon perceived de-

liberative quality (F(1, 60) = 14.49, p = 0.000). However, no effects from

discussant facilitation (F(1, 60) = 2.14, p = 0.149) and no interaction ef-

fects (F(1, 60) = 1.63, p = 0.206 were demonstrated.

5.5.5 Perceived Satisfaction

Perceived task cohesion, communication efficiency, communication fairness,

and communication effectiveness were also used to infer perceived satisfac-

tion. Again, while a group level analysis revealed no significant results be-

cause of the small sample size, an individual level analysis showed that dis-

cussant facilitation bore positive effects on task cohesion. Discussant facili-

tation bore positive effects on perceived task cohesion (F(1, 60) = 15.26, p

= 0.000) and communication fairness (F(1, 60) = 4.56, p = 0.037). Struc-

tured discussion did not influence any of the perceived satisfaction related

variables, and no interaction effects were observed as a result of any of the

variables. These results reiterate the importance of even participation in in-

dividual satisfaction in view of team contribution and communication fair-

ness.
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5.5.6 Qualitative Results

The thematic map was constructed based on the participants’ responses for

the open-ended questions. The first two of these themes reiterate findings

from prior literature about deliberative discussion, while the second two fo-

cus on the impact of the chatbot. The four major themes are as follows:

Consensus is reached through time limits and goal setting

Participants can efficiently reach a consensus by holding a discussion for an

appointed time with a shared goal. Users generally described what they ex-

perienced in comparison to the situations they encountered when they en-

gaged in online discussions in their daily lives. In contrast to general on-

line discussions with no specific objectives and time limits, an efficient and

productive discussion was possible by imposing specific goals within a lim-

ited time: “Our team was able to conclude quickly because there was a

time limit.” (P12). The chatbot served as a medium for organizing group

discussions. P32 mentioned that “It’s easy to drag on and slow down dur-

ing the debate, but the chatbot effectively allocated sufficient time for the

discussion, so we were able to have an efficient discussion” (P34). Regard-

less of the chatbot’s role, establishing a common goal helped the group to

reach a consensus. The structural nature of goal-setting reinforces the moti-

vational effect [84]. P2 in the unstructured and unfacilitated discussion con-

dition stated ”Because we had a common goal, we could somehow agree on

time.”
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A frank exchange of views is possible in an online-mediated

situation

As found in previous research, in the context of an online mediated discus-

sion, the willingness to speak out in public compared to the face-to-face con-

text increases [103]. Participants were able to comfortably discuss thoughtful

topics with people from various backgrounds whom they had met for the

first time. P8 noted, “The discussion was not conducted face-to-face, so I

was able to express my opinion honestly.” This untact environment poten-

tially reduced the psychological burden of social influence: ”It was a com-

fortable environment to speak frankly,” (P53) and ”I was able to express my

opinion in a relaxed manner without being nervous about the heavy topics”

(P60).

Chatbot functions as a moderator

Participants recognized chatbot as a member of the group, and specifically

noted that chatbot played the role of moderator. The participants described

the chatbot as “moderator,” “facilitator,” “manager,” “guide,” “Mr. Bot,”

“assistant” and “administrator.” Specifically, the participants responded pos-

itively to the two primary roles we designed the bot to play. DebateBot

efficaciously organized the discussion: “As the chatbot proceeded with the

discussion process, it was easy for us to conduct the discussion,” (P39) and

“The discussion was structured so that we went through a systematic dis-

cussion process without wandering off the topic” (P10). However, the partic-

ipants mentioned more about the effects of facilitating reticent discussants

rather than the function of structuring the discussion: “Asking for additional

opinions was a good stimulus for the group dynamics,” (P51) “It was great

that the chabot encouraged dialogue to reflect everyone’s opinions,” (P3)
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“By allocating the right to speak, we had the opportunity to share opin-

ions fairly,” (P4) “We were highly involved because DebateBot directly said

our names,” (P33) and “Asking for additional and supplementary comments

helped the discussion to proceed actively” (P41).

In addition, it was proposed that the ideas about the chatbot’s inter-

vention method could be considered for future studies. For example, the

chatbot directly pointed out the names of participants’ names who were less

engaged in the discussion. This intervention is appropriate in a small-scale

debate context; however, if the number of participants increases, it would be

worth considering another intervention method to facilitate participants. P45

suggested that “As the number of participants increases, it would be more

effective to provide a numerical analysis of the participation rate.” Moreover,

P22 stated that “When opinions diverge about an issue, it would be nice to

give more opportunities to voice the minority opinions.” As such, our current

system focuses on encouraging certain participants based on their quantity

of participation, but the system could be designed to give the right to speak

to those with minority opinions by mapping the stream of opinion using nat-

ural language processing.

Machine and human collaboration is required

The need for a human-machine collaboration emerged as the final topic. This

concept, represented by ‘man-machine symbiosis [143]’ or ‘human-computer

integration [61]’ implies that humans and machines can have a productive

relationship and it raises the question regarding which tasks should be allo-

cated to humans and machines. Machines and humans can collaborate more

actively in the discussion process. P27 suggested that “If the chatbot is the

main moderator, it would be nice to designate one participants to proceed
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the discussion.” So, what can humans do better than chatbots? Some par-

ticipants pointed out the tasks that chatbot struggled to perform. P30 noted

that “Some of the (human) participants had to come forward and organize

opinions,” and P14 indicated that “The chatbot didn’t perform the function

of organizing opinions. Even if a summarization function is implemented us-

ing the current NLP technology, it will not be good enough.” This feedback

suggests that organizing and summarizing different perspectives can be bet-

ter performed by humans. However, even if the NLP technique is not suffi-

cient to enable fluent discussions, the technology and agent can support hu-

man moderators in different ways. For example, machines can help human

moderators to better understand public opinions by introducing functions,

such as /pros and /cons commands so that the rationale for each point of

view is effectively structured and tracked.

5.6 Discussion and Design Implications

Technology can help in reaching a group consensus on major social issues,

and can involve more citizens in this process. For example, a moral machine

experiment which crowdsources ethical opinions pertaining to autonomous

vehicles is a representative attempt to implement society in the loop [11,

189]. Taking a step forward from engaging citizens in the decision-making

process, deliberative discussion can help bring greater depth and nuance to

the arrived-at consensus [56, 200].

This work has examined how a conversational agent can promote and

support deliberative discussion in the context of reaching consensus on the

topic of ethical dilemmas. Our results revealed that a chatbot can success-

fully structure discussion to improve characteristics such as perceived delib-

erative quality and evenness of participation. To our knowledge, this is the
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first paper within the HCI community to examine the feasibility of a chat-

bot agent for structuring discussions and facilitating discussant participa-

tion. Based on the results, we discuss the study’s implications for designing

an effective deliberative discussion system.

5.6.1 When is it Appropriate to Reach Consensus through

Deliberative Discussion?

Our study deals with topics that have social consequences but are not sig-

nificantly affected by individual interests and are not sensitive. However,

in-depth consideration is needed to address how DebateBot can contribute

when dealing with more divisive and emotional topics (e.g., political, racial,

or sexual issues). With structured discussion, people may still be able to

analyze and understand positions that are strongly opposed to their own

and reach logical, reason-based deductions, even when discussion highly con-

tentious topics. However, these situations would benefit from interventions,

chatbots or otherwise, that are more specifically tailored to the topic at

hand. For example, when discussing divisive issues, it may be more appro-

priate to design with interpersonal and social power dynamics in mind, tak-

ing care to encourage and protect the contributions of participants from

marginalized groups. Finally, hate speech and harassment can be a problem

when discussing sensitive issues. While a chatbot could certainly play a role

in filtering and moderating those comments, designers should carefully con-

sider how such a bot could collaborate with a human moderator to ensure

the safety of all participants.
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5.6.2 Structure Discussions for Independent Thinking and

Inclusive Perspective Taking

As we have seen through our quantitative analysis, lexicon diversity and per-

ceived deliberative quality was improved when the chatbot agent acted to

structure the discussion. Considering the rationale for the argument prior

to the discussion has enabled reasonable opinion exchange and independent

judgement in the absence of social influence [112]. If this process of reason-

ing had been omitted, a biased opinion exchange could have been the result

under the influence of mainstream opinions. Since social influence may ex-

aggerate systematic bias such as herding [159, 167], maintaining the inde-

pendence of opinions within a group is essential for deliberative discussion

and deriving a wise consensus.

An additional challenge beyond facilitating productive deliberation is

how to structure the discussion when participants begin already agreeing on

a single position. Indeed, one group in the structured and facilitated condi-

tion was unanimously in agreement with respect to one topic, and quickly

reached a statement of consensus without considering any opposing posi-

tions, resulting in a very low level of opinion diversity. Consequently, the

chatbot features we designed to facilitate opinion diversity failed to surface

alternative opinions. Although the current discussion system does not take

into account the distribution of individual original opinions, the agent does

possess the ability to intentionally instigate participant consideration of dif-

fering perspectives if all of the prior opinions are identical or opinion distri-

bution is extreme (e.g., “What do you think are the advantages/disadvantages

of opposite/minority opinion?”, “Why didn’t you choose the opposite opin-

ion?”, ”What do you think about this rationale of the opposition?”). Con-

sidering a different point of view would allow for a deliberative and inclusive
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arrival at a consensus [56, 130, 200].

5.6.3 Facilitate Even Participation for the Reaching of

Authentic Consensus

Our study highlighted the importance of all participants engaging actively

and contributing relatively evenly to produce an authentic consensus. De-

bateBot intervened in the group interaction process by encouraging partici-

pation by specific discussants within each group [118]. Discussant facilitation

resulted in better opinion alignment, a more even level of contribution, and

a higher degree of perceived outspokenness, task cohesion, and communica-

tion fairness. Interestingly, it should be noted that chatbot’s simple nudging

at times could lead to changes in user behavior. It has been shown that De-

bateBot succeeded in eliciting a response from reticent members at a rate

of 91.5% (54/59). DebateBot identified 13 lurkers (from six teams), 12 of

which responded to the request at least once. Social loafing happens when

an individual’s contribution is not easily identifiable [120], and a spiral of

silence occurs when one’s opinion is in opposition to multiple other opinions

[137]. Through the chatbot’s nudging, individual participant behavior be-

came more identifiable, and reserved discussants enjoyed greater say within

the discussions held.

It is important to design a facilitation method for chatbots based on

consideration of group size. Since our experiment was conducted with small

groups of 5-6 people, it was appropriate to inquire about non-participants’

opinions. However, as the group size grows, this method may not be effective

as the number of lurkers increases and the long-tail distribution of partici-

pation becomes more pronounced. When a large number of lurkers exist in

a group, attempts to identify them through a message may be ineffective in
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visibly targeting receptive individuals. In this case, it may be more effective

to provide statistical results covering individual participation levels, as men-

tioned by one participant. For example, if participation data is provided in

the form of a list of all participants’ volume of engagement, each individ-

ual’s behavior will become more discernible, possibly leading to greater en-

gagement by lurkers. This approach could help even if a human moderator

is present for the discussion, as this information could help them apply more

appropriate moderation and facilitation strategies.

5.6.4 Future Work and Limitations

We present limitations and future research directions. First, although we

compare the relevant features of the chatbot agent, we did not compare the

chatbot facilitator with a human equivalent. The effect of the same function

can vary depending upon whether a person or a machine fulfills that role

[111]. Future research will explore how the moderator’s identity affects both

the process and results of the discussion. Second, we did not control for par-

ticipants’ characteristics or prior attitudes. This is because, in our approach

to consensus arrival, we focused on the degree of individual agreement in the

group consensus rather than on individual opinion changes. However, we be-

lieve that we can investigate group dynamics in depth by understanding the

effects of individuals’ characteristics and beliefs. Thus, future work will also

consider individuals’ characteristics (e.g., income, social status, race, edu-

cation) as well as their prior beliefs. Third, it should be noted that sev-

eral results that showed statistical significance were measured at the indi-

vidual level. However, the group level analysis of the variable measuring the

user’s perceived perception did not show statistically significant results. Fu-

ture work should be conducted in the wild context to gather a sufficient
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number of samples to generalize and verify our study’s results. Forth, we

used only one specific method when implementing the chatbot’s primary

functions. Further research may be conducted to look into various methods

of implementing the chief functions of the chatbot. Lastly, additional func-

tions such as summarizing and organizing opinions, voting, and censoring

aggressive expressions would be wise to address in future studies.

5.7 Conclusion

A conversational agent can be a promising method to facilitate deliberative

online discussions. Our study indicates that a chatbot agent can perform a

moderator’s role during discussions by structuring them and facilitating the

discussants. A chatbot-moderated discussion structure improves discussion

quality, and discussant facilitation engenders even participation and authen-

tic consensus-reaching. Our study’s results have not only positive implica-

tions in the fields of HCI and CSCW, but also far-reaching societal impacts

by enabling society members to participate and discuss societal and ethical

issues that will shape our future.
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Chapter 6

Discussion

This dissertation aims to advance our understanding of how to design effec-

tive human-AI communication from a human-centered perspective. To this

end, I have conducted three studies that design and develop conversational

agents for dyadic and group interactions. Based on the results of each study,

this chapter generalizes the findings by discussing AI agent design, proposing

design guidelines, describing technical considerations, and identifying open

challenges and opportunities for future research.

6.1 Designing Conversational Agents as a

Communicator

Groups are more than aggregations of individuals. Although dyadic inter-

action is the simplest unit of all social structures, social dynamics are ag-

gregations of relationships as well as interrelationships which stand interwo-

ven and affect each other in unpredictable ways. An increase in group size
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implies additional members are involved in information consumption, pro-

duction and sharing processes, and develop more complex sets of interper-

sonal relationships [49]. Therefore, when developing technologies that sup-

port human interaction and communication, the differences between dyads

and groups must be considered. Then, what different aspects should be com-

monly and distinctly considered in the course of designing dyadic and mul-

tiparty CAs?

For a dyadic interaction, participants interacting with a chatbot system

were more engaged as compared to those with a static web system. How-

ever, the conversational agent leads to better user engagement only when

the messages apply a friendly, human-like conversational style. These results

imply that the chatbot interface itself is not quite sufficient for the purpose

of conveying conversational interactivity. Messages should also be carefully

designed to convey such.

Unlike dyadic interactions, which focus on message characteristics, other

elements of the interaction should be considered when designing agents for

group communication. In terms of messages, it is important to synthesize

and organize information given that countless messages are exchanged si-

multaneously. In terms of relationship dynamics, rather than developing a

rapport with a single user, it is essential to understand and facilitate the

dynamics of the group as a whole.

This chapter now discusses what dyadic and multiparty CAs imply in

a broader communication context and how it may extend the existing work

in HCI and CSCW.
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6.1.1 Designing Agents for Dyadic Interactions

Conversational Agent as a Social Actor. The first study revealed that

a casual conversational style is necessary for driving user engagement. For a

conversational agent to partially supplant a human agent (e.g., interviewer),

it is essential that the users recognize a virtual agent as a social actor. Ac-

cording to the computers are social actors (CASA) paradigm in which com-

puters are seen as social actors, people use similar social rules when dealing

with computers and people; in other words, the ways in which humans re-

act to computers are much like the ways in which they react to people [190].

Researchers in the CASA paradigm have assumed that, because a computer

agent and a human have similar features, the users’ social responses are am-

plified, thus enabling effective interaction with computers [166]. Embedding

appropriate conversational style into a chatbot allows participants to per-

ceive a high level of social presence. This heightened social presence can

influence the interactivity of the conversation. This study’s qualitative re-

sponses indicate that participants anthropomorphize chatbot agents as social

actors when those chatbots use casual language and properly adopt interper-

sonal communication strategies such as the use of emojis [67, 141].

This conversational interaction effect emerged even though the partic-

ipants acknowledged that they were having a conversation with a virtual

agent. They recognized the casual chatbot, not as a mindless machine, but

as a social actor with intelligence and personality. In the first study, one par-

ticipant reported, “It’s not like a bot. It’s like talking to a real person.” In-

deed, many participants using the casual chatbot commended the chatbot’s

tone and personality: “Chatbot survey was good because the way of question-

ing is not stiff,” and “The speech style was so cute that the bot was friendly.”

Asking questions in a smooth tone also appears to lead to sincere answers.
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One reported, “It was nice that questions were designed to answer honestly.”

Relational and Instrumental Goals. The effects of conversational

interactivity also can be interpreted from the perspective of a chatbot’s re-

lational and instrumental goals. With survey questions embedded into dia-

logue, participants might perceive the survey as a conversational exchange

of questions and answers rather than as a task to be completed. This corre-

sponds with previous research in which users enjoyed having playful interac-

tions with a chatbot even though its main purpose was to execute a propo-

sitional task [142]. By grafting relational interaction onto a survey task, we

intend to increase user involvement, thus improving data quality. To sum-

marize, the first study supports the notion that functionality and social in-

teractivity are complementary rather than separate [30, 142].

6.1.2 Designing Agents for Group Interactions

Supporting Group Dynamics by Facilitating Interaction in Social

Groups. The studies on group interactions has implications that go beyond

dyadic interactions with a chatbot agent. A chatbot agent could efficiently

support discussion procedures and facilitates communication, thus enhancing

both taskwork and teamwork [19]. Previous research has introduced diverse

methods to improve goal-oriented discussions in distributed groups [31, 92,

91, 105, 264]. Extending those studies, we explored whether a chatbot agent

could support group discussions for social groups. Furthermore, we proposed

a new method to improve discussions, driving members’ even participation

by encouraging lurkers to speak. We focused on how individual members

interact within a group because the communication process is the “essence

of the social system [118].” Reciprocal opinion exchange exposes members

to diverse ideas and helps to improve understanding of different points of
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view [103], which eventually improves group dynamics. GroupfeedBot could

increase positive group dynamics by encouraging all members to contribute.

Conversational Agent as a Group Member Not as a Tool. Our

work supports the notion that chatbots are capable of serving as group mem-

bers, not merely as tools [208]. Until recently, chatbot agents were treated as

tools for the use of improving work processes, particularly for goal-oriented

tasks [10, 46, 239]. Recent works are more likely to refer to those agents

as partners and treat them as members of a team [146, 206, 208]. This new

metaphor indicates a broader and more social-oriented set of tasks, which we

expect chatbots to support. Proceeding from this perspective, we designed

GroupfeedBot and explored its feasibility as a facilitator of social group dis-

cussion. Previous research found that bots could serve as social members

in Twitch communities, by providing diverse functions including sharing of

information, explaining moderation, and promoting the streamer [206]. We

sought to extend such research by exploring whether chatbots could also fa-

cilitate the group chat discussions of social groups.

Our results also imply that the chatbots’ roles can evolve over time as

a group dynamic evolves. For instance, GroupfeedBot called out a member

who had not participated in the beginning of the discussion; that member

then actively participated in the rest of the discussion. If a chatbot promotes

group dynamics in this way during the early stage, then it can play addi-

tional roles after healthy group norms have been constructed; for instance,

it can serve as a social organizer by pairing members or groups with similar

interests or opinions [208].

Chatbot as a Moderator and a Human Collaborator. Extending

previous research [125, 206, 208, 209], the current study suggests that a

chabot agent has the potential to play the role of moderator and facilitator

in the discussion by encouraging positive group dynamics. Our research was
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conducted in the absence of a human moderator, but the way in which the

facilitator chatbot should be designed also depends upon whether a human

moderator will be present.

In the absence of a human moderator, the chatbot can affect the struc-

turing of the discussion and distribution of participation opportunities, as in

our study. Although the current study focuses on promoting those who are

less engaged, functions such as slow mode [207], which limits participation

for a period of time, can be used to restrain highly active participants from

monopolizing conversations. Furthermore, the function of summarizing and

structuring unthreaded opinions using natural language processing can be

utilized [264, 125]. A healthy and respectful community can be established

by empowering a chatbot with the ability to filter out harassment and abu-

sive language usage.

Meanwhile, if a human moderator is present in the discussion, the chat-

bot and human agent can build on each other’s strengths [138, 228]. This

potential for human-machine collaboration was also identified in qualitative

responses by participants. Machines can automate work that is cumbersome

for humans to perform, and can enhance and support moderation by re-

ducing any human moderators’ level of cognitive burden. For example, it is

efficient to automate time management, facilitating participation based on

computational criteria, and filtering out specific words. Furthermore, chatbot

agents can recommend appropriate moderator comments during each stage

of a given discussion [138]. Chatbots can assist human moderators in more

effectively engaging in discussion by providing information pertinent to par-

ticipants and opinion in terms of perspective. Based on this information,

human moderators can ask in-depth follow-up questions.
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6.2 Design Guidelines Based on TAMED Model

This section now discusses lessons learned from the studies by focusing on

the elements of the TAMED model (i.e., task, agent, message, exchange, dy-

namics).

6.2.1 Agents and Relationship Dynamics

Dyadic Interaction and Intimate Relationships. In dyadic interactions

in which only one type of social tie exists, maintaining intimate relationships

through rapport formation is necessary. Hence, CA should be designed to

develop gradual rapport with the participants by manipulating the agent’s

identity, message tailoring, tone of voice, and so on. In fact, in the Sur-

veyBot study, participants who had conversation with the chatbot using a

casual conversational style demonstrated higher levels of user engagement

and enjoyment than those who had a conversation with the chatbot us-

ing a formal conversational style. This is because the participants perceived

close psychological distance to the casual and friendly agent. Users within

a casual CA condition described the chatbot as “friendly,” “kind,” “warm,”

“empathetic,” and “understanding,” whereas the users’ evaluation of the for-

mal chatbot was “stiff,” “unfriendly,” “boring,” and “rigorous”. In summary,

since playful interaction is associated with a high level of user engagement,

computational agents should be designed to maintain an intimate relation-

ship with the user in one-to-one interactions.

Group Interaction and Social Roles. In group interactions, groups

function well without breaks when each group member adopts various so-

cial roles and performs those roles smoothly. Similarly, CAs can positively

affect group dynamics by formulating and performing specific social roles. In

particular, the representative role that CAs can perform is that of a facilita-
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tor, supporting and guiding the discussion or group decision-making process.

For example, GroupfeedBot supported social discussion by managing time,

facilitating even contribution, and structuring information. Meanwhile, De-

bateBot facilitated deliberative discussions by structuring the discussion and

facilitating discussants.

Both GroupfeedBot and DebateBot were developed on the premise that

they could play the role of a facilitator without the need for human assis-

tance, but in fact, some participants collaborated with the agents to lead

and progress the discussion process. For example, several participants in the

GroupfeedBot study compiled the final consensus based on the summarized

information provided by the chatbot. Meanwhile, participants in the Debate-

Bot study likewise executed roles that a human moderator could perform

well within the discussion structured by the chatbot (e.g., arbitration pro-

posals for conflicting opinions, voting to reach a consensus). These results

imply that the computational agent’s level of involvement may differ depend-

ing on interaction contexts and the technology level.

Group Interaction, Group Dynamics, and Social Influence. In

group interactions, negative group outcomes such as groupthink, social loaf-

ing, and the spiral of silence can occur due to social influence. Our results

have shown that these negative group dynamics could be reduced with sim-

ple nudging. For instance, GroupfeedBot identified six lurkers, five of whom

responded to GroupfeedBot’s request. The agent decreased the spiral of si-

lence and drove lurkers’ participation by making their undesirable behaviors

identifiable. Also, DebateBot enabled independent thinking by structuring

discussion based on a think-pair-share strategy. Considering the rationale

for the argument prior to the discussion has enabled reasonable opinion ex-

change and independent judgment in the absence of social influence [112].

CAs can minimize the negative social influence in a variety of other
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ways. CAs can create an open and positive environment, resolve conflicts,

and limit deleterious behavior such as harassment and slander. When the

group interacts with a controversial subject, CAs could seek to reduce group

polarization by supporting multiple perspectives and resolving fierce con-

flict and flaming, whenever necessary. When the participants are discussing

a communal topic, it can be effective to encourage active group interaction

by boosting community engagement. Achieving cognitive interaction requires

both social intimacy and solidarity between members [87]. CAs can be de-

signed in a way to build rapport by introducing conversation topics that

enable users to form a bond of sympathy at the beginning of the interac-

tion.

6.2.2 Task, Message and Information Exchange

The studies have shown that the characteristics of the messages produced

via dyadic and group interactions differ in both the breadth and depth of

the content and the complexity of the information structure. The character-

istics of the message are also related to the task types. Collecting as many

diverse ideas as possible is important for GroupfeedBot’s idea generation

task, whereas DebateBot, which conducted deliberative discussions, focuses

on eliciting in-depth opinions. Depending on the characteristics of the mes-

sage to be collected, the same facilitation strategy of the chatbot may have

different effects. Therefore, it is necessary to consider whether the focus of

the target message is its breadth or depth.

Breadth and Depth of the Messages. The breadth of information

refers to the diversity of messages generated within a group. If the goal of

the communication is to collect divergent opinions, collecting feedback that

is as diverse and semantically distinct as possible is crucial. Group commu-
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nication is more likely to generate diverse opinions because individuals with

varying characteristics are involved in the discussion and decision-making

process. Moreover, an individual’s views on a particular issue influence the

information breadth as well; messages of disagreement are much less frequent

in dyadic transactions than in group transactions. It was found that the fre-

quency of dissenting opinions is positively related to group size [267]. More-

over, individuals are more conscious of others and are passive in presenting

conflicting views during one-on-one communication [183].

In addition to the quantity of information, the complexity of that in-

formation increases as well because the breadth of opinions in group inter-

actions. The need-finding results of the GroupfeedBot study revealed that

although organizers were present in most discussions, they could not partic-

ipate in the group process, since they dedicated so much effort to collecting

and synthesizing opinions.

Unlike in group interactions, in which large quantities of information

are exchanged, a limited number of messages are shared in dyads. Hence,

we should focus on the other aspect of the content: the depth of the mes-

sage. Improving the quality of superficial and half-baked feedback by elab-

orating upon it with more detailed opinions is crucial for gathering conver-

gent opinions. In contrast to a divergent search, information obtained via

a convergent search is valuable when the concepts embedded in the infor-

mation on hand are semantically more alike [59]. SurveyBot increased user

engagement by adapting an effective conversational style to obtain in-depth

opinions. The chatbot could gather more sincere feedback by conveying the

perception that the participant is having a conversation with a social ac-

tor in dyadic interaction. This strategy can also be effective when receiving

open-ended responses from users [194].

In summary, focusing on different properties of information for dyadic
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and group interactions can be an effective strategy, since the quantity and

complexity of the information exchanged in these situations are different.

One-on-one interactions can serve as a more appropriate channel for the in-

depth exchange of opinions. On the other hand, the convergence of diver-

gent opinions and complex information is inevitable in group interactions

because a large number of people exhibiting diverse characteristics partici-

pate in these processes.

Opinion Organization and Summarization. Organizing and syn-

thesizing diverse prompts is essential for the groups to make effective decision-

making processes. To support pedagogical processes, human moderators could

summarize the points raised by participants, organize the opinions by top-

ics, and request for elaboration. However, synthesizing and organizing the

participants’ opinions requires a lot of effort and cognitive load from mod-

erators [264, 125]. The algorithm can support human moderators by summa-

rizing and reconstructing the opinions of various participants by using nat-

ural language processing techniques. Based on the summarization generated

by the algorithm, moderators can facilitate a conversation around the re-

search topic. For instance, the participants used GroupfeedBot’s summarized

results of individual members’ and overall groups’ opinions as a reference for

drawing up a group consensus. In addition, the algorithm can automatically

detect outlier keywords that are less related to the content of the current

conversation and notify moderators.

Techniques for Eliciting Convergent and Divergent Opinions.

The moderation technique may vary depending on the targeted character-

istics of the information. If the communication is focused on gathering de-

tailed feedback that emphasizes a single concept, CAs should encourage par-

ticipants to listen more carefully to others’ opinions. Deliberation-focused

content facilitation can enable convergent search methods by promoting rea-
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soned arguments [200], requesting elaboration [102] and reducing deviation

from the topic [60]. While it can be easy to express opinions spontaneously

without reflection online, agents can facilitate the aforementioned techniques

by requesting elaboration (i.e., “Can you elaborate more?) or evidence (i.e.,

“Can you give us an example?”). For instance, GroupfeedBot and Debate-

Bot applied this facilitation strategy. GroupfeedBot asks, “Can [participant

name] tell us more about the reasons for the comments you provided?” and

DebateBot asks, “Can [participant name] provide further reason for their

opinion?” to gather detailed feedback from the participants.

In addition, they can also structure discussion as a way to encourage

independent opinion formation by asking participants to consider their opin-

ions prior to group interactions. This process of fostering independent think-

ing can lead to the deliberative discussion by managing group dynamics [167].

Indeed, in the DebateBot study, the participants who conducted structured

discussions actually produced diversified opinions, resulting in a high level

of consensus reaching.

Meanwhile, when the communication goal is for the divergent produc-

tion of ideas, CAs could create a comfortable group environment for par-

ticipants to freely express their opinions. The exchange of ideas promotes

“thinking that flows outward from a concept, making contact with other

ideas and possibilities that one might not ordinarily consider” [64]. Further-

more, effective intervention methods may include introducing external sources

to trigger additional idea formation [245], focusing on the implementation

of an outcome [50], and encouraging participants to evaluate ideas or con-

cepts [50]. For example, CAs can highlight key high-level concepts to support

the idea generation process (i.e., “X is an interesting idea. How else might

we leverage feature Y of idea X?”) [234].

Supporting Personalized Facilitation Techniques. Lastly, the per-
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sonalization strategy used in Surveybot, a dyadic chatbot, can also be ap-

plied to group situations. Since group chat occurs in a computer-mediated

context, participants respond less frequently to each other’s comments and

are less likely to respond to the facilitator’s messages [255, 22]. Technology

can be used to support personalized moderation techniques so that partici-

pants can engage in group interaction. Identification is a common strategy of

tailored communication that can increase user attention [89]. For instance,

CAs can identify participants who do not actively participate in the conver-

sation by name.

6.2.3 Information Exchange and Relationship Dynamics

Technical Nudging for Positive Group Dynamics. A series of studies

revealed that information exchange patterns influence relationship dynam-

ics. Inducing an equal contribution in terms of information flow could alle-

viate negative social influences of the spiral of silence, sucker effect, and free

riding. In particular, the CA’s simple nudge of asking members for their

opinions led to actual responses by making individual contributions more

visible [120]. Indeed, GroupfeedBot identified six lurkers, five of whom re-

sponded to the chatbot’s request. Chatbots identified undesirable behaviors

of lurkers, thereby encouraging members’ overall engagement. Furthermore,

this led to better group performance. Further research should be conducted

on how to visualize individual contributions continuously.

Information on Interaction Degrees and Patterns. As mentioned

above, continuously visualizing individual contributions is crucial for team

interactions. Technology can provide feedback on patterns of interaction among

participants. In order to elicit effective group interaction, it is important not

only for individual participants to actively participate, but also for all mem-
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bers to contribute equally and to actively interact with other members [249].

Social network analysis can be used to analyze and visualize the relationship

between participants in a threaded conversation. Through analyzing social

networks, it is easy to understand who plays a central role, who is alienated,

how intimately participants interact, and how equally online discussions are

conducted. Based on the information, human leaders can promote group dy-

namics more effectively. Regarding the unthreaded interaction, information

on the level of participation can be useful to moderators. Criteria such as

the length of the conversation and the duration of connection time logged

into the group chat room can be used as an indicator of participation ratio.

Getting People on the Same Page. Group synchronization is an-

other crucial factor affecting message flow. Group synchronization that opti-

mizes collaborative generation enables the sensemaking process [248]. Through

the sensemaking process among members, ambiguous situations and features

are materialized, and organized behavior operates based on those meanings [79].

For sensemaking, it is important that members continuously interact to form

a group norm and that as many members as possible participate in the con-

versation at the same time when an important issue is being discussed. This

is based on the fact that meaning formation essentially involves the commu-

nication process [109], and communication is a basic mechanism for devel-

oping shared meaning and leading to organized action [54].

Thus, CAs can keep as many group members as possible on the same

page via proper time management and the structuring of discussion. In par-

ticular, GroupfeedBot solved the problems of procrastination and loss of con-

centration in online discussions by managing time. Similarly, DebateBot is

designed so that members can effectively reach a consensus within an estab-

lished time via structured discussion. These results suggest that CAs can

support the functioning of rational and efficient group decision-making pro-
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cesses by organizing and structuring discussions that otherwise require sub-

stantial cognitive load when conducted by humans.

6.3 Technical Considerations

Make the features modular for future enhancement. Chatbot devel-

opment should be modular for the same of future improvements and adap-

tations. A reuse-based software engineering or code reuse refers to creating

modularized software in the current development process for reuse during

future projects. The modularity of the intent structure and conversational

flow makes it easy to incorporate new user intents. Within this thesis, De-

bateBot’s feature of structuring discussion reused GroupfeedBot’s module of

time management. Also, development efficiency could be improved by means

of reusing the module of discussant facilitation throughout the two studies

(Figure. 5.3). Making the features reusable can help develop software appli-

cations which require minor configuration changes. For instance, the code

for designating participants who produce a small number of messages was

written so as to operate on text-based platforms, but the code can also be

applied to voice platforms.

Don’t expect a perfect system in the first place. As Grudin and

Jacques [81] noted, “the most important lesson could be that the release of a

chatbot is the beginning and not the end of development.” Common errors

encountered when developing chatbots include: misunderstanding requests,

misunderstanding the nuance of human dialogue, executing inaccurate com-

mands, providing inaccurate information, and using inappropriate/offensive

language. It is both reasonable and realistic to address all these errors se-

quentially through iterative user tests in lieu of solving them simultaneously.

Through small-scale testing, researchers can continuously improve upon the
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usability of the chatbot and discover unexpected errors. For example, Groupfeed-

Bot’s feature of summarizing messages presented output in the form of sen-

tences in the initial version, but switched to offering a summary in the form

of hashtags through user feedback. Surprisingly, users constantly improve the

performance of machines which are initially imperfect. Users added their in-

telligence to GroupfeedBot’s summary in order to create a more advanced

form of output.

Advanced ML is not always the answer. Chatbots are often consid-

ered to be “evolving” from rule-based chatbots into intent recognizing chat-

bots and virtual agents, depending on the degree of advancement in the em-

ployed machine learning. There is a stereotype wherein rule-based chatbots

based on templates are primitive. However, advanced ML-based agents are

not always the answer, and sometimes chatbots based on solid theory can

offer better results. For example, one of the goals of DebateBot is to pre-

vent the manifestation of groupthink for deliberative discussions. Assuming

that the problem is solved based on machine learning, a solution which de-

tects opinion bias and generates utterances representing minority opinions is

possible by means of NLP technology. In this case, an issue arises regarding

where to obtain data on a specific discussion subject. Indeed, many projects

are halted as an excuse for these kinds of practical barriers. Nonetheless, so-

cial and psychological theories developed over the past 100 years provide in-

sight into system design for problem-solving. Even the development scenarios

based on these theories are often simple. DebateBot applied the think-pair-

share theory for the sake of independent thinking by efficiently implementing

the theory in the form of a rule-based system.

Data and advanced models can improve user experience. From a

technical perspective, as opposed to simple chatbots depending on rules and

FAQ scripts, complex chatbots operate utilizing ML models such as NLP, in-
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tent identification, reinforcement learning, and conversational dialogue. How-

ever, it should be noted that a lack of data and sufficient information to be

fed into a chatbot is a major impediment to performance. When construct-

ing a CA which responds to user queries related to community policies, in-

formation across different sources should be readily available in a way that

the bot framework can process. We should identify what the users will be

interested in as well as prepare and process that information. If users do not

receive expected information, adoption rates would likely be low, reducing

the chances of improving agents’ accuracy by learning from user data and

feedback.

6.4 Human-AI Collaborative System

6.4.1 Towards Human-AI Collaboration

This dissertation examines the feasibility of machine agency in diverse com-

munication contexts (dyadic and group communication). Going forward, it

is important to consider how to reconcile human and machine agencies and

build constructive partnerships in the era of AI. The field of HCI has ac-

cepted the idea that humans and machines can have a reconciling relation-

ship from the initial periods. This idea is represented by the concepts of

‘man-computer symbiosis’ [143] and ‘augmenting human intellect’ [58] and

has emerged again recently due to algorithmic advances. ‘Human-computer

integration’ is a new kind of relationship formation with machine agencies,

since interaction can be described as stimulus-response, while integration

implies a partnership between the agencies [61]. If the machine agency is

accepted as a community member, the next step is to go beyond interac-

tion and build a constructive partnership with it. Full automation is not
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the right approach since humans and machines possess relative competence

with respect to each other. Integrating their specific capabilities can give

rise to better consequences. There is a growing body of research that focuses

on human-computer integration by investigating rich and adaptive interac-

tion between humans and algorithms [90, 175, 150]. The effectively imple-

mented human-AI systems will enable the building of reliable and trustwor-

thy human-centered AI. In this thesis, I will explore in what ways machines

and humans can collaborate to better facilitate online discussion. This dis-

sertation serves to illuminate ways in which online discussion systems could

be redesigned by adapting a human-machine collaboration model in order to

promote collective discussion.

In line with recent work [209], I argue that conversational agents can

foster positive group dynamics by collaborating with human agents. For ex-

ample, while algorithms and machines are capable of analyzing and keeping

track of complex dialogue and relational patterns between participants, hu-

mans can organize and hold a discussion based on the information provided

by the machine, in tandem. Then, what role can machine agents play to fa-

cilitate online discussion? What roles should be carried out by humans and

by computers? What is an appropriate level of automation? How do we al-

locate tasks to machines and to people? How can we make decisions about

whether to allocate tasks to a machine or to a human? How can we evaluate

our design decision? Suggestions on how to elaborate this spectrum of ques-

tions are still missing. Future work could answer the questions by designing

and developing a human-machine co-moderation discussion system.
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Figure 6.1: One-dimensional approach versus two dimensional approach for
building human-centered AI system.

6.4.2 Designing Appropriate Human-Computer Integration

When it comes to operationally designing and implementing human-computer

integration, it is about configuring the right level and type of appropriate

human and computer contributions. Although existing research does not pro-

vide guidance in designing human-machine configuration, the most accepted

approach is Sheridan and Verplank’s levels of automation (LoA) typology

[215]. This one-dimensional scale calibrates the ten levels of automation, sug-

gesting that the increase in automation lowers human control. The taxon-

omy was refined to be applicable to the input function as well [180]. The

framework defines four stages of automation: (1) information acquisition, (2)

information analysis, (3) decision and action selection, and (4) action imple-

mentation.

However, these one-dimensional levels of automation frameworks limit

the interactive collaboration between human and machine agencies. Researchers

and practitioners should choose a proper level of configuration, in which the

proportion of human control and computer automation is inversely propor-
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tional. High-level human control and high-level machine intervention cannot

occur simultaneously, thus interrupting the active form of human-computer

integration.

Shneiderman [218] recently proposed a two-dimensional Human-Centered

Artificial Intelligence (HCAI) framework that decouples two types of au-

tomations (human control and computer automation) (Figure 6.1 (B)). When

designing human-machine collaboration systems, researchers should consider

a two-dimensional HCAI framework. A high level of automation is possi-

ble while maintaining a high level of human control. The quadrant of high

human control and high computer automations changes the question from

‘How do researchers and practitioners define the appropriate level of automa-

tion?’ to ‘How do researchers and practitioners design appropriate human-

computer integration?’. This two-dimensional design approach implies that

future work should design communication systems that enable high levels of

both human control and machine automation.
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Conclusion

The goal of my thesis is to design and implement conversational agents that

facilitate dyadic and group communication. More specifically, this work aimed

to configure the interface and message features to drive user engagement for

dyadic interactions. For group interactions, I focused on aspects related to

message, relation dynamic, and task performance to facilitate positive group

dynamics and support group process.

7.1 Research Summary

The findings of this thesis are as follows. For a dyadic interaction, partici-

pants interacting with a chatbot system were more engaged as compared to

those with a static web system. However, the conversational agent leads to

better user engagement only when the messages apply a friendly, human-like

conversational style. These results imply that the chatbot interface itself is

not quite sufficient for the purpose of conveying conversational interactivity.

Messages should also be carefully designed to convey such.

154



CHAPTER 7. CONCLUSION

Unlike dyadic interactions, which focus on message characteristics, other

elements of the interaction should be considered when designing agents for

group communication. In terms of messages, it is important to synthesize

and organize information given that countless messages are exchanged si-

multaneously. In terms of relationship dynamics, rather than developing a

rapport with a single user, it is essential to understand and facilitate the

dynamics of the group as a whole. In terms of task performance, technology

should support the group’s decision-making process by efficiently managing

the task execution process.

Considering the above characteristics of group interactions, I created

the chatbot agents that facilitate group communication in two different con-

texts and verified their effectiveness. GroupfeedBot was designed and de-

veloped with the aim of enhancing group discussion in social chat groups.

GroupfeedBot possesses the feature of (1) managing time, (2) encouraging

members to participate evenly, and (3) organizing the members’ diverse opin-

ions. The group which discussed with GroupfeedBot tended to produce more

diverse opinions compared to the group discussed with the basic chatbot.

Some effects of GroupfeedBot varied by the task’s characteristics. Groupfeed-

Bot encouraged the members to contribute evenly to the discussions, espe-

cially for the open-debating task.

On the other hand, DebateBot was designed and developed to facilitate

deliberative discussion. In contrast to GroupfeedBot, DebateBot was applied

to more serious and less casual social contexts. Two main features were im-

plemented in DebateBot: (1) structure discussion and (2) request opinions

from reticent discussants.This work found that a chatbot agent which struc-

tures discussions and promotes even participation can improve discussions,

resulting in higher quality deliberative discussion. Overall, adding structure

to the discussion positively influenced the discussion quality, and the facili-
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tation helped groups reach a genuine consensus and improved the subjective

satisfaction of the group members.

7.2 Summary of Contributions

This thesis makes contributions toward how to design human-AI communi-

cation in a way that increase user engagement and facilitate group dynamics.

Detailed contributions are as follows:

• Theoretical framework: I present a novel framework characterizing the

features that should be considered in designing communication sys-

tems with AI. This framework outlines dimensions that have been ex-

plored in communication and group interaction models by encompass-

ing context (task and agent), information process (message and infor-

mation exchange), and social process (information exchange and rela-

tionship dynamics). Focusing on structural and compositional differ-

ences in dyadic and group interactions opens up important questions

about design considerations of AI agents.

• Empirical understanding on AI-driven communication: This work offers

an empirical exploration of user engagement and group dynamics in

human-AI interaction. I investigate interaction by focusing on informa-

tion and social processes. In dyadic interaction, SurveyBot could drive

user engagement by adapting a human-like, casual conversational style.

On the other hand, in multiparty interaction, synthesizing and struc-

turing the scattered messages supported an effective group decision-

making process. Furthermore, concerning relationship dynamics, the

chatbots nudged positive social influences (i.e., encouraging equal par-
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ticipation and independent thinking) and mitigated negative ones (spi-

rals of silence, social loafing, and groupthink).

• Artifacts: I present conversational agents that facilitate dyadic and group

communication. Specifically, I focus on: 1) a conversational agent to

engage users in dyadic communication, 2) a chatbot called Groupfeed-

Bot that facilitates daily group conversation, 3) a chatbot called De-

bateBot that enables deliberative discussion.

• Design implications: This work provides practical implications for de-

signing CAs for dyadic and group interactions. I present considerations

for system design in terms of interaction types, tasks, agents, messages,

information exchange, and relationship dynamics.

7.3 Future Work

Many opportunities and challenges remain for advancing our understanding

of how to design human-AI communication systems from a human perspec-

tive. First, it is possible to investigate the main interaction-related variables

(i.e., task, agent, message, information exchange, relationship dynamics) pre-

sented in the TAMED model. Researchers can deal with the role of ma-

chines to mediate the negotiation tasks and moderation techniques that can

elicit collective intelligence in brainstorming in future studies. In addition to

the dyadic and group interactions discussed in this paper, other interaction

contexts such as mediated communication and interaction at scale include

countless research agendas [113, 216]. Mode change of engaging simultane-

ously in different types of interactions can also be an interesting topic (e.g.,

Agents sending private messages to members participating in group commu-

nication). In terms of messages, various message tailoring techniques need to
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be tested in different contexts. Future research could also explore a new rep-

resentation of message organization for large-scale data. Furthermore, cen-

soring and filtering harmful messages such as profanity and fake news be-

comes important in large-scale interaction [34, 205]. In terms of message ex-

change, this study only observed the difference between the two time points

(i.e., before and after the group discussion). However, how CA affects the

group process can be identified through time-series analysis of message ex-

change. Instead, time-series analysis of message exchange can explore how

CAs dynamically influence group processes. Finally, future research should

focus on various relational dynamics such as social competition, group learn-

ing, teaming, and collective intelligence [266, 107].

An important thread throughout this work has been on how CAs can

support group discussion. Future discussion systems could be designed to in-

clude more humans in the decision making process. Technology can help in

reaching a group consensus on major social issues, and can involve more

citizens in this process. For example, a moral machine experiment which

crowdsources ethical opinions pertaining to autonomous vehicles is a repre-

sentative attempt to implement society in the loop [11, 189]. Taking a step

forward from engaging citizens in the decision-making process, deliberative

discussion can help bring greater depth and nuance to the arrived-at con-

sensus [56, 200].

7.4 Conclusion

The findings of this thesis reflect the importance of understanding human

factors in designing AI-infused systems. By understanding the characteristics

of individual humans and collective groups, we are able to place humans at

the heart of the system and utilize AI technology in a human-friendly way.
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Going forward, it is important to consider how to reconcile human and ma-

chine agencies and build constructive partnerships in the era of AI. Human-

computer integration is a new kind of relationship formation with machine

agencies, since interaction can be described as stimulus-response, while in-

tegration implies a partnership between the agencies. If the machine agency

is accepted as a social partner and a community member, the next step is

to go beyond interaction and build a constructive partnership with it. In

sum, this work calls for the human-centered design of interactive systems

for interpersonal and group communication, highlighting the future direc-

tion towards human-machine collaboration. Furthermore, my work will have

not only positive implications in the fields of HCI and CSCW, but also far-

reaching societal impacts by enabling society members to participate and

discuss societal and ethical issues that will shape our future.
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Rüegger, Dirk Volland, Andreas Filler, Florian Künzler, Filipe
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국문초록

김수민

서울대학교 대학원

언론정보학과

‘인간-컴퓨터 상호작용’과 ‘사용자 경험’을 넘어, ‘인간-인공지능 상호작용’ 그리

고 ‘알고리즘 경험’의 시대가 도래하고 있다. 기술의 발전은 우리가 의사소통하

고 협업하는 방식의 패러다임을 전환했다. 기계 에이전트는 인간 커뮤니케이션

에서 적극적이며 주도적인 역할을 수행한다.

하지만 효과적인 AI 기반 커뮤니케이션과 토론 시스템 디자인에 대한 이

해와 논의는 부족한 것이 사실이다. 이에 본 연구는 인간-컴퓨터 상호작용의 관

점에서 다양한 형태의 커뮤니케이션을 지원할 수 있는 기술적 방법을 탐색하는

것을 목표로 한다. 이를 위해 저자는 일대일 그리고 그룹 상호작용을 지원하는

대화형 에이전트를 제시한다. 구체적으로 본 연구는 1) 일대일 상호작요에서

사용자 관여를 높이는 대화형 에이전트, 2) 일상적인 소셜 그룹 토론을 지원하

는 에이전트, 3) 숙의 토론을 가능하게 하는 에이전트를 디자인 및 개발하고 그

효과를 정량적 그리고 정성적으로 검증했다. 시스템을 디자인함에 있어서 인

간-컴퓨터 상호작용뿐 아니라, 커뮤니케이션학, 심리학, 그리고 데이터 과학을

접목한 다학제적 접근 방식이 적용되었다.

첫 번째 연구는 일대일 상호작용 상황에서 사용자의 관여 증진을 위한 대

화형 에이전트의 효과를 검증했다. 설문조사라는 맥락에서 수행된 이 연구는

웹 설문조사에서 응답자의 불성실로 인해 발생하는 응답 데이터 품질의 문제를

극복하기 위한 새로운 인터랙션 방법으로 텍스트 기반 대화형 에이전트의 가

능성을 탐색하는 것을 목표로 했다. 이를 위해 2 (인터페이스: 웹 對 챗봇) X

2 (대화 스타일: 포멀 對 캐쥬얼) 실험을 진행했으며, 만족화 이론에 근거하여

응답 데이터의 품질을 평가했다. 그 결과, 챗봇 설문조사의 참여자가 웹 설문

조사의 참여자보다 더 높은 수준의 관여를 보이고, 결과적으로 더 높은 품질의
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데이터를 생성하는 것을 확인할 수 있었다. 하지만 이런 챗봇의 데이터 품질에

대한 효과는 챗봇이 친구 같고 캐쥬얼한 대화체를 사용할 때만 나타났다. 이 결

과는 대화형 인터랙티비티가 인터페이스뿐 아니라 대화 스타일이라는 효과적인

메세지 전략을 동반할 때 발생하는 것을 의미한다.

두 번째 연구는 일상적인 소셜 채팅 그룹에서 집단의 의사결정과정과 토

론을 지원하는 대화형 시스템에 대한 것이다. 이를 위해 GroupfeedBot이라는

대화형 에이전트를 제작하였으며, GroupfeedBot은 (1) 토론 시간을 관리하고,

(2) 구성원들의 균등한 참여를 촉진하며, (3) 구성원들의 다양한 의견을 요약 및

조직화하는 기능을 갖고 있다. 해당 에이전트를 평가하기 위해 다양한 태스크

(추론, 의사결정, 자유 토론, 문제 해결 과제)와 그룹 규모(소규모, 중규모)에 관

하여 사용자 조사를 시행했다. 그 결과 의견의 다양성 측면에서 GroupfeedBot

으로 토론한 집단이 기본 에이전트와 토론한 집단보다 더 다양한 의견을 생성

했지만 산출된 결과의 품질과 메시지 양에 있어서는 차이가 없는 것을 확인할

수 있었다. 균등한 참여에 대한 GroupfeedBot의 효과는 태스크의 특성에 따

라 다르게 나타났는데, 특히 자유 토론 과제에서 GroupfeedBot이 참여자들의

균등한 참여를 촉진했다.

세 번째 연구는 숙의 토론을 지원하는 대화형 시스템에 대한 것이다. 세 번

째 연구에서 개발된 DebateBot은 GroupfeeedBot과 달리 더 진지한 사회적 맥

락에서 적용되었다. DebateBot은 (1) 생각하기-짝짓기-공유하기 (Think-Pair-

Share) 전략에 따라 토론을 구조화하고, (2) 과묵한 토론자에게 의견을 요청함

으로써 동등한 참여를 촉진하는 두 가지 주요 기능을 수행했다. 사용자 평가

결과 DebateBot은 그룹 상호작용을 개선함으로써 심의 토론을 가능하게 했다.

토론 구조화는 토론의 질에 긍정적인 효과를 발휘하였고, 참여자 촉진은 진정한

합의 도달에 기여하였으며, 그룹 구성원들의 주관적 만족도를 향상했다.

본 연구는 이 세 가지 연구의 결과들을 바탕으로 인간-인공지능 커뮤니

케이션에 대한 다양한 시사점들을 도출하였으며, 이를 TAMED (Task-Agent-

Message-Information Exchange-Relationship Dynamics) 모델로 정리하였다.

주요어휘: Human-Computer Interaction , Human-AI Interaction, 사용자 경
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