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Abstract 

 

Evaluating the Voice Interface of  

Conversational Speech Systems in  

Human-Robot Interaction 

for Elderly People  

 

 

Minjee KIM 

Interdisciplinary Program in Cognitive Science 

The Graduate School 

Seoul National University 

 

Conversational speech systems have been actively studied in recent years. 

However, their role as a conversational agent in daily living is still small. 

Voice interaction technology, which is supposed to play many roles, is 

not actively used. Voice interaction requires further research and 

development in terms of Human-Robot Interaction regarding its actual 

use.  

Conversational agents are stand-alone devices that do not 

connect to other devices, unlike existing smart devices. Voice interaction 
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would improve the access of the elderly because it is difficult for elderly 

people to interact using methods such as a computer mouse, keyboards, 

and touch screens. Voice-based interactions are the most usual method 

by which people express their thoughts and needs. In addition, the voice 

command input methods are intelligent and natural, and no additional 

input devices are needed. Based on these advantages, it is expected that 

conversational agents will be useful for the elderly in the near future. 

These technologies will be useful for enhancing the independence of the 

elderly and their quality of life as much as possible. Conversational 

speech systems are an assistive technology that has valuable possibilities 

in helping the elderly sustain their independence and improve their 

welfare.  

Despite the above advantages, the user experience of 

conversational speech systems has not been fully considered. Hence, 

research on how voice interaction technology will be accepted by users 

is of paramount importance. The user experience of products or services 

for the elderly should be thoroughly investigated to improve the elderly’s 

experience of use. This study aimed to evaluate the user experience of a 

conversational speech system and suggest voice interaction design 

guidelines.  

In the experiment, 53 subjects (25 male and 28 female) 

participated. Their ages ranged from 60 to 82 years (mean = 69.14). The 

experimental laboratory was divided by a partition on opposite sides of 

which the experimenter and subjects were placed. On the subjects’ side 

was a speaker that functioned as a conversational speech system, while 
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there was a computer on the experimenter’s side to send the recorded 

voice files to the speaker. This study designed the Wizard of Oz method 

for this experiment so that the subjects would believe that the automatic 

conversational speech system allows spontaneous conversations to occur, 

although in fact the experimenter was controlling the conversation 

system.  

This study investigated the user characteristics of the elderly and 

the task characteristics of the conversational speech system. Regression 

analysis was used to examine how the UX factor affects the satisfaction 

of different users differently. The experimental results show that all the 

major influential UX factors in each user group and task type were 

different. Therefore, it was possible to identify which UX factors voice 

interaction should be focused on according to the characteristics of 

elderly people and task characteristics of the system. Additionally, 

experimental video images were analyzed and voice interaction factors 

were extracted and measured. The voice interaction factors were 

correlated with the UX factors, which made it possible to determine the 

interaction factors that significantly correlated with the UX factors. The 

investigation of the voice interaction factor is a guide that allows the UX 

factors to be used directly in the interaction design.  

This study proposed a design model of a conversational speech 

system that suggests directions for designing a conversational system. 

Finally, eight design models emerged: six for user and two for task 

characteristics. The results were verified in actual contexts. An empirical 

evaluation of the design model was conducted, and an objective 
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evaluation of various aspects of the results was performed using new data. 

The design guidelines summarize the results of this study and suggest 

optimized design values for each context.  

Through the development of a conversational speech system 

based on these results, it will be possible to optimize elderly people’s 

experience of using the system. The interaction design reflecting this 

guideline will maximize the elderly individuals’ user experience and 

satisfaction with the use of the conversational speech system. 

 

Keywords: Conversational speech systems, Elderly, Human-Robot 

Interaction, Task characteristics, User characteristics, User experience, 

Voice interface 

Student Number: 2014-30958 
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Chapter 1.  

 

INTRODUCTION 

 

 

1.1 Background and Research Problems  

Conversational speech systems have been actively studied in 

recent years (Chan, Jaitly, Le, & Vinyals, 2016; Kopp, Gesellensetter, 

Krämer, & Wachsmuth, 2005; Louwerse, Graesser, Lu, & Mitchell, 2005; 

Xiong et al., 2016). Such voice interaction technologies have already 

been implemented with a variety of functions and are available on the 

market ready for commercialization. However, the role of such 

technology as a conversational agent in the daily lives of users is still 

small. Voice interaction technology, which is supposed to play many 

roles, is not actively used currently. Therefore, voice interaction requires 

further research and development in terms of actual use of Human-Robot 

Interaction.  

The reason why the actual use of such conversational speech 

systems has not been expanding has been discussed in earlier research as 

being due to several reasons. Particularly among the elderly, the use of 

conversational speech systems has been suppressed due to concerns of 

people using computer systems, e.g., maladjustment and anxiety about 

machines (Ganyo, Dunn, & Hope, 2011; McLean, 2011; Wu et al., 2014). 
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Nevertheless, conversational speech systems provide many opportunities 

for the elderly to address their cognitive and emotional difficulties. 

Conversational speech systems are expected to be well accepted because 

there is a social demand to look after the elderly and a psychological 

demand for independence of the elderly in an aging society (Broadbent 

et al., 2009; Wahl, Iwarsson, & Oswald, 2012). Additionally, favorable 

attitudes and interests of elderly people regarding conversational agents 

are growing.  

Conversational speech systems. “Conversational speech 

systems” have a broad range of conceptual meanings. O’Shea, Bandar, 

and Crockett (2011) identified such agents as spoken dialogue systems, 

dialogue management systems, and embodied conversation agents. This 

study defined these conversational speech systems as artificial 

intelligence (AI) based technology that communicates using voice 

commands. These systems use software that communicates with people 

in natural language using speech recognition technology.  

Voice-based interactions are the most common method of 

expressing people’s thoughts and needs (De Angeli, 2009; Granata, 

Chetouani, Tapus, Bidaud, & Dupourqué, 2010; Portet, Vacher, Golanski, 

Roux, & Meillon, 2013). Additionally, the voice command input 

methods are intelligent and natural (Griol, Carbó, & Molina, 2013), and 

no additional input devices are needed. Previous studies reported that 

voice interaction is highly suitable for the elderly because they have 

difficulty operating touch interfaces that require physical ability and 

visual cognition (Vacher et al., 2011). Furthermore, the interaction 
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methods of conversational agents are intended to build mental models as 

similar to human communication as possible (Cerrato, 2002; Sehili, Yang, 

& Devillers, 2014).  

Conversational agents such as Amazon’s Echo, Google Home, 

Naver’s Clova, and Kakao’s KakaoMini are inbuilt voice agents 

designed to interact with people and devices. For example, Echo assists 

users with activities such as playing music and ordering products. 

Artificial conversational agents, a typical form of assistive robotics 

technology, have been developing rapidly. Conversational agents are 

currently the most widely deployed robotic technology with AI. In terms 

of price and usage, it is more accessible than other robot technologies.  

These agents are stand-alone devices that do not connect to any 

other devices, unlike existing smart devices. The stand-alone nature of 

conversational agents improves access among the elderly because it is 

difficult for elderly people to interact using more complex methods such 

as a computer mouse, keyboards, and touch screens (Roy et al., 2000). 

These artificial agents enable intelligent conversations through machine 

learning, and the more they are used, the more natural and enriching is 

the conversation. Based on these advantages, it is expected that 

conversational agents will be useful for the elderly in the near future 

(Jung et al., 2005).  

Elderly people. With developments in medical technology and 

improved living standards, both life expectancy and the proportion of 

elderly persons in the population are increasing continuously. In this 

rapidly aging society, social isolation and loneliness among the elderly 
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stemming from the loss of their social roles are typical problems. Among 

the elderly, quality of life and mental state influence their cognitive 

function, which decreases along with changes in their physical ability 

(Shibata & Wada, 2011).  

Various assistive technologies have been actively studied to 

overcome these problems, and devices and services related to these 

technologies will be useful for extending independence among the 

elderly as much as possible and enhancing their quality of life. 

Conversational speech systems are an assistive technology with great 

possibilities for helping the elderly sustain their independence and 

improve their welfare (Wu et al., 2014). It is important to investigate the 

improvements needed to utilize voice interaction technology for elderly 

care. Conversational speech systems can solve elderly individuals’ 

critical difficulties in performing daily life activities (Jung et al., 2005). 

In fact, using voice interaction technology to support elderly people is 

not new (Graf, Hans, & Schraft, 2004).  

In particular, conversational agents have many advantages 

because they interact using dialogue. First, because there is no need to 

manipulate the physical user interface, elderly people with visual 

problems or hand tremors can operate such agents without actions 

requiring physical contact (Yankelovich, Levow, & Marx, 1995). The 

voice user interface of a conversational speech system has advantages 

over graphical user interfaces that are predominantly used in existing 

computer systems (Granata et al., 2010). The graphic user interface 

needs training to understand, but voice interaction is the most common 
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way of expressing needs. Moreover, voice interface is highly suitable for 

the elderly because they have difficulty operating touch interfaces that 

require physical ability and visual cognition (Vacher et al., 2011).  

Second, learning to use a voice user interface is relatively 

straightforward even for the elderly with little experience of using 

information and communication technology (ICT) devices because they 

use dialogue-based interactions.  

Third, interaction with agents can be emotionally helpful in cases 

of social isolation and loneliness. Conversational agents provide 

opportunities for direct help in performing various functions by giving 

commands such as “Turn on the light” and “Answer the call.” Therefore, 

it is important to study ways in which the use of conversational agents 

can be made available to elderly people.  

User experience. Despite the above advantages, the user 

experience of conversational speech systems has not been fully 

investigated. Voice interaction technology offers a variety of astonishing 

functions and services. People are amazed at the performance and 

functionality of new technologies as they emerge. However, they are not 

fully integrated into our daily lives. The technologies are amazing, but 

they are unnecessary or burdensome to the user. It is true that research 

related to conversational speech system has been conducted only in 

technological fields, and thus its acceptability to users has been neglected.  

Now, however, research on how voice interaction technology will 

be accepted by users is of paramount importance. No matter how nice an 

agent and great its performance is, it will be pointless if it is not used. 
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Therefore, this study investigated the acceptance and use of 

conversational agents through an investigation of user experience.  

Furthermore, the experience of elderly users is more difficult and 

sensitive than that of other users. The directions for improvement of the 

elderly user’s experience can differ somewhat from those for non-elderly 

users. Therefore, user experiences with products or services for the 

elderly should be thoroughly investigated.  
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1.2 Research Objectives and Questions  

Given the availability of such a conversational speech system, 

this research had the following four objectives. It aimed to evaluate the 

user experience of conversational speech systems and suggest a voice 

interaction design guide. The contents of each research objective are as 

follows.  

Research objective 1. Why should conversational speech 

systems for the elderly be studied? To answer this question, the first 

research objective was to examine the speech features of the elderly. This 

is because elderly people have unique speech features that contrast with 

those of non-elderly users. Thus, investigating the speech features of the 

elderly is an important process in identifying conversational speech 

systems for the elderly. By studying the speech features of the elderly, 

the necessity of studying conversational speech systems for the elderly 

can be verified.  

Research objective 2. In the elderly, physical and psychological 

changes because of aging are substantial. Along with these changes, 

technical abilities will have a direct and critical impact on the use of 

conversational speech systems. This study investigated user experience 

(UX) factors according to the user characteristics of the elderly, 

including technical, physical, and psychological characteristics, as 

mentioned above. It aimed to analyze whether any UX factor has a 

significant influence on the characteristics of elderly users.  

Research objective 3. The functions that can be implemented 

through the conversational speech system can be classified into two types: 
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a task-oriented conversational system with a clear purpose and a non-

task oriented conversational system with no goals. As the interaction 

designs of these two types of conversational systems have different 

purposes, the user experiences they provide must also be differentiated. 

Therefore, it is necessary to know the difference in UX factors according 

to the task characteristics of the conversational system.  

Research objective 4. This study proposes a direction for the 

design of interaction through specifications of voice interaction factors. 

It used voice interaction factors that are expected to have a direct impact 

on user experience. The voice interaction factor derived from this study 

is an index that quantifies the situations that users encounter during 

conversation. The design direction and guide of voice interaction were 

presented through a correlation analysis of UX factors.  

This study focused on the process of answering the following 

four research questions, the results of which will be summed up in 

Chapter 9 after being discussed in each chapter. 

• Research Question 1: Do elderly people possess speech features 

different from those of young adults?  

• Research Question 2. Does the UX factor for the conversational 

speech system of the elderly differ according to user characteristics?  

• Research Question 3. Does the UX factor for the conversational 

speech system of the elderly differ according to task characteristics?  

• Research Question 4. Does the voice interaction factor for the 

conversational speech system of the elderly correlate with the UX 

factor? 
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1.3 Research Outline  

This dissertation consists of eight independent and complete 

chapters. The results of each chapter lead to the subsequent chapters. The 

results of the user experience study in Chapter 4 follow in Chapters 5–7. 

In addition, Chapter 8 describes all the research results in Chapters 4–7. 

The contents of the research reported in each chapter are as follows. The 

detailed process of the entire study can be seen in Figure 1.1.  

Chapter 2 examines the research results discussed in previous 

studies of conversational speech systems in terms of Human-Robot 

Interaction, in addition to previous findings on the various characteristics 

of elderly users and the voice user interface.  

Chapter 3 investigates the speech features of the elderly. Through 

interaction with a conversational agent driven by AI, several speech 

features unique to elderly people in contrast with young adults were 

determined. 

Chapter 4, based on these characteristics of elderly people, 

reports the results of an investigation of user experience factors 

(henceforth, “UX factors”). Acceptance and affective factors were 

measured as dependent variables of the user experience survey. The 

measured factors were analyzed using factor analysis to derive 

components with similar concepts.  

Chapter 5 investigates the user characteristics of the elderly. 

Elderly users were classified according to their technical, psychological, 

and physical characteristics. Regression analysis was used to examine 
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how the UX factor affects different user groups. Experimental results 

showed that all the major influential UX factors in each user group were 

different. This made it possible to identify the UX factors that should be 

the focus of voice interaction according to the characteristics of elderly 

people. 

Chapter 6 investigates the task characteristics of the 

conversational speech system. Regression analysis was used to examine 

how different UX factors affect task-oriented and non-task oriented 

conversational systems. Experimental results showed that the UX factors 

were different depending on task characteristics. Therefore, it was found 

that differentiating the interaction design according to task 

characteristics is important.  

Chapter 7 investigates the voice interaction factor. Experimental 

video images were analyzed and voice interaction factors were extracted 

and measured. It was possible to determine the voice interaction factors 

that were significantly correlated with UX factors. The investigation of 

the voice interaction factors provides guidance in enabling the direct use 

of UX factors in the interaction design.  

In Chapter 8, guidelines for interaction design of a conversational 

speech system were derived by combining all the research results. This 

design guide shows the design directions for interaction that can optimize 

the elderly user experience during system use. Additionally, Chapter 8 

verified some of the research results through further experiments with 

conversational agents that are actually driven by AI.  

Chapter 9 summarizes the results of this study. The results of 
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research questions and limitations of this study are also discussed. 

Finally, directions for future research are discussed.  

 

 

Figure 1.1 Research procedure of this study 
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This study conducted a total of three experiments, which were 

constructed as shown in Table 1.1. In the first experiment (Exp. 1), data 

were collected from interactions of elderly people and young adults with 

conversational agents. The data collected in the first experiment were 

used later to validate the results of the main experiment (Exp. 4). The 

contents and materials of the four experiments are similar, but a real 

conversational agent was used only in Experiments 1 and 4, while 

Experiments 2 and 3 were conducted using the Wizard of Oz method. 

The pilot test (Exp. 2) involved five subjects in the scenario of the Wizard 

of Oz method. In this pilot test, the dialogue scenario to be used in the 

main experiment (Exp. 3) was firmly established and perfected to cope 

with various situations that can occur in this experiment. The results of 

the main experiment (Exp. 3) are described in Chapters 4, 5, 6, and 7. 

The overall experimental composition of this study is illustrated in 

Figure 1.2. 

 

Table 1.1 Description of the Experiments According to the Experimental Sequence 

Experiment Chapter Objective Subjects Method 

Exp. 1 Chapter 3 
Data 

collection 

16 elderly people, 

16 young adults 

With real 

conversational agent 

Exp. 2 Chapters 4–7 Pilot test 5 elderly people Wizard of Oz 

Exp. 3 Chapters 4–7 
Main 

experiment 
53 elderly people Wizard of Oz 

Exp. 4 Chapter 8 
Empirical 

evaluation 

16 elderly people, 

16 young adults 

With real 

conversational agent 
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Figure 1.2 Experimental composition of this study 
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Chapter 2. 

 

LITERATURE REVIEW 

 

 

2.1 Human-Robot Interaction Studies 

Human-Robot Interaction has emerged as a major research topic 

with the recent development of AI. Human-Robot Interaction is a design 

approach that focuses on users and tasks rather than on technology. 

According to the study of human factors, in order to develop a usable 

interface, the user’s perspective should be included in system design and 

development (Adams, 2002). The design of Human-Robot Interaction 

directly or indirectly affects critical factors such as the task completion 

rate because it considers human factor aspects such as workload, human 

error, and human decision-making during task execution. Human-Robot 

Interaction is important in AI systems or AI-oriented products because it 

is a system or product design methodology that leads to practical use 

through improved user experience. Since the autonomous AI system can 

perform many tasks, it has become more important to design user 

interfaces that users can easily access (Scholtz, 2003). The high degree 

of freedom increases the high probability of inappropriate responses in 

user experience.  

Human-Computer Interaction and Human-Robot Interaction 
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provide several research methodologies through robust evaluation 

techniques. There is a difference between these two areas, as the 

experience of interacting with a robot is different from that of other 

computer systems. Human-Robot Interaction is differentiated by two 

major factors, the social aspect and the emotional aspect (Young et al., 

2011). Unlike conventional computer systems, robots interact with users 

emotionally. Additionally, factors such as the sociability of the robot are 

applied to the user experience. Therefore, the research on Human-Robot 

Interaction needs to investigate additional indicators such as the user’s 

emotional state and sociality level. Based on these surveys, robots can 

provide more appropriate dialogue, gestures, and so on. 

Human-Robot Interaction can be broadly divided into three 

approaches: human-related, robot-related, and environment-related 

perspectives (Hancock et al., 2011). The human-related perspective 

includes user characteristics and ability factors. The robot-related 

perspective includes several interaction design factors such as 

predictability, dependability, and level of automation. The environment-

related perspective includes factors such as culture, in-group 

membership, multi-tasking requirements, and physical environment. 

Among these, the survey of users includes ability-based factors such as 

attentional capacity/engagement, expertise, competency, operator 

workload, prior experience, and situation awareness. A survey of user 

characteristics included factors such as demographics, personality traits, 

attitudes towards robots, comfort with robots, self-confidence, and 

propensity to trust. Because the user is not controllable by the designer, 

the study included the most fundamental factors from three perspectives. 
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Therefore, the most important process in Human-Robot Interaction 

studies is to understand the users who will use the system by accurately 

investigating users’ characteristics.  

Previous studies on AI systems and products in the field of 

Human-Robot Interaction have been conducted with a wide variety of 

variables. Table 2.1 summarizes the measures used for elderly users in 

these studies. The AI system and products used in the research take 

various forms from a robot’s face display to a smart caring home. There 

are two types of AI systems and products: robots with physical operation, 

and speech systems without physical operation. Regardless of the forms, 

most studies have used similar measures summarized in several ways. 

First, the factors commonly used in most studies are usability and 

acceptance. Second, factors such as user experience and user satisfaction 

are mainly derived from previous studies. Additionally, keywords such 

as affective and emotional aspects, social behaviors, and attitudes have 

appeared in related research. Usability and satisfaction are factors that 

have played key roles in existing Human-Computer Interaction research. 

Acceptance, affective factor, trust levels, and social behaviors are used 

specifically to investigate Human-Robot Interaction. In order to 

concentrate on the user experience in terms of Human-Robot Interaction, 

this study reviewed the research that considered these factors. 

Among them, acceptance has been consistently investigated by 

several related theoretical models. The Technology Acceptance Model 

(TAM) introduced by Davis (1989) was developed with the goal of 

predicting the actual use of a system by ease of use and usefulness. TAM 
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has been applied and expanded through many studies since it was 

introduced and has been actively used as a theoretical model for system 

evaluation. In particular, the Unified Theory of Acceptance and Use of 

Technology (UTAUT) proposed by Venkatesh, Morris, Davis, and Davis 

(2003) is a new framework that integrates all related models. The 

UTAUT model is widely used to investigate whether a user accepts a 

system in a working environment such as an AI-based embodied 

interaction robot or conversational agent (Hoque & Sorwar, 2017; 

Niehaves & Plattfaut, 2014).  

 

Table 2.1 Measures in Human-Robot Interaction Research for Elderly Users 

Reference 
Artificial Intelligence 

system and products 
Measure 

Abdollahi et al. 

(2017) 
Companion Robot  

Likability, acceptance, and long-

term companionship  

Correia et al. (2016) 
Entertainment Robots 

Activity 

Trust levels and affect (The 

Positive and Negative Affect 

Schedule questionnaire)  

Faille (2016)  
Smart Caring Home 

and eWALL 

User Experience Questionnaire: 

attractiveness, perspicuity, 

efficiency, dependability, 

stimulation, and novelty 

Fischinger et al. 

(2016) 
Care Robot 

Usability, acceptance, and 

affordability measurements 

Pripfl et al. (2016) Social Service Robot 

The Falls Efficacy Scale: a 

measure of fear of falling that 

assesses both easy and difficult 

physical activities and social 

activities (Yardley et al., 2005) 
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Saunders, Syrdal, 

Koay, Burke, & 

Dautenhahn (2016)  

Companion Robot  
System Usability Scale 

Questionnaire 

Wu et al. (2016) Assistive robot Attitudes and perceptions 

Shiomi et al. (2015) 
Autonomous 

Wheelchair Robot 

Intention to use, ease of making 

a request, comfort, and 

enjoyment 

Xu et al. (2015) Home Service Robot Needs, acceptance, and attitudes 

Stafford et al. 

(2014) 
Conversational Robot 

Robot Attitudes Scale: useful–

useless; trustworthy–

untrustworthy; strong–fragile; 

interesting–boring; advanced–

basic; easy to use–hard to use; 

reliable–unreliable; safe–

dangerous; simple–complicated; 

helpful–unhelpful; and 

controllable–uncontrollable 

Broadbent et al. 

(2013)  
Robot Face Display 

The Mind Perception 

Questionnaire: agency (the 

ability to think, recognize 

emotions, and communicate) 

and experience (the ability to 

feel pleasure, pain, and be 

conscious)  

Berenz & Suzuki 

(2012) 
Robotic Architecture Usability and learnability  

Caine et al. (2012) Assistive robots 

Negative Attitudes toward 

Robots Scale (Nomura, Kanda, 

& Suzuki, 2006)  

Broadbent et al. 

(2010) 
Healthcare Robot 

Emotions (PANAS), quality of 

interaction, and quality of 

experience 

Heerink et al. (2010) Embodied Agents 
The unified theory of acceptance 

and the use of technology 
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Weiss et al. (2009)  Humanoid Robot  

Usability Measurements: system 

usability scale questionnaire; 

user experience measurements: 

emotion, embodiment, feeling of 

security, human-oriented 

perception, co-experience, and 

USUS evaluation framework 

(usability, social acceptance, 

user experience, and societal 

impact) 

Heerink et al. (2008) 
Interactive Robotic 

Agent 

Social presence, perceived 

enjoyment, and intention to use 

Bickmore et al. 

(2005) 

Embodied 

Conversational Agent 

Acceptance and usability: 

satisfaction with, liking of, trust 

in, relationship with, friendly, 

informative, repetitive, 

interesting 

De Ruyter et al. 

(2005) 

Social Robotic User 

Interfaces 

(iCat)  

Social behaviors questionnaire, 

User Satisfaction Questionnaire, 

and the unified theory of 

acceptance and use of 

technology 
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2.2 Elderly Users 

Robotic technology has been shown to have a variety of functions 

in previous studies on the elderly. Vercelli and colleagues (2018) 

conducted research on several physical, psychological, cognitive, and 

social functions in addition to those supporting daily activities. For 

example, the psychological assistance function includes understanding 

the loneliness of elderly users, identifying situations in which they 

require emotional help, and serving as a companion and emotional robot. 

Robotic technology also provides assistance in physical activities 

ranging from manipulating devices such as smart TVs and home 

appliances to using medical devices. Therefore, elderly care using 

robotic technology has been performing radical and challenging tasks.  

For the active use of robotic technologies by elderly users, the 

elderly as users need to be investigated more clearly and in greater detail. 

Kaleshtari and colleagues (2016) divided the factors that led to the use 

of the technology system into three categories: personal features, 

technology features, and social influence. Among these, personal 

features are divided into physical and psychological conditions. Physical 

conditions include user information such as age and health. 

Psychological conditions include user factors such as personality, 

motivation, and emotion. The results of this report provide guidance in 

terms of which factors of the users must be studied. Meanwhile, 

Crewdson (2016) reported the effect of loneliness on the elderly. 

Loneliness has been shown to have a significant impact on many aspects 

of the health of the elderly, including physical activity and psychiatric 
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(depression, anxiety) aspects. In conclusion, many previous studies on 

elderly people have examined a variety of features ranging from their 

physical to mental aspects. This is because the various features of the 

elderly have a critical impact on the experience of using the system.  

The notion of age is relative, and it changes as the generations 

change. Therefore, establishing a fixed age for the elderly may give 

biased information (d’Albis & Collard, 2013). Most recent studies define 

the elderly as over 65 and under 80 years of age (van Riet et al., 2016). 

Furthermore, Gardner and Murasko (2017) defined young adults as those 

between 18 and 55 years of age, because elderly subjects’ minimum age 

is 60 years. According to a more detailed age classification, people aged 

60 to 80 years are defined as young-old adults, and those aged 80 or more 

are defined as old-old adults (Zinke et al., 2014). With regard to people 

over 80 years of age, it is common to distinguish them from elderly 

people under the age of 80 using expressions such as “very old” or their 

specific age (van Riet et al., 2016). Studies on the elderly should use 

different age ranges for specific research purposes (Gardner & Murasko, 

2017). In this study, “healthy elderly” (Gardner & Murasko, 2017) 

subjects with good overall health status, who did not have cognitive, 

physical, or mental impairments, were surveyed.  

Numerous studies have been conducted on elderly people with 

disabilities (Darragh et al., 2017; Felzmann, Murphy, Casey, & Beyan, 

2015; Hersh, 2015; Tanigaki, Kishida, & Fujita, 2018). However, many 

significant differences exist between elderly people with and without 

disabilities, which must be identified first. Through these studies, further 
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investigations of the elderly with disabilities can be conducted after the 

elderly without disabilities are clearly defined as “users” and knowledge 

of system design is accumulated.  

In this study, “elderly” was defined as a group of people who 

belong to a certain age group (mainly 65 years and over) and whose 

performance has deteriorated with physical changes due to aging. 

Several common phenomena observed in the elderly may or may not 

appear. However, Hultsch, MacDonald, and Dixon (2002) reported that 

variability of performance is an indicator of aging. In addition, 

psychological changes and changes in social roles that are mainly seen 

in the elderly are accompanied by physical changes due to aging. As for 

the deterioration of performance among the elderly, it has been revealed 

through experiments studying indicators such as reaction times and error 

rates (Lajoie & Gallagher, 2004; Laursen, Jensen, & Ratkevicius, 2001).  

To investigate the characteristics of “healthy elderly,” this study 

examined the factors of the elderly that had been considered in prior 

studies. Table 2.2 summarizes the variables that have been considered as 

user characteristics of the elderly, which have largely been divided into 

physical aspects, psychological aspects, and prior experience. In the 

physical aspect, variables such as health condition, vital signs, and 

physical ability were considered. The physical changes of elderly people 

are a typical phenomenon in aging, and this research shows that such 

changes are factors that affect system use. In the psychological aspect, 

variables such as loneliness, depression, and motivation are considered. 

The elderly suffer psychological changes due to loss of social roles and 
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aging of the body. Moreover, these psychological changes directly or 

indirectly affect the use of the system. Finally, another variable covered 

in many previous studies is the prior experience. The strength and scope 

of prior experience has been largely addressed in the elderly system use. 

The elderly who are less able to learn because of aging and fear new 

technology differ in system usage depending on their prior experience. 

Consequently, previous studies have shown that the variables considered 

in elderly users showed some differences in the use of the system. 

Therefore, the research design of this study included a consideration of 

these characteristics of elderly users.  

 

Table 2.2 Variables Considered as User Characteristics of the Elderly in Previous 

Studies 

Reference Research object 
Variables considered  

for elderly user 

Werner et al. 

(2018) 

Assistive Technology 

(Mobility Aid, Smart 

Walker) 

Cognitive ability 

Beuscher et al. 

(2017) 

Socially Assistive 

Robots 
Perceptions 

Khosravi et al. 

(2016) 
Assistive technology Social isolation (Loneliness) 

Bleakley et al. 

(2015) 

Interactive Computer 

Games 
Physical and cognitive effects 

González et al. 

(2015) 

Information and 

Communication 

Technology learning 

Seniors’ attitudes, self-confidence, 

computer use, internet use, 

expectation of course difficulty  

Fasola & Matarić 

(2013) 

Socially Assistive 

Robotics 
Intrinsic motivation 
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Robinson et al. 

(2013) 
Companion Robot 

Psychosocial effects: loneliness, 

depression, and quality of life 

Fasola & Matarić 

(2012) 

Socially Assistive 

Robotics 
Motivate physical exercise 

González et al. 

(2012) 

Information and 

Communication 

Technology learning 

Social relationships, self-

confidence computer experience, 

and attitudes  

Heerink (2011) 
Robot and Assistive 

Technology 
Computer experience 

Laganà et al. 

(2011) 
Computer training 

Computer Technology Attitudes 

Scale (Lagana, 2008) and 

Computer User Self-Efficacy Scale 

(Cassidy & Eachus, 2002)  

Neven (2010) 
Socially Intelligent 

Robots 

Lifestyles, mental, physical 

abilities, and social environments 

Broadbent, 

Stafford, & 

MacDonald (2009) 

Healthcare robots 

Culture, experience with 

technology/robots, and cognitive 

ability 

Gatto & Tak (2008) 
Computer and Internet 

Use 
Physical and mental limitations 

Cesta et al. (2007) 
Socially Assistive 

Robotics 

Perceived health conditions and 

worry about cognitive impairments 

Wada & Shibata 

(2007) 
Seal Robots 

Psychological effects (e.g., 

relaxation, motivation); 

physiological effects (e.g., 

improvement of vital signs); social 

effects (e.g., stimulation of 

communication among inpatients 

and caregivers) 

Nomura (2006) Pet-Type Robots 
Psychological and sociological 

states 

Scopelliti et al. 

(2005) 

Interactive Domestic 

Robots 
Technological experience 
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2.3 Voice User Interface 

The voice user interface forms a large part of Human-Robot 

Interaction. Many studies have been conducted on voice user interfaces 

for the elderly. Previous studies investigating the voice user interface 

were conducted using various voice interaction methods. Table 2.3 

summarizes the relevant factors in studies on voice user interfaces for 

the elderly.  

Hong, Tsuboi, Nejat, and Benhabib (2016) investigated the 

affective state in the voice of the elderly. Their results indicated that the 

emotional state of the elderly can be classified into four subdivided 

categories of neutral, happy, sad, and angry through features of the voice. 

The voice user interface of the elderly shows the importance of 

investigating the subject’s affective state, as with the previously 

discussed variables for elderly users.  

Hämäläinen et al. (2014) reported that acoustic speech features 

differed in three groups: children, young to middle-aged adults, and 

elderly people. This study confirmed that research on voice user interface 

should be conducted differently according to age.  

Portet et al. (2013) studied the naturalness of voice interaction as 

a criterion for voice user interface evaluation. The study emphasized that 

the naturalness of the smart home voice interface system is an important 

factor in the use by the elderly. Naturalness has also been addressed in 

previous studies of several voice user interfaces targeting elderly people 

(Gordon-Salant, Fitzgibbons, & Friedman, 2007). This is because 

naturalness in the voice user interface is a major factor in the user 
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experience of the elderly.  

Bures (2012) conducted a study to compare and analyze the voice 

user interface in two different forms: automatic speech recognition and 

non-verbal vocal input. A comparison of two voice interfaces was 

conducted to investigate the more appropriate interaction method in the 

elderly. The results showed anxiety over the non-verbal vocal input 

method, and a new method combining the two interfaces was not 

accepted by the elderly.  

Lines and Hone (2006) investigated the voice user interface for 

its relevance to environmental factors and changes in speech sources. 

Results revealed that background noise affected speech comprehension 

in elderly people. In a similar study, Langner and Black (2005) compared 

elderly people’s understandability in noise-added and no-noise-added 

environments and found that in the noise-added environment, there was 

a large difference in the error rates between the elderly and non-elderly 

groups. Therefore, the voice user interface is more sensitive to 

environmental factors with elderly people.  

These prior studies investigated several related factors of the 

voice user interface of the elderly. Voice user interfaces for the elderly 

are more complicated in many respects than those for non-elderly users. 

Therefore, voice user interfaces for the elderly should be investigated in 

detail by considering the characteristics of the user and speech features 

of the elderly.  
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Table 2.3 Voice User Interface-Related Factors Investigated in the Elderly 

Reference Interaction method 
Factor related to  

voice user interface 

Hong et al. (2016) 

Audio clips from older adult 

speakers (YouTube videos, 

talk-show interviews, and 

news broadcasts)  

Vocal Affect Detection and 

Classification: classified 

affective states (neutral, 

happiness, sadness, and anger)  

Hämäläinen et al. 

(2014) 

Read or repeated speech 

material  

Acoustic speech features in 

the age group classifiers  

Portet et al. (2013) 
Interaction with the smart 

home using speech 

Naturalness of voice 

interaction 

Samuelsson et al. 

(2013) 

Conversations between a 

professional caregiver and 

an elderly resident 

Mean pitch range, mean 

length of utterance, mean 

length of pauses, number of 

syllables per minute, total 

number of recycling 

(repetition) in conversations  

Bures (2012) 
Interactive Digital 

Television 

Subjective perception of ease 

of use between automatic 

speech recognition and non-

verbal vocal input  

Turner et al. (2006) 

Participants completed a 

task scenario with test 

system speech-enabled bank  

Perceptions of system voice, 

mean impressions of system’s 

voice, trust in voice 

authentication technology 

Langner & Black 

(2005) 

Speak and listen over the 

telephone 

Understandability in noise-

added and non-noise-added 

systems 

Lines & Hone 

(2006) 

Interactive Domestic Alarm 

Systems 

Environmental conditions 

(quiet vs. noise), speech 

gender (male vs. female), 

speech source (natural vs. 

synthetic)  
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Baba et al. (2001) 
Read newspaper articles and 

phoneme-balanced sentences 

Word correct rates by elderly 

acoustic mode 

McGuire et al. 

(2000) 

The elderly recalled medical 

information in note-taking or 

non-note-taking conditions  

Slower rate of speech, 

exaggerated intonation, stress 

placed on words and phrases 

Anderson et al. 

(1999) 

Read some documents using 

voice-driven program 

Word error rate effects of age 

and speaking style 

(spontaneous and read) 

Kemper (1994) 

Interactions between service 

providers/caregivers and 

elderly people 

Slower speaking rate, long 

words, utterances per turn, 

pause duration 
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Chapter 3.  

 

FEATURES OF NARRATIVE PRODUCTION  

IN ELDERLY PEOPLE  

 

 

3.1 Introduction 

A product or service intended for the elderly requires a different 

user experience design than for non-elderly users (Newell, Arnott, 

Carmichael, & Morgan, 2007). In particular, it is important to conduct an 

experimental study on elderly people’s conversational speech system. 

Most previous studies on conversational speech systems for elderly 

people have focused on technical issues such as system improvement and 

building acoustic models. There have not been enough studies on the 

speech features and interaction processes of elderly people using 

conversational speech systems (Takahashi, Morimoto, Maeda, & Tsuruta, 

2003). Identifying the speech features of the elderly and designing 

appropriate interactions is critical to improving the elderly user’s 

experience. In general, conversational speech systems on the market are 

primarily optimized for young adults (Kwon, Kim, & Choeh, 2016). 

Current conversational speech systems generally do not work well in 

dialogues with elderly people (Hämäläinen et al., 2014), and the speech 

recognition rate is related to factors such as speech features and 
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interaction processes.  

Elderly people suffer from speech difficulties as the body 

changes because of aging. They have decreased motor control of their 

tongue and lips, and it takes them more time to create a long sentence 

(Balota & Duchek, 1988; Jian et al., 2011; MacKay & Abrams, 1996). 

Elderly people’s utterances do not provide high-quality acoustic data, 

and the initial and final parts of their utterances are often unclear, which 

is why their interactions with conversational speech systems are not 

smooth (Takahashi et al., 2003). Harada (2010) reported that “roughness,” 

“slow pace,” and “less intelligibility” appeared in the speech features of 

elderly people. Hence, a voice recognition model using non-elderly 

speech data showed difficulty in recognizing the speech of the elderly 

(Anderson et al., 1999; Wilpon & Jacobsen, 1996). Moreover, because 

of the cultural differences between generations, only elderly people’s 

distinctive vocabulary tends to be used. A previous study showed that 

aging changes the way elderly people speak (Tanaka, Mizumachi, & 

Nakatoh, 2016). Thus, previous research has noted a tendency for elderly 

people and children to have poor performance when using conversational 

speech systems (Hämäläinen et al., 2014).  

In related studies, there is a lack of qualitative analysis and 

research on the elderly people’s speech features. Therefore, it was 

necessary for this study to investigate elderly people’s speech features 

that are shown in interactions with actual conversational agents. This 

study aimed to compare speech features of elderly people and young 

adults through an unconstrained dialogue with a conversational agent.  
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3.2 Method 

This chapter presents the analysis of the data from Experiment 1. 

There were 32 subjects in the experiment (Exp. 1). Sixteen subjects were 

recruited for each of the two groups of elderly people and young adults. 

In the elderly people group, there were 6 male and 10 female subjects. In 

the young adult group, there were 11 male and 5 female subjects. The 

average age of the elderly people was 72.2 years, with ages ranging from 

67 to 79 years. The young adults were 27.1 years old on an average with 

a range from 21 to 36 years.  

The subjects were instructed to speak freely with a live 

conversational agent on five themes. A variety of speech topics were 

selected such that the speech features of subjects could be observed as 

widely as possible. All of subjects participated five speech topics, and 

the order of speech topics was randomly assigned. The five themes were 

asking about the weather, registering a schedule, sending a text message, 

playing a quiz game, and listening to a song.  

The experiment took about 30 to 45 mins per subject. The 

equipment used as a conversation agent was a KakaoMini (Daum Kakao, 

Korea). The equipment was 110.2 mm in width and 90 mm in height. All 

the experimental procedures were recorded with a video recording 

device.  
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3.3 Analysis of Narrative Production  

Experimental data were collected from 80 dialogues of young 

adults and elderly people. The analysis involved transcribing the subjects’ 

utterances and recording features that repeatedly appeared in a particular 

subject group. In particular, speech features that were not observed in 

young adults but appeared only in elderly people were recorded. The 

features were recorded to analyze how often they were observed, and 

their frequency was measured. As a result, there were several feature 

differences in the speech of elderly people in three themes: mental model, 

relationship, and performance.  

Mental model. The mental model of the elderly conversational 

speech system is different from that of young adults. Donald Norman 

(1988) has stated that a mental model is a belief in how the system works. 

The problem that arises from the different mental models is their quite 

far-reaching influence on the use of the conversational system. Abdul 

Razak, Sulo, and Wan Adnan (2012) evaluated the mental model of the 

elderly to design a reminder system. In previous studies, it was found 

necessary to understand the mental model so that users could know what 

to expect from the system (Abdul Razak et al., 2012). Most problems 

found in the analysis of the elderly’s speech features stemmed from the 

fact that their mental model is different from those of non-elderly people. 

It is important to note that elderly people have a unique mental model of 

a conversational speech system. Therefore, it is necessary to clearly 

understand their mental model and design interactions based on the 

analysis of their speech features.  
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Command word. It has been shown that elderly people do not use 

key commands, which are generally important clues to start a certain task 

in the system (Figure 3.1). Therefore, the use of command words 

presents the elderly with difficulties in operating the system. As a 

representative example of analyzed speech, most elderly people did not 

use the word “Search.” Instead, the elderly used alternative words such 

as “Introduce me” or “Tell me,” but the task completion rate was 

noticeably lower than when using the word “Search.” The difference in 

command words has been the cause of poor conversation.  

The second command word feature was the expression of 

periphrastic commands. For example, instead of saying “Stop the music,” 

many elderly people used the expression, “I was thankful for [your] 

playing the music,” which is not appropriate because it is too indirect for 

entry into the system as a command word. Another example, “I think 

that’s enough,” is a roundabout expression, though it contains the 

command word “Enough.” All the examples using these command words 

entailed difficulty in stopping the music. Interaction design taking into 

consideration such speech features related to the command words of the 

elderly will improve the user experience of the elderly. 

Redundant word. As mentioned earlier, the mental model of how 

the conversational speech system works differs from that of young adults, 

and hence elderly people’s utterances were quite different. A young adult 

with prior knowledge of how the system works showed the speech 

feature of briefly conveying the point. On the contrary, elderly people 

tend to convey disorganized thoughts as if they were talking to people. 
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The elderly had added many unnecessary comments about the task they 

wanted to perform (Figure 3.2). This speech feature also causes another 

problem in which the system does not input the key command because 

the input time set to accept the user’s utterance is exceeded. 

Consequently, these redundant words create the problem of lowering the 

task completion rate. To prevent this problem, it is necessary to set a 

longer time to input a user’s utterance in designing an interface for 

elderly people. 

 

 

Figure 3.1 Examples of the command words in the observed speech features of 

elderly people 
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Figure 3.2 Examples of redundant words in the observed speech features of elderly 

people 

 

Relationship. In the elderly, several speech features were found 

involving their relationship with the system. These features take the form 

of expressions of empathy and politeness, and were found to be 

characteristic of elderly people’s utterances and were not found among 

young adults. Previous studies reported that the elderly can build 

relationships with conversational agents as with persons and pets 

(Heerink, Kröse, Wielinga, & Evers, 2006). The characteristics of elderly 

people who value their relationship with these conversational speech 

systems are the factors to be investigated to improve the user experience.  

Emotional expression. The elderly often used emotional 

expressions in their interaction with the conversational system. The 

active emotional expressions that were not observed in young adults can 

be regarded as speech features of the elderly. As shown in the example, 

emotions such as sadness and pleasure are directly expressed in dialogue 

with the system (Figure 3.3). Although most of these expressions are not 

entered into the system, interaction with the elderly in the future should 
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mainly be designed to respond to emotional expressions. These 

emotional changes are a major factor in the user experience of the elderly, 

and so they should be investigated when developing a system for them.  

Polite expressions. The elderly showed polite utterances in 

interactions with the conversational speech system (Figure 3.4). Most 

elderly people used courteous expressions as if they were talking to a 

person whom they had met for the first time (Takahashi et al., 2003). For 

example, instead of saying “Start quiz,” elderly people might say “I’m 

going to start the quiz now, would you answer that?” The expression 

“Would you answer that?” is like a suggestion to someone to play with. 

Furthermore, instead of saying “Play ‘Camellia Girl,’” the following 

request appeared: “Why don’t you listen to ‘Camellia Girl’ instead of this 

song?” The elderly used expressions involving etiquette instead of giving 

orders in a somewhat strong tone. These expressions can be attributed to 

the fact that the elderly judged the system to be an object in social 

relations rather than as a simple device. Therefore, it can be seen that the 

elderly user experience of the conversational speech system will be 

affected by factors such as their relationship with the system and the 

demands of sociable interaction.  
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Figure 3.3 Examples of emotional expressions in observed speech features of elderly 

people 

 

 

Figure 3.4 Examples of polite expressions in observed speech features of elderly 

people 

 

Performance. In the dialogue between the elderly and the 

conversational system, many repetitive errors were observed. The 

analysis of this error repetition found that the task performance of the 

elderly was degraded by two major causes: first, frequent failures, and 

second, low task comprehension. In their interactions with the 

conversational speech system, the performance of the elderly was 

generally lower than that of young adults.  
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Failure of the task. The elderly could not easily adapt to certain 

rules that the system requires, resulting in repeated errors (Figure 3.5). 

As an example, when the system asked, “Please answer yes or no,” the 

elderly people repeatedly failed in the task of entering answers with these 

rules. These failures represented a pattern of errors not observed in young 

adults. Frequent occurrences of unnecessary repetitive errors caused the 

user to be disturbed and fatigued. Additionally, various factors cause the 

failure of task performance. In the case of young adults, learning about 

the task was possible through their interaction during the conversation, 

whereas the elderly did not acquire such knowledge through 

conversational interactions.  

Utilization of task. The elderly differed from the young adults in 

understanding and utilizing the tasks performed through the 

conversational speech system (Figure 3.6). Even though this did not lead 

to errors, it could be seen that the elderly lacked understanding of the 

task function. For example, when asked about the name of a schedule to 

be registered, young adults replied, “Year-end meeting,” but elderly 

people replied, “I’m just eating food.” It is a fact that there is a difference 

in understanding of the scope and purpose of the schedule registration 

function between the elderly and young adults. This result is also related 

to the mental model described above. It can be seen that the purpose and 

usage scope of the tasks that elderly people expect from the system are 

different from what is actually provided.  
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Figure 3.5 Examples of task failures in the observed speech features of elderly people 

 

 

Figure 3.6 Examples of task utilization errors in the observed speech features of 

elderly people
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3.4 Discussion  

The speech features of the elderly observed in the use of the 

conversational speech system may be summarized under three types as 

follows: mental model, relationship, and performance. These 

characteristics are unique to elderly people and differ from those of 

young adults. When designing interactions for future conversational 

speech systems for elderly users, such speech features of elderly people 

should be considered.  

The speech features of the elderly appeared diverse and extensive. 

The results of the study of speech features show that the speech of elderly 

people is substantially different from that of non-elderly people. 

Therefore, even if an identical conversational system is used, the 

experiences of non-elderly and elderly users will appear quite different.  

Hence, it is important to investigate the user experience of 

conversational speech systems for elderly people, as investigating the 

experience factors of the elderly is essential to provide a better user 

experience.  
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Chapter 4.  

 

ELEMENTS OF USER EXPERIENCE IN 

CONVERSATIONAL SPEECH SYSTEMS  

 

 

4.1 Introduction 

This study aimed to investigate the UX factor of a conversational 

speech system for the elderly. The UX factor involves the acceptance and 

affective aspects of the elderly, reflecting the result of the elderly 

people’s speech features. Acceptance and affective aspects are major 

factors in many previous studies of conversational speech systems. 

Acceptance measures utilitarian and hedonic factors to determine the 

overall acceptance of the system (De Graaf & Allouch, 2013). 

Additionally, the sociability of the system is measured in acceptance. The 

more social communication it is capable of, the more likely is its 

acceptance as a dialogue partner (Heerink et al., 2006). Affective factors 

were measured using the Positive and Negative Affect Schedule 

(PANAS). The PANAS (Watson, Clark, & Tellegen, 1988) consists of 20 

factor mood scales: 10 for Positive Affect (PA) and 10 for Negative 

Affect (NA). Kirby, Forlizzi, and Simmons (2010) reported that it is 

important to understand how affective factors influence overall Human-

Robot Interaction. These factors were investigated to compare the 
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characteristics of the elderly and the characteristics of the tasks.  

Acceptance factors. Speech recognition technology is evolving, 

and AI offers more services and functions, but there is a great gap 

between the available technologies and the elderly who need these 

functions the most. Understanding the reasons for rejecting or accepting 

a conversational speech system is important to improve system designs 

and implement elaborate strategies (Wu et al., 2014). In this study, 11 

sub-factors of acceptance of a conversational speech system were 

investigated. Investigating such acceptance involves assessing how 

much a user accepts a conversational speech system, and how a user 

accommodates the system. Acceptance has been addressed in prior 

studies on conversational speech systems (De Graaf & Allouch, 2013; 

Heerink, Kröse, Wielinga, & Evers, 2009; Louie, McColl, & Nejat, 

2014). Existing studies examining acceptance have consisted mainly of 

comparisons between acceptance dimensions (Baisch et al., 2017; 

Heerink, 2011). In these studies, the influence of acceptance factors and 

whether a particular factor determines other factors have been 

investigated (Heerink, Kröse, Wielinga, & Evers 2008; Hu, Clark, & Ma, 

2003). This study aimed to investigate the differences in acceptance 

factors. These results can thus be reflected in the interaction design of 

conversational speech systems for the elderly and can suggest ways to 

increase user satisfaction.  

Affective factors. In the interaction with a conversational speech 

system, emotions may be generated, much like those in interactions 

among people. Recent studies of Human-Robot Interaction have 
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recognized the importance of affective aspects and emphasized the 

design of voice interfaces (Chanel, Kierkels, Soleymani, & Pun, 2009). 

The affective factors for the elderly, which form the core of the 

relationship with a conversational speech system, are among the most 

important aspects (Kriglstein & Wallner, 2005). Such a conversational 

speech system has been developed to help improve the quality of life for 

the elderly by providing companionship (Broekens, Heerink, & 

Rosendal, 2009). Above all, the conversational speech system is useful 

for the elderly in terms of affective aspects (Ogata & Sugano, 1999). This 

study investigated the emotional state of the elderly through voice 

interaction with the conversational speech system. This study was 

needed because the future use of voice interfaces should be determined 

according to the affective factors when using a speech system. 

Satisfaction. It is important to understand each factor of 

acceptance and affective state that affects user satisfaction. Through such 

studies, it is possible to determine what acceptance and affective factors 

should be enhanced to improve satisfaction. The impact of user 

satisfaction on actual use or reuse has been found in many studies 

(Alotaibi & Roussinov, 2016; Mohammadi, 2015). Previous studies 

reported that satisfaction has a direct effect on the actual use and reuse 

of products and services (Kotler, 1997; Revels, Tojib, & Tsarenko, 2010). 

Additionally, measuring satisfaction is well suited to measuring the 

overall quality of the product or service being assessed (Koumpouros, 

2016). Therefore, it is necessary to investigate user satisfaction to 

facilitate the practical use of conversational speech systems among the 

elderly (Belanche, Casaló, & Guinalíu, 2012).  
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4.2 Method 

Subjects. In Experiment 3, 53 subjects (25 male and 28 female) 

participated. Their ages ranged from 60 to 82 years, with an average age 

of 69.14. The subjects had no experience with conversational speech 

systems, but there were no other criteria for recruiting the subjects. Two 

subjects had difficulties perceiving the voice of the device due to hearing 

loss, and thus their experimental sessions were stopped and their data 

were excluded from the final analyses.  

Dependent variables. The acceptance (Table 4.1) of the 

conversational agent was measured using a questionnaire with items that 

were rated on a seven-point Likert scale (1 = strongly disagree to 7 = 

strongly agree). Affective factors (Table 4.2) using a conversational 

agent were rated on a five-point Likert scale (1 = strongly disagree to 5 

= strongly agree). Finally, comprehensive satisfaction with the 

conversational agent was also measured. To measure the acceptability of 

the conversational system, 11 factors were analyzed: anxiety, attitude 

toward using the robot, intention to use, perceived adaptability, 

enjoyment, perceived ease of use, perceived sociability, perceived 

usefulness, social influence, social presence, and trust (Heerink et al., 

2009).  

The questionnaire items from previous studies were modified to 

apply them to the experimental task, and each acceptance factor was 

measured with multiple items. Affective factors were measured using 20 

items of the PANAS to evaluate subjects’ affective state (Watson et al., 

1988). The affective factor questionnaire was constructed with an 
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affective adjective following a phrase, for example: When interacting 

with the conversation robot, I was interested.  

 

Table 4.1 Acceptance Questionnaire 

Factor Abbreviation Definition Items 

Anxiety ANX 

Anxious or 

emotional reactions 

evoked when using 

the system 

If I used the conversation 

robot, I would be afraid to 

make mistakes with it. 

If I used the conversation 

robot, I would be afraid to talk 

with the robot. 

Attitude toward 

using the 

conversation 

robot 

ATTR 

Feelings about 

applying the 

technology 

I think it’s a good idea to use 

the conversation robot. 

It’s good to make use of the 

conversation robot. 

Intention to use ITU 

The intention to use 

the system over 

time 

I think I’ll use the 

conversation robot during the 

next few days. 

I will certainly use the 

conversation robot again. 

Perceived 

adaptability 
PAD 

The perceived 

ability of the 

system to adapt to 

the users’ needs 

I think the conversation robot 

can be adapted to my needs. 

I think the conversation robot 

will help me when I consider 

it necessary. 
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Perceived 

enjoyment 
PENJ 

Feelings of pleasure 

associated with 

using the system 

I enjoy when the conversation 

robot talks to me. 

I find the conversation robot 

enjoyable. 

Perceived ease 

of use 
PEOU 

The degree to 

which one believes 

that using the 

system is free of 

effort 

I think I can use the 

conversation robot without 

any help. 

I find the conversation robot 

easy to use. 

Perceived 

sociability 
PS 

The perceived 

ability of the 

system to engage in 

sociable behavior 

I find the conversation robot 

pleasant to interact with. 

I think the conversation robot 

is nice. 

Perceived 

usefulness 
PU 

The degree to 

which a person 

believes that the 

system would be 

assistive 

I think the conversation robot 

is useful for me. 

It would be convenient for me 

to have the conversation robot. 

Social influence SI 

The perceptions of 

significant people 

regarding use of the 

system 

I think many people would be 

pleased if I had the 

conversation robot. 

I would like to show my use 

of the conversation robot to 

many people around me. 

Social presence SP 

The experience of 

sensing a social 

entity when 

When interacting with the 

conversation robot, I felt like I 

was talking to a real person. 
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interacting with the 

system 
Sometimes the conversation 

robot seems to have real 

feelings. 

Trust TR 

The belief that the 

system performs 

with personal 

integrity and 

reliability 

I would trust the conversation 

robot if it gave me advice. 

I would follow the advice the 

conversation robot gives me. 

 

Table 4.2 Positive and Negative Affect Schedule Factor 

Interested Irritable Distressed Alert 

Excited Ashamed Upset Inspired 

Strong Nervous Guilty Determined 

Scared Attentive Hostile Jittery 

Enthusiastic Active Proud Afraid 

 

Experimental environment. The experimental laboratory was 

divided by a partition (height 2.5 m, width 1.5 m), on opposite sides of 

which the experimenter and subjects were placed (Figure 4.1). On the 

subjects’ side, a speaker that functioned as a conversational speech 

system was placed. There was a computer on the experimenter’s side to 

send the recorded voice files to the speaker. The experiment site was set 

up in such a way that the experimenter was able to hear the subjects’ 

voices over the partition and send the files from the computer to the 

speaker to allow conversations. This experiment was designed in 

accordance with the Wizard of Oz method, so the subjects would believe 
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that the automatic conversational speech system would allow 

conversations to occur (Portet et al., 2013), when in reality the 

experimenter was controlling the conversation system. Thus, the 

partition was placed between the experimenter and the subjects to hide 

the fact that the experimenter was manually controlling voice. The 

subjects were told that the system equipment had a voice recognition 

module with a dialogue management system, allowing smooth and 

natural interaction.  

The experimenter only entered the subjects’ area to explain the 

experimental procedures. During the actual experiment, subjects were 

alone and conversed with the conversational speech system. The speaker 

was placed on a desk approximately 500 mm away from and facing them.  

Procedure. The subjects were trained by giving them time to 

practice interacting with the conversational speech system using brief, 

randomly assigned conversational tasks, such as asking “What day is it?” 

and “How is the weather?” When unexpected situations occurred during 

the experiment, the subjects were asked to solve the problem by talking 

directly to the conversational speech system. There were only a few such 

cases, but when inevitable situations occurred, the experimenter 

interrupted the experiment, and if the experiment had to be stopped, that 

subject’s data were excluded from the final analyses.  

In consideration of the possibility that the order of the 

conversation topics might impact the experiment results, the topics were 

randomly assigned using a random number table. After each 

conversation ended, the subjects were asked to complete a questionnaire 
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about their acceptance, affective state, and satisfaction with the 

conversational speech system. The experiment took approximately 70 

minutes to facilitate the eight conversations and complete the 

questionnaires. The subjects also took two- to three-minute breaks during 

the experiment.  

 

 

Figure 4.1 Experimental laboratory divided by a partition, with the experimenter and 

the subject seated on opposite sides 
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4.3 Factor Analysis of UX Elements 

The acceptance and affective factors obtained were 11 and 20, 

respectively, and factor analysis was conducted to reduce the number of 

factors. The concepts of each component were investigated by extracting 

a new factor structure. The results of the factor analysis can constitute a 

clear criterion to distinguish the acceptance and affective sub-factors that 

affect elderly people’s satisfaction with their interactions with the 

conversational system. In this analysis, exploratory factor analysis was 

performed to extract components through the exploration of the factor 

structure. The exploratory factor analysis was examined using a principal 

component analysis with Varimax rotation. The analysis results are as 

follows.  

Acceptance factor analysis. Exploratory factor analysis was 

performed with 11 factors of acceptance. As a result of the analysis, all 

the factors were classified into two components at a significant level 

(Table 4.3). Exploratory factor analysis extracted two components with 

eigenvalues greater than 1, accounting for 70.94% of the variance, and 

each factor loading was between 0.592 and 0.874. The Kaiser-Meyer-

Olkin (KMO) measure of sampling adequacy (MSA) was 0.918, which 

is quite a high level. 

The first component included social presence, perceived 

sociability, trust, social influence, and perceived usefulness. The second 

component included perceived ease of use, perceived adaptability, 

anxiety, perceived enjoyment, intention to use, and attitude. Two 

components were interpreted as having certain features by their 
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respective factors. Component 1 was regarded as being composed of 

“relation” factors that tend to emphasize social relation and consider 

relation with the agent. Component 2 was regarded as consisting of 

“usage” factors that consider intrinsically evaluated usage values of the 

system.  

The results of the reliability analysis of the acceptance factor 

showed that the Cronbach’s α values for relation and usage were 0.886 

and 0.894, respectively. Therefore, both relation and usage factors 

showed a high level of reliability, and the consistency within the factor 

was verified.  

Affective factor analysis. Exploratory factor analysis was 

performed on the 20 factors for affective state. As a result of the analysis, 

all the factors were classified into five components at a significant level 

(Table 4.4). Exploratory factor analysis extracted five components with 

eigenvalues greater than 1. Each factor loading was between 0.555 and 

0.846. Five components were extracted, accounting for 71.26% of the 

variance. The KMO overall MSA was 0.640, which falls within the 

acceptable level.  

The first component included guilty, distressed, nervous, 

ashamed, afraid, upset, and scared. The second component included 

jittery, alert, irritable, and hostile. The third component included 

enthusiastic, interested, active, and proud. The fourth component 

included strong, inspired, and excited. The fifth component included 

attentive and determined. The first four components, except Component 

5, were interpreted as having certain features by their respective factors. 
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Component 5 was defined as an “undefined” factor because features 

represented by sub-factors were not found. Component 1 included 

“internal-negative” factors such as guilty and upset, which referred to 

internally negative emotions; Component 2 consisted of “external-

negative” factors such as jittery and alert, which referred to externally 

negative emotions; Component 3 consisted of “external-positive” factors 

such as enthusiastic, interested, and active, which referred to externally 

positive emotions; and Component 4 consisted of “internal-positive” 

factors such as strong and inspired, which referred to internally positive 

emotions.  

The results of the affective factor reliability analysis showed that 

the Cronbach’s α-values of internal-negative was 0.893; external-

negative, 0.772; external-positive, 0.778; and internal-positive, 0.819. 

Therefore, all four factors showed a high level of reliability, and the 

overall consistency within the factor was verified.  

 

Table 4.3 Results of Factor Analysis and Reliability Test for Acceptance Factors 

Components Items 
Factor 

loadings 
Eigenvalue 

Extracted 

variance 

Cronbach’s 

α 

Relation 

SP .855 

6.508 59.167 .886 

PS .800 

TR .791 

SI .759 

PU .657 

Usage 
PEOU .874 

1.295 11.773 .894 
PAD .773 
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ANX .755 

PENJ .674 

ITU .631 

ATTR .592 

 

Table 4.4 Results of Factor Analysis and Reliability Test for Positive and Negative 

Affect Schedule Factors 

Components Items 
Factor 

loadings 
Eigenvalue 

Extracted 

variance 

Cronbach’s 

α 

Internal-

negative 

Guilty .844 

5.967 29.837% .893 

Distressed .790 

Nervous .769 

Ashamed .739 

Afraid .626 

Upset .598 

Scared .573 

External-

negative 

Jittery .792 

3.579 17.895% .772 
Alert .790 

Irritable .729 

Hostile .555 

External-

positive 

Enthusiastic .803 

2.116 10.581% .778 
Interested .773 

Active .721 

Proud .676 

Internal-

positive 

Strong .846 

1.412 7.060% .819 Inspired .735 

Excited .604 

Undefined 

factor 

Attentive .728 
1.178 5.890% - 

Determined .667 
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4.4 Discussion 

As a result of this investigation, the acceptance factor was 

divided into two components, and the affective factor was divided into 

five components. Acceptance was largely determined by the relation and 

usage components. The relation component was most related to the 

sociable factor, and the usage component was related to usability. 

Typical factors of usage included anxiety, perceived adaptability, and 

perceived ease of use. 

Affective factors were largely divided into positive and negative 

components. Additionally, each component was further divided into 

internal and external components. The other two factors not belonging to 

these four components may be factors that are not suitable for evaluation 

in conversational speech systems. These four components were divided 

into the cross-cutting categories of internal-external and positive-

negative in the use of the conversational speech system, and the analysis 

was based on their differences. Using the results of the factor analysis, 

the experience of using the conversational speech system of the elderly 

was investigated. 

The next chapter reports a regression analysis using the 

components derived from the factor analysis. The regression analysis 

examined the influence of the derived components on satisfaction. In the 

results of the regression analysis, interpretation of the implications of 

sub-factors on satisfaction may be fragmentary. However, the meaning 

explained by the component will be a more meaningful study result 

through regression analysis. 
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Chapter 5.  

 

INVESTIGATION OF USER 

CHARACTERISTICS 

 

 

5.1 Introduction  

Previous studies that evaluated the use of systems and services 

for the elderly were based on various characteristics of the elderly as 

follows. Internal characteristics were studied based on personality 

(Rockmann & Gewald, 2015), self-efficacy (Lam & Lee, 2005; 

Torkzadeh & Van Dyke, 2002), self-confidence (González, Ramírez, & 

Viadel, 2012, 2015), and depression (Ahn, Lim, Lee, & Kim, 2011; 

Botella et al., 2009). External characteristics were studied based on the 

physical function (Bleakley et al., 2015; Juul-Kristensen et al., 2006), 

physical activity (Washburn & Ficker, 1999), and social activity (Minge, 

Bürglen, & Cymek, 2014). The characteristics of various elderly people 

have been included in research because this process must be followed in 

the design of a system suitable for the user characteristics of the elderly 

people.  

In previous studies, the most representative user characteristics 

of elderly people were physical and psychological changes (Netz, Wu, 

Becker, & Tenenbaum, 2005). Literature suggests that the characteristics 
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of the elderly due to physical and psychological changes have an 

absolute impact on their use of the system. Other user characteristics are 

often seen in non-elderly people; however, physical and psychological 

changes are typical phenomena of aging.  

This study investigated the user experience with conversational 

speech systems according to user characteristics of elderly people. In this 

study, the characteristics of the elderly who were surveyed as users may 

be broken down into physical characteristics, psychological 

characteristics, and technical ability to influence the use of the 

conversational speech system. Conversational speech systems that use 

speech recognition have not been actively used by the elderly. There may 

be psychological barriers to using these devices among this population, 

which has little experience with ICT (Dyck & Smither, 1994; Gregor, 

Newell, & Zajicek, 2002; Laguna & Babcock, 1997). Technical ability 

refers to the characteristics of the elderly that have been explored 

frequently in the literature using the ideas of digital literacy (Ijsselsteijn, 

Nap, de Kort, & Poels, 2007), digital divide (Niehaves & Plattfaut, 2014), 

perceived ICT (Neves & Amaro, 2012), and ICT-enabled systems 

(Gaßner & Conrad, 2010) in the use of systems for the elderly.  

However, these investigated factors are not unique to elderly 

people. The technical abilities of the elderly as well as schoolchildren 

vary greatly depending on their a priori experience. The limitations of 

physical ability may also apply to non-elderly people with physical 

disabilities. The psychological aspect is also a phenomenon that occurs 

in all age groups, from adolescents to the elderly. Therefore, the detailed 
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results of this study can be applied to other users with similar user 

characteristics.  

Nevertheless, this study sought to comprehensively examine the 

variability in the characteristics of relatively older members of society 

with a biological age above a certain level. This study examined the user 

experience of a specific user group (elderly people) which reportedly 

shows a combination of three user characteristics. As discussed in 

Chapter 3, there is a difference in the use of the system due to differences 

in speech features that arise through cultural and ideational differences 

shared by certain age groups, such as elderly people. In a user experience 

study of a conversational speech system, a specific group of users is 

defined by a characteristic speech pattern that its members exhibit, which 

supports the meaning of the study. Therefore, it is important to 

investigate the experience and satisfaction of users of the system with 

respect to the specific user group of the elderly. 

Technical characteristics of the elderly. ICT ability refers to the 

ability to access, manage, integrate, evaluate, and create information 

using digital devices such as computers, notebooks, tablet PCs, and smart 

phones (Panel, 2002). Generally, contemporary elderly people have 

greater ICT skills than the previous generations. Nevertheless, they are 

usually nervous about using digital devices and new technology (Gregor 

et al., 2002; Stojmenova, Debevc, Zebec, & Imperl, 2013) because unlike 

younger users, the elderly have low learning efficiency and adaptability 

because of their declining cognitive abilities (Ellis & Allaire, 1999; 

Laguna & Babcock, 1997). It should be noted that some elderly people 
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have been exposed to ICT for long periods of time or have actively used 

ICT in their daily lives, showing high ICT ability (Dyck & Smither, 

1994).  

Elderly people have a large digital divide in their ability to use 

ICT depending on the intensity and scope of and experience with ICT 

use (Brodie et al., 2000; Kiel, 2005; Saunders, 2004), and the large 

difference in their abilities is expected to have a direct impact on their 

use of conversational speech systems. Because a conversational speech 

system is based on ICT, people will use the system based on their 

experience with ICT. Findings of this study could aid in designing 

conversational speech systems that vary depending on elderly persons’ 

ICT abilities. In particular, elderly people with low ICT ability cannot 

develop their ICT skills without help from others, and therefore, it is 

important to study UX factors that have major impacts on their 

satisfaction with conversational speech system. A conversational speech 

system that reacts differently depending on the user will lead to higher 

usage through higher user satisfaction.  

Psychological characteristics of the elderly. Many elderly 

people become easily depressed with the loss of social roles and changes 

in physical function (Wada, Shibata, Saito, & Tanie, 2004), and 

depression in the elderly is a serious social problem. Clinically 

significant depressive symptoms occur at critically high levels, among 8% 

to 16% of the total elderly population (Blazer, 1989; Cole & Dendukuri, 

2003). Therefore, many studies using robotic technologies have tried to 

alleviate this affective state of elderly people. In fact, studies have shown 
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that depression in the elderly can be reduced by using assistive social 

robots (Shibata & Wada, 2011; Stafford, MacDonald, Li, & Broadbent, 

2014). Wada, Shibata, Saito, and Tanie (2003) reported that assistive 

social robots reduce the factors of depression, tension-anxiety, fatigue, 

and confusion. Thus, it is important to understand the affective state of 

the elderly and design robot interactions accordingly. Specifically, 

interactions with a robot targeting elderly people with depression should 

be different from those for the elderly without depression. To achieve 

such a differentiated design, this study investigated the UX factors of 

elderly people and their satisfaction with assistive social robots 

according to their degree of depression.  

Physical characteristics of the elderly. The decline in the 

physical functions of the elderly is a phenomenon typical of aging. 

Changes in physical ability because of aging are one of the major features 

that are identified in elderly people (Jing, Lun, Dan, Zhijie, & Zhiliang, 

2015). These physical changes not only affect physical performance but 

also directly or indirectly change many aspects of elderly people’s daily 

lives. This may lead to a worsening of the living environment and 

behavior patterns due to changes in physical function, resulting in a 

decrease in social activities, and may lead to emotional changes. Thus, 

the changes in physical functioning affect the whole life of elderly people. 

Maaß (2011) studied the correlation between the physical ability of the 

elderly and internet use. The physical ability and task performance of the 

elderly are highly correlated, as discussed in many previous studies.  

Conversational speech systems can provide support to the elderly 
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while they undergo these changes. Previous studies have reported that 

conversational assistive agents help elderly people maintain 

independence (Begum, Wang, Huq, & Mihailidis, 2013; Dario, 

Guglielmelli, Laschi, & Teti, 1999; Huttenrauch & Eklundh, 2002). The 

design of the system according to the physical characteristics of the 

elderly can help them use the conversational speech systems more 

actively. Considering these physical user characteristics will be 

important to improve the user experience.  
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5.2 Measures  

Technical characteristics. The subjects’ ICT ability was 

measured with items rated on a seven-point Likert scale (1 = strongly 

disagree to 7 = strongly agree). The questionnaire items from previous 

studies were modified to make them more applicable to the elderly, and 

the characteristics were measured using multiple question items. 

Specifically, the following five factors were measured: attitude toward 

ICT, technical skill, cognitive ability, social and emotional participation 

in ICT, and satisfaction with ICT (Ng, 2012). Table 5.1 presents our 

definitions of ICT ability factors and the items.  

 

Table 5.1 Information and Communication Technology Ability Questionnaire 

Factor Definition Items 

Attitude 
Attitude towards 

using ICT  

I like using ICT. 

I like to make use of the help of ICT in 

my daily life. 

ICT makes everyday life more 

interesting. 

I am more motivated to do something 

with ICT. 

ICT enables me to have a self-directed 

and independent daily life. 

There is a lot of potential in the use of 

mobile technologies for helping me. 

Skill 

Possessing the 

technical and 

operational skills to 

use ICT 

I know how to solve my own technical 

problems. 

I can learn new technologies easily. 



 

64 

 

I keep up with important new 

technologies. 

I know about a lot of different 

technologies. 

I have technical skills. 

I have good ICT skills. 

Cognitive 

Ability to think 

critically in searching 

for and evaluating 

digital information 

I am confident with my search and 

evaluation skills in obtaining information 

from the Web. 

I can judge the reliability of the 

information and news on the Internet. 

I am familiar with issues related to Web-

based activities, e.g., cyber safety, search 

issues, and personal information safety. 

Social-

emotional 

Ability to use the 

Internet responsibly 

for communicating 

and socializing 

I can communicate with people around 

me, e.g., through chat, real-time text 

messages, and video calls. 

I can post my opinions or texts about 

social news to websites. 

Satisfaction 
Satisfaction with use 

of ICT 
I am satisfied with use of ICT. 

 

Psychological characteristics. The subjects’ psychological 

characteristics were measured using the Center for Epidemiologic 

Studies Depression Scale (CES-D) (Table 5.2) with ratings on a four-

item scale (0 = rarely or none to 3 = most or all). Depressive symptoms 

were measured using 20 items of the CES-D (Radloff, 1977), and the 

subjects were asked how often the items in the questionnaires happened 

over the past week. Previous studies have validated that the CES-D has 

a significant correlation with the clinical evaluation of depression in 

elderly people (Andresen, Malmgren, Carter, & Patrick, 1994).  
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Table 5.2 Center for Epidemiologic Studies Depression Scale (CES-D) Questionnaire 

No. Items 

1 I was bothered by things that usually don’t bother me. 

2 I did not feel like eating; my appetite was poor. 

3 
I felt I could not shake off the blues even with help from my family 

and friends. 

4 I felt that I was as good as other people. 

5 I had trouble keeping my mind on what I was doing. 

6 I felt depressed. 

7 I felt that everything I did was an effort. 

8 I felt hopeful about the future. 

9 I thought my life had been a failure. 

10 I felt fearful. 

11 My sleep was restless. 

12 I was happy. 

13 I talked less than usual. 

14 I felt lonely. 

15 People were unfriendly. 

16 I enjoyed life. 

17 I had crying spells. 

18 I felt sad. 

19 I felt that people dislike me. 

20 I could not get “going.” 

 

Physical characteristics. In this study, a 6-min walk test was 

performed to measure the physical function of elderly people. The 6-min 

walk test is widely used to produce rational and reliable results in elderly 

people’s physical measurements (Rikli & Jones, 1998). Previous studies 
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have reported that most health scores and physiological factors were 

significantly associated with the 6-min walk distance (Lord & Menz, 

2002). Therefore, the results of these studies suggest that the 6-min walk 

test provides a measure of overall physical functional performance. In 

this study, for this measurement, the subjects were instructed to walk as 

quickly as possible for 6 min and the distance was recorded in meters.  
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5.3 Results  

User characteristic cluster. K-means cluster analysis was 

conducted to categorize elderly users. The results of the technical, 

psychological, and physical characteristics of the elderly were each 

divided into high and low groups. Cronbach’s α was calculated to assess 

the reliability of each factor, and high internal consistency was found for 

both ICT ability (Table 5.3) and CES-D scores (Table 5.4).  

 

Table 5.3 Information and Communication Technology Ability Questionnaire with 

Cronbach’s Alpha Values 

Factor Items Cronbach’s α 

Attitude 6 0.724 

Skill 6 0.832 

Cognitive 3 0.731 

Social-Emotional 2 0.605 

Satisfaction 1 - 

 

Table 5.4 Center for Epidemiologic Studies Depression Scale (CES-D) Questionnaire 

with Cronbach’s Alpha Value 

Factor Items Cronbach’s α 

CES-D 20 0.867 

 

Technical characteristic cluster. A cluster analysis of the ICT 

ability results was conducted, and the results were used to categorize the 

subjects as having high (Cluster A) or low (Cluster B) ICT ability. A t-
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test was conducted to identify the differences in the five ICT ability 

factors by clusters (Figure 5.1). Cluster A showed no statistically 

significant differences in the skill, cognitive, and social and emotional 

factors, whereas Cluster B showed significantly low ratings for these 

three ICT ability factors. In both clusters, there were significantly high 

estimates for attitude toward and satisfaction with ICT. The results show 

that the technical, cognitive, and social and emotional factors were the 

main ICT ability factors that distinguished Clusters A and B.  

 

 

Figure 5.1 Mean scores of the information and communication technology ability 

factors for Clusters A and B 

 

Psychological characteristic cluster. A cluster analysis was 

conducted based on the results of the CES-D scale. The results of the 

analysis made it possible to categorize Cluster Q with subjects who had 

a low depression and Cluster R with subjects who had a comparatively 

higher depression score. There was a clear difference in the depression 
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levels between Clusters Q and R. The average of the depression scores 

was 9.67 for Cluster Q and 19.14 for Cluster R. The scores range from 0 

to 60, and if the score is greater than 15, it is defined as diagnosable 

depression (Mays, Cochran, & Roeder, 2014). Therefore, the depression 

score of Cluster Q indicated that the subjects were not depressed at all, 

and that for Cluster R indicated that the subjects were depressed.  

Physical characteristic cluster. A cluster analysis was conducted 

of the results of the 6-min walk distance. According to the analysis, 

Cluster X was categorized as the elderly having a high physical 

performance and Cluster Y as those having a comparatively low physical 

performance. The average of the 6-min walk distance was recorded as 

509.07 meters for Cluster Y and 605.80 meters for Cluster X. The 

recorded walk distance range was from 441 to 550 meters for Cluster Y 

and 565 to 670 meters for Cluster X. The t-test revealed a significant 

difference between the two clusters (t = 9.560, p = .000).  

Regression analysis of user cluster. A stepwise regression 

analysis was conducted to figure out whether acceptance and affective 

factors affected satisfaction with the conversational speech system. 

Acceptance was composed of two components, relation and usage, 

through the factor analysis described in Section 4.3. The PANAS 

affective factor was composed of four components—internal-negative, 

external-negative, internal-positive, and external-positive—through the 

factor analysis in the same section.  

Technical characteristics. A regression analysis was conducted 

for two clusters, A and B, according to the respective results of the 
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technical characteristic cluster. The regression model for acceptance was 

analyzed for the user groups classified by technical characteristics. The 

R2 values calculated were 0.828 for Cluster A (Table 5.5) and 0.625 for 

Cluster B (Table 5.6). Therefore, Cluster A, which had a high technical 

ability, showed higher explanatory power due to acceptance. For Cluster 

A, the regression model for acceptance-relation was statistically 

significant with an adjusted R2 of 0.926. Table 5.7 shows the 

standardized regression coefficients for each acceptance-relation factor 

that significantly affected Cluster A’s relation with the conversational 

speech system: SP, β = .462; SI, β = .349; TR, β = .155; PU, β = .077; 

and PS, β = .073. Equation 5.1 expresses the regression line of 

acceptance-relation for Cluster A.  

Acceptance-relation in Cluster A = −4.308 + .280×SP + .244×SI + .136×TR 

+ .062×PU + .066×PS  

(Eq. 5.1) 

The regression model for acceptance-usage of Cluster A was 

statistically significant with adjusted R2 of 0.875. Table 5.8 shows the 

standardized regression coefficients for each acceptance-usage factor 

that significantly affected Cluster A’s usage with the conversational 

speech system: PEOU, β = .501; ANX, β = .278; PAD, β = .220; and ITU, 

β = .084. Equation 5.2 expresses the regression line of acceptance-usage 

for Cluster A.  

Acceptance-usage in Cluster A = −4.453 + .366×PEOU + .207×ANX + .157×PAD 

+ .052×ITU 

(Eq. 5.2) 
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As for Cluster B, the regression model for acceptance-relation 

was statistically significant with adjusted R2 of 0.733. Table 5.9 shows 

the standardized regression coefficients for each acceptance-relation 

factor that significantly affected Cluster B’s relation with the 

conversational speech system: SP, β = .470; TR, β = .328; and PS, β 

= .275. Equation 5.3 expresses the regression line of acceptance-relation 

for Cluster B.  

Acceptance-relation in Cluster B = −3.550 + .269×SP + .212×TR + .199×PS 

(Eq. 5.3) 

The regression model for acceptance-usage of Cluster B was 

statistically significant with adjusted R2 of 0.956. Table 5.10 shows the 

standardized regression coefficients for each acceptance-usage factor 

that significantly affected Cluster B’s usage with the conversational 

speech system: PEOU, β = .430; ANX, β = .292; PAD, β = .229; ATTR, 

β = .111; and PENJ, β = .108. Equation 5.4 expresses the regression line 

of acceptance-usage for Cluster B.  

Acceptance-usage in Cluster B = −5.275 + .316×PEOU + .202×ANX + .172×PAD 

+ .111×ATTR + .084×PENJ 

(Eq. 5.4) 

 

Table 5.5 Results of the Stepwise Linear Regression Analysis for Cluster A (High 

Technical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 
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(constant) 5.807 .036 - 162.490 .000  

Relation .893 .035 .713 25.800 .000 1.011 

Usage .692 .039 .497 17.962 .000 1.011 

Adjusted R2 = .828 

VIF: Variance Inflation Factor 

 

Table 5.6 Results of the Stepwise Linear Regression Analysis for Cluster B (Low 

Technical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) 5.847 .124 - 47.316 .000  

Relation .787 .081 .681 9.676 .000 1.016 

Usage .701 .146 .337 4.788 .000 1.016 

Adjusted R2 = .625 

VIF: Variance Inflation Factor 

 

Table 5.7 Results of the Stepwise Linear Regression Analysis for the Relation Factor 

of Cluster A (High Technical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −4.308 .105 - −40.916 .000  

SP .280 .016 .462 17.687 .000 2.100 

SI .244 .021 .349 11.574 .000 2.802 

TR .136 .025 .155 5.370 .000 2.556 

PU .062 .023 .077 2.706 .007 2.466 

PS .066 .031 .073 2.107 .036 3.741 

Adjusted R2 = .926 

VIF: Variance Inflation Factor 
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Table 5.8 Results of the Stepwise Linear Regression Analysis for the Usage Factor of 

Cluster A (High Technical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −4.453 .116 - −38.389 .000  

PEOU .366 .026 .501 13.824 .000 2.399 

ANX .207 .024 .278 8.647 .000 1.887 

PAD .157 .025 .220 6.206 .000 2.300 

ITU .052 .019 .084 2.720 .007 1.728 

Adjusted R2 = .875 

VIF: Variance Inflation Factor 

 

Table 5.9 Results of the Stepwise Linear Regression Analysis for the Relation Factor 

of Cluster B (Low Technical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −3.550 .298 - −11.896 .000  

SP .269 .040 .470 6.708 .000 1.415 

TR .212 .045 .328 4.749 .000 1.374 

PS .199 .050 .275 3.952 .000 1.398 

Adjusted R2 = .733 

VIF: Variance Inflation Factor 

 

Table 5.10 Results of the Stepwise Linear Regression Analysis for the Usage Factor 

of Cluster B (Low Technical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 
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(constant) −5.275 .152 - −34.671 .000  

PEOU .316 .030 .430 10.494 .000 2.965 

ANX .202 .023 .292 8.852 .000 1.926 

PAD .172 .029 .229 5.890 .000 2.660 

ATTR .111 .030 .111 3.743 .000 1.550 

PENJ .084 .029 .108 2.878 .005 2.465 

Adjusted R2 = .956 

VIF: Variance Inflation Factor 

 

Psychological characteristics. A regression analysis was 

conducted for two clusters, Q and R, according to the results for the 

respective psychological characteristic clusters. The regression model 

for affective factor was analyzed for the user groups classified by 

psychological characteristic. The R2 values calculated were 0.602 for 

Cluster Q (Table 5.11) and 0.708 for Cluster R (Table 5.12). Therefore, 

Cluster R, which manifested depression, showed higher explanatory 

power due to this affective factor. As for Cluster Q, the regression model 

for external-positive affective factor was statistically significant with 

adjusted R2 of 0.961. Table 5.13 shows the standardized regression 

coefficients for each affective factor that significantly affected Cluster 

Q’s external-positive affective factor with the conversational speech 

system: enthusiastic, β = .310; proud, β = .296; interested, β = .361; and 

active, β = .290. Equation 5.5 expresses the regression line of external-

positive affective factor for Cluster Q.  

External-positive affective factor in Cluster Q = −6.724 + .307×enthusiastic 

+ .353×proud + .593×interested + .347×active 
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(Eq. 5.5) 

The regression model for external-negative affective factor of 

Cluster Q was statistically significant with adjusted R2 of 0.919. Table 

5.14 shows the standardized regression coefficients for each affective 

factor that significantly affected Cluster Q’s external-negative affective 

factor with the conversational speech system: jittery, β = .365; irritable, 

β = .361; and alert, β = .371. Equation 5.6 expresses the regression line 

of external-negative affective for Cluster Q.  

External-negative affective factor in Cluster Q = −1.992 + .447× jittery 

+ .245×irritable + .350×alert 

(Eq. 5.6) 

As for Cluster R, the regression model for external-positive 

affective factor was statistically significant with adjusted R2 of 0.92. 

Table 5.15 shows the standardized regression coefficients for each 

affective factor that significantly affected Cluster R’s external-positive 

affective factor with the conversational speech system: interested, β 

= .528; enthusiastic, β = .433; and proud, β = .252. Equation 5.7 

expresses the regression line of external-positive affective factor for 

Cluster R.  

External-positive affective factor in Cluster R =−6.238 + .697×interested 

+ .361×enthusiastic + .415×proud 

(Eq. 5.7) 

The regression model for internal-positive affective factor of 

Cluster R was statistically significant with adjusted R2 of 0.792. Table 

5.16 shows the standardized regression coefficients for each affective 



 

76 

 

factor that significantly affected Cluster R’s internal-positive affective 

factor with the conversational speech system: strong, β = .721; and 

inspired, β = .258. Equation 5.8 expresses the regression line of internal-

positive affective factor for Cluster R.  

Internal-positive affective factor in Cluster R = −2.888 + .683×strong + .245×inspired 

(Eq. 5.8) 

 

Table 5.11 Results of the Stepwise Linear Regression Analysis for Cluster Q (Low 

Depression) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) 5.778 .191 - 30.234 .000  

External-

Positive 
1.158 .206 .682 5.623 .000 1.035 

External-

Negative 
−.434 .176 −.299 −2.466 .021 1.035 

Adjusted R2 = .602 

VIF: Variance Inflation Factor 

 

Table 5.12 Results of the Stepwise Linear Regression Analysis for Cluster R (High 

Depression) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) 6.127 .136 - 44.893 .000  

External-

Positive 
.928 .125 .818 7.406 .000 1.003 

Internal-

Positive 
.329 .120 .303 2.747 .012 1.003 
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Adjusted R2 = .708 

VIF: Variance Inflation Factor 

 

Table 5.13 Results of the Stepwise Linear Regression Analysis for the External-

Positive Factor of Cluster Q (Low Depression) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −6.724 .331 - −20.305 .000  

Enthusiastic .307 .063 .310 4.874 .000 2.862 

Proud .353 .055 .296 6.420 .000 1.507 

Interested .593 .074 .361 7.965 .000 1.460 

Active .347 .070 .290 4.923 .000 2.455 

Adjusted R2 = .961 

VIF: Variance Inflation Factor 

 

Table 5.14 Results of the Stepwise Linear Regression Analysis for the External-

Positive Factor of Cluster R (High Depression) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −1.992 .141 - −14.171 .000  

Jittery .447 .122 .365 3.671 .001 3.406 

Irritable .245 .046 .361 5.350 .000 1.574 

Alert .350 .091 .371 3.865 .001 3.174 

Adjusted R2 = .919 

VIF: Variance Inflation Factor 

 

Table 5.15 Results of the Stepwise Linear Regression Analysis for the External-

Negative Factor of Cluster Q (Low Depression) 
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Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −6.238 .464 - −13.453 .000  

Interested .697 .089 .528 7.860 .000 1.354 

Enthusiastic .361 .056 .433 6.497 .000 1.331 

Proud .415 .109 .252 3.802 .001 1.313 

Adjusted R2 = .920 

VIF: Variance Inflation Factor 

 

Table 5.16 Results of the Stepwise Linear Regression Analysis for the Internal-

Positive Factor of Cluster R (High Depression) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −2.888 .294 - −9.815 .000  

Strong .683 .110 .721 6.196 .000 1.563 

Inspired .245 .110 .258 2.220 .037 1.563 

Adjusted R2 = .792 

VIF: Variance Inflation Factor 

 

Physical characteristics. A regression analysis was conducted 

with two clusters, X and Y, according to the results of the physical 

characteristic cluster. The regression model for acceptance was analyzed 

for the user groups classified by physical characteristics. The R2 values 

calculated were 0.811 for Cluster X (Table 5.17) and 0.556 for Cluster Y 

(Table 5.18). Therefore, Cluster X, which had a high physical ability, 

showed higher explanatory power due to acceptance. For Cluster X, the 

regression model for acceptance-relation was statistically significant 
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with adjusted R2 of 0.922. Table 5.19 shows the standardized regression 

coefficients for each acceptance-relation factor that significantly affected 

Cluster X’s relation with the conversational speech system: SP, β = .487; 

SI, β = .229; PS, β = .207; and TR, β = .176. Equation 5.9 expresses the 

regression line of acceptance-relation for Cluster X.  

Acceptance-relation in Cluster X = −4.377 + .302×SP + .165×SI + .183×PS 

+ .153×TR 

(Eq. 5.9) 

The regression model for acceptance-usage of Cluster X was 

statistically significant with adjusted R2 of 0.881. Table 5.20 shows the 

standardized regression coefficients for each acceptance-usage factor 

that significantly affected Cluster X’s usage with the conversational 

speech system: PEOU, β = .451; ANX, β = .315; PAD, β = .249; and ITU, 

β = .071. Equation 5.10 expresses the regression line of acceptance-usage 

for Cluster X.  

Acceptance-usage in Cluster X = −4.605 + .356×PEOU + .224×ANX + .176×PAD 

+ .046×ITU 

(Eq. 5.10) 

Second, the regression model for affective factor was analyzed 

for the user groups classified as physical characteristics. The R2 values 

calculated were 0.694 for Cluster X (Table 5.21) and 0.754 for Cluster Y 

(Table 5.22). Therefore, Cluster Y, which had a low physical ability, 

showed higher explanatory power due to affective factor. For Cluster Y, 

the regression model for external-positive affective factor was 

statistically significant with adjusted R2 of 0.934. Table 5.23 shows the 
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standardized regression coefficients for each affective factor that 

significantly affected Cluster Y’s external-positive affective factor with 

the conversational speech system: active, β = .351; proud, β = .377; 

interested, β = .396; and enthusiastic, β = .245. Equation 5.11 expresses 

the regression line of external-positive affective factor for Cluster Y.  

External-positive affective factor in Cluster Y = −5.637 + .261×active + .431×proud 

+ .452×interested + .192×enthusiastic 

(Eq. 5.11) 

The regression model for internal-positive affective factor of 

Cluster Y was statistically significant with adjusted R2 of 0.769. Table 

5.24 shows the standardized regression coefficients for each affective 

factor that significantly affected Cluster Y’s internal-positive affective 

factor with the conversational speech system: inspired, β = .574; and 

excited, β = .412. Equation 5.12 expresses the regression line of internal-

positive affective factor for Cluster Y.  

Internal-positive affective factor in Cluster Y = −2.408 + .492×inspired 

+ .296×excited 

(Eq. 5.12) 

 

Table 5.17 Results of the Stepwise Linear Regression Analysis for Cluster X (High 

Physical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) 5.735 .034 - 167.625 .000  

Relation .863 .032 .694 26.602 .000 1.007 
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Usage .711 .035 .523 20.044 .000 1.007 

Adjusted R2 = .811 

VIF: Variance Inflation Factor 

 

Table 5.18 Results of the Stepwise Linear Regression Analysis for Cluster Y (Low 

Physical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) 5.856 .073  80.061 .000  

Relation .830 .087 .602 9.590 .000 1.054 

Usage .677 .070 .605 9.653 .000 1.054 

Adjusted R2 = .556 

VIF: Variance Inflation Factor 

 

Table 5.19 Results of the Stepwise Linear Regression Analysis for the Relation Factor 

of Cluster X (High Physical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −4.377 .099 - −44.354 .000  

SP .302 .016 .487 18.507 .000 2.469 

SI .165 .019 .229 8.519 .000 2.565 

PS .183 .026 .207 7.120 .000 3.009 

TR .153 .023 .176 6.720 .000 2.434 

Adjusted R2 = .922 

VIF: Variance Inflation Factor 
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Table 5.20 Results of the Stepwise Linear Regression Analysis for the Usage Factor 

of Cluster X (High Physical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −4.605 .104 - −44.113 .000  

PEOU .356 .026 .451 13.553 .000 2.611 

ANX .224 .020 .315 11.118 .000 1.884 

PAD .176 .022 .249 8.083 .000 2.232 

ITU .046 .018 .071 2.510 .013 1.861 

Adjusted R2 = .881 

VIF: Variance Inflation Factor 

 

Table 5.21 Results of the Stepwise Linear Regression Analysis for Cluster X 

According to Affective Factor (High Physical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) 5.743 .173  33.099 .000  

External-

Positive 
1.153 .158 .841 7.286 .000 1.000 

Adjusted R2 = .694 

VIF: Variance Inflation Factor 

 

Table 5.22 Results of the Stepwise Linear Regression Analysis for Cluster Y 

According to Affective Factor (Low Physical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) 6.134 .106 - 57.919 .000  

External-

Positive 
.784 .128 .714 6.102 .000 1.058 
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Internal-

Positive 
.366 .113 .380 3.248 .005 1.058 

Adjusted R2 = .754 

VIF: Variance Inflation Factor 

 

Table 5.23 Results of the Stepwise Linear Regression Analysis for the External-

Positive Factor of Cluster Y (Low Physical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −5.637 .419 - −13.468 .000  

Active .261 .087 .351 3.014 .009 3.882 

Proud .431 .071 .377 6.030 .000 1.120 

Interested .452 .081 .396 5.608 .000 1.429 

Enthusiastic .192 .084 .245 2.297 .036 3.255 

Adjusted R2 = .934 

VIF: Variance Inflation Factor 

 

Table 5.24 Results of the Stepwise Linear Regression Analysis for the Internal-

Positive Factor of Cluster Y (Low Physical Ability) 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −2.408 .329 - −7.314 .000  

Inspired .492 .120 .574 4.089 .001 1.622 

Excited .296 .101 .412 2.935 .009 1.622 

Adjusted R2 = .769 

VIF: Variance Inflation Factor
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5.4 Discussion 

Technical characteristics. Markauskaite (2007) found that 

general technical and cognitive capabilities are two separate areas of ICT 

literacy. Similarly, in this study, the technical and cognitive factors were 

major factors in the cluster analysis that was used to measure the elderly 

subjects’ actual ICT abilities. In contrast, the social-emotional factor did 

not directly correlate with ICT use but was a major factor in ICT ability; 

these results reflect social and emotional factors that indirectly 

influenced ICT. Most of the subjects who responded “strongly disagree” 

to the questionnaire statement “I am able to communicate with people 

around me through chat, real-time text messages, and video calls” were 

in Cluster B. Previous research reported that ICT ability is related to not 

only simple technical ICT skills but also problem-solving abilities 

(Zhang & Zhu, 2016).  

There were no significant differences in Cluster A for the same 

statement. These results show that elderly people’s ICT ability can be 

developed not only with improved technical and cognitive factors but 

also when they participate in social-emotional activities using ICT. 

Meanwhile, other studies have reported that ICT ability can be improved 

through training (Gomez & Elliot, 2013). The explanation for high ICT 

skills has been sought in opinions about the usefulness of ICT (Heerwegh, 

De Wit, & Verhoeven, 2016); therefore, the perceived usefulness of the 

conversational speech system will increase the technical factor and 

overall utilization ability. Developing ICT abilities among the elderly 

will allow them to use conversational speech systems more actively and 
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lead more independent lives.  

According to the technical characteristics of elderly people, the 

difference in influence of acceptance on the use of the conversational 

speech system was large. In Cluster B, the explanatory power was very 

low, and so acceptance explained subjects’ satisfaction with 

conversational speech system. In contrast, in the elderly who had high 

technical ability, acceptance factors strongly affected their satisfaction 

with conversational speech system. Social influence in Cluster A had a 

significant influence on satisfaction with conversational speech systems. 

In Cluster A, satisfaction differed depending on how the participants 

perceived the social influence of the system. Social influence refers to 

whether subjects would show the conversational speech system to the 

people around them, and this aligns with the results of Heerink, Kröse, 

Evers, and Wielinga (2010) that use was affected by social influence. 

Other previous research found that social influence was a critical 

acceptance factor; in particular, this study found that social influence was 

rated higher by participants with high ICT ability. Regression analysis 

showed that in Cluster A, social influence affected satisfaction with the 

conversational speech. Users who had higher ICT ability were more 

likely to consider social influence.  

Based on these results, it can be concluded that a design that can 

increase social influence will be necessary for increasing satisfaction 

with conversational speech systems. Borit, Vanhée, & Olsen (2014) 

reported that when interacting in inappropriate ways, the impact of social 

influence was minimal. Strong negative social influence could limit the 
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influence of a conversational speech system and result in low acceptance 

(Jensen, Holtz, & Chappin, 2015). However, social influence can be 

increased with more advanced and appropriate Human-Robot 

Interactions and conversations. Furthermore, it will be necessary to 

increase user experience with conversational speech system using a 

variety of media to increase social influence.  

Social influence affected satisfaction in Cluster A but not in 

Cluster B; meanwhile, Cluster B showed greater perceived enjoyment 

with higher satisfaction. Perceived enjoyment is a determinant of 

whether users are willing to use the conversational speech system, and 

high perceived enjoyment increases satisfaction. However, in Cluster A 

in this study, perceived enjoyment had no effect on satisfaction. Previous 

studies have reported that perceived enjoyment also predicts actual use 

(Heerink et al., 2008), and in Cluster B, perceived enjoyment was a 

dominant factor in satisfaction among the subjects with low ICT ability. 

This study found that perceived enjoyment was a major determinant of 

satisfaction. Therefore, enjoyment is one of the most important factors 

to consider in designing a conversational speech system that will increase 

user satisfaction. Previous studies also found meaningful relationships 

between perceived enjoyment and satisfaction (Anandarajan, Igbaria, & 

Anakwe, 2002; Liaw & Huang, 2003; Thong, Hong, & Tam, 2006).  

Consequently, perceived enjoyment can be regarded as a major 

determinant of satisfaction. Satisfaction was higher when the users in this 

study experienced more enjoyment in using the conversational speech 

system. It is important to reiterate the factors that affected the satisfaction 
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of those with low ICT ability. The results are summarized as follows:  

• The acceptance factor affected the satisfaction of the elderly who had 

high ICT ability more than that of those who had low ICT ability.  

• Satisfaction with the conversational speech system was affected by 

social influence, perceived usefulness, and intention to use among 

elderly participants who had high ICT ability.  

• Satisfaction with the conversational speech system was affected by 

perceived enjoyment and attitude toward the system among elderly 

participants who had low ICT ability.  

Psychological characteristics. The results of a regression 

analysis of affective factors showed a large difference according to the 

depression level of the subjects. In Cluster Q, the explanatory power was 

very low and affective factors explained subjects’ satisfaction with 

conversational speech system. Therefore, in the elderly who had no 

depression, affective factors did not affect their satisfaction with a 

conversational speech system. In contrast, Cluster R showed a high 

explanatory power, indicating that affective factors had a significant 

influence on subjects’ satisfaction. In the cluster of subjects with high 

depression, the external-positive and internal-positive affective factors 

can be interpreted as having a great influence on satisfaction with a 

conversational speech system. In particular, the external-positive 

affective factor showed a stronger influence than the internal-positive 

affective factor. Another significant point is that negative affective 

factors did not affect the depressed clusters.  
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Therefore, in designing the interaction with a conversational 

speech system, incorporating great external-positive affective factors can 

contribute to the satisfaction of elderly people who have depression. 

Additionally, the results of the sub-factors of external-positive affective 

factor showed that “interested” and “enthusiastic” had a major influence 

on both clusters. Conversational speech systems for elderly people with 

depression should thus mainly deal with positive affective factors.  

The emotional changes and characteristics of elderly people are 

social problems, and efforts to solve them are important. The importance 

of affective factors in elderly people has been addressed in previous 

studies (Breazeal & Aryananda, 2002; Feil-Seifer & Matarić; 2011; 

Scheutz et al., 2005). Kirby et al. (2010) argued that it is necessary to 

study how affective factors influence the entirety of Human-Robot 

Interaction. In particular, the satisfaction of the conversational speech 

system for the elderly does not depend only on practical functions but is 

influenced by its relationship with affective and emotional components 

(Scopelliti, Giuliani, & Fornara, 2005).  

Accordingly, designing interactions with a conversational speech 

system based on an understanding of the emotional state of the elderly is 

very important to improve the satisfaction of the elderly who have 

depression. The importance of encouraging the use of robotic technology 

by the elderly with depression has also been emphasized (Kidd, Taggart, 

& Turkle, 2006; Wada et al., 2004) because the use of a conversational 

agent has been shown to relieve the negative emotions of elderly people 

and provide positive emotional support (Bemelmans, Gelderblom, 
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Jonker, & De Witte, 2012; Kanamori, Suzuki, & Tanaka, 2002). 

Therefore, these results were meaningful in that they indicate directions 

to encourage the actual use of social robots among the elderly with 

depression. 

Based on research on affective factors, it was found that sub-

factors tend to be very different according to the level of depression of 

elderly people. These results suggest that the same interaction with a 

conversational speech system may result in a difference in satisfaction 

depending on the degree of depression. Therefore, the interaction design 

of a system should be different if it is for an elderly user with depression. 

These findings should be reflected in the interaction design of a 

conversational speech system, which will be very helpful for improving 

users’ satisfaction and actual use of the conversational agent. The results 

are summarized as follows.  

• Affective factors affected the satisfaction of the elderly with 

depression more than that of the elderly without depression.  

• Satisfaction with a conversational speech system was affected by the 

external-negative affective and external-positive affective factors 

among elderly people who had no depression.  

• Satisfaction with a conversational speech system was affected by the 

internal-positive and external-positive affective factors among 

elderly people who had depression.  

Physical characteristics. The physical characteristics of elderly 

people were analyzed for both variables, acceptance and affective factor. 
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Results showed a high explanatory power in the regression model of the 

acceptance factor in Cluster X with high physical ability. Conversely, 

Cluster Y with low physical ability showed a high explanatory power in 

the regression model of the affective factor. These results show that 

physical characteristics are not affected a specific variable, but the high 

and low physical abilities are directly or indirectly affected by different 

variables. Cluster X with high physical ability showed a similar tendency 

as Cluster A, which showed a higher ICT ability in the regression 

analysis by acceptance factor. Additionally, Cluster Y with low physical 

ability showed quite low explanatory power in the result of the regression 

analysis by acceptance factor, and the result could not be meaningfully 

used. This implies that low physical ability is not related to technical 

ability.  

Conversely, Cluster Y with low physical ability showed a similar 

tendency as Cluster R, which had depression, in the regression analysis 

by affective factor. Moreover, Cluster X with high physical ability was 

not significantly used because it had only few significant factors in the 

regression analysis by affective factor. This implies that high physical 

ability is not related to psychological characteristics. The results of 

physical characteristics were similar to those of clusters with higher ICT 

ability when physical ability was higher, and clusters with depression 

when physical ability was lower.  

Therefore, clusters with high physical ability can be interpreted 

as being closely related to technical characteristics. In addition, clusters 

with low physical ability can be interpreted as being closely related to 
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psychological characteristics.  

• The acceptance factor affected the satisfaction of the elderly who had 

high physical ability more than that of the elderly who had low 

physical ability.  

• Satisfaction with the conversational speech system was affected by 

social influence and intention to use among elderly participants who 

had high physical ability.  

• Affective factors affected the satisfaction of the elderly who had low 

physical ability more than that of the elderly who had high physical 

ability.  

• Satisfaction with conversational speech systems was affected by 

internal-positive and external-positive affective factors among 

elderly people with low physical ability.  
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5.5 Conclusion  

This study investigated the acceptance and affective factors that 

affected elderly people’s satisfaction in interacting with an assistive 

social robot. The results of this study can contribute to the psychological 

health and welfare of the elderly and may lead to a reduction in the social 

costs due to the problems of an aging society. It can be applied to not 

only the elderly but also various other groups of people in need of 

psychological and emotional help. Above all, these results will enable 

the development of an in-depth design guide for social robots that 

considers the needs of depressed elderly people.  

However, in this study, since depression was measured using only 

a questionnaire, there were limitations in observing the elderly in depth. 

In addition, it was not possible to obtain various results concerning more 

affective aspects because only a few affective factors were investigated. 

In a future study, it is necessary to perform tasks with various interaction 

methods using different robot types. Furthermore, it would be necessary 

to investigate the actual effects of changes in depression through 

interactions with robots. An assistive social robot is expected to 

contribute to users’ daily life through advanced design by considering 

Human-Robot Interaction. 

Our comprehensive experiment results show that increasing the 

elderly’s satisfaction with a conversational speech system will be 

necessary to decrease anxiety and increase perceived sociability. For 

those with high ICT ability, increasing social influence is important, 

whereas those with low ICT ability need a design that can promote their 
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intention to use it. Anxiety, intention to use, and social influence had a 

strong influence on satisfaction, but the results of the evaluation were 

low. Therefore, a conversational speech system will be more effective if 

these factors are improved. The results of this study can be summarized 

as follows.  

• Regardless of user characteristics, satisfaction among the elderly with 

the conversational speech system can be increased by increasing the 

following acceptance-relation factors: social presence, perceived 

sociability, and trust.  

• Regardless of user characteristics, satisfaction among the elderly with 

the conversational speech system can be increased by increasing the 

following acceptance-usage factors: perceived adaptability, anxiety, 

and perceived ease of use.  

• Regardless of user characteristics, satisfaction among the elderly with 

the conversational speech system can be increased by increasing the 

following affective factors: enthusiastic, interested, and proud.  

This study investigated factors that affected elderly participants’ 

satisfaction in interacting with a conversational speech system that used 

voice control. These results can be applied to designing future 

interactions with conversational speech systems and will help to increase 

satisfaction among the elderly with using the agent.  

However, the differences in ICT ability and backgrounds among 

the elderly subjects in this experiment can be considered as limitations 

for these research results. Future research should investigate the factors 
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that induce the use of conversational speech systems among elderly 

people. These systems can provide opportunities for not only elderly 

people but also people with disabilities and those who are immobile in 

whole or part. Hence, it is important to not only consider technological 

progress in conversational speech systems but also improve Human-

Robot Interactions.  
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Chapter 6.  

 

INVESTIGATION OF TASK 

CHARACTERISTICS 

 

 

6.1 Introduction  

Conversational speech systems are used for a variety of 

applications ranging from interlocking with other devices to 

entertainment (Serban, Sordoni, Bengio, Courville, & Pineau, 2016; 

Shawar & Atwell, 2007; Young et al. 2011). Conversational speech 

systems provide a wide range of dialogue function. In previous literature 

on conversational speech systems, these dialogue functions were 

categorized and studied for differences according to their features. There 

have been several criteria for classifying the dialogue functions provided 

in conversational speech systems. These classification criteria may be 

divided into two categories depending on whether the dialogue has a goal. 

The terms “goal-oriented dialogue” (Bordes, Boureau, & Weston, 2016; 

Tudini, 2003), “goal-driven system” (Serban et al., 2016), and “task-

oriented dialogue” (Dybala, Ptaszynski, Rzepka, & Araki, 2010; Higuchi, 

Rzepka, & Araki, 2008; Mazur, Rzepka, & Araki, 2012; Meguro, 

Higashinaka, Minami, & Dohsaka, 2010; Song, Maeda, Kunimasa, 

Toyota, & Han, 2009) have been used to refer to dialogue functions with 
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a goal. In terms of dialogue functions without a goal, terms such as “chat-

oriented dialogue” (Banchs & Kim, 2014; Higashinaka et al., 2015; 

Otsuka et al., 2017), “chatting dialogue” (Fernández, 2007), “non-task 

oriented dialogue” (Dybala et al., 2010; Higuchi et al., 2008; Meguro et 

al., 2010; Song et al., 2009), “casual dialogue” (Sugiyama, Meguro, 

Higashinaka, & Minami, 2014), and “social dialogue” (Bickmore & 

Cassell, 2005; Marge, Miranda, Black, & Rudnicky, 2010) have been 

used.  

The reason that most dialogue functions are distinguished by this 

criterion is because the purpose and contents of the two types of 

conversation are completely different. Therefore, even if the same 

conversational speech systems are used, the user experience according 

to this task characteristic is completely different. Meanwhile, a small 

proportion of previous studies used the following task classification 

criteria: cooperative and competitive tasks (Busoniu, Babuska, & De 

Schutter, 2008) and information, newly derived knowledge, plan of 

actions, and a change in priority dialogue (Baskar & Lindgren, 2014).  

In this study, conversational speech systems were classified into 

two types: task-oriented dialogue and non-task-oriented dialogue. Task-

oriented dialogue focuses on the completion of a specific task, and non-

task-oriented dialogue is a function that allows you to freely 

communicate for entertainment purposes without obligation (Dybala et 

al., 2010; Higuchi et al., 2008; Mazur et al., 2012; Meguro et al., 2010; 

Song et al., 2009). The following is an example of a conversational 

speech system that is currently commercialized for actual users. For 



 

97 

 

example, the Amazon Echo Speaker provides a task-oriented dialogue 

that includes commands such as “Turn on Christmas tree,” and “An open 

Starbucks.” The non-task-oriented dialogue also includes commands 

such as “Play 20 questions,” “Start bedtime story,” and “Launch crystal 

ball.”  

Because task-oriented dialogue and non-task-oriented dialogue 

differ in their purpose, the design direction of the interaction should also 

be different. Numerous previous studies have discussed the differences 

between the two types of dialogues. Task-oriented dialogue has been 

actively studied for a long time (Ferguson, Allen, & Miller, 1996; 

Hirshman, 1989; Nakano, Miyazaki, Hirasawa, Dohsaka, & Kawabata, 

1999), and non-task-oriented dialogue has been actively investigated 

more only recently (Higashinaka, Dohsaka, & Isozaki, 2008; Higuchi et 

al., 2008; Meguro et al., 2010).  

A task-oriented dialogue should clearly understand the user’s 

request and complete the task with minimal dialogue (Bordes et al., 

2016). Task-oriented dialogue is relatively straightforward in ensuring 

satisfaction with the user experience, because its purpose is obvious 

(Dybala, Ptaszynski, Rzepka, & Araki, 2009). On the contrary, the results 

of non-task-oriented dialogue were more dependent on the content of the 

conversation than its efficiency (Mazur et al., 2012).  

Non-task-oriented dialogue not only performs entertainment 

functions but also helps to improve the performance of task-oriented 

dialogue (Sugiyama et al., 2014). Additionally, Mazur et al. (2012) 

insisted that the interaction design of non-task-oriented dialogue is 
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important to ensure a satisfying user experience. Task-oriented and non-

task-oriented dialogues affect each other’s performance. Since these 

effects will also appear in the evaluation of the user experience, it is 

necessary to develop both types of dialogue appropriately.  

It is important to find meaningful UX factors that affect the 

satisfaction with task-oriented and non-task-oriented dialogues 

separately. To improve user experience according to the two types of 

dialogue, it is necessary to know the differences between them in major 

UX factors. In this study, acceptance and affective factors of the two 

types of dialogues were examined in the elderly. The results of the survey 

on acceptance and affective factors can suggest directions for the design 

of the interaction according to the dialogue type.  
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6.2 Measures  

Chapter 6 analyzes the data from Experiment 3. The experimental 

task involved seven topics of conversation that were selected by 

analyzing the functions of multiple conversational speech systems 

currently on the market. The conversation scenarios were classified into 

two categories: task-oriented for the four dialogues with purpose and 

non-task-oriented for the three dialogues without purpose. Through these 

multiple topics of conversation, it was possible to obtain experiment 

results that would not be affected by any bias or users’ individual 

experience with the topics. Considering the possibility that the order of 

topics of conversation may affect the results, their order was randomly 

assigned.  

The seven dialogue scenarios were formulated, and they were 

recorded in advance using a text-to-speech program. The text-to-speech 

voice recording files were clearly defined with multiple pilot 

experiments (Exp. 2), which were used to prepare the actual dialogue 

scenarios. The pilot experiment data were used to develop the dialogue 

scenarios based on potential contexts of use, and roughly 300 recorded 

files were used in the actual experiment. The recorded files were made 

available for the experimenter to deliver easily and promptly following 

the program manual (Figure 6.1).  
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Figure 6.1 Example of the interface of programmed text-to-speech voice recording 

files 

 

Each experimental task presented instructions to the subjects of 

Experiment 3 (Table 6.1). Task-oriented dialogues were of four types: 

register a schedule, send a text messages, search for a place, and set a 

reminder for a TV program. The task-oriented dialogues ended when 

their goal was achieved. For example, the completion of the task means 

that the schedule has been registered, a text message has been sent, and 
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so on. Non-task-oriented dialogues were of three types: greetings, a quiz 

game, and listening to music. Subjects were instructed to proceed freely 

as they wished, with dialogues involving more than three to four 

utterances. A minimum number of utterances was set so that at least the 

minimum dialogue needed for evaluation should be conducted. Several 

example scenarios were used to introduce the non-task-oriented 

dialogues. Therefore, subjects knew what kinds of dialogue were 

possible.  

 

Table 6.1 Experimental Task List 

Category Task Instruction 

Task-oriented 

dialogue 

Register a schedule 
“add [event] to my calendar for 

[day] at [time]” 

Send a text message 
“message [name]” or “send [name] a 

message” 

Search for a place 
“find me a nearby [place]” or “find 

the address for [place]” 

Set reminder for TV 

program 

“search for [TV program title] on 

TV” and “set reminder for [TV 

program title] on TV” 

Non-task-oriented 

dialogue 

Greetings 
“How are you today?” or “What are 

you going to do today?” 

Quiz game 
“Play recreational quiz” or “Play 

funny quiz” 

Listening to music 

“Play some music,” “Play rock 

music for work,” “What’s playing?” 

and “Play next” 
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6.3 Results 

 

6.3.1 Task-oriented conversational system 

Regression analysis for task-oriented system. A stepwise 

regression analysis was conducted to determine whether acceptance and 

affective factors affected satisfaction with a task-oriented conversational 

system. Acceptance comprised 11 factors, of which the following four 

factors were statistically significant with an adjusted R2 of 0.747 (Table 

6.2): trust, anxiety, perceived enjoyment, and perceived usefulness. The 

standardized coefficients were as follows: PENJ, β = .471; TR, β = .230; 

PU, β = .200; and ANX, β = .128. Therefore, these factors affected the 

subjects’ acceptance of the task-oriented conversational system. The 

affective state was composed of 20 factors, and the following two factors 

were statistically significant with an adjusted R2 of 0.632 (Table 6.3): 

active and scared. The standardized coefficients were as follows: active, 

β = .748 and scared, β = .245. Therefore, the two factors affected the 

subjects’ affective state regarding the task-oriented conversational 

system.  

 

Table 6.2 Results of the Stepwise Linear Regression Analysis for the Acceptance 

Factors of the Task-Oriented System 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −.302 .326 - −.926 .356  
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PENJ .480 .076 .471 6.290 .000 3.372 

TR .252 .061 .230 4.097 .000 1.889 

PU .190 .062 .200 3.057 .003 2.564 

ANX .135 .049 .128 2.758 .007 1.299 

Adjusted R2 = .747 

VIF: Variance Inflation Factor 

 

Table 6.3 Results of the Stepwise Linear Regression Analysis for the Affective 

Factors of the Task-Oriented System 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −.395 .995 - −.397 .694  

Active 1.103 .161 .748 6.834 .000 1.010 

Scared .415 .185 .245 2.239 .033 1.010 

Adjusted R2 = .632 

VIF: Variance Inflation Factor 

 

Repeated measures ANOVA for task-oriented system. The 

average and standard deviation values of each acceptance factor for the 

task-oriented conversational system are shown in Table 6.4. A repeated-

measures ANOVA was conducted to investigate the statistical difference 

between the four acceptance factors of trust, anxiety, perceived 

enjoyment, and perceived usefulness, which showed significant 

differences at the 95% confidence level. According to the results, trust 

had the lowest average score, and perceived usefulness scored the 

highest among the four acceptance factors. Similar results for descriptive 

statistics were found (Figure 6.2). Trust had significantly lower scores 
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than the other significant acceptance factors. There were also high scores 

on the factors of perceived usefulness, perceived enjoyment, and anxiety.  

 

Table 6.4 Results of ANOVA with Repeated Measures for the Acceptance Factors of 

the Task-Oriented System 

Factor 
Mean 

difference 
Std. Error p 

PENJ PU −.150 .062 .096 

PENJ TR .320 .072 .000 

PENJ ANX .056 .097 1.000 

PU TR .150 .062 .096 

PU ANX .471 .092 .000 

TR ANX −.265 .088 .019 

 

 

Figure 6.2 Mean scores for the acceptance factors of the task-oriented system 
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The mean and standard deviation of the values for each affective 

factor of the task-oriented conversational system are shown in Table 6.5. 

A repeated-measures ANOVA was conducted to investigate the statistical 

differences between the two affective factors of active and scared, which 

showed significant differences at the 95% confidence level. According 

to the results, active was significantly lower than the reverse-scored scare 

values (Figure 6.3).  

 

Table 6.5 Results of ANOVA with Repeated Measures for the Affective Factors of the 

Task-Oriented System 

Factor 
Mean 

difference 
Std. Error p 

Scared Active .563 .224 .018 

 

 

Figure 6.3 Mean scores for the acceptance factors of the non-task-oriented system 
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6.3.2 Non-task-oriented conversational system  

Regression analysis of the non-task-oriented system. A 

stepwise regression analysis was conducted to determine whether 

acceptance and affective factors affected satisfaction with a non-task-

oriented conversational system. Acceptance comprised 11 factors, of 

which the following factors were statistically significant with an adjusted 

R2 of 0.778 (Table 6.6): perceived sociability, perceived enjoyment, 

social influence, perceived adaptability, and social presence. The 

standardized coefficients were as follows: PS, β = .256; PENJ, β = .208; 

SI, β = .271; PAD, β = .194; and SP, β = .135. Therefore, these factors 

may be considered as affecting the subjects’ acceptance of the non-task 

oriented conversational system. 

The affective state comprised 20 factors, of which the following 

were statistically significant with an adjusted R2 of 0.823 (Table 6.7): 

upset, attentive, and enthusiastic. The standardized coefficients were as 

follows: enthusiastic, β = .839; upset, β = .557; and attentive, β = −.407. 

Therefore, these factors may be considered as affecting the subjects’ 

affective state for the non-task-oriented conversational system.  

 

Table 6.6 Results of the Stepwise Linear Regression Analysis for the Acceptance 

Factors of the Non-Task-Oriented System 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −.246 .327 - −.753 .453  

PS .297 .112 .256 2.665 .009 4.213 
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PENJ .198 .068 .208 2.904 .005 2.335 

SI .243 .069 .271 3.519 .001 2.695 

PAD .192 .064 .194 3.029 .003 1.859 

SP .120 .056 .135 2.138 .035 1.822 

Adjusted R2 = .778 

VIF: Variance Inflation Factor 

 

Table 6.7 Results of the Stepwise Linear Regression Analysis for the Affective 

Factors of the Task-Oriented System 

Factors 
Unstandardized Standardized 

t p VIF 
B Std. Error β 

(constant) −6.036 1.733 - −3.483 .003  

Enthusiastic .900 .104 .839 8.664 .000 1.109 

Upset 2.070 .355 .557 5.826 .000 1.081 

Attentive −.376 .093 −.407 −4.059 .001 1.187 

Adjusted R2 = .823 

VIF: Variance Inflation Factor 

 

Repeated-measures ANOVA of the non-task-oriented system. 

The mean and standard deviation for each acceptance factor of the non-

task-oriented conversational system are shown in Table 6.8. A repeated-

measures ANOVA was conducted to investigate the statistical difference 

between the five acceptance factors of perceived sociability, perceived 

enjoyment, social influence, perceived adaptability, and social presence, 

which showed significant differences at the 95% confidence level. 

Among them, social presence had the lowest average score, while 

perceived sociability scored the highest. Similar results for descriptive 
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statistics were found (Figure 6.4). Social presence scored significantly 

lower than the other significant acceptance factors. There were also high 

scores on the factors of perceived sociability, perceived enjoyment, and 

perceived adaptability.  

 

Table 6.8 Results of ANOVA with Repeated Measures for the Acceptance Factors of 

the Non-Task-Oriented System 

Factor 
Mean 

difference 
Std. Error p 

SP PENJ −.569 .160 .006 

SP PS −.784 .122 .000 

SP SI −.490 .143 .009 

SP PAD −.525 .168 .023 

PENJ PS −.216 .105 .431 

PENJ SI .078 .136 1.000 

PENJ PAD .044 .127 1.000 

PS SI .294 .099 .037 

PS PAD .260 .116 .269 

SI PAD −.034 .156 1.000 
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Figure 6.4 Mean scores for the affective factors of the task-oriented system 

 

The mean and standard deviation of the scores for each 

significant affective factor for the non-task-oriented conversational 

system are shown in Table 6.9. A repeated-measures ANOVA was 

conducted to investigate the statistical differences between the three 

affective factors of upset, attentive, and enthusiastic, which were 

significantly different at the 95% confidence level. According to the 

results, attentive and enthusiastic scored significantly lower than the 

reverse-scored value of upset (Figure 6.5).  

 

Table 6.9 Results of ANOVA with Repeated Measures for the Affective Factors of the 

Non-Task-Oriented System 

Factor 
Mean 

difference 
Std. Error p 
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Upset Attentive 1.636* .291 .000 

Upset Enthusiastic 1.227* .271 .001 

Attentive Enthusiastic −.409 .333 .700 

 

 

Figure 6.5 Mean scores for the significant affective factors of the non-task-oriented 

system 
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6.4 Discussion  

Acceptance factor. Perceived enjoyment was a factor affecting 

satisfaction in both the task-oriented and non-task-oriented 

conversational systems. Perceived enjoyment means a pleasurable 

feeling because of using the system (Davis, Bagozzi, & Warshaw 1992; 

Venkatesh, 2000). This finding supports previous research in which 

perceived enjoyment was found to be a major motivator (Anandarajan et 

al., 2002; Davis et al., 1992; Fagan, Neill, & Wooldridge, 2008).  

Previous studies have shown that the improvement of perceived 

enjoyment leads to a more positive affective attitude, resulting in higher 

acceptance (Lee, 2010). Thong et al. (2006) insisted that perceived 

enjoyment is an important user experience that leads to the use of the 

system. This result implies that perceived enjoyment must be included 

in the user experience design of conversational speech systems for the 

elderly.  

In the task-oriented conversational system, besides perceived 

enjoyment, the factors of trust, perceived usefulness, and anxiety were 

found to affect satisfaction with the conversational system. The 

importance of trust has been emphasized in many previous studies 

(Hancock et al., 2011; Nomura & Kanda, 2015). Trust was found to be a 

critical factor in interactions with a conversational system (Bickmore & 

Cassell, 2001). The most common way to improve trust is to rationally 

approach the process through interactions with the system (Lee & See, 

2004).  

However, it is important to be aware that trust is formed through 
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purely emotional influence (Freedy, DeVisser, Weltman, & Coeyman, 

2007). The emotions that emerge when the elderly use conversational 

systems are dependent on emotions that make the system trustable. The 

current system allows users to experience an inevitable period of trial 

and error. Trust based on emotional dependence can maintain satisfaction 

with the conversational system regardless of such frustrations. Therefore, 

the emotional formation of trust to enhance trust in the conversational 

system can be a good way to steadily improve trust. 

Anxiety refers to behaviors such as being unable to talk 

confidently and without worrying about what they are saying. Efforts to 

lower anxiety will play an important role in bringing a conversation 

system into practical use. Modi (2012) reported that lower anxiety was a 

very significant factor in the use of devices by the elderly. In particular, 

in voice interactions with elderly people, anxiety has been found to have 

a greater effect on their satisfaction than on that of younger adults 

(Laguna & Babcock, 1997). Thus, it is essential to consider the effect of 

anxiety on the satisfaction of the elderly with the system.  

Ways to improve anxiety have been studied in many previous 

studies. Bozionelos (2001) reported that anxiety decreases with 

increasing user experience. In addition, the effect of lowering anxiety by 

lowering task complexity and increasing accuracy has been 

demonstrated (Rickenberg & Reeves, 2000). Anxiety can be overcome 

by users’ confident interactions with clear feedback transmission and 

error recovery methods.  

In the non-task-oriented conversational system, besides 
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perceived enjoyment, the factors of social presence, perceived sociability, 

social influence, and perceived adaptability were found to affect the 

satisfaction of users with the conversational system. Social presence 

means that the system is recognized as a “real person” through 

interactions (Gunawardena, 1995).  

In many previous studies, social presence has been found to be a 

predictor of user satisfaction (Gunawardena & Zittle, 1997; Hackman & 

Walker, 1990). It has been reported that a system improves social 

presence by showing immediacy reactions when interacting with users 

(Hostetter & Busch, 2012). Immediate response to a voice interaction 

turned out to be a way to give the user a sense of communicating with a 

real person. Through an interaction design that considers these facts 

regarding social presence, satisfaction with a non-task-oriented 

conversational system can be improved.  

Perceived sociability has been discussed in numerous studies on 

conversational systems (Brown, Poole, Deng, & Forducey, 2005; Fridin 

& Belokopytov, 2014; Homes, Nugent, & Augusto, 2006; Hu et al., 

2003). Experiments on versions of a conversational system with more 

and less sociability reported that participants were comfortable with the 

more sociable version, while most participants using the less social 

version reported being uncomfortable (Homes et al., 2006). The 

perceived sociability assessed by the elderly is important because the 

conversational system needs to have social abilities to perform more 

functions and play a greater role.  

There are two ways to change social influence. The first is the 
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impact of people around the elderly. The influence of people around the 

elderly and their environment is included in social influence (Heerink et 

al., 2010; Venkatesh et al., 2003). For example, if a family member 

recommends using the system or if a friend is already using the system, 

it will affect the user’s system use and satisfaction. The second is the 

cultural identity of the system. Borit et al. (2014) insisted that social 

influence can be enhanced when interacting in a culturally appropriate 

manner. Therefore, the non-task oriented conversational system for 

elderly people should be carefully designed considering cultural 

characteristics to improve the user experience.  

Positive emotions concerning the conversational system make 

users feel that they have adapted to the system (De Ruyter, Saini, 

Markopoulos, & Van Breemen, 2005; Fridin & Belokopytov, 2014; 

Klamer & Allouch, 2010). Moreover, perceived adaptability is related to 

trust, and high levels of trust result in a positive evaluation of perceived 

adaptability (Sanders et al., 2011). Therefore, to improve the perceived 

adaptability of the elderly, the use of a non-task-oriented conversational 

system should positively improve overall emotional state and reliability.  

Affective factor. The following five affective factors 

significantly affected satisfaction with the task- and non-task-oriented 

conversational systems: active, attentive, enthusiastic, scared, and upset. 

In previous studies, active, attentive, and enthusiastic have been 

classified on the PA scale and scared and upset on the NA scale (Ben-

Zeev, McHugo, Xie, Dobbins, & Young, 2012; Denollet & De Vries, 

2006; Holt & Ricciardelli, 2002; Martinent, Nicolas, Gaudreau, & 



 

115 

 

Campo, 2013).  

However, according to the results of this study, it is expected that 

there will be some differences in the negative affective factors. Gaudreau, 

Sanchez, and Blondin (2006) classified negative affective factors into 

two conceptual components: upset and scared. The factors of upset and 

scared are negative affective factors for the two types of dialogue 

systems in this study. In the task-oriented conversational system, the 

negative affective factor of scared was found, while in the non-task 

oriented conversational system, the negative affective factor of upset 

appeared.  

In other words, emotional states that have a negative effect on 

user experience differ for the two types of dialogue systems. These 

emotional changes are very different even though both emotional states 

are negative. The emotion of anger during the non-task-oriented dialogue 

is more active and initiative, while the emotion of fear during the task-

oriented dialogue is more passive and inactive. Thus, the negative 

emotional attitudes of the elderly are completely different according to 

task characteristics. Therefore, to improve the user experience, the non-

task-oriented dialogue should be alerted to the emotion of being upset, 

and the task-oriented dialogue should be alerted to that of fear.  

The active, attentive, and enthusiastic factors of the PA scale were 

found to be poorly evaluated in both types of dialogue systems. In 

regression analysis, the effect of these three factors on user experience 

was significant. In particular, the active factor of task-oriented dialogues 

and the enthusiastic factor of non-task-oriented dialogues had a critical 
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influence on user satisfaction. Active and enthusiastic were also major 

factors representing the PA scale in the results of previous studies (Brown 

& Marshall, 2001; Watson et al., 1988). Scopelliti et al. (2005) reported 

that the acceptability of a conversational speech system depends not on 

the practical advantages but on the complex relationship of emotional 

communication with the elderly. Therefore, it is necessary to design an 

interaction that can improve the positive affective scales that are 

underestimated in the ANOVA. 
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6.5 Conclusion  

The results of this study clearly showed that the UX factors are 

completely different according to the task characteristics. Specifically, it 

is meaningful to understand how the UX factors are different. Through 

the interaction design based on these results, the user experience may be 

improved to better suit the appropriate task characteristics. The results of 

this study can be summarized as follows: 

• Regardless of task characteristics, satisfaction among the elderly with 

conversational speech system was affected by perceived enjoyment.  

• Satisfaction with the task-oriented conversational system among 

elderly people was affected by the following factors: trust, anxiety, 

perceived enjoyment, perceived usefulness, active, and scared. 

• Satisfaction with the non-task-oriented conversational system among 

elderly people was affected by the following factors: perceived 

sociability, perceived enjoyment, social influence, perceived 

adaptability, social presence, upset, attentive, and enthusiastic.  

In this study, the evaluation was made for all functions except 

dialogue, which cannot be experimented on in the laboratory. In future 

research, more diverse conversation tasks should be applied in the 

experiment. It is necessary to continuously develop dialogue design 

direction according to task characteristics through such research.  
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Chapter 7.  

 

VOICE INTERACTION FACTORS OF 

CONVERSATIONAL SPEECH SYSTEMS 

 

 

7.1 Introduction  

Although the voice input method has many advantages, it has an 

inevitable defect. The ambiguity and infinite expressions of speech 

signals give rise to countless trials and errors with a high degree of 

freedom. The inability of the speech signal to be 100% accurate is a 

problem not only between the system and the user but also in human 

interactions (Schnelle-Walka, 2010). Investigating the user experience 

and users’ reactions in the voice interaction system is one of the most 

challenging problems facing this technology (Narayanan, 2002; Shin, 

Narayanan, Gerber, Kazemzadeh, & Byrd, 2002). Shin et al. (2002) 

insisted that since errors in the voice interaction with the system are not 

information obtained from binary values, it is important to model 

changes in the types of errors. Because the dialogue between humans and 

the system can be uncertain and erroneous, particular attention should be 

paid to the user experience (Narayanan, 2002).  

Therefore, it is necessary to define and analyze various contexts 
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of voice-based interaction and study which interaction factors affect 

system usage. This study is significant for understanding how the 

interaction factors in the Human-Robot Interaction perspective affect the 

user experience of the system. The points contributed by this study are 

defined and observed as qualitative measures of the interaction between 

the system and the user. Identifying the correlation between the 

interaction factors and the UX factor of the system is necessary to 

improve the user experience. Finally, the aim was to provide a practical 

guide to the design direction of the interaction factors by identifying how 

the interaction factor and the UX factor are specifically correlated.  
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7.2 Measures 

The interaction factors of the conversational speech system used 

in this study were divided into four parts: duration of interaction, 

utterance structures, interaction slippages, and interaction errors. The 

four parts contained several sub-factors. These factors were selected 

based on the properties of the data measured using the Wizard of Oz 

method in previous studies investigating interaction factors in Human-

Robot Interaction (Cohen, Giangola, & Balogh, 2004; Harris, 2004). For 

example, error types such as out-of-vocabulary words and acoustic 

misrecognition were excluded from the measurement because they could 

not occur due to the nature of the methodology. In addition, Harris (2004) 

reported that the personification of a conversation agent and the real or 

synthetic nature of casts should be considered in terms of Human-Robot 

Interaction design; however, these factors were not considered because 

they are not applicable to this experimental study.  

In order to collect data, all procedures of Experiment 3 were 

recorded and the video data were analyzed. Finally, a total of 15 detailed 

interaction factors were measured. The range of values of the measured 

factors are shown in Table 7.1. The range of values of this study are not 

designed values, and the observed values from 800 data sets are used. 

Since the collected experimental data mostly include cases that will 

occur in actual situations, it can be considered that most range values 

applied to actual situations are reflected. The interaction factors used in 

this study were selected as indicators that can be easily collected and 

analyzed, thereby enhancing the effectiveness of the research results.  
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Table 7.1 Range of Values of the Measured Interaction Factors 

Interaction factor 
Range value 

Min Max 

Duration of interaction Duration 24  600 

Utterance structures 

Turn-Taking 4 156 

Utterance 4 127 

Utterance frequency 0.01 0.554 

Interaction slippages 

(sb) Timeout  0 10 

(ag) Timeout  0 9 

(sb) Spoke-Too-Soon  0 3 

(ag) Spoke-Too-Soon 0 12 

Overall Slippage 0 15  

Slippage Frequency  0.000  0.069  

Interaction error 

Rejection Error 0  5  

Repair Error 0  38  

Recognition Error  0  6 

System Error 0  15  

Overall Error 0  42  

sb: Subject; ag: Agent 

 

Duration of interaction. The duration of interaction was 

measured in seconds, starting from the first utterance of the subject to 

the end of the last utterance with the system. Duration has been shown 

to be a key variable in evaluating the system in a number of previous 

studies (Efraimsson, Rasmussen, Gilje, & Sandman, 2003; Ivaldi et al., 

2017; Stolcke et al., 2000). The duration of interaction was used for the 

correlation analysis itself and to measure frequency along with other 

factors.  
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Utterance structures. The utterance structures are indicators 

related to the utterance of the subject. Three sub-factors were 

investigated in the utterance structures: turn-taking, utterance, and 

utterance frequency.  

Turn-taking. The turn-taking factor refers to transfers of the 

utterance from the subject to the system and from the system to the 

subject. Turn-taking measures the number of times the speaker changes. 

Several previous studies have examined turn-taking in conversational 

speech systems (Ward, Rivera, Ward, & Novick, 2005; Witt et al., 2010; 

Witt, 2015). Above all, turn-taking is a variable that is necessary for 

interaction in the spoken dialogue, as speech and silence are repeated 

processes (Raux & Eskenazi, 2012). Smooth turn-taking determines the 

superiority of the spoken dialogue (Raux, 2008). When turn-taking 

occurs naturally, users can comfortably focus on the conversation. Users 

expect that human-computer dialogues will proceed as quickly and 

effectively as in human-human dialogues (Gardner-Bonneau & 

Blanchard, 2007). Therefore, it is important to analyze how the turn-

taking factor correlates with the UX factor when designing the system. 

Utterance. The number of utterances by the subject during task 

execution was measured. One utterance can range from short words (yes, 

no) to sentence forms. The number of utterances was calculated only 

when they were triggered by the system (Minami et al., 2016). The 

number of user utterances is a variable used in many previous studies 

when evaluating conversational speech systems (Edlund, Heldner, & 

Gustafson, 2005; Nakayama, Murata, Yokoyama, & Fujita, 2015). 
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Warner, Letsky, and Cowen (2005) reported that the number of 

utterances differs greatly between two user groups: collaboration modes 

and face-to-face teams. Meanwhile, utterance was used as a variable to 

measure the activeness and relation of interaction in previous studies 

(Bourgeois, Dijkstra, Burgio, & Allen-Burge, 2001; Efraimsson et al., 

2003). Additionally, in previous studies, utterance was commonly used 

to assess dialogue dynamics, social interaction, and engagement (Ivaldi 

et al., 2017; Kim, Kols, Bonnin, Richardson, & Roter, 2001). Therefore, 

the design direction of utterance was investigated by analyzing the 

correlation between UX factor and utterance, which has not been 

adequately addressed in previous research.  

Utterance frequency. The frequency of utterances was calculated 

by dividing the duration of interaction by the number of utterances. 

Minami et al. (2016) reported that frequency of utterances could be an 

objective criterion for analyzing user responses using a dialogue system. 

Therefore, the frequency of the utterances occurring within a certain 

period was estimated. The number of utterances is an absolute amount, 

while the frequency of utterances is a relative value over time (Equation 

7.1).  

Utterance frequency =
Number of utterances

Duration
 

(Eq. 7.1) 

Interaction slippages. Interaction slippages refer to a situation 

in which the system and the user are disconnected from each other; that 

is, there is an occurrence of a non-seamless interaction situation even 
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though no error has occurred. This study defined two conditions, timeout 

and spoke-too-soon.  

Timeout. The timeout factor means that the system or subject did 

not respond within a time limit of a few seconds. In this study, the 

criterion for timeout was set to five seconds. When the system or subject 

did not speak for more than five seconds, the timeout was counted as one 

occurrence. This time setting is relatively long compared to the three 

seconds used in many previous studies (Gardner-Bonneau & Blanchard, 

2007; Marguilies, 2004). However, the results of the pilot experiment 

showed very frequent timeouts among the elderly. Therefore, this study 

increased the timeout setting to collect more reasonable data and ensure 

a smooth task. Timeout was measured in terms of timeout of subject or 

agent. Timeout of subject occurs when the user does not listen carefully 

to the utterance of the system or does not know how to respond to the 

system (Schnelle, Lyardet, & Wei, 2005). Many previous studies have 

investigated the effect of timeout limits on user experience and task 

completion rates of subjects (Klemmer et al., 2000; Schnelle et al., 2005; 

Ward & DeVault, 2016). Witt et al. (2010) reported that when the timeout 

setting is too short, it tends to disturb users when they pause. Therefore, 

timeout of subject is a critical interaction factor for user experience.  

Timeout of agent is when the system does not utter a response to 

the subject’s last utterance within a certain amount of time. Timeout of 

agent has not been studied as much as that of subject. However, when 

timeout of agent is too long, the user is considerably disturbed by the 

system’s problem (Witt, 2015). Therefore, it is meaningful to understand 



 

126 

 

the correlation between timeout of agent and UX factors.  

Spoke-too-soon. Spoke-too-soon was divided into spoke-too-

soon of the subject and the agent. Spoke-too-soon of the subject occurs 

when the user starts the next utterance while the system is uttering. The 

spoke-too-soon of the agent is when the system starts an utterance before 

the user’s utterance is finished. There are relatively few studies on spoke-

too-soon (Sadowski & Lewis, 2000; Šmídl, Prcín, & Jurcícek, 2001). 

Previous studies related to spoke-too-soon have examined how to detect 

and recover it technically. However, there is no study on how spoke-too-

soon affects the user experience. In the pilot test, spoke-too-soon was 

frequently encountered in the dialogue between the elderly and the 

system; thus, it was investigated as an interaction factor in this study. 

Correlation analysis between spoke-too-soon and user experience shows 

how much influence spoke-too-soon has on interaction design.  

Slippage. Slippage was divided into overall slippage and slippage 

frequency. First, the results of timeout and spoke-too-soon were 

combined and used as an indicator of overall slippage. Second, overall 

slippage was divided by the duration of interaction and used as an 

indicator of the slippage frequency. While overall slippage is an absolute 

value, the slippage frequency is used as a relative factor over time 

(Equation 7.2.). Slippage frequency was estimated as the frequency of 

slippage that occurred within a certain period of time.  

Slippage frequency =  
 Overall slippage 

Duration
  

(Eq. 7.2.) 
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Interaction error. Interaction errors are defined as the following 

four error types: rejection errors, repair errors, out-of-recognition errors, 

and system errors. Much research has been conducted on errors in 

conversational speech systems. Most studies discussed improvements in 

techniques, such as error reduction, error detection, and error recovery 

(Hazen, Seneff, & Polifroni, 2002; Junqua, 2000). However, there is little 

research on how errors affect user experience. As errors occur in 

dialogues with the system, it is important to study the correlation 

between error and user experience. This study analyzed the correlation 

between the interaction error factor and user experience.  

Rejection error. When the system is unable to respond or when 

it is difficult to continue the dialogue, the system responds with “I’m 

sorry, I didn’t understand.” The dialogue following this response is 

defined as a rejection error. Rejection can make the dialogue slow but 

prevent more serious errors (Thompson et al., 2004). However, rejection 

errors can be quite negative for the user experience because they can lead 

to a “brick wall” effect (Yankelovich et al., 1995). The brick wall effect 

is the user experiencing the feeling of facing a dead end. Yankelovich et 

al. (1995) have observed that user frustration increases rapidly when 

rejection errors are repeatedly encountered. Rejection error is a factor 

that has a great effect on user experience, and more attention needs to be 

paid to it in system design.  

Repair error. Repair error is defined as the system’s request to 

the user to repeat the utterance. When the user’s utterance is not 

successfully entered into the system, the system prompts the user to 
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repeat the same utterance. For example, it responds as following: 

“Excuse me, could you tell me again.” Repair errors may also lead to 

other ways of utterance, such as “Simply say the name of (example)” and 

“you can say the number of (example).”  

Out-of-recognition error. Out-of-recognition error occurs when 

the user’s utterance is not entered into the system and the conversation 

proceeds to the next item. It usually occurs when the user’s utterance is 

too long or partially unclear. Out-of-recognition error is also referred to 

as deletion in the sense that the utterance is deleted. It can cause 

misunderstandings between the user and system, and error recovery is 

more difficult than with other error contexts. Above all, it is an error that 

is frequently observed in elderly people whose pronunciation is 

inaccurate and whose length of utterances is long.  

System error. System error is classified as a situation where the 

dialogue is not smooth due to environmental conditions and technical 

error. For example, a response such as “Cannot respond with transient 

error” is provided. In some cases, an error occurs in the response itself, 

as follows: “Y…mm… (silence) …yes.” A system error occurs when 

there is a problem communicating with the server or when the speaker 

itself is buffered.  

Overall error. Overall error was used as an indicator by 

integrating all four error factors. Regardless of the type of error, it refers 

to the number of interaction errors that occurred. It can be used as an 

assessment of the overall error in terms of user experience, regardless of 

the type of error. 
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7.3 Results 

Pearson’s correlation analysis was conducted between 

acceptance and conversational interaction factors, and between affective 

and conversational interaction factors. The acceptance and affective 

factors used in the correlation analysis were only those factors found to 

be significant in the previous regression analysis result in Chapter 5 and 

6. In Clusters A, B, and X, correlation analysis was performed between 

acceptance and interaction factors. In Clusters Q, R, and Y, correlation 

analysis was performed between affective and interaction factors. For 

task-oriented and non-task-oriented systems, correlation analysis was 

performed between acceptance and interaction factors and between 

affective and interaction factors, respectively.  

 

7.3.1 User characteristics  

Technical characteristics. According to the technical 

characteristic cluster, there was a large difference in correlations between 

Cluster A with high technical ability (Table 7.2) and Cluster B with low 

technical ability (Table 7.3). Utterances were significantly correlated 

with SP, PS, TR, PAD, and PEOU in Cluster A. However, in Cluster B, 

the correlation between the five acceptance factors and utterances was 

not significant at all. Rejection error was significantly correlated with SP, 

PS, PAD, and PEOU in Cluster A. Conversely, in Cluster B, the 

correlation between the four acceptance factors and rejection error was 

not significant at all. Spoke-too-soon of agent, overall slippage, repair 

error, and recognition error were significantly correlated with PAD in 
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Cluster A. In contrast, in Cluster B, the correlation between PAD and 

four interaction factors was not significant at all. Duration and turn-

taking were significantly correlated with TR in Cluster A, while in 

Cluster B, the correlation between TR and two interaction factors was 

not significant at all. Utterance frequency was significantly correlated 

with PS, PAD, and ANX in Cluster B. Conversely, in Cluster A, the 

correlation between the three acceptance factors and utterance frequency 

was not significant at all. Timeout of subject, timeout of agent, and 

overall slippage were significantly correlated with PS in Cluster B. 

However, in Cluster A, the correlation between PS and the three 

interaction factors was not significant at all. 

However, another correlation analysis showed the same results 

for both Clusters A and B. Duration, turn-taking, and overall error were 

significantly correlated with PAD, ANX, PEOU, and PS in both Clusters 

A and B. Overall slippage, repair error, and recognition error were 

significantly correlated with ANX and PEOU in both Clusters A and B. 

Furthermore, in Cluster B, duration, turn-taking, and recognition error 

showed a relatively high correlation with ATTR and PENJ.  

 

Table 7.2 Results of the Correlation Analysis Between Acceptance and Interaction 

Factors for Cluster A (High Technical Ability) 

 SP ITU PS PU SI TR ANX PAD PEOU 

Duration  −.192** −.174** −.192**  −.208** −.474** −.348** −.510** 

Turn-Taking  −.244** −.211** −.213** −.159* −.215** −.490** −.371** −.510** 

Utterance −.132* −.243** −.236** −.244** −.193** −.221** −.471** −.371** −.496** 
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(sb) Timeout       −.174** −.185** −.251** 

(ag) Spoke-

Too-Soon 
       −.160*  

Overall 

Slippage 
      −.135* −.173* −.211** 

Rejection 

Error 
−.186** −.298** −.211** −.313**    −.315** −.315** 

Repair Error       −.389** −.270** −.364** 

Recognition 

Error 
      −.179** −.150* −.193** 

Overall Error  −.169* −.149*    −.386** −.314** −.423** 

Note: * p < .05, ** p < .01. 

 

Table 7.3 Results of the Correlation Analysis Between Acceptance and Interaction 

Factors for Cluster B (Low Technical Ability) 

 SP ATTR PENJ PS TR ANX PAD PEOU 

Duration  −.412** −.374** −.335**  −.392** −.332** −.390** 

Turn-Taking  −.369** −.348** −.236*  −.387** −.264* −.396** 

Utterance  −.291*    −.258*   

(sb) Timeout   .265* .241*  .258* .267*  

(ag) Spoke-

Too-Soon 
   −.373**  −.468** −.334** −.292** 

Overall 

Slippage 
   −.237*     

Rejection 

Error 
  −.234* −.407**  −.362**  −.261* 

Repair Error      −.280*  −.275* 

Recognition 

Error 
 −.325** −.310**   −.257*  −.287* 

Overall Error    −.226*  −.347** −.266* −.324** 

Note: * p < .05, ** p < .01. 



 

132 

 

Psychological characteristics. According to the psychological 

characteristics cluster, there was a difference in correlations between 

Cluster Q with low depression (Table 7.4) and Cluster R with high 

depression (Table 7.5). Slippage frequency was significantly correlated 

with interested in Cluster Q. On the other hand, in Cluster R, the 

correlation between interested and slippage frequency was not 

significant at all. System error and overall error were significantly 

correlated with proud in Cluster Q. Conversely, in Cluster R, the 

correlations between proud and the two interaction factors were not 

significant at all. Utterance frequency was significantly correlated with 

enthusiastic in Cluster R. However, in Cluster Q, the correlation between 

enthusiastic and utterance frequency was not significant at all. Timeout 

of agent was significantly correlated with proud in Cluster R, whereas 

for Cluster Q, the correlation between proud and timeout of agent was 

not significant at all. Rejection error was significantly correlated with 

interested in Cluster R. However, in Cluster Q, the correlation between 

interested and rejection error was not significant at all. Meanwhile, no 

correlation analysis showed the same results for both Clusters Q and R. 

Furthermore, in Cluster Q, there were more significant correlations 

among factors. Overall slippage and slippage frequency were 

significantly correlated with irritable and jittery in Cluster Q. Moreover, 

utterance, rejection error, and overall error were significantly correlated 

with active in Cluster Q.  

 

Table 7.4 Results of the Correlation Analysis Between Affective and Interaction 

Factors for Cluster Q (Low Depression) 
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 Interested Irritable Alert Jittery Enthusiastic Active Proud 

Utterance      −.386*  

(ag) 

Spoke-

Too-Soon 

   .513**    

Overall 

Slippage 
 .382*  .563**  −.428*  

Slippage 

Frequency 
−.389* .443* .472* .534**    

Rejection 

Error 
     −.499**  

System 

Error 
      −.555** 

Overall 

Error 
     −.431* −.480* 

Note: * p < .05, ** p < .01. 

 

Table 7.5 Results of the Correlation Analysis Between Affective and Interaction 

Factors for Cluster R (High Depression) 

 Interested Inspired Strong Enthusiastic Proud 

Utterance Frequency    .528**  

(ag) Timeout     −.516** 

Rejection Error −.502*     

Note: * p < .05, ** p < .01. 

 

Physical characteristics. According to the physical 

characteristics cluster, Cluster X with high physical ability (Table 7.6) 

showed a similar tendency as Clusters A and B in most correlation 

analyses. Above all, the results of the correlation analysis of Cluster X 

are similar to those of Cluster A except for some results of recognition 
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error and spoke-too-soon of agent. Recognition error was significantly 

correlated with ITU, SI, and TR in Cluster X. On the other hand, in 

Clusters A and B, the correlation between these three acceptance factors 

and recognition error was not significant at all. Spoke-too-soon of agent 

was significantly correlated with ANX and PEOU in Cluster X. On the 

other hand, in Clusters A and B, the correlation between these two 

acceptance factors and spoke-too-soon of agent was not significant at all. 

According to the physical characteristic cluster, Cluster Y with low 

physical ability (Table 7.7) showed a different tendency from Clusters Q 

and R in most correlation analysis results. Recognition error and overall 

error were significantly correlated with interested in Cluster Y. 

Conversely, in Clusters Q and R, the correlations between interested and 

the two interaction factors were not significant at all. Timeout of subject 

was significantly correlated with enthusiastic and active in Cluster Y. 

However, in Clusters Q and R, the correlations between the two affective 

factors and timeout of subject were not significant at all. Meanwhile, 

system error was significantly correlated with proud in Cluster Y, and 

this result is the same as for Cluster Q.  

 

Table 7.6 Results of the Correlation Analysis Between Acceptance and Interaction 

Factors for Cluster X (High Physical Ability) 

 SP ITU PS SI TR ANX PAD PEOU 

Duration  −.179** −.141*  −.205** −.239** −.245** −.256** 

Turn-Taking  −.248** −.169**   −.389** −.253** −.442** 

Utterance  −.214** −.177** −.173** −.136* −.355** −.236** −.393** 
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(sb) Timeout      −.169** −.130* −.231** 

(ag) Spoke-

Too-Soon 
     −.160** −.146* −.142* 

Overall 

Slippage 
     −.146*  −.206** 

Rejection 

Error 
 −.185**     −.184** −.203** 

Repair Error      −.285** −.174** −.326** 

Recognition 

Error 
 −.153*  −.183** −.167** −.220** −.168** −.222** 

Overall Error  −.205**    −.312** −.239** −.381** 

Note: * p < .05, ** p < .01. 

 

Table 7.7 Results of the Correlation Analysis Between Affective and Interaction 

Factors for Cluster Y (Low Physical Ability) 

 Interested Excited Inspired Enthusiastic Active Proud 

(sb) Timeout    −.487* −.469*  

Recognition 

Error 
−.432*      

System Error      −.659** 

Overall Error −.505*      

Note: * p < .05, ** p < .01. 

 

7.3.2 Task characteristics 

According to the task characteristics cluster, there was a large 

difference in correlation between the task-oriented (Table 7.8) and non-

task-oriented systems (Table 7.9) for the acceptance factor. Duration, 

turn-taking, utterance, spoke-too-soon of subject, rejection error, 
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recognition error, and overall error were significantly correlated with 

PENJ for the task-oriented system. On the other hand, for the non-task-

oriented system, the correlation between PENJ and seven interaction 

factors was not significant at all. Utterance frequency was significantly 

correlated with PENJ for the non-task-oriented system. In contrast, for 

the task-oriented system, the correlation between PENJ and utterance 

frequency was not significant at all. Duration, turn-taking, utterance, 

rejection error, and overall error were significantly correlated with PU 

for the task-oriented system, while duration, turn-taking, utterance, and 

utterance frequency were significantly correlated with PAD for the non-

task-oriented system. Meanwhile, no correlation analysis showed the 

same results for the acceptance factor for task-oriented and non-task-

oriented systems.  

For affective factor, there was a difference in correlation between 

task-oriented (Table 7.10) and non-task-oriented systems (Table 7.11). 

Duration, utterance, spoke-too-soon of agent, overall slippage, slippage 

frequency, repair error, system error, and overall error were significantly 

correlated with scared for the task-oriented system, while duration, turn-

taking, utterance, timeout of subject, spoke-too-soon of subject, rejection 

error, and repair error were significantly correlated with active for the 

task-oriented system. For the non-task-oriented system, utterance 

frequency was significantly correlated with upset, attentive, and 

enthusiastic.  
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Table 7.8 Results of the Correlation Analysis Between Acceptance and Interaction 

Factors for the Task-Oriented Conversational System 

 PENJ PU TR ANX 

Duration −.200* −.300** −.225** −.284** 

Turn-Taking −.346** −.426** −.231** −.240** 

Utterance −.281** −.326** −.223** −.270** 

(sb) Spoke-Too-Soon −.191* −.183*   

(ag) Spoke-Too-Soon −.221** −.205* −.232** −.191* 

Overall Slippage −.162* −.169*   

Rejection Error −.293** −.360**   

Repair Error  −.204*   

Recognition Error −.185* −.183* −.319** −.198* 

Overall Error −.281** −.341** −.220** −.212** 

Note: * p < .05, ** p < .01. 

 

Table 7.9 Results of the Correlation Analysis Between Acceptance and Interaction 

Factors for the Non-Task-Oriented Conversational System 

 SP PENJ PS SI PAD 

Duration     −.372** 

Turn-Taking     −.327** 

Utterance     −.304** 

Utterance Frequency  .235*   .366** 

(sb) Timeout     −.241* 

(ag) Spoke-Too-Soon  .218*    

Rejection Error     −.249* 

Repair Error     −.289** 

Overall Error     −.272** 

Note: * p < .05, ** p < .01. 
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Table 7.10 Results of the Correlation Analysis Between Affective and Interaction 

Factors for the Task-Oriented Conversational System 

 Scared Active 

Duration .394* −.460* 

Turn-Taking  −.543** 

Utterance .462* −.410* 

(sb) Timeout  −.386* 

(sb) Spoke-Too-Soon  −.399* 

(ag) Spoke-Too-Soon .544**  

Overall Slippage .569**  

Slippage Frequency .429*  

Rejection Error  −.511** 

Repair Error .368* −.440* 

System Error .475**  

Overall Error .476**  

Note: * p < .05, ** p < .01. 

 

Table 7.11 Results of the Correlation Analysis Between Affective and Interaction 

Factors for the Non-Task-Oriented Conversational System 

 Upset Attentive Enthusiastic 

Utterance Frequency −.521* .521* .440* 

Note: * p < .05, ** p < .01. 
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7.4 Discussion 

User characteristics. The correlation analysis between 

interaction and acceptance factors revealed that there was a common 

correlation among many factors regardless of the user cluster. According 

to the results, PAD, ANX, and PEOU were correlated with duration and 

turn-taking in all three Clusters A, B, and X. Additionally, ANX and 

PEOU were correlated with repair error and recognition error in these 

three clusters. Therefore, duration, turn-taking, repair error, and 

recognition error, which are commonly correlated with acceptance 

factors regardless of the user, should be considered major interaction 

factors for the improvement of acceptance in the design of a 

conversational speech system.  

In Cluster A, the correlations between SP, PS, PAD, and PEOU 

and rejection error were prominent. Therefore, acceptance according to 

the rejection error of the conversational system will be different in 

Cluster A with high technical ability.  

In Cluster B, the correlations between PS and timeout of subject, 

timeout of agent, and overall slippage were prominent. Therefore, 

acceptance according to the timeout of the conversational system will be 

different in Cluster B with low technical ability.  

In Cluster X, the correlations of ITU, TR, and SI with recognition 

error were prominent. Therefore, acceptance according to the recognition 

error of the conversational system will be different in Cluster X with high 

physical ability.  
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Consequently, interaction factors correlated with acceptance 

factors showed different results depending on the clusters classified 

according to user characteristics. The results of this study show that the 

interaction factors of conversational systems should be changed 

according to user characteristics.  

The correlation analysis between interaction and affective factors 

found no common results for Clusters Q, R, and Y. This result is in stark 

contrast to the results for acceptance factors. Therefore, the correlations 

between interaction and affective factors are very different depending on 

user characteristics. Interested is correlated with different interaction 

factors in Clusters Q, R, and Y.  

In Cluster Q, the correlation between interested and slippage 

frequency was prominent; in Cluster R, that between interested and 

rejection error was prominent; and in Cluster Y, those of interested with 

recognition error and overall error were prominent. Therefore, Clusters 

R and Y showed a similar tendency in correlation with interested, while 

Cluster Q showed completely different results. Moreover, in Cluster Q 

with low depression, there was a correlation between interested and 

interaction slippages, such as timeout and spoke-too-soon, while in 

Cluster R with high depression and Cluster Y with low physical ability, 

the factors related to error showed correlations with interested. Proud 

correlated with different interaction factors in Clusters Q and R. In 

Cluster Q with low depression, the correlations of proud with system 

error and overall error were prominent. In Cluster R with high depression, 

the correlation between proud and timeout of agent was prominent. 
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Similarly, enthusiastic correlated with different interaction factors in 

Clusters R and Y. In Cluster R with high depression, the correlation 

between enthusiastic and utterance frequency was prominent, while in 

Cluster Y with low physical ability, the correlation between enthusiastic 

and timeout of subject was prominent. Active correlated with different 

interaction factors in Clusters Q and Y. In Cluster Q with low depression, 

the correlations of active with utterance, overall slippage, rejection error, 

and overall error were prominent, while in Cluster Y with low physical 

ability, only the correlation between active and timeout of subject was 

prominent.  

Consequently, in the overall results for affective factors, the 

external-positive factor was overwhelmingly correlated in all clusters. 

However, in Cluster Q, some correlations were found between external-

negative factors and voice interaction factors. In Cluster Q, the external-

negative sub-factors jittery, irritable, and alert were significantly 

correlated with slippage. Therefore, slippage had a large effect on the 

external-negative factor in Cluster Q with low depression.  

Task characteristics. The results of correlation analysis 

according to task characteristics showed no identical results in both 

acceptance and affective factors. Therefore, it can be said that the 

interaction design to improve acceptance and affective factors was very 

different between task-oriented and non-task-oriented systems. PENJ 

showed a correlation with different interaction factors in the task-

oriented and non-task-oriented systems. In the task-oriented system, the 

correlations of PENJ with duration, turn-taking, utterance, spoke-too-



 

142 

 

soon of subject, rejection error, recognition error, and overall error were 

prominent, while in the non-task-oriented system, only the correlation 

between PENJ and utterance frequency was prominent. Moreover, in the 

task-oriented system, many interaction factors correlated with affective 

factors, whereas in the non-task-oriented system, only utterance 

frequency correlated with all affective factors.  

This result suggests that utterance frequency is a major factor in 

improving the affective satisfaction of the non-task-oriented system. In 

the task-oriented system, most interaction factors apart from utterance 

frequency showed a significant correlation with affective factors. Among 

these, the correlations of affective factors with turn-taking, rejection 

error, spoke-too-soon of agent, and overall slippage were prominent.  

 



 

143 

 

Chapter 8.  

 

DEVELOPMENT OF A DESIGN GUIDE FOR 

CONVERSATIONAL SPEECH SYSTEMS 

 

 

8.1 A Design Model of Conversational Speech Systems 

The results of this study can be divided into a regression analysis 

of the influence of UX factors on user and task characteristics and a 

correlation analysis of the relationships between UX factors and 

interaction factors. This chapter proposes a design model of 

conversational speech systems that suggests the design direction of 

conversational systems by combining these results.  

Finally, eight design models are presented: six of user 

characteristics and two of task characteristics (Figures 8.1 to 8.8). The 

design model is constructed such that the results of the existing 

regression and correlation analyses can be used as practical design guide.  

The design model consists of three parts. The first is a diagram 

of the target user or task characteristic, and it includes information about 

the context in which the corresponding design model will be applied. The 

second is the UX factor, which includes acceptance and affective factors. 

The third is the voice interaction factor, which consists of 15 factors. In 
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the design model, these three pieces of information were linked by the 

results of previous analyses.  

The first and second parts led to the regression analysis results. 

The percent value in the middle of the design model indicates the effect 

size of the UX factor on the satisfaction of the cluster. For example, the 

effect of Cluster B on user satisfaction is a relation factor of 66.9% and 

a usage factor of 33.1% (Figure 8.2).  

The second and third parts led to the correlation analysis results. 

The number of each interaction factor represents a weight of how much 

the interaction factor correlates with the corresponding UX factor. For 

example, the correlation coefficient between utterance and active is 

−.386, and between system error and proud is −555 in Cluster Q (Figure 

8.3). 

Correlation coefficients between UX and interaction factors less 

than 0.2 were excluded from the model. Results of the comprehensive 

analysis revealed no interaction factor showing a correlation coefficient 

of 0.2 or more in social presence or social influence. The correlations 

with sociable UX factors were presumed to be related to variables such 

as the personification of agents, real or synthetic agents, and scripting of 

dialogue that were not used in this study. These sociable UX factors 

should be investigated more closely in further studies on their 

correlations with diversified interaction factors. 

In summary, the design values of eight design models were 

examined according to user and task characteristics. These design values 

showed quite different ranges for various interaction factors. These 
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results indicate that the eight design models according to user and task 

characteristics should be designed differently according to the context of 

use. The interaction design according to the design value will lead to the 

optimal UX factor and the highest satisfaction. 
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Figure 8.1 Design model of a conversational speech system for Cluster A with high 

technical ability 

Note: * p < .05, ** p < .01. 
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Figure 8.2 Design model of a conversational speech system for Cluster B with low 

technical ability 

Note: * p < .05, ** p < .01. 
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Figure 8.3 Design model of a conversational speech system for Cluster Q with low 

depression 

Note: * p < .05, ** p < .01. 
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Figure 8.4 Design model of a conversational speech system for Cluster R with high 

depression 

Note: * p < .05, ** p < .01. 
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Figure 8.5 Design model of a conversational speech system for Cluster X with high 

physical ability 

Note: * p < .05, ** p < .01. 
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Figure 8.6 Design model of a conversational speech system for Cluster Y with low 

physical ability 

Note: * p < .05, ** p < .01. 
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Figure 8.7 Design model for a task-oriented conversational speech system 

Note: * p < .05, ** p < .01. 
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Figure 8.8 Design model for a non-task-oriented conversational speech system 

Note: * p < .05, ** p < .01. 
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8.2 Empirical Evaluation of Design Models 

As the data collected in this study are based on the Wizard of Oz 

method, the results may be different compared to a context in which an 

actual user interacts with the system. The results obtained through this 

study need to be verified by studies in actual contexts. Therefore, an 

empirical evaluation of the design model should be conducted.  

This study carried out an objective evaluation of the results in 

various respects using new data. First, the regression equation used in 

the design model was verified. Next, the completion rate of the task was 

analyzed in the dialogue with the actual system. Task completion rate is 

quite an important factor in interaction design through dialogue. This is 

because when the user talks to a real conversational agent, there will be 

more situations such as failure and abandonment. Further, the task 

completion rate analyzed the relationship of the two factors of errors and 

slippages with the UX factor. The thresholds of errors and slippages were 

analyzed to determine the tolerable range of errors and slippages. Finally, 

the correlation between task completion rate and UX factor was 

investigated. Through this process, the design guide proposed in this 

study was made more suitable to improve user experience.  

For the empirical evaluation of the design model, data were 

collected in an unconstrained context with an actual conversational agent 

(Exp. 4). The experimental methodology was the same as that described 

in Section 3.2. In Experiment 4, there were 32 subjects (16 young adults 

and 16 elderly people). The measures were the same as those described 

in Section 4.2 for the dependent variables. The acceptance and affective 
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factors of the agent were measured using a questionnaire with items rated 

on a seven-point Likert scale (1 = strongly disagree to 7 = strongly agree).  

Validation test of regression equation. The acceptance factor 

collected from this experiment was applied to the regression equation 

used in the design model to verify the goodness of fit. To validate the 

regression equation, this study measured the ICT ability of the 16 elderly 

people who participated in the new experiment with an actual 

conversational agent. The measuring method was the same as that 

described in Section 5.2.1. Cluster analysis of the 16 elderly people 

revealed two clusters: A-1 with high technical ability and B-1 with low 

technical ability. The values of technical ability of Clusters A-1 and B-1 

were 5.42 and 3.57, respectively. There were seven and nine subjects in 

Clusters A-1 and B-1, respectively.  

The predicted satisfaction value was obtained by substituting the 

acceptance factor of the new data in Equations 4.1 and 4.2 for Cluster A 

and Equations 4.3 and 4.4 for Cluster B that were derived in Chapter 5. 

An independent-sample t-test was conducted to compare the predicted 

satisfaction value with the satisfaction value evaluated by the subject. 

Results revealed that there was no significant difference (p > .05) 

between the two satisfaction values in either Cluster A-1 (Table 8.1) or 

Cluster B-1 (Table 8.2). Therefore, it can be said that the regression 

equations of Clusters A and B had a high predictive power for the 

satisfaction of the subjects. In fact, there was almost no difference 

between the predicted satisfaction and evaluated satisfaction values in 

the new data in both Clusters A-1 (Figure 8.9) and B-1 (Figure 8.10).  
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Since the sample size of the new data was not large, the results 

for all regression equations could not be verified. However, empirical 

data analysis showed that regression equations were validated in the 

results of two clusters based on technical characteristics. The design 

model proposed in this study will be quite a useful tool to predict and 

promote user satisfaction.  

 

Table 8.1 Independent-Sample t-Test for Satisfaction Between Predicted and Actual 

Values for High Technical Ability of Cluster A-1 

Levene’s test t-test 

F p t p 

0.258 0.619 0.321 0.753 

 

Table 8.2 Independent-Sample t-Test for Satisfaction Between Predicted and Actual 

Values for Low Technical Ability of Cluster B-1 

Levene’s test t-test 

F p t p 

0.241 0.632 0.033 0.974 
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Figure 8.9 Mean scores for satisfaction between predicted and actual values for the 

high technical ability of Cluster A-1 

 

 

Figure 8.10 Mean scores for satisfaction between predicted and actual values for the 

low technical ability of Cluster B-1 

1 2 3 4 5 6 7 8 9

predicted value 4.43 5.45 7.43 6.35 7.27 7.23 6.45 5.64 5.19

actual value 3.75 5.00 7.00 6.00 7.00 7.00 6.25 6.00 6.00
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1 2 3 4 5 6 7

predicted value 5.95 7.13 4.84 6.23 5.90 6.57 4.74

actual value 5.00 7.00 4.75 6.25 6.00 7.00 5.25
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Task completion rate. The task completion rate was calculated 

by dividing the number of successful trials in the sub-task by that of trials 

in the sub-task. For example, to perform “Send a text message,” you must 

perform several sub-tasks, such as “To Hong Kil-Dong” and “Read it 

back to me.” Task completion rates are calculated differently depending 

on whether these sub-tasks succeeded at once or failed repeatedly 

(Equation 8.1). 

Task completion rate =
Number of successful trials

Number of trial
 ×  100 

(Eq. 8.1) 

Results of the analysis of the data collected from the above 

method showed that the completion rates for elderly people and young 

adults were 63.75% and 77.43%, respectively. An independent-sample t-

test was performed to determine whether the differences in task 

completion rates between elderly people and young adults were 

statistically significant. Results revealed a significant difference in task 

completion rate between the elderly and young adults (Table 8.3).  

This result is related to the difference in dialogues between 

elderly people and young adults discussed in Chapter 3. The elderly and 

young adults showed characteristic differences in their dialogues with 

the system. However, the current conversational system does not 

consider the dialogue differences between elderly people and young 

adults. It is expected that the task completion rate of the elderly will be 

lower than that of young adults when applying the same response method 

that does not consider the speech features of the elderly. 
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It was expected that the task completion rate of elderly people 

and young adults would be substantially different. The results of an 

empirical analysis of the task completion rate is important because an 

appropriate interaction design for the elderly is essential to the use of the 

conversational system. To increase the task completion rate of elderly 

people, it is necessary to provide customized interaction through system 

implementation using the design model, which was the result of this 

study.  

 

Table 8.3 Independent-Sample t-Test for Task Completion Rate Between Elderly 

People and Young Adults 

Levene’s test t-test 

F p t p 

1.803 0.181 3.744 0.000 

 

Threshold errors and slippages. Task completion rates are 

related to the number of errors and slippages. The more the errors and 

slippages, the lower the task completion rate. The threshold value of 

errors and slippages is important as they have a critical impact on the 

task completion rate. In fact, achieving a 100% task completion rate is 

difficult. Therefore, it is important for actual system implementations to 

know how many errors and slippages are tolerable. Figure 8.11 shows 

the task completion rate and number of errors and slippages in 

correlation graphs. The graph shows that the higher the number of errors 

and slippages, the lower the task completion rate. More specifically, in 
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cases of less than five errors and slippages, relatively high task 

completion rates were found. In particular, when the number of errors 

and slippages was less than four, the task completion rate was over 80%. 

Meanwhile, in cases where the number of errors and slippages ranged 

from 6 to 15, the task completion rate was drastically reduced to between 

28.57% and 62.52%. Moreover, in cases where errors and slippages 

ranged from 16 to 25, the task completion rate reduced even further and 

ranged from 23.08% to 35.48%. 

Based on these results, the tolerable range of errors and slippages 

that did not significantly reduce the task completion rate in the 

conversational system for elderly people was less than six. In the case of 

errors and slippages exceeding the tolerable range, it was confirmed 

through empirical analysis that the probability of achieving the 

conversational task goal was very low.  

 

 

Figure 8.11 Correlation between the task completion rate and number of errors and 

slippages 
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User experience factors. The correlation analysis between task 

completion rate and UX factors showed a significant correlation with 

acceptance factors for six items (Table 8.4) and with affective factors for 

four items (Table 8.5). In particular, the acceptance factors of ANX, PAD, 

and PEOU showed a high correlation coefficient with the task 

completion rate. The task completion rate of elderly people was related 

more to usage than to affective aspects. Additionally, ANX, PAD, and 

PEOU were found to be major factors in elderly people’s use of 

conversational speech systems in many design models. Therefore, in the 

design model that includes ANX, PAD, and PEOU as significant factors, 

more careful attention should be paid to task completion rate.  

 

Table 8.4 Results of the Correlation Analysis Between Task Completion Rate and 

Acceptance Factors 

 SI ATTR ITU PAD ANX PEOU 

Task completion rate .334** .271* .243* .370** .416** .386** 

Note: * p < .05, ** p < .01. 

 

Table 8.5 Results of the Correlation Analysis Between Task Completion Rate and 

Affective Factors 

 Nervous Scared Enthusiastic Inspired 

Task completion rate −.278* −.252* .249* .249* 

Note: * p < .05, ** p < .01. 
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8.3 Guidelines for Conversational Speech System Design 

The design guidelines summarize the results of this study and 

suggest optimized design values for each context. The guidelines center 

on the design model of Chapter 8.1 introduced earlier. The optimal 

design value of the interaction factor was calculated using the 

relationship between the factors derived from the design model. In this 

study, the value of the interaction factor when the result of the evaluated 

user experience factor is the highest is defined as the optimal design 

value. Therefore, the design value of the interaction factor was obtained 

when the UX factors that correlated with the interaction factor achieved 

the highest satisfaction value. For example, this study derived the UX 

factor that was found to be influential through regression analysis for the 

highest satisfaction. Next, the design value was used to determine the 

range of the interaction factor when the scores of the derived UX factors 

took their highest values.  

The proposed design value can maximize the UX factor, and the 

resulting UX factor can optimize satisfaction with using the 

conversational system. However, it does not include all the results of the 

design model, and items are excluded from the guidelines in cases where 

the correlation coefficient is too low, the correlated UX factor is too low, 

and so on. Additionally, a concrete method of implementing scenarios 

using the design guidelines was discussed. An interaction design that 

reflects these guidelines will maximize user experience and provide high 

satisfaction in the use of the conversational speech system by the elderly.  

Technical characteristics. Cluster A with high technical ability 
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showed design values of duration, turn-taking, utterance, utterance 

frequency, rejection error, repair error, and overall error (Figure 8.12). 

Cluster B with low technical ability showed design values of duration, 

turn-taking, utterance, utterance frequency, timeout of subject, overall 

slippage, recognition error, and overall error (Figure 8.13). Of these 

interaction factors, duration, turn-taking, and overall error showed 

design values in all clusters by technical ability. The design values of 

duration, turn-taking, and overall error showed different ranges in 

Clusters A and B.  

The design value of duration for Cluster A was from 47 to 286 

seconds and that for Cluster B was from 49 to 215 seconds. Cluster A 

with high technical ability had a wider range of duration than Cluster B. 

Similarly, the design value of turn-taking for Cluster A was from 12 to 

52 times and that for Cluster B was from 14 to 33 times; thus, Cluster A 

with high technical ability had a wider range in turn-taking than did 

Cluster B. The design values of overall error for Clusters A and B were 

from 0 to 2 times and 0 to 6 times, respectively; Cluster B with low 

technical ability had a wider range of overall error than Cluster A. 

Meanwhile, there were also results for interaction factors showing a 

similar range of design values in all clusters according to technical ability. 

The design values of utterance showed similar ranges in Clusters A and 

B: 10 to 43 times and 10 to 48 times, respectively.  

• Duration should be shorter for elderly people with lower technical 

abilities than for elderly people with higher technical abilities. 

• Turn-taking should be designed to accept fewer times for elderly 
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people with lower technical abilities than for elderly people with 

higher technical abilities. 

• Overall error should be designed for fewer times for elderly people 

with higher technical abilities than for elderly people with lower 

technical abilities.  

Psychological characteristics. Cluster Q with low depression 

had design values for spoke-too-soon of agent, overall slippage, slippage 

frequency, rejection error, system error, and overall error (Figure 8.14), 

while Cluster R with high depression had design values for utterance 

frequency, timeout of agent, and rejection error (Figure 8.15). Of these 

interaction factors, rejection error had design values in all clusters by 

depression. The design values of rejection error showed different ranges 

in Clusters Q and R: 0 times for Cluster Q and from 0 to 2 times for 

Cluster R. Thus, Cluster R with high depression had a wider range for 

rejection error than Cluster Q.  

Furthermore, the interaction factors of interaction slippages, 

timeout, and spoke-too-soon also differed between the two clusters by 

depression. The design value of timeout of agent for Cluster R was 0 to 

3 times, while there were no design values for timeout of agent in Cluster 

Q. Meanwhile, the design value for spoke-too-soon of agent for Cluster 

Q was 0 to 2 times, while there was no design value for spoke-too-soon 

of agent in Cluster R. 

• Timeout of agent should be designed to be less than three times for 

elderly people with higher depression scales.  
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• Spoke-too-soon of agent should be designed to be less than two times 

for elderly people with lower depression scales.  

• Rejection errors should be designed to occur fewer times for elderly 

people with lower depression scales than for elderly people with 

higher depression scales. 

Physical characteristics. Cluster X with high physical ability 

had design values for duration, turn-taking, utterance, repair error, 

recognition error, and overall error (Figure 8.16), while Cluster Y with 

low physical ability had design values for timeout of subject, recognition 

error, system error, and overall error (Figure 8.17). Of these interaction 

factors, recognition and overall errors had distinct design values in all 

clusters according to physical ability. However, the design values of 

overall error had different ranges for Clusters X and Y: from 0 to 6 times 

and from 0 to 11 times, respectively. Thus, Cluster Y with low physical 

ability had a wider range of overall error than Cluster X.  

Furthermore, duration, turn-taking, and utterance also differed 

between the two clusters according to physical ability. The design value 

of duration for Cluster X was 47 to 528 seconds; however, there were no 

design values for duration in Cluster Y. Moreover, while the design value 

of turn-taking for Cluster X was 12 to 52 times, there were no design 

values for turn-taking specified for Cluster Y. Similarly, the design value 

of utterance for Cluster X was 10 to 43 times; however, no design values 

were specified for utterance in Cluster Y. 

• Duration should be designed not to exceed about 500 seconds for 

elderly people with higher physical abilities.  
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• Turn-taking should be designed not to exceed about 50 times for 

elderly people with higher physical abilities.  

• Overall error should be designed for fewer times for elderly people 

with higher physical abilities than for elderly people with lower 

physical abilities. 

Task characteristics. The task-oriented system had design 

values specified for duration, turn-taking, utterance, spoke-too-soon of 

agent, overall slippage, slippage frequency, rejection error, recognition 

error, system error, and overall error (Figure 8.18), while the non-task-

oriented system had specified design values of duration, turn-taking, 

utterance, utterance frequency, spoke-too-soon of agent, and overall 

error (Figure 8.19). Of these interaction factors, duration, turn-taking, 

utterance, spoke-too-soon of agent, and overall error had design values 

in all clusters by task characteristics, though all of them had different 

ranges for the task-oriented and non-task-oriented systems.  

More specifically, the design values of duration for the task-

oriented and non-task-oriented systems was from 47 to 210 seconds and 

from 56 to 585 seconds, respectively; the non-task-oriented system had 

a wider range of duration. Second, the design values of turn-taking for 

the task-oriented and non-task-oriented systems were from 12 to 30 times 

and from 14 to 82 times, respectively; thus, the non-task-oriented system 

had a wider range of turn-taking. Third, the design values of utterance 

for the task-oriented and non-task-oriented systems was from 10 to 18 

times and from 15 to 125 times, respectively; thus, the non-task-oriented 

system has a wider range of utterance. Fourth, the design values of 
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spoke-too-soon of agent for the task-oriented and non-task-oriented 

systems were 0 times and from 0 to 2 times; the non-task-oriented system 

had a wider range of spoke-too-soon of agent. Fifth, the design values of 

overall error for the task-oriented and non-task-oriented systems were 0 

times and from 0 to 9 times. Thus, the non-task-oriented system had a 

wider range of overall error.  

Furthermore, three types of interaction errors also differed 

between the two clusters by task characteristics. While the design value 

for rejection error for the task-oriented system was 0 to 2 times, there 

was no specification of design values for rejection error for the non-task-

oriented system. Similarly, the design value of recognition error for the 

task-oriented system was 0 times, but there was no design value for 

recognition error specified for the non-task-oriented system. Finally, the 

design value of system error for the task-oriented system was 0 to 6 times, 

but there was no design value specified for system error for the non-task-

oriented system.  

• It is recommended that duration be designed shorter in the task-

oriented system than the non-task-oriented system.  

• Turn-taking should be designed for fewer times in the task-oriented 

system than the non-task-oriented system.  

• Spoke-too-soon of agent should be designed for fewer times in the 

task-oriented system than the non-task-oriented system.  

• Overall error should be designed for fewer times in the task-oriented 

system than the non-task-oriented system.  
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Figure 8.12 Design guidelines of a conversational speech system for Cluster A with 

high technical ability 
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Figure 8.13 Design guidelines of a conversational speech system for Cluster B with 

low technical ability 
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Figure 8.14 Design guidelines of a conversational speech system for Cluster Q with 

low depression 
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Figure 8.15 Design guidelines of a conversational speech system for Cluster R with 

high depression 
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Figure 8.16 Design guidelines of a conversational speech system for Cluster X with 

high physical ability 
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Figure 8.17 Design guidelines of a conversational speech system for Cluster Y with 

low physical ability 
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Figure 8.18 Design guidelines for a task-oriented conversational speech system 
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Figure 8.19 Design guidelines for a non-task-oriented conversational speech system 
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Duration of interaction. The overall results of duration showed 

three major directions. The optimal design values were about 50 to 200 

seconds, 50 to 300 seconds, and about 50 to 550 or 600 seconds. First, 

the task-oriented conversational system was suggested to have a 

relatively short duration of 50 to 200 seconds, while an optimal duration 

range of 50 to 550 seconds was suggested for the non-task-oriented 

conversational system. Additionally, the optimal design values based on 

the analysis results also differed according to technical ability. Optimal 

ranges are suggested for Cluster A with high technical ability of 50 to 

300 seconds, and for Cluster B with low technical ability of 50 to 200 

seconds. Finally, a longer duration as an optimal design value was 

suggested for Cluster X with high physical ability than for the clusters 

with technical ability. In other words, the design value of duration 

allowed for users with high physical ability was longer than that 

suggested for clusters with technical ability.  

To design interactions to reflect these results, a scenario to 

control the duration should be constructed (Figure 8.20). This guideline 

should be reflected in the design especially for Cluster B and for the task-

oriented conversational system, which had the shortest design value of 

duration. Duration of interaction can be reduced by making the unit of 

the task more segmented so that the time it takes to complete a task is 

shorter. For example, when there are too many sub-tasks to complete a 

task, the duration of interaction increases. Therefore, it is strategically 

necessary to specify a default value for less important details or allow 

additional settings only if desired by the user.  
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Meanwhile, the optimal design value of the non-task oriented 

conversational system showed results covering the entire range of values 

used in the experiment. Therefore, to accurately know the optimal design 

value of the non-task-oriented conversational system, it is necessary to 

derive results through experiments with a longer duration.  

 

 

Figure 8.20 An example conversation according to the proposed design guideline for 

duration of interaction  

 

Utterance structures. Turn-taking. Turn-taking analysis results 

were quite similar to those for the design values in duration. Overall 

results for turn-taking showed three major directions. The optimal design 

values were from about 10 to 30 times, 10 to 50 times, and about 10 to 

80 times. In the non-task-oriented conversational system, it was found 

that quite a large number of turn-takings, between 10 and 80 times, is the 
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optimal design value. The interaction in the non-task-oriented 

conversational system showed that user satisfaction can be maintained 

even though there were many turn-taking operations. However, since the 

range of the turn-taking in the experiment of the non-task oriented 

conversational system extended to 156 times, it is necessary to design an 

interaction that can reduce this to at least about 80 times. The scenario 

design to reduce turn-taking should solve this problem. For example, the 

current quiz dialogue method had a considerably high turn-taking 

frequency necessary for a single quiz to be completed. Therefore, the 

interaction must be designed to reduce the turn-taking frequency of a task 

unit to complete a quiz dialogue (Figure 8.21).  

Utterance. The overall results of utterance showed three major 

directions. The optimal design values were from about 10 to 20 times, 

10 to 40 times, and about 20 to 130 times. The task-oriented 

conversational system was suggested to have relatively low values for 

utterance of 10 to 20 times, while the non-task-oriented conversational 

system had a relatively high utterance value of 20 to 130 times as optimal. 

This result fairly contrasted with the task characteristics. This can be a 

concrete and quantitative guide to interaction design according to task 

characteristics. In particular, since the range of the utterances in the 

experiment of the task-oriented conversational system reached 65 times, 

it is necessary to design an interaction that can reduce it to no more than 

20 times.  

The overall results of utterance frequency showed two major 

directions. The optimal design values were from about 0.15 to 0.2 times 
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and 0.1 to 0.5 times. For the non-task-oriented conversational system and 

Cluster R with high depression, a relatively few utterance frequency of 

0.15 to 0.2 times was suggested, while for Cluster B with low technical 

ability and Cluster A with high technical ability, a relatively high 

utterance frequency of 0.1 to 0.5 times was specified as optimal. Unusual 

points appeared in the combined results for utterance and utterance 

frequency. A non-task-oriented conversational system with high 

utterance design values showed a narrow range of design values for the 

utterance frequency. User experience in a non-task oriented 

conversational system showed that the utterance frequency was more 

sensitive than utterance. Therefore, design scenarios for non-task 

oriented conversational systems need to maintain utterance frequency at 

an appropriate level. It would be undesirable for the user to give too 

many requirements to complete the task or have many choices in the 

question. 
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Figure 8.21 An example conversation according to the proposed design guideline for 

utterance structures 

 

Interaction slippages. Timeout. The optimal design value of 

timeout of subject was 0 times for all the results. In Cluster B with low 

technical ability and Cluster R with low physical ability, high satisfaction 

was maintained when there was no timeout of subject. Moreover, the 

optimal design value of timeout of agent was from 0 to 3 times for one 

result. In Cluster R with high depression, high satisfaction was 

maintained even when timeout of agent was up to 3 times.  

From this result it can be inferred that the elderly were quite 
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sensitive to timeouts in their interactions with the system. In particular, 

it was seen that a negative user experience occurred if the subjects 

themselves caused a timeout. It is also noteworthy that this result showed 

a significant effect on timeouts in the elderly with low ability or high 

depression, which are vulnerable user clusters. As the meaning of these 

results is important, it is necessary to have an interaction strategy that 

can reduce timeouts in designing systems for the elderly.  

Spoke-too-soon. The results for spoke-too-soon of agent showed 

two major directions. The optimal design values were 0 times and from 

about 0 to 2 times. According to task characteristics analysis, the task-

oriented conversational system maintained high satisfaction when no 

spoke-too-soon of agent occurred. Conversely, in the non-task-oriented 

conversational system, high satisfaction could be maintained even when 

spoke-too-soon of agent occurred twice.  

Spoke-too-soon of agent occurred quite frequently, as can be seen 

from the range of values shown in the experiment. In particular, in the 

task-oriented conversational systems and in Cluster Q with low 

depression, 12 instances of spoke-too-soon of agents were observed in 

one task dialogue. The optimal design value of spoke-too-soon of agent 

was narrow in the conversational speech systems of the elderly. 

Therefore, it is necessary to reduce the occurrence of spoke-too-soon of 

agents. A technical solution is needed for this. The interaction system 

must be designed so that the agent does not start the next utterance before 

the utterance of the user is finished (Figure 8.22). Meanwhile, there were 

no results for spoke-too-soon of subject. This means that the spoke-too-
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soon by the elderly themselves did not affect their user experience and 

satisfaction.  

 

 

Figure 8.22 An example conversation according to the proposed design guideline for 

spoke-too-soon 

 

Interaction error. In interaction error, there are four error types. 

For Cluster Q with low depression, an optimal value was suggested of 

no rejection errors, whereas for Cluster R with high depression and a 

task-oriented system, an optimal design value of 0 to 2 times was 

suggested. Therefore, to improve the user experience of elderly people 
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with high depression, it is necessary to design an interaction that can 

reduce the rejection error substantially. One way to reduce rejection error 

is to give users a solution so that they know how to solve the problem, 

rather than simply providing a rejection error message. For example, in 

Figure 8.23, the system answers, “Sorry. I didn’t understand.” Instead, 

the proposed conversation suggests a solution to solve the problem.  

In the task-oriented conversational system, high satisfaction was 

maintained when there was no recognition error. Conversely, in Cluster 

B with low technical ability, Cluster Y with low physical ability, and 

Cluster X with high physical ability, high satisfaction was maintained 

when recognition errors occurred 0 to 1, 0 to 2, and 0 to 3 times, 

respectively. In order to reduce recognition errors, it is necessary to 

consider the speech features of elderly people. According to the research 

results, elderly people do not use the key command and prefer to use 

indirect expressions. Therefore, in order to improve recognition errors 

that occur frequently in the elderly, it is necessary to construct a system 

that considers such speech features. Figure 8.24 suggests the direction of 

improvement of conversation using a dialogue where a recognition error 

occurred with an elderly person.  

As the range of system errors with the task-oriented 

conversational system reached 15 times, it is necessary to design an 

interaction that can reduce this figure to about 9 times and to devise a 

method to minimize the occurrence of errors by identifying and 

analyzing the context in which the error occurred in interactions with the 

elderly. Reducing interaction errors is a tricky problem. Because all 
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errors cannot be prevented, the user experience can be improved through 

scenarios applied after the error has occurred (Figure 8.25). For example, 

there is a way to help learning by providing a guide to elderly users so 

that the overall number of errors can be reduced. After reflecting on these 

aspects, it will be necessary to improve the negative perception of the 

context where an error has occurred through the development of 

appropriate scenarios after an interaction error.  

 

 

Figure 8.23 An example conversation according to the proposed design guidelines for 

rejection error 
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Figure 8.24 An example conversation according to the proposed design guidelines for 

recognition error 
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Figure 8.25 An example conversation according to the proposed design guideline for 

overall error 

 



 

187 

 

8.4 Conclusion  

In most results, the optimal design value showed a range smaller 

than the actual experimental value. Therefore, the optimal values for the 

interaction factor in the design guidelines should be reduced over actual 

figures. There is a difference in how the interaction factor should be 

reduced according to user and task characteristics. There are six 

interaction factors with high frequencies in the overall design guidelines: 

duration, turn-taking, spoke-too-soon, rejection error, recognition error, 

and overall error (Table 8.6). Chapter 8.3 introduces examples of 

conversations that design these six interaction factors to be close to 

optimal design values. In each cluster, the interaction should be designed 

to take into consideration the optimal design value using the scenarios of 

this dialogue example. For example, the optimal design value of duration 

showed two orientations: the maxima of the optimal design values are 

approximately 286 (Cluster A, Cluster B, task-oriented system) and 

approximately 585 (non-task-oriented system). In addition, the optimal 

design values of spoke-too-soon, rejection error, and recognition error 

showed a similar range of results regardless of cluster.  

In the design guidelines, there are interaction factors that are 

particularly notable. The interaction factors of spoke too soon of agent, 

timeout of subject, rejection error, and recognition error were remarkable 

results among elderly users. In particular, in the case of spoke too soon 

of agent, such errors occurred mainly due to elderly people’s utterance 

speed. In addition, as described above, rejection and recognition errors 

occur frequently among elderly users due to their speech features. It is 
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important to note that these interaction factors have a significant impact 

on the user experience of the elderly. Therefore, these interaction factors 

require a more sophisticated design in a system for elderly people. This 

study proposed a design model of a conversational speech system and 

derived specific interaction design guidelines through empirical 

evaluation. Through the development of a conversational speech system 

that utilizes these results, it will be possible to optimize the experience 

of the elderly in using such a system.  

 

Table 8.6 Summary of Optimal Design Values for Major Interaction Factors in the 

Design Guidelines  

 Duration 
Turn-

Taking 

(ag)Spoke-

Too-Soon 

Rejection 

Error 

Recognition 

Error 

Overall 

Error 

Cluster A 47–286 12–52  0–1  0–2 

Cluster B 49–215 14–33   0–1 0–6 

Cluster Q   0–2 0  0–6 

Cluster R    0–2   

Cluster X 47–528 12–52   0–3 0–6 

Cluster Y     0–2 0–11 

Task-

oriented  
      

Non-task-

oriented  
47–210 12–30 0  0 0 

 

Taken together, these design guidelines can lead to cases where 

the total number of errors and slippages exceeds the threshold for 

maintaining task completion rates. As described above, when the total 
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number of errors and slippages is six or more, the task completion rate 

starts to decrease significantly. In the design guidelines, the cases where 

the total number of errors and slippages of the design values were six or 

more were Cluster R with high depression, Cluster Y with low physical 

ability, and the task-oriented system. Thus, in Cluster R, timeout of agent 

was from 0 to 3 times, rejection error was from 0 to 2 times, system error 

was from 0 to 2 times, and total number of errors and slippages was 7; in 

Cluster Y, recognition error was from 0 to 2 times, system error was from 

0 to 4 times, and total number of errors and slippages was 6 times; and 

in the task-oriented system, system error was from 0 to 6 times and total 

number of errors and slippages was 6 times. These design values 

appeared in the guidelines based on user experience, independent of task 

completion rates. Therefore, the optimal design values based on the 

satisfaction of users presented in this study should be adjusted so that the 

sum of interaction slippages and interaction errors is less than 6 times in 

order to maintain the task completion rate.  
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Chapter 9.  

 

CONCLUSION AND DISCUSSION 

 

 

9.1 Summary of Research Findings 

This study investigated the experience of using conversational 

speech system by the elderly and suggested an interaction design guide 

based on the correlations between UX factor and voice interaction factor. 

The results of this study answered the four research questions proposed 

in Chapter 1.  

For answering the first research question, this study investigated 

whether elderly people have elderly-specific speech features. As a result, 

several aspects of the speech features of elderly people were found 

according to three criteria. Elderly people used different command words 

and often added redundant words. Additionally, they used emotional and 

polite expressions in dialogue with the conversational agent. In contrast 

to young adults, there were frequent failures during task execution and 

difficulty in using some functions due to a low understanding of the 

respective tasks.  

The second research question was whether the UX factor for the 

conversational speech system differs depending on the user 

characteristics of the elderly. This study analyzed which UX factors 
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affect satisfaction according to the technical, psychological, and physical 

characteristics of the elderly. The results showed that UX factor was 

significantly different for these three user characteristics. In Cluster A 

with high technical ability, five relation factors (SP, PS, TR, SI, and PU) 

and four usage factors (ITU, PAD, ANX, and PEOU) were significant 

UX factors. In Cluster B with low technical ability, three relation factors 

(SP, PS, and TR) and five usage factors (ATTR, PENJ, PAD, ANX, and 

PEOU) were significant. In Cluster Q with low depression, four external-

positive factors (enthusiastic, interested, active, and proud) and three 

external-negative factors (jittery, irritable, and alert) were significant. In 

Cluster R with high depression, three external-positive factors 

(enthusiastic, interested, and proud) and two internal-positive factors 

(strong and inspired) were significant. In Cluster X with high physical 

ability, four relation factors (SP, PS, TR, and SI) and four usage factors 

(ITU, PAD, ANX, and PEOU) were significant. In Cluster Y with low 

physical ability, four external-positive factors (enthusiastic, interested, 

active, and proud) and two internal-positive factors (inspired and excited) 

were significant UX factors.  

The third research question was whether the UX factor differs 

depending on the task characteristics for the conversational speech 

system. In this study, task characteristics were divided into two types: 

task-oriented and non-task-oriented conversational systems. It was found 

that UX factors were significantly different depending on task 

characteristics. In the task-oriented conversational system, four 

acceptance factors (TR, PU, PENJ, and ANX) and two affective factors 

(active and scared) were significant UX factors, while in the non-task 



 

193 

 

oriented conversational system, five acceptance factors (SP, PS, SI, 

PENJ, and PAD) and three affective factors (enthusiastic, attentive, and 

upset) were significant UX factors.  

To answer the fourth question, this study investigated the 

correlation between voice interaction factors and UX factor and found 

that there was a correlation between UX factor and voice interaction 

factor according to user and task characteristics. The voice interaction 

factors showing significant correlations with the UX factor of Cluster A 

were duration, turn-taking, utterance, rejection error, repair error, and 

overall error, while they were duration, turn-taking, timeout of subject, 

overall slippage, recognition error, and overall error for Cluster B; spoke-

too-soon of agent, overall slippage, slippage frequency, rejection error, 

system error, and overall error for Cluster Q; utterance frequency, 

timeout of agent, and rejection error for Cluster R; duration, turn-taking, 

utterance, repair error, recognition error, and overall error for Cluster X; 

and timeout of subject, recognition error, system error, and overall error 

for Cluster Y. Similarly, the voice interaction factors having significant 

correlations with the task-oriented and non-task-oriented conversational 

systems were duration, turn-taking, utterance, spoke-too-soon of agent, 

overall slippage, slippage frequency, recognition error, system error, and 

overall error, versus duration, turn-taking, utterance, utterance frequency, 

spoke-too-soon of agent, and overall error, respectively. 

Finally, an empirical evaluation was conducted to verify the 

design model. Task completion rate was derived from the natural 

dialogue context between the elderly people and actual conversational 
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agent. The task completion rate of the elderly was significantly lower 

than that of young adults. Furthermore, the threshold of error and 

slippages was obtained through correlation graph analysis of error, 

slippages, and task completion rate. To maintain the task completion rate 

of the elderly at 80%, the number of errors and slippages should be less 

than four to six. The results of this study were used to derive guidelines 

for the interaction design of conversational speech system for elderly 

people.  
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9.2 Contribution of This Study  

There are several contributions of this study that investigated the 

users of the entire conversational speech system for the elderly. First, this 

study qualitatively analyzed the speech features of the elderly in 

dialogues with actual conversational agents. This analysis clearly 

showed which contrasting speech features elderly people have. It is 

important to note that elderly people showed speech features different 

from young adults concretely and practically. There are two reasons why 

this result is important. First, it demonstrates that research on voice 

interaction specifically aimed at elderly people is necessary. Second, it 

can be seen that the experience of elderly people in using conversational 

agents will be different from that of non-elderly users. As shown in the 

analysis of the speech features, this is because elderly users have 

completely different patterns of dialogue. 

The second contribution is that the study derived effective 

interaction design guidelines through correlations between UX factors 

and voice interaction factors. There have been many previous studies of 

user experiences of conversational speech systems, but there have been 

no studies that suggested specific interaction design rules by linking 

them with voice interaction factors. This research method and process 

allowed us to draw unique and progressive research results. This is not a 

trite design guide that simply lowers the error rate and increases the 

recognition rate, but one that reveals how to focus on the voice 

interaction factors along with the detailed figures for the user experience 

improvement.  
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9.3 Limitations and Further Study 

There are some limitations in this study. First, there are some 

voice interaction factors that cannot be measured due to the nature of the 

Wizard of Oz method used in this study. For example, error types such 

as out-of-vocabulary words and acoustic misrecognition are important 

factors in actual interactions between the system and user. Thus, one 

limitation of this study is that these factors were not reflected in the 

analysis due to the methodology. At the time of this experimental study, 

the level of development of the actual conversational agent was not 

stable, and it was difficult to use it for a controlled experimental study. 

In the future, it will be necessary to conduct research on broader voice 

interaction factors using actual conversational agents.  

The second limitation is the correlation between the voice 

interaction factor and the UX factor. The most significant correlation 

analysis results showed substantial correlation coefficients. However, the 

two UX factors, social presence and social influence, showed quite low 

correlation coefficients less than 0.2 in all results. These results suggest 

that there was no correlation of the voice interaction factors with social 

presence and social influence. This is because the two UX factors are 

determined not by the interaction with the agent but by factors external 

to the interaction. Therefore, in future research it will be necessary to 

consider the parts that should be improved to enhance the user 

experience when designing a system in addition to the interaction. For 

example, services or content such as whether a system is connected to a 

friend that can also affect the user experience should not be overlooked.  
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Third, a limitation of this study is the verification of the design 

guide. In this study, two of the eight design models were tested. Through 

their verification, it was confirmed that the two design models predict 

the satisfaction level of the elderly users to quite a high level. The results 

of this verification can indirectly show that the research methodology 

and data collection and analysis of this experimental study are reliable. 

However, it is difficult to know to what extent the user experience can 

be predicted because the six other models were not verified.  

Finally, this study is an exploratory research that investigates 

problems that are not clearly defined in the classification of user 

characteristics. Therefore, the results of this study cannot be generalized 

to more elderly users. Additionally, it does not provide conclusive results 

regarding the study of user characteristics. Nevertheless, significant 

results were provided in the experimental design to carry out further 

studies on the characteristics of elderly users. The exploratory research 

methodology of this study suggested that the type of elderly user using 

the conversational speech system is an important factor.  

Conversational speech systems can provide opportunities not 

only for elderly people but also for people with disabilities who are 

immobile in whole or in part. For this purpose, it is important to consider 

not only technological progress with conversational agents but also to 

improve Human-Robot Interactions. A conversational speech system is 

expected to contribute to elderly users’ lives through advanced design 

that take into consideration the requirements of Human-Robot 

Interaction.  
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APPENDIX A 

A-1. Questionnaire for user characteristics - technical ability 

 

 

Figure A-1. Information and Communication Technology Ability Questionnaire    

in Korean 
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Figure A-1. (Continued) 
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Figure A-1. (Continued) 
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Figure A-1. (Continued) 
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A-2. Questionnaire for user characteristics - depression scale 

 

 

 

Figure A-2. Center for Epidemiologic Studies Depression Scale (CES-D) 

Questionnaire in Korean 
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Figure A-2. (Continued) 
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Figure A-2. (Continued) 
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Figure A-2. (Continued) 
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APPENDIX B 

B-1. Questionnaire for user experience - acceptance 

 

 

 

Figure B-1. Acceptance Questionnaire in Korean 
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Figure B-1. (Continued) 
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Figure B-1. (Continued) 
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Figure B-1. (Continued) 
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B-2. Questionnaire for user experience - affective 

 

 

 

Figure B-2. Positive and Negative Affect Schedule (PANAS) Questionnaire in Korean 
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Figure B-2. (Continued) 
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Figure B-2. (Continued) 
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Figure B-2. (Continued) 
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국 문 초 록 

 

 

최근 인공지능 기술의 개발과 함께 음성 상호작용에 관한 연구가 

활발히 진행되고 있다. 음성 기반 상호작용은 사람들의 요구와 생각

을 표현하는 가장 직관적이고 자연스러운 방법이다. 음성 기반 상호

작용을 기반으로 하는 대화형 에이전트는 컴퓨터 마우스, 키보드 및 

터치스크린과 같이 물리적인 상호작용을 해야 하지 않아 고령자의 

접근성을 향상한다. 이와 같은 이점을 바탕으로 하는 대화형 에이전

트는 가까운 미래에 고령 사용자에게 유용하게 활용될 것으로 기대

한다. 그러나 음성 상호작용 기술은 많은 기능을 수행할 수 있음에

도 아직 사용자들 사이에서 적극적으로 사용되지 않고 있다. 실질적

인 기술의 사용이 이루어지기 위해서는 대화형 발화 시스템의 상호

작용 설계에서의 사용자 경험이 먼저 고려되어야 할 것이다. 따라서 

이제, 대화형 발화 시스템이 사용자들에게 어떻게 받아들여지는가에 

대한 인간-로봇 상호작용 관점에서의 연구가 중요하다. 본 연구에

서는 사용자 경험 조사를 통해 대화형 발화 시스템이 고령 사용자

에 의해 어떻게 경험되고 사용되는가를 조사하였다. 다음으로 조사

된 결과를 바탕으로 사용자 중심의 음성 상호작용의 설계 지침을 

제안하였다.  

본 연구에 참여한 피실험자는 총 53명이다. 피실험자의 나이

는 60세에서 82세로 평균 연령은 69.14세이다. 실험실은 가림막

(높이 2.5m, 너비 1.5m)에 의해 분리된 구조로, 실험자와 피실험자
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는 분리된 각각의 공간에 위치하였다. 피실험자가 위치한 공간에는 

대화형 에이전트로 소개된 스피커가, 실험자가 위치한 공간에는 사

전 녹음된 음성 파일을 스피커로 내보내기 위한 컴퓨터가 놓이게 

된다. 컴퓨터와 스피커는 블루투스로 통신하며, 컴퓨터로 음성 파일

을 전송하면 스피커를 통해 음성을 송출할 수 있게 된다. 본 연구에

서는 Wizard of Oz 방법의 실험을 설계했으므로, 피실험자는 스피커

와의 대화가 실제 인공지능 에이전트가 피실험자의 발화를 인식하

여 작동하는 것으로 안내받는다.  

본 연구에서는 회귀 분석을 통해 사용자 경험 요소가 만족도

에 어떻게 다른 영향을 미치는지를 고령자의 사용자 특성과 대화형 

발화 시스템의 과제 특성에 따라 조사했다. 실험 결과에 따르면 각 

사용자 그룹 및 과제 유형에서 주요한 영향력의 사용자 경험 요소

가 모두 다른 것으로 나타났다. 실험 결과를 통해 고령자의 사용자 

특성과 시스템이 제공하는 과제의 특성에 따라 음성 상호작용의 시

스템 설계가 어떤 사용자 경험 요소를 주요하게 다루어야 하는지를 

알 수 있다. 또한, 실험 영상의 분석을 통해 음성 상호작용 요소를 

도출하고, 요소들의 범위와 빈도를 측정하였다. 실험 분석 결과, 음

성 상호작용 요소와 사용자 경험 요소의 상관관계를 밝힐 수 있었

다. 음성 상호작용 요소에 대한 조사는 사용자 경험 요소가 시스템 

설계에 직접 사용될 수 있도록 하는 설계 지침이 된다.  

본 연구의 결과는 사용자 특성과 과제 특성에 대한 사용자 

경험 요소의 영향에 대한 회귀 분석과 사용자 경험 요소와 음성 상

호작용 요소 간의 상관관계 분석으로 나눌 수 있다. 본 연구에서는 

이와 같은 결과들을 결합하여 대화형 발화 시스템의 상호작용 설계
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를 위한 설계 모형 8가지를 제시하였다. 마지막으로 본 연구에서는 

실제로 인공지능 시스템을 통해 구동되는 대화형 에이전트를 활용

한 데이터를 수집하여 본 연구의 결과를 검증하였다. 새로운 데이터

를 활용한 실증적인 평가 과정을 통해 실험 결과의 실효성을 확인

하였다. 본 연구의 상호작용 설계 모형을 통한 대화형 발화 시스템

의 개발은 고령자의 사용자 경험을 최적화하고 만족도를 향상할 수 

있다.  

 

주요어: 대화형 발화 시스템, 고령자, 인간-로봇 상호작용, 사용자 

특성, 과제 특성, 사용자 경험, 음성 인터페이스  
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