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Abstract 

Even though there is a growing number of studies focusing on Chatbots and artificial 

conversations, research lacks of studies analysing Chatbot characteristics and motives for 

using this technology. This displays a critical gap in the literature that the present study 

addresses. This work thus attempts to analyse the relationship between motives for using a 

Chatbot and satisfaction with Chatbot characteristics. 

Two questionnaires were developed, one to assess satisfaction with Chatbot characteristics, 

according to the Kano model (Kano et al., 1984) and another to assessing motives for using 

Chatbots, based on previous qualitative research (Brandtzaeg & Følstad, 2017). Survey 

research was directed to Portuguese Millennials (N=258) and statistical analysis indicated 

that motives for using Chatbots do not seem to have a clear relationship with satisfaction 

with Chatbot characteristics. Furthermore, results suggest that equipping Chatbots with 

human-like characteristics, seems to be indifferent to Portuguese Millennials; instead speed 

and accessibility of Chatbots seem to be valued, especially when using this technology for 

convenience purposes. 

A discussion on the possible implications for theory and practice on this topic is presented, 

and clues for future research are suggested. 

Keywords: Chatbots, Artificial Intelligence, Natural Language Processing, Human-

Computer Interaction 

JEL-Codes: D70, O30,  M30,  O33, O35 
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Resumo 

Embora haja um número crescente de estudos na área dos Chatbots e conversas mediadas 

por inteligência artificial, existem ainda poucos estudos que analisem sobre características 

dos Chatbots e os motivos para o uso desta tecnologia por parte dos consumidores, o que 

revela uma uma lacuna crítica na literatura que o presente estudo pretende abordar. Este 

trabalho propõe, assim, analisar a relação entre motivos para usar um Chatbot e satisfação 

com as características do mesmo. 

Dois questionários foram desenvolvidos, um para avaliar a satisfação com as características 

do chatbot de acordo com o modelo de Kano (Kano et al., 1984) e outro para aferir as 

motivações para o uso de chatbots com base em investigação qualitativa anterior (Brandtzaeg 

& Følstad, 2017). A presente investigação contou com uma amostra de 258 milenniais 

portugueses, tendo os resultados indicado que os motivos para usar Chatbots não parecem 

ter uma relação clara na satisfação com as características do Chatbot. Além disso, os 

resultados demonstraram que equipar os Chatbots com características semelhantes às 

humanas, parece ser indiferente aos Millennials portugueses; em vez disso, a velocidade e a 

acessibilidade do Chatbots parecem ser valorizadas, especialmente ao usar essa tecnologia 

para fins de conveniência. 

Uma discussão sobre as possíveis implicações para a teoria e prática sobre este tópico são 

apresentadas e pistas para investigação futura são sugeridas. 

Palavras-chave: Inteligência Artificial, Natural Language Processing, Chatbots, Human-

Computer Interaction  

JEL-Codes: D70, O30,  M30,  O33, O35 
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Introduction 

Artificial Intelligence (AI) is on the rise, and it must be seen as an important IT pillar that 

will determine the competitiveness of companies shortly in what is commonly referred to as 

the 4th industrial revolution (Kaplan, 2016). In general, three major technological trends now 

have come together and have led to the advancements in AI: big data, affordable high-

performance computers and machine learning systems.  According to this development, it 

must be stated that AI is not just the future anymore it is part of our present (Domingos, 

2015; Hirschberg & Manning, 2015; Kaplan, 2016). 

AI has a long tradition in human history. Already in the Middle Ages, people created 

machines that were supposed to give the impression of aliveness through technical 

mechanisms (Mijwel, 2015). History of Artificial Intelligence., 2016). Today, cogitation and 

intelligence are the criteria for machines to be perceived "human-like" (Noble, 2013; 

Arrabales, Ledezma, & Sanchis, 2013). To what extent this similarity is pronounced, is 

illustrated by the naturalness and the developments in the field of Human-Computer 

Interaction. One of the first programs in this area was ELIZA, a system developed in the 

1970s by Joseph Weizenbaum, which can be perceived as the first chatbot in history (Bassett, 

2018).  

Chatbots are dialogue systems that communicate with a user through natural language and a 

user interface (Dale, 2016). Nevertheless, the technological options at that time were not yet 

mature enough to develop a "human-like" acting system. Recently, these systems have 

experienced a new upswing (Yang, 2012). Researchers, entrepreneurs and individuals are 

using these digital helpers and see potential in improving the flow of information both inside 

and outside the company through the use of Chatbots (Turban et al., 2018). 

Previously, customers who wanted to connect with a company either had to fill out forms 

or call hotlines with often long queues. This type of communication can often be one-sided, 

annoying and slow for the customer (Thomas & McSharry, 2015). On the other hand, 

communication with friends and colleagues is increasingly taking place via messaging 

platforms (Muldowney, 2017). The popularity of messaging and bot systems is steadily 

increasing. Since 2015, more people are using applications for communication in social 

networks. That is almost three billion people a day worldwide. In Europe and the US, the 
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platforms WhatsApp and Facebook Messenger are mainly used, while in Asia WeChat and 

Line dominate (Gartner, 2015). 

Consequently, a breakthrough into a new communication paradigm can be observed. 

Communication and interaction are increasingly controlled and determined by algorithms. 

Bots and messaging systems are vigorously debated and often have to serve as megatrends 

of the next few years. Ostensibly, it is all about new communication interfaces that bring 

efficiency and convenience benefits as the logical next evolutionary stage (BMBF, 2016). 

This is driven, in particular, by the advances in Artificial Intelligence, which make it possible 

to create learning algorithms and chatbots that can automate communication while being 

perceived "human-like" by the users (Quarteroni, 2018). 

A quick connection to the new communication paradigm can, on the one hand, result in 

more efficient work processes, higher customer loyalty, an increase in sales and thus a 

competitive advantage for companies (Braun, 2013). For customers, especially the increase 

in convenience and productivity is crucial as accessing information or obtain help can be 

done in minutes (Brandtzaeg & Følstad, 2017). If corporations overslept the trend, it might 

happen that they will not be considered by the customer in the future when choosing services 

or products. The customers are disappointed, and the brand's image can be damaged 

(Boobier, 2018; Daugherty & Wilson, 2018). For corporations, it is thus essential to 

understand the requirements to respond to the desired treatments or outcomes. In addition 

to a reputable company and quality products, this primarily concerns the interaction between 

companies and their customers, including the corresponding service and thus the satisfaction 

(Fleming & Asplund, 2007; Morgan, 2009; McColl-Kennedy & Smith, 2006). 

This research aims to analyse the relationship between motives for using a chatbot and 

satisfaction with chatbot characteristics. Moreover, thus, to answer in what ways do 

motives for using a Chatbot affect the satisfaction with chatbot characteristics? If and 

how do the Chatbot characteristics that are valued by users vary with the motives for 

using them? Likewise, this interlinkage represents a gap found in the literature. Even though 

there is a growing number of researches focusing on Chatbots and artificial conversations, 

the present literature review did not find of any studies analysing the influence of various 

characteristics on satisfaction. 
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This paper proceeds with a literature review about Chatbots, Satisfaction with Chatbot 

characteristics and the motives for using a Chatbot. During the second part, the dissertation 

introduces the methodology, which is chosen to verify established hypotheses for their 

veracity. The work ends with the analysis of the collected data and the regarding conclusion.   
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Chapter 1. Chatbots 

The following chapter begins with a clarification and definition of Human-Computer 

Interaction and Chatbots, followed by an overview of historical developments in this area. 

It continues with a quick Overview of how Chatbots have developed during the last decades, 

what types of Chatbots exist, how they could be classified and what the major use cases in 

society are. The goal of this chapter is to provide the fundamentals of Chatbots and to 

understand the relevance of characteristics of Chatbots determined in Chapter 4. 

1.1. Human-Computer Interaction 

The history of Human-Computer Interaction (HCI) is a story in which human needs are 

increasingly reflected in the machines (Myers, 1998). While in the beginning, due to technical 

restrictions, the user-friendliness and usability could not be taken into consideration and the 

functionality was in the foreground, these inbuilt limitations have diminished thanks to 

technological advancements. Keywords such as " user-centred" design highlight that the user 

no longer has to align themselves with the machine but that rather it is the machine that must 

meet the needs of the user (Cockton et al., 2016).  

Consequently, usability can be considered as one of the key concepts of HCI. According to 

ISO (2013), usability is defined as follows: 

“extent to which a product can be used by specified users to achieve specified goals with 

effectiveness, efficiency, and satisfaction in a specified context of use” (ISO/TS 20282-

2:2013(en), 2013, p. 1).   

Zadrozny et al. (2000) stated that to improve HCI it must be made possible for users “to 

express their interest, wishes, or queries directly and naturally, by speaking, typing and 

pointing” (p. 117). This statement can rely on to the fact that people intend to use natural 

language to interact with computers, similarly to what they do when interacting with other 

human beings (Ogden, 1988). 

This view is taken up through the broader definition of HCI by Preece et al. (1994) who state 

that HCI concerns and targets at “a wide variety of different kind of people and not just 

technical specialists as in the past, so it is important to design HCI that supports the needs, 

knowledge and skills of the intended users” (p. 6). 
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A decisive step towards a user-friendly, intuitive operation of the computer was made in the 

mid-1970s with the transition to the graphical user interface. These innovations have been 

incorporated into PC's and thus been crucial to the wide distribution and use of these devices 

(Dourish & Bell, 2011). The resulting term "user interface or interface" refers to the interface 

between humans and computers. This interface includes hardware that allows users to 

interact with the computer for instance, screen, keyboard, microphone. Since the interface is 

the part of a computer that allows humans to interact with the computer, it is central to 

usability and thus to the user experience (Stone et al., 2005). 

According to Ciechanowski et al. (2018a), it is significant to understand that “interactive 

interfaces mediate the redistribution of cognitive tasks between humans and machines”(p. 

1). This can be applied to the subject of this paper and thus to the following chapter. 

Chatbots are of great relevance in HCI, as their purpose is to interact with users, using natural 

language (Muldowney, 2017; Shevat, 2017). 
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1.2.  Definition of Chatbot 

Chatbots, also called chatterbots, belong to the category of software agents as so-called 

interface agents or conversational agents. Chatbots allow humans to interact with the 

computer based on natural language, this can be text-based or voice-based (Muldowney, 

2017; Shevat, 2017) 

Mayo (2018) proposed a new definition of a Chatbot, in which he describes it as: 

“an application, often available via messaging platforms and using some form of intelligence, 

that interacts with a user via a conversational user interface” (p. 3). 

Shevat (2017) strengthens this definition and delineates Chatbots as a “new way to expose 

software services through a conversational interface” (p. 2).  

The definition of Mayo (2018) can be analysed more thoroughly and shows that a Chatbot 

is an application and thus a program that was scripted by a developer. Basically, a Chatbot 

processes the input of a user and responds accordingly (Shevat, 2017). 

Also, the mention of the availability via messaging platforms is of relevance where most of 

the modern Chatbots can be found (Muldowney, 2017). Alesanco et al. (2018) illustrate the 

relevance of messaging platforms, as they are used by most of the people to interact with 

other users and Mayo (2018) also uses the term intelligence in his definition, to refer to 

progress in the field of Artificial Intelligence. The concerning changes in AI have led to the 

evolvement of Chatbots considerably too (Alpaydin, 2016). This development is explained 

in more detail in Chapters 1.3 and 1.4. 

The last part of the definition related to interaction via Conversational User Interfaces also 

needs a more detailed explanation. The classical Human to Human conversation can take 

place both text and voice based. When users interact with Chatbots, the conversation is 

mostly text-based (Mayo, 2018), even though there are Chatbots or personal assistants like 

Siri who work with voice recognition (Husnjak, Perakovic, & Jovovic, 2014). 

In the present work, the term "Chatbot" is used for all programs that enable natural language 

interaction. No matter if these are personified, whether the input works via keyboard, 

microphone or touchscreen. In addition to the language, additional elements of the 

communication are interpreted and integrated into the communication.  
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1.3.  Evolution and Revolution 

From an early stage, the human-machine interaction was an issue in research and later also 

in the market. Dialogue systems attempted to make the interaction between the system and 

human more "human-like". A Chatbot as a dialogue system is nothing new here. Already in 

the 1960s, first attempts were made to computer-simulate a speaking person. More and more 

Chatbots have come and gone on the market (Brandtzaeg & Følstad, 2017). 

A prominent figure then and now was the computer scientist Alan Turing (Graham-

Cumming, 2012), who came up with an idea on how to determine whether a computer would 

have a mind that was equivalent to humans. In the course of this test, a human questioner 

with a conversation partner unknown to him leads a conversation. One person is a human, 

the other a machine. If, after the intensive interview, the questioner cannot explicitly state 

which of them is the machine, the machine has passed the Turing test (Rapaport, 2006). 

Turing, widely considered one of the fathers of computer science, is in the origin of what 

scientists and experts still refer to as the “Turing test” when they talk about smart bots 

(Levesque, 2017). 

In this period of euphoria, the development of the first Chatbot ELIZA by Joseph 

Weizenbaum took place (Braun, 2013). This Chatbot simulated conversation “by pre-setting 

text outputs to be triggered by specific text inputs” (Muldowney, 2017, p. 4). Although 

Weizenbaum was unable to pass the Turing test with his development, ELIZA was the first 

computer program that could faithfully fake a human being and thus gained considerable 

fame (Khan & Das, 2017). 

Other Chatbot examples like JabberWacky or ALICE did as well not pass the Turing Test, 

but received significant awards in various contests (Janarthanam, 2017). To script the 

knowledge and conversational content, techniques such as Artificial Intelligence Markup 

Language (AIML) and ChatScript were developed. However, these developments have been 

considered by experts not to be any real progress in AI or concerning building useful 

conversational assistants (Ciechanowski et al., 2018a; Sameera and Woods, 2015). 

The intelligent service Siri, released in 2011, was designed as the user's personal assistant. 

The assistant developed by Apple, aimed at performing tasks such as making calls, reading 

messages, and setting alarms and reminders. This development is of great importance in the 

recent past of conversational interfaces. Another milestone of the AI set in the same year 
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with IBM's Watson, which can answer open questions in real time through natural language 

processing (Janarthanam, 2017; Shevat, 2017). 

The discussed selection of Chatbots is exemplary and not exhaustive. It serves as an overview 

and should point out the essential lines in the evolution of dialogue systems or Chatbots.  
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1.4.  Types and Classification of Chatbots 

Chatbots can be used for different purposes. In addition to the distinction between B2B and 

B2C bots, team and personal bots, there are various differentiations in this field (Radziwill 

& Benton, 2017). 

However, despite the diversity, all bots have one thing in common: they are text-based or 

voice-based systems that use Natural Language Processing to communicate with their users 

based on pre-defined rules or Artificial Intelligence. In the literature, there seems to be no 

general distinction or definition of Chatbot types (Janarthanam, 2017; Shevat, 2017; Khan & 

Das, 2017). However, it can be stated that mainly two different types of Chatbots exist: 

• Rule-based-/Scripted-/Sequential bots 

• Intelligent (AI-based) bots 

The first type offers guided communication, using an existing set of pre-formulated rules 

and answers. Rule-based bots have an informative character. Since no artificial intelligence is 

used here, an open dialogue with them is not possible or at least only very limited. The 

programming effort is comparatively low (Janarthanam, 2017; Grigorev et al., 2018). Unlike 

the rule-based bots, the second type uses Artificial Intelligence techniques such as Machine 

Learning and NLP to understand enquiries. These bots learn the language much like a child 

and can create cross-references and recognise meaningful connections. They find answers to 

open questions and understand customer concerns, even without them having to be 

programmed exactly like that (Janarthanam, 2017). 

According to Kassibgi (2017), Chatbots can be classified along different axes and categorises 

Chatbots on the basis of the technique these Chatbots use to classify a given input and 

generate meaningful output. The classification of Kassibgi (2017) is displayed in Figure 1. In 

his analysis, he differentiates between the three categories "Pattern Recognition", 

"Algorithms" and "Neural Networks". 

Chatbots assigned to the pattern recognition category process input and compare it to a list 

of predefined patterns. If the given input matches a pattern, the predefined answer is selected 

and delivered as the required output. As these Chatbots only process inputs that exactly 

match a pattern, the programmer must therefore define all possible input patterns during the 

implementation phase (Shawar & Atwell, 2007). 
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Chatbots that are belonging to the "Algorithms" category, on the other hand, rely on 

probabilistic methods such as Hidden Markov Chain (Ramesh et al., 2017) or Naive Bayes 

(Kamphaug et al., 2018) to classify any input. These Chatbots are thus able to deal with inputs 

that the developer has not explicitly programmed. Hence, these systems are more flexible 

regarding input than the first category. However, they have a rigid set of input classes and 

associated outputs (Shevat, 2017). 

The ability to learn new input classes and outputs are theoretically accompanied by systems 

belonging to the third category "Neural Networks"; these Chatbots will work out an answer 

from a question using connections made from repetitive iterations obtained through training 

data. The iterations are optimised to allow the neural network to generate the responses with 

higher accuracy (Kassibgi, 2017). 

From the perspective of the author, this classification not only differentiates three techniques 

but also visualises their evolution in the field of input-output alignment. 

Figure 1: Chatbot Classification according to Kassibgi 

 

Source: Author’s elaboration, according to Kassibgi (2017) 

Another approach to classify Chatbots was undertaken by IBM, considering the function of 

a Chatbot as a classification category (Mason, 2017). The categories of the concerning 

classification are briefly described in the following Table 1. 
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Table 1: Chatbot Classification according to Mason 

Category Description 

Support 

Support-Chatbots dominate individual domains (e.g., User Help Desk). 
These Chatbots must be able to guide the user and help him in his 
concerns. This requires an awareness of contexts. For example, a question 
should be given concrete, contextually appropriate answer without 
providing further information. 

Skills 

Skills-Chatbots act on commands given by the user. Therefore, Chatbots 
hardly need an awareness of contexts. The user commands the Chatbot 
where, when, and what to do (e.g., "Turn on the light in the kitchen"). 
These Chatbots are currently mostly in "smart home" applications. 

Assistant 

The Assistant-Chatbot represents a middle ground between a support and 
a skills chatbot. These Chatbots are aware of several topics and can 
therefore be of help to a user in various situations. In addition to the 
function of a helper, they also conduct conversations with the user. This 
is to teach the Chatbot to have a dialogue. A well-known example of this 
is Siri Apple 

Source: Author’s elaboration, according to Mason (2017) 

According to the author, the abovementioned classifications are neither comprehensive nor 

fully mature. Considering the classification of Kassibgi (2017), the naming of a category with 

the term "Algorithm" seems rather unfortunate, since the two other categories also work 

with algorithms. More appropriate would be terms that reflect the learning ability of the 

systems, or the ability to deal with not explicitly defined input. The classification provided 

by IBM (Mason, 2017), does not seem disjoint, as the "Assistant" category is a hybrid of the 

other two categories.  
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1.5.  Voice-Based vs. Text-Based 

A question that is still controversial among the observers of the development of Chatbots is 

the type of communication. Will speech or writing dominate? Hoare (2014), states that 

communication with multiple parties is possible when using text, and that text can be 

indexed, searched and translated, as well as tags and notes. In addition, summaries and 

corrections can be made (Hoare, 2014). 

Also, Jonathan Libov (2015), who works as a venture capital investor for Union Square, 

prefers text to language. He points out that the comfort of writing is more important than 

the convenience of speaking. Libov argues that text-based communication is more 

comfortable because it saves time and brings fun. While speaking does not require so much 

effort and is, therefore, more convenient, text-based interaction, in turn, is flexible and 

personal. According to Libov (2015), Natural Language Processing is not yet good enough 

to rely on oral communication alone. Instead, innovations in text-based communication 

allow for faster responses. These new features can extract the selections made in a message, 

allowing for the user does not to have to write the answer himself, just select it. 

Advocates of voice-based communication emphasise that language can be more natural and 

faster. Especially for in-house applications, for example, to regulate light or music, linguistic 

instructions seem more natural and easier, according to van Doorn and Duivestein (2016). 

Speech recognition is becoming increasingly accurate and works in some devices even at a 

distance, such as Amazon's Echo. In fact, the four currently largest personal assistants are 

voice-based: Siri, Now / Home, Cortana and Echo (Messina, 2016). Messina (2016) points 

out that you cannot give instructions by text while driving and one does not want to take 

notes in a lecture via the microphone: ultimately, there seems to be a need for both text- and 

voice-based Chatbots. 
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1.6. Major Use Case and Role in Society 

There are many possible use cases of Chatbots. In the media industry, they can be used, to 

transmit news or sports results. The travel industry applies them for hotel and flight 

bookings. Also, the banking sector integrates Chatbots to monitor accounts and transactions, 

paying bills or executing transfers (Gentsch, 2018; Gladysh, 2018; Mindbowser, 2017). 

Generally considered, Chatbots take place where support and service are required. 

Customers want to obtain quick answers to simple questions or to carry out standardised, 

simple processes. Thus, Chatbots are primarily used as an inbound touchpoint to answer 

consumer questions about products, businesses and campaigns (Chakrabarti & Luger, 2015). 

Almost every company offers customer service by phone or e-mail. However, this kind of 

service is either overloaded or complicated to obtain from the customer's point of view. 

Besides that, Service-staff loses valuable consulting time as they have to verify customer 

numbers or other data first. Increasingly, outbound scenarios arise in which Chatbots actively 

communicate with the customer according to defined rules and events (Gentsch, 2018). 

Furthermore, the problem-solving skills of employees vary, due to various reasons for 

example, experience of the employee or undermanning in the service centre. With a Chatbot, 

many routine queries such as account balance and executed transactions can be quickly 

answered. The integrated learning algorithms of the Chatbot continuously improve the scope 

and quality of the knowledge base, which means that the customer's problem is less and less 

likely to be routed to an employee (Gentsch, 2018). 

To sum up, Chatbots are predominantly used with the primary goals of increasing efficiency, 

reducing human chat agents, or empowering the ability to deal with a large number of 

individual customer queries. According to these developments, Mou and Xu (2017) perceive 

Chatbots as a promising alternative compared to traditional customer service. 

Various statistics show that these developments will continue; according to a Survey 

conducted by Mindbowser (2017), 95% of the consumers believe customer service is going 

to be the principal beneficiary of Chatbots. Surveys predict that by 2020, 80% of companies 

would like to use Chatbots in customer service. The market research institute Gartner 

predicts that by 2021, more than 50 % of “enterprises will spend more per annum on bots 

and Chatbot creation than traditional mobile app development” (Gartner, 2017, p.1).  
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 Chapter 2. Chatbots and Artificial Intelligence 

Chatbots are currently heavily charged with the performance attribute Artificial Intelligence 

(AI) (Mrkalj, 2018). However, most bots are currently still implemented trivially. As a rule, a 

database is scanned for specific keywords, by which predefined texts or text modules are 

automatically controlled. More intelligent systems automatically detect textual findings that 

are relevant from the Internet and then compile them into text (Janarthanam, 2017). Due to 

these different manifestations, there are always conceptual ambiguities. Chatbots and 

Artificial Intelligence are often mentioned in the same breath, and indeed there are many 

links between the two technological developments (Janarthanam, 2017). However, Chatbots 

and AI are not synonymous. Chatbots are an end product or application, while Artificial 

Intelligence is an underlying technique that works in the background (Mayo, 2018). The 

following chapters serve to define, conceptualise and understand the terms Artificial 

Intelligence, Machine Learning, Natural Language Processing and thus the functionality of 

Chatbots. 

2.1. Artificial Intelligence 

So far, human intelligence has not been defined accurately and demarcated, and there is a 

wealth of different definitions and theories in the literature (Legg & Hutter, 2007). It is 

perceived as a central skill of individuals and groups in both professional and private life 

(Franken, 2010). Intelligence is generally defined as a combination of processes and 

individual abilities (Legg & Hutter, 2007). There are several areas that include intelligent 

thinking, for example: verbal-linguistic intelligence, interpersonal and intrapersonal 

intelligence, logical-mathematical intelligence or spatial-visual intelligence (Gardner, 1996). 

Since it is not yet clearly defined what human intelligence is, there is also no clear distinction 

or definition for artificial intelligence as well. 

In general, there are two main categories and four different approaches to define Artificial 

Intelligence. The first category includes systems that are thinking and acting humanely. This 

comprises intelligent systems able to perform activities like solving and recognising new 

problems or making intelligent decisions. The counterparts are systems that are thinking and 

acting rationally and thus choose and make decisions based on gathered knowledge (van de 

Gevel & Noussair, 2013). Russel and Norwig (2010) collected and presented eight different 

definitions according to the main categories mentioned above. 

https://chatbotsmagazine.com/@marijana_38790?source=post_header_lockup
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Table 2: Definitions of Artificial Intelligence 

Thinking Humanly 

“The exciting new effort to make computers 

think…machines with minds, in the full and literal 

sense.”(Haugeland, 1978) 

 

“[The automation of] activities that we associate with 

human thinking, activities such as decision-making, 

problem solving, learning . . .” (Bellman, 1978) 

Thinking Rationally 

“The study of mental faculties through 

the use of computational models.” 

(Charniak and McDermott, 1985) 

 

“The study of the computations that 

make it possible to perceive, reason, and 

act.” (Winston, 1992) 

Acting Humanly 

“The art of creating machines that perform functions 

that require intelligence when performed by people.” 

(Kurzweil, 1990) 

 

“The study of how to make computers do things at 

which, at the moment, people are 

better.” (Rich & Knight, 1991)  

Acting Rationally 

“Computational Intelligence is the study 

of the design of intelligent agents.” 

(Poole et al., 1998) 

 

“AI . . . is concerned with intelligent 

behaviour in artifacts.” (Nilsson, 1998) 

Source: Russel and Norvig (2010, p. 2) 

It can be stated, that Artificial Intelligence covers various sub-disciplines such as Machine 

Learning, Computer Vision or Natural Language Processing. According to this matter, 

Artificial Intelligence must be seen as an interdisciplinary field, that is based and composed 

of its subfields and the regarding applications and systems (Corea, 2017).  
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2.2. Machine Learning 

Machine Learning, according to Copeland (2016) can be seen as a new approach to achieving 

Artificial Intelligence. According to Raschka (2016), this sub-discipline is about self-learning 

algorithms that extract knowledge from data to make specific predictions. The requirement 

of human intervention for the manual derivation of rules and the development of models 

based on the analysis of large amounts of data is therefore unnecessary. 

Lantz (2013) or Suthaharan (2015) mainly present three factors, that influenced the 

advancements in Machine Learning: (1) Big Data; (2) Computing Power; (3) Statistical 

Methods. We live in a decade where vast amounts of data are available and above all recorded 

digitally. Whereas in the past, data generated by computers was perceived as a secondary 

product of digital technologies, it is now perceived as a significant resource (Alpaydin, 2016). 

As a consequence, to this growing amount of data, high-performance computers had to be 

developed and became a compelling necessity. The changes in Computing Power and Big 

data can be seen as the stimulating factors for the development of new statistical methods to 

analyse the concerning amounts of data and thus for a cycle of ongoing advancements 

(Lantz, 2013). 

There are mainly three different types of machine learning: supervised learning, unsupervised 

learning and semi-supervised learning. The differences between these three tasks are briefly 

described in the following paragraphs. 

In the context of supervised learning, the system is already provided with example data. It 

receives input variables and an output variable; both are used in an algorithm to learn the 

concerning mapping function. The goal is to learn from the given labelled data and the 

mapping function to classify new input data and predict the regarding outputs (Alpaydin, 

2016; Cord & Cunningham 2014; Pacheco, 2015).  

Unsupervised learning, on the other hand, allows to build a model based only on given inputs 

independently. (Pacheco, 2015, Suthaharan, 2015). Both methods can also be combined in 

so-called semi-supervised learning. In this case, both labelled and unlabelled data is used for 

training. In contrast to the other two approaches, the learning algorithm receives only a part 

of labelled data (Abney, 2007).  
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2.3. Natural Language Processing 

Since human speech is unstructured and constantly changing in both written and spoken 

form, its analysis is challenging but not impossible. In addition to the analysis and extraction 

of knowledge, another approach is increasingly used. Through semi- and fully structured 

data, texts can be generated. Both the text analysis and the text production can be realised 

with the methods of the Natural Language Processing (Chowdhury, 2003; Kumar, 2011). 

The following definition strengthens this position. 

Liddy (2001) describes Natural Language Processing as 

“a theoretically motivated range of computational techniques for analysing and representing 

naturally occurring texts at one or more levels of linguistic analysis to achieve "human-like" 

language processing for a range of tasks or applications” (p. 1). 

Both in optical character and speech recognition, the usage of a language model, which 

includes contextual information helps substantially. The extensive research on programmed 

rules in computational linguistics showed that the best language model is based on learning 

it from a considerable amount of example data (Alpaydin, 2016).  Consequently, Machine 

Learning provides the basis for Natural Language Processing systems to understand 

extensive nuances that exist in Human Language and thus “learn to respond in a way that a 

particular audience is likely to comprehend” (Marr, 2016, p. 2). 

Nowadays the development of Natural Language Processing systems can be displayed both 

in scientific research and practical technology. Therefore, examples are consumer products 

and the concerning applications like Apple’s Siri or Skype Translator (Hirschberg and 

Manning, 2015). Hirschberg and Manning (2015) described various purposes of Natural 

Language Processing. Firstly, it can aim at supporting human to human communication in 

the form of Machine translation. Secondly, Natural Language Processing can contribute to 

the communication between humans and machines or even benefit both machines and 

humans. Applying Machine Learning techniques, the system can analyse and learn from the 

vast amount of data, in this case human language content. 
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Chapter 3. Satisfaction with Chatbot Characteristics 

Satisfaction with products or services is one of the most important components of the 

intangible assets of a company, its value is mainly determined by the actual income from an 

existing or future customer relationship. In addition, companies use further potentials 

including repurchases or cross-buying. Besides that, the satisfaction with products or services 

can influence the acquisition of new customers by recommending the products or services 

and can be pivotal in the development of new products (Caruana et al., 2015; Haislip & 

Richardson, 2017; Heo & Song 2007).    

3.1. Development of Satisfaction  

The development of satisfaction concerning Chatbot Characteristics can be explained in 

several ways. In science, the Confirmation/Disconfirmation-Paradigm (C/D-Paradigm) has 

primarily prevailed (Homburg & Stock-Homburg, 2006). Thus, satisfaction arises when the 

perceived performance of product use is compared with the expectations of the user 

(Churchill & Surprenant, 1982).  

If the perceived performance corresponds to the expectations (confirmation), this leads to 

satisfaction. If the perceived performance exceeds the expectations (positive 

disconfirmation), the result is an unusually high level of satisfaction. Dissatisfaction, on the 

other hand, results if the perceived performance clearly does not meet the expectations 

(negative disconfirmation). According to this approach, satisfaction should arise in 

confirmation and positive disconfirmation (Krueger, 2016)  

Other authors assume that only indifference arises when confirming the performance, 

satisfaction is therefore only formed on positive disconfirmation (Hill, 1986). Furthermore, 

it is assumed that the boundary between satisfaction and dissatisfaction is not characterised 

by a score but as a tolerance zone. If the comparison of perceived performance and 

expectations is within this range, the performance is considered satisfactory. With a very 

strong positive disconfirmation, the customers are enthusiastic.  

Perceived performance is the level of proficiency perceived by the customer. A performance 

that is objectively equal can be perceived differently by different users. Essential sources of 

expectations are the personal needs of, his past experiences, verbal recommendations by 

acquaintances and promises concerning the product (Zeithaml et al., 1992). 
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The C/D-Paradigm is the basic model for explaining the development of customer 

satisfaction. A number of psychological theories provide detailed approaches for a more 

detailed explanation. These include the Two-Factor theory of customer satisfaction, which 

explains the emergence of different satisfaction levels depending on the type of performance. 

Satisfaction and dissatisfaction, according to this theory, are two independent dimensions, 

meaning they cannot be considered as opposite poles of one dimension (Mowrer, 1960). 

Satisfaction can also be regarded as a feeling; Accordingly, the importance of emotions has 

been demonstrated in satisfaction research (Wirtz & Bateson, 1999). Satisfaction can thus be 

defined as an attitude toward an object that includes the following aspects (Homburg et al., 

1999): 

• The Cognitive Component: that is the formation of an opinion about an object, e.g. about 

a product or service 

• The Emotional Component: that are the feelings that occur when evaluating the 

respective objects. 

The relative impact of cognitive and emotional components on satisfaction with product 

criteria may change over time. In a study by Homburg et al. (2006), the influence of the 

cognitive component increased over time, while the influence of the emotional component 

decreased. According to this, satisfaction should be considered as a dynamic construct.  

Satisfaction and dissatisfaction are each triggered by different factors. The so-called hygiene 

factors are responsible for dissatisfaction. If they are not fulfilled, dissatisfaction occurs. If 

these factors are fulfilled, then satisfaction is not created, but only a neutral state, which is 

called non-dissatisfaction. Satisfaction arises through the so-called motivators. If 

expectations of motivators are not met, people experience a neutral state of non-satisfaction 

(Mowrer, 1960; Herzberg et al., 1959). 
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3.2. Capturing Satisfaction with Chatbot Characteristics 

The following section aims to present the key aspects of the Kano model and to analyse its 

performance in terms of explaining the satisfaction with Chatbot Characteristics. This serves 

as the groundwork when it comes to classifying Chatbot characteristics. The classification is 

required to analyse how relevant motives to use a Chatbot affect the satisfaction with the 

corresponding characteristics. 

There are various methods for measuring and capturing satisfaction, which can be systemised 

according to different criteria. Often a distinction is made between the type of measurement, 

i.e. objective or subjective and the orientation of the measurement content (Bienstock 

Mentzer, & Kahn, 2015; Bruhn, 2016). 

The Kano model, named after its developer, is a feature-oriented process and refers to 

product, service or interaction characteristics, judged by the user (Nascimento et al. 2012; Li-

Li, Lian-Feng, & Qin-Ying, 2011; Bi & Wang 2013) This model is based on the two-factor 

theory and tries to determine the attributes that drive satisfaction (Griffin & Hauser, 1993; 

Li-Li et al., 2011). The concerning attributes are classified according to their impact on 

satisfaction. There are three types of attributes that cause different levels of satisfaction 

(Kano et al., 1984; Sauerwein et al., 1996): 

• Must-be attributes: People perceive these factors as the minimum criteria that must be 

fulfilled by a product, service or interaction. As a result, dissatisfaction is created in 

the event of non-fulfilment and neutral attitude upon fulfilment. Consequently, the 

satisfaction cannot be significantly improved if the performance level of a "Must-be" 

attribute continues to increase beyond the level expected by the customer or user 

(Hussain, Mkpojiogu, & Kamal 2015; Matzler et al., 1996). 

• One-dimensional attributes: These attributes are also referred to as expected criteria and 

are thus explicitly requested. There is a linear relationship between the level of 

confirmation and satisfaction. This means that as the degree of fulfilment increases, 

satisfaction increases and vice versa. In highly competitive markets, only products or 

services that have high levels of performance attributes have a chance. As a result, 

performance attributes also play a prominent role in corporate communications. In 

many product areas, this attributes category serves above all to differentiate it from 

the competition (Hussain et al., 2015; Matzler et al., 1996). 
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• Attractive attributes: These attributes exert the most significant influence on the 

satisfaction of the people. "Attractive" attributes are not expected and therefore not 

explicitly formulated and demanded. If a corporation succeeds in equipping its 

product with these attributes, this measure leads to positive disconfirmation and thus 

to a high level of satisfaction. Otherwise, there will be no sense of dissatisfaction 

when all the "Must-be" and "One-dimensional" attributes have the level of 

performance defined by the customer (Hussain et al., 2015; Matzler et al., 1996).  

The following Figure 2 illustrates the relationship between the degree of fulfilment for the 

three attribute categories and the resulting level of customer satisfaction. The timeline should 

make it clear that a degradation of the attribute categories is possible. For example, an 

innovative problem-solving approach that is initially perceived as an "Attractive" attribute 

can quickly degenerate into a "Must-be" attribute when adapted or copied in a short time by 

many of the corporation's competitors (Witell & Fundin, 2005; Loefgren, Witell, & 

Gustafsson, 2011). 

Figure 2: Kano Model 

 
Source: Huang (2017) 

In addition, "Indifferent" and "Reverse" attributes are also of relevance in the Kano model. 

In the case of "Indifferent" attributes, there is no influence on the satisfaction, regardless of 

the fulfilment or non-fulfilment of the product characteristic. The "Reverse" attributes 
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describe a category indicating that respondents do not desire the requested product feature 

and, in the presence, even leads to dissatisfaction (Kano et al. 1984, Loefgren & Witell, 2008). 

One explanation for the current relevance of the Kano model is the recognition that a high 

degree of compliance with different attributes does not necessarily lead to a high level of 

satisfaction since the type of service requirement also influences perceived service quality 

and thus satisfaction (Sauerwein, 2000). 

According to Mikulic and Prebezac (2011), a vital advantage of the Kano model is the 

avoidance of a strict and linear view on the impact of product attributes on customer 

satisfaction. As a result, it is possible to identify specific attributes that can cause satisfaction 

or dissatisfaction. 

The Kano model is thus chosen as the research method for this work and will be explained 
and analysed in more detail in Chapter 7.  
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Chapter 4. Chatbot Characteristics 

To investigate which characteristics of a Chatbot are of relevance relating to motives for 

using a Chatbot, experiences, the concerning behaviour of humans using these systems and 

technical developments in these areas need to be carried out. This is of relevance in order to 

develop hypotheses, respective survey fundaments and thus to address the research question. 

The author is aware that no clear distinction can be defined for the listed characteristics. The 

term personality, for example, is based not only on an avatar but also on the emotions and 

conversational abilities displayed. 

4.1. Emotions 

As early as 1977, Weizenbaum used his program ELIZA to observe that people build an 

emotional relationship with the computer and attribute human characteristics to it. In this 

regard, Reeves and Nass (1996) for the first time published broad-based investigations of 

this phenomenon, setting a milestone in human-computer interaction in 1996. The 

realisation that humans adopt computers with astonishing consistency as social beings have 

added weight to social components of human-computer interaction. Previously, purely 

cognitive criteria and the image of the computer as a pure tool for purposeful completion of 

tasks were in the foreground (Reeves & Nass, 1996). 

As presented in previous chapters, a Chatbot uses natural language to interact with its 

opponent. It must be mentioned here, that the connection between language and emotion is 

still widely discussed today. While common sense suggests that language has nothing to do 

with emotion, it is evident that statements from other people affect our emotions. Likewise, 

humans use their words to describe their own emotions or those of others. Accordingly, it 

is believed that “this is the extent of the relationship between language and 

emotion”(Lindquist, Maccormack, & Shablack, 2015, p. 1-2).  

In various studies, this view is taken up and emotions are perceived as physical types, which 

essentially differ from linguistic or conceptual processing (Shariff & Tracy, 2011; Fontaine 

et al., 2013). On the other hand, the number of studies that give the language a much greater 

role in connection with emotion is growing (Lindquist et al., 2015). Not least because of this 

development, the relevance of emotion when interacting with Chatbots based on natural 

language is once again clarified. 
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It can also be stated that emotions play an essential role in everyday life of a human being. 

These emotions can be expressed during an interaction in a variety of ways. This can be 

speech, gestures or text (Robinson & El Kaliouby, 2009). Since people interact with 

Chatbots, the subject of emotion is thus highly relevant in this area. As described in the 

previous chapters, the interaction with a Chatbot through the Conversational User Interfaces 

can be both text-based or voice-based. 

Through the described developments of the concepts of the NLP, for example, Emotion 

Detection from a textual source can be implemented in a Chatbot (Hardik et al., 2018). 

Overall, advances in technology enable Chatbots to recognise and express emotions, which 

in turn paves the way for improved human-computer interaction (Robinson & El Kaliouby, 

2009). 

In this regard, however, it should be noted that at some moments people are unable to 

recognise or communicate their own emotions. Besides that, emotions are also a major 

challenge for machines because they first need a "proper position for emotion modelling" 

and secondly, they “need advanced natural language processing” in order to develop the 

emotion models (Hardik et al., 2018, p. 1). 

Researches see the implementation of mirroring as a way to add emotion to a Chatbot 

(McTear, 2016; Muldowney, 2017). Mirroring is central in all activities in which interpersonal 

communication plays an important role. It is primarily used to connect with other people. 

Mirroring can be described as the alignment of an emotional response between two 

conversation partners (Iacoboni, 2008). In his study, McTear (2016) explains that mirroring 

in Chatbots can take place through the choice of vocabulary, gestures or facial expressions. 

An example would be so-called smileys or Emojis. Furthermore, he claims that Chatbots 

equipped with the ability to mirror are perceived as emphatic. 

The approach of equipping Chatbots with Emotion is taken up by other authors as well. 

They argue that emotions have social and cognitive functions that are essential to an 

intelligent system (Damasio, 2006; Muldowney, 2017). Empathy in the sense of being able 

to see one situation, one problem, one action from the situation of the other concerned is 

one of them. This social and cognitive function promotes and generates prosocial behaviour, 
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conveys communication skills, positively affects the length of the relationship, and reduces 

aggressive behaviour (Segal et al., 2017). 

With respect to the Kano method and based on this analysis, the author identified three 

Emotion-related characteristics that are to be investigated in connection with motives for 

using a Chatbot: 

• Happiness 

• Sadness 

• Empathy  
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4.2. Personality 

Another trait that needs to be considered is the perception of users regarding the human 

body as a channel of communication, represented by an avatar in a Chatbot. There are several 

definitions of the term avatar. Bahorsky, Graber and Mason, S. (1988) describe it as “a 

pictorial representation of a human in a chat environment” (p.8), whereas Loos (2003) 

characterises avatars as “a representation of the user as an animated character in virtual 

worlds” (p. 17). 

Studies and researches show that "human-like" behaviours associated with computer 

technology have an impact on the perception of the user. Due to language production, 

alternating conversation and reciprocal responding, users tend to personalise these 

technologies (Nass & Moon 2000; Nass et al., 1995). 

In their cutting-edge paper, Gillespie and Corti (2016) created situations in which a 

participant had to have a conversation with a human, whose words were dictated by a 

Chatbot.  In this so-called speech shadowing, the human part repeats the words given by the 

Chatbot in real-time and speaks them out loud towards the participant. As the human 

interacts as the avatar using the Chatbot as a source, they are perceived as hybrid agents 

(echoborg). The authors concluded that most of the participants that interacted with an 

"echoborg", unlike those interacting with a simple text-interface, did not perceive their 

conversation as artificial or robotic. 

These findings strengthen the hypothesis that the human body or an avatar significantly 

influences the interactions of human-chatbot communication. In a more recent study, 

Ciechanowski et al. (2018b) attempted to analyse the impacts of avatars that are similar to 

humans. For this purpose, they compared human-chatbot interaction with and without these 

avatars. Their results highlight that for the participant's interaction with the Chatbot without 

an avatar was more pleasant than the conversation with the enhanced Chatbot. Ciechanowski 

et al. (2018b) suggest that according to the results, Chatbot “should not be designed to 

pretend to be human” (p. 213). 

To successfully conduct counselling sessions, dialogue systems need more than just specialist 

knowledge. Social and non-verbal factors are crucial for the success of communication 

between man and machine. Regardless of how an avatar is portrayed, this figure must be able 

to mimic human communication behaviour. This will give the human being the necessary 
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degree of trust for receiving and conducting a conversation (Kuppevelt, Dybkjær, & Bernsen, 

2005). 

Another integral part of a personality and interpersonal interaction is humor. Humor can 

play a vital role in a social relationship. It can serve to regulate a conversation or disguise 

disagreements. In addition, research has shown that laughter can cause topic shifts in a 

conversation or problem-solving. Furthermore, criticism and frustration can be slowed down 

and prevented. This can, for example, be of great importance in a service conversation with 

a Chatbot and create trust (Nijholt, 2003) 

It should be noted here that the mentioned arguments regarding humour concern 

interpersonal interaction. However, as described in previous chapters, technical 

developments allow Chatbots to display humour through graphic, animation, and speech 

synthesis technologies during an interaction. 

With respect to the Kano method and based on this analysis, the author identified two 

Personality-related characteristics that are to be investigated in connection with motives for 

using a Chatbot: 

• Humour 

• Avatar 
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4.3. Conversational Abilities 

As previously mentioned, a growing body of literature has examined artificial conversations 

regarding human-chatbot interaction (Ciechanowski et al., 2018a; Radziwill & Benton, 2017). 

Hill et al. (2015) for instance conducted a comparison between human-human online 

conversations and human-chatbot interactions and concluded that the interactions with a 

Chatbot had longer durations with shorter messages than the conversations between 

humans. Furthermore, their study points out that the communication with Chatbots “lacked 

much of the richness of vocabulary […]and exhibited greater profanity” (Hill et al., 2015, p. 

245). 

Conversation is probably the most common way of communicating and interacting, both in 

private and work context. Several studies present conversation as an essential Social skill and 

thus reinforce the importance of conversational abilities (Knight, 2016). According to Turkle 

(2016), conversation is key to improve creativity, relationships, and productivity, thereby 

strengthening the value of social skills. 

It is necessary to state that, early systems worked exclusively with pattern recognition and 

could just simulate a dialogue. Today's solutions, on the other hand, are sharply focused on 

the assistant's character, with the fundamental goal of assisting the user in his case and 

providing him with the necessary information through "human-like" interaction, 

respectively, to carry out the processes he needs (Janarthanam, 2017). 

However, there is room left for improvement. Chakrabarti and Luger (2015) stress that the 

majority of Chatbots are more feasible for question-answer type dialogues, reverting to 

several question-answer pairs. They criticise that Chatbots “are unable to hold a longer 

conversation, understand the conversation, gauge whether the conversation is going in the 

desired direction, and act on it” (Chakrabarti & Luger, 2015, p. 6879). 

The current generation of Chatbots has noticeably improved conversational skills due to the 

many advances in Natural Language Processing. Past Chatbot versions were mostly set to a 

classic Q & A type dialogues (Shah et al., 2016). 

Nowadays these developments allow a naturally fluid, colloquial dialogue so that the user can 

interact with the system similar as with a human. If necessary, the Intelligent Chatbot receives 

human reinforcement. This ensures that every utterance is understood, regardless of the 
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accent, pronunciation errors or word deviations. With these technological possibilities, 

language can be correctly understood with its complexities such as corrections, slips, 

paraphrases or dialect (Gentsch, 2018). 

A suitable hypothesis regarding Chatbots conversational abilities is held in the work of 

Cassell and Tartaro (2007) suggesting that “the goal of human-agent interaction […] should 

not be a believable agent; it should be a believable interaction between a human and agent 

in a given context” (p. 407). 

With respect to the Kano method and based on this analysis, the author identified two 

characteristics related to Conversational abilities that are to be investigated in connection 

with motives for using a Chatbot: 

• Context Awareness 

• Common speech 
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4.4. Efficiency 

Ostensibly, Chatbots are about new communication interfaces, which are bringing the next 

evolutionary step to efficiency and convenience benefits (Gentsch, 2018). A significant 

advantage of using Chatbots is that companies can offer their services where most users are, 

such as in the messaging and social network apps (Muldowney, 2017). Facebook Messenger, 

for example, registered a total of 1.3 billion active users per month in July 2018 (We Are 

Social, 2018). Because of this, text-based Chatbots are more often used for communicating 

with the user. Also, the presence of mobile devices provides a lower entry barrier for the 

user when it comes to using a text-based Chatbot (Muldowney, 2017). 

Furthermore, the demands on the speed and competence of information have increased 

continuously in recent years (Peppard & Ward, 2016). Real-time service, as a customer's 

claim, has become a commonplace and indispensable part of effective service (Buttle & 

Maklan, 2015). As mentioned online and mobile communication has become a matter of 

course. Moreover, with that, additional expectations go along with the communication 

(Hennig-Thurau et al., 2010). 

The performance, types and application fields of Chatbots were examined in detail in 

Chapters 1 and 2. With respect to the Kano method and based on this analysis, the author 

identified three Efficiency-related characteristics that are to be investigated in connection 

with motives for using a Chatbot:  

• Speed 

• Accessibility 

• Text vs. Voice   
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Chapter 5. Motives for Using a Chatbot 

From a business perspective, Chatbots are primarily intended to be an important 

communication channel for customers (Mou & Xu, 2017; Gentsch, 2018). Nowadays people 

seem to prefer to write a text messages rather than calling or sending an e-mail (Battestini, 

Setlur, & Sohn, 2010). This is also a generational issue because the so-called Millennials now 

communicate almost exclusively via chats (Howe, 2015). 

While the previous chapters highlight the benefits and acceptance of Chatbots, there are also 

opinions and assessments that this acceptance is less substantial than anticipated. In their 

ground-breaking study, Brandtzaeg and Følstad (2017) link this development primarily to the 

needs or motives of the users, which in their opinion are too often ignored in the design of 

Chatbots. This opinion is confirmed by Malhotra, Galletta and Kirsch (2008). They conclude 

that the development of new interactive technologies such as a Chatbot “necessitates better 

understanding of how users’ endogenous motivations influence their attitudes and 

intentions, as well as related beliefs, including perceived ease of use and usefulness” 

(Malhotra et al., 2008, p. 293). The following chapter aims to systematically examine possible 

motives when using chatbots in order to link them with Chatbot Characteristics and measure 

their influence. The study "Why People Use Chatbots" from Brandtzaeg and Følstad (2017) 

serves as the fundament of this analysis. 

5.1. Productivity 

In the analysis of the Brandtzaeg and Følstad (2017) study, especially the relevance of the 

motives in terms of productivity was highlighted. The frequency of reporting productivity as 

one of the main reasons for using Chatbots was 68%. For the participants, speed, simplicity, 

ease of use and comfort were the key factors. The mentioned reasons for this were related 

with saving time or the elimination of waiting times. As well as the ease of use in general. 

Furthermore, the researchers found out that, as expected, the simplicity of obtaining 

information is a motive for using Chatbots. Other participants, albeit at a lower frequency, 

preferred to ask a Chatbot than a real person instead. Also, the motive to adapt the Chatbot 

to one's own needs was another analysed purpose in terms of productivity. Accordingly, the 

identified productivity-related motives and purposes of the underlying study were taken up 

and included in the questionnaire: 

• Obtain assistance or information 
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• Receive quick answers 

• Ease of Use 

• Rather ask a Chatbot than a Human being 

• Tailor a Chatbot to specific needs 

• Convenience 

A further example that confirms the motive of productivity is the Chatbot FAQ Chat, 

designed by Shawar, Atwell and Roberts (2005). The researchers developed this Chatbot with 

the intention of providing search results from the FAQs of a university with comparable 

results as those provided by search engines. The goal was to show that Chatbots can be a 

suitable alternative to traditional search engines. The result of the study confirmed the 

researchers' hypotheses. Most users considered the solution as entirely positive and above all 

as an attractive, new alternative to retrieve information from FAQ using natural language 

questions (Shawar et al., 2005). 
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5.2. Entertainment 

Another important motive is the purpose to use Chatbots for entertainment. In addition to 

gaining information, people use Chatbots to chat and thereby banish boredom and entertain 

themselves (Menal, 2017). 

This is also illustrated by the original idea and goal of developing Chatbots. The first attempt 

was as mentioned before in this paper, the Chatbot ELIZA, created by Weizenbaum. The 

goal was to imitate the interpersonal conversation and thereby to entertain the user. It was 

developed to imitate a psychotherapist in a treatment interview (Khan & Das, 2017). The 

principle was relatively simple and based on the so-called keyword Matching. This technique 

checks for the existence of a keyword. Based on the stored rules corresponding answers are 

assigned and retrieved (Shawar & Atwell, 2007). 

The purpose of entertainment through and with chatbots was also identified in the study of 

Brandtzaeg and Følstad (2017) as another important motive for using Chatbots. A significant 

number of respondents explained the value of using chatbots for entertainment as one of 

their essential motives. The group of respondents considers chatbots to be satisfying and 

entertaining. Furthermore, chatbots were also seen as a way to lose time and negatively fight 

boredom. Accordingly, the identified entertainment-related motives and purposes of the 

underlying study were taken up and included in the questionnaire: 

• Overcome boredom 

• Humour of Chatbots 

• Entertainment 

This reinforces the relevance of entertainment and fun as important aspects in terms of social 

relationships and the relationship between Chatbots and humans (Brandtzaeg and Følstad, 

2017). It can be seen in this regard that interactive systems that provide a sense of community 

and support pleasant social interactions create a better experience for the user (Monk, 2000). 

Especially since chatbots are designed to be more "human-like" than traditional interactive 

systems this is important. According to Brandtzaeg and Følstad (2017), it is important to 

emphasise that entertainment-related motives do not necessarily exclude or suppress other 

motives and purposes such as productivity. Based on the results, people mostly want to do 

their work productively, but do it in a fun and social manner. 
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5.3. Social and Relational 

Various studies have been conducted in relation to the paradigm "Computer are Social 

Actors". A key finding of this is that, similar to the communication with other humans, 

people exhibit social traits when interacting with a machine. This retains valid even if they 

are aware that they are interacting with a machine. (Nass & Moon, 2002; Reeves & Nass, 

1996). In this regard, Nass and Moon (2002) argue that social responses to these 

conversational agents are often automatic. As a result, a mindless process takes place in which 

users focus on social cues rather than other agent features. 

Also, Brandtzaeg and Følstad (2017) considered and analysed the potential social and 

relational purpose of Chatbots. One important finding that emerged was that participants' 

answers indicate social and relational motives, based on their experiences in interacting with 

Chatbots. In this regard, the participants of the study in Chatbots see a way to avoid 

loneliness or to satisfy the craving for socialisation. Other participants also indicate to use 

chatbot with the intention to train and improve their conversational skills. Regarding 

Chatbots in the field of language practice, there are opinions of experts who confirm the 

potential positive benefit. Fryer and Carpenter (2006) for example state that “chatbots could 

provide a means of language practice for students anytime and virtually” (p. 8). Accordingly, 

the identified social and relational-related motives and purposes of the underlying study were 

taken up and included in the questionnaire: 

• Feeling lonely 

• Talk to someone 

• Train conversational skills 
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5.4. Novelty and Curiosity 

Motives related to Curiosity and Novelty are particularly relevant to the selected target group 

of the Portuguese Millennials. Since Chatbots can be seen as a new and innovative 

technology, they are increasingly used by so-called innovators and early adopters (Brandtzaeg 

& Følstad, 2017). With regard to new technologies, these are increasingly found in the 

millennial generation (Blackburn, 2011). 

In the study by Brandtzaeg and Følstad (2017), motives associated with Curiosity and 

Novelty fall into the fourth main category. Above all, the participants' answers concern the 

curiosity to discover something new, to test the skills and related boundaries as well as the 

Chatbot in the development phase. 

The relevance of curiosity regarding information search behaviour has already been 

addressed several times. For example, McQuail (1987) noted that satisfying curiosity is a 

significant factor in relation to motives using media. However, the study of McQuail 

concerns older media like TV, rather than innovative and interactive systems such as 

Chatbots. 

Accordingly, the identified social and relational-related motives and purposes of the 

underlying study were taken up and included in the questionnaire: 

• Try something new 

• Test out Chatbot skills 

• Explore new technologies  

• Curiosity 

• Fascination 
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Chapter 6. Hypothesis Development 

This thesis aims to analyse the relationship between motives for using a Chatbot and the 

satisfaction with Chatbot characteristics. Based on the theoretical groundwork and 

systematic literature review, five suitable hypotheses could be derived for the research 

question. The variables in the survey, which are to be defined as the independent variables, 

are motives for using Chatbots. These motives concern the areas of Productivity, 

Entertainment, Social & Relational and Novelty & Curiosity. The dependent variables, 

therefore, include the Satisfaction with Chatbot Characteristics: Emotion, Personality, 

Conversational Abilities and Efficiency. 

Figure 3: Hypotheses Development 

 

Source: Author’s elaboration 

H1 - Emotion: For people using Chatbots for entertainment purposes, Chatbot display of 

emotion is more important than to people using a Chatbot for the purposes of productivity 

H2 - Personality: For people using Chatbots for productivity purposes, an avatar is less 

important than to people using a Chatbot for the motives of curiosity 

H3 - Conversational Abilities: Characteristics linked to Conversational Abilities are more 

relevant, when people use Chatbots for social relational purposes, as opposed to motives of 

curiosity. 

H4 - Efficiency: Characteristics linked to Efficiency are more relevant, when people use 

chatbots for productivity purposes, as opposed to motives of entertainment 
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Chapter 7. Methodology - Survey 

In the previous chapter, hypotheses have been set up, which must be scrutinised with 

supporting data for their veracity. Therefore, a questionnaire is used for quantitative data 

collection and analysis. The questionnaire was made available online to a group of Portuguese 

Millennials. The survey intends to explore in what ways motives for using a Chatbot affect 

the satisfaction with Chatbot characteristics and if and how chatbot characteristics that are 

valued by users vary with the motives for using them. In the following, survey fundaments 

and the development of the concerning questionnaire are presented. The chapter will finish 

with the principles of the evaluation and interpretation process as well as the procedures of 

data collection. 

7.1. Survey Fundaments 

According to Matzler et al. (1996), the Kano model plays a vital role in understanding which 

attributes of a product have more than proportional influence on satisfaction as well as 

characteristics that are an absolute must in the eyes of users.  

The starting point for the Kano method is the identification of all relevant 

attributes/characteristics for the product or service of interest (Berger et al., 1993). The 

principal points discussed in Chapter 1 are intended to provide a systematic and in-depth 

analysis of all issues, applications, and the entire environment of Chatbots. Essential factors 

of Chatbots regarding the satisfaction and Chatbot characteristics that might be of influence 

have been addressed and analysed in Chapters 3 and 4. 

In this way, possible starting points for improvements of a Chatbot were identified, which 

in turn could lead to an increase or decrease in satisfaction. As a result of the analysis, a total 

of 10 different factors for a Chatbot were identified, which are presented in Table 3. 
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Table 3: Identified Chatbot Characteristics 

➢ Emotion •Happiness •Empathy •Sadness 

➢ Personality •Humour •Avatar 

➢ Conversational Abilities •Context Awareness •Common speech 

➢ Efficiency •Speed •Accessibility •Text vs. Voice 

Source: Author’s elaboration 

For each of the listed chatbot characteristics, two statements are developed, one "functional" 

(positive) and one "dysfunctional" (negative). The functional one captures the reaction of 

when the respective characteristic is present. The dysfunctional statement, on the other hand, 

captures the reaction in the case of non-existence. (Sauerwein et al., 1996). 

An example of a functional and dysfunctional statement related to a Chatbots is: 

• Functional statement: The Chatbot is aware of context during your conversation 

• Dysfunctional statement: The Chatbot is NOT aware of context during your 

conversation 

The answers options for these two statements are presented through a five-level rating scale, 

which has the following levels (Sauerwein et al., 1996): 

• 1 - I dislike it very much; 2 - I dislike it somewhat; 3 - I am neutral; 4 - I like it somewhat; 5 - I 

like it very much 

Subsequently, the answers concerning these two statements are entered in the Kano 

evaluation table (Table 4). For example, if a subject answers the functional statement in the 

above example with "I like it very much" and the dysfunctional with "I am neutral" the field 

in the first row and the third column must be selected from the evaluation table. 
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Table 4: Kano Evaluation Table 

Source: Author’s elaboration, according to Matzler et al. (1996) 

The letters A, O, M, I, R and Q denote into which category the answer to these two 

statements falls. The meaning of the categories is described in detail in Chapter 3.2. The 

measuring of motives for using a Chatbot is made through self-developed questionnaire 

based on the motives that have been analysed in Chapter 5. As a result of the analysis, a total 

of 10 different factors for a Chatbot were identified. Besides the four main motive categories, 

three other motives have been identified, that cannot be assigned to one of the main 

categories. The motives are listed in Table 5. The concerning questionnaire is presented and 

described in Chapter 7.2. 

Table 5: Identified Chatbot Characteristics 

➢ Productivity 

Ease of Use; Rather ask a Chatbot than a Human being; 

Receive quick answers; Ease of Use; Rather ask a Chatbot; 

Tailor a Chatbot to specific needs; Convenience 

➢ Entertainment 
Overcome boredom; Humour of Chatbots; 

Entertainment 

➢ Social and Relational 
Feeling lonely; Talk to someone; Train conversational 

skills 

➢ Novelty and Curiosity 
Try something new; Test out Chatbot skills; Explore new 

technologies; Curiosity; Fascination 

➢ Other 

Ease of communication with a Chatbot about important 

issues; Provision of automatic responses; Default method 

of Customer support 

Source: Author’s elaboration 

Chatbot Characteristic 

Dysfunctional (negative) Statement 

I like it 
very 

much 

I like it 
somewhat 

I am 
neutral 

I dislike it 
somewhat 

 

I dislike 
it very 
much 

Functional 

(positive) 

Statement 

I like it very 
much 

Q A A A O 

I like it 
somewhat 

R I I I M 

I am neutral R I I I M 

I dislike it 
somewhat 

R I I I M 

I dislike it very 
much 

R R R R Q 

A(Attractive); O(ne-dimensional); M(Must-be); I(Indifferent); R(Reverse); Q(Questionable) 
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Another fundament of this survey was the target group Portuguese Millennials. To generate 

a better understanding of why Millennials are of significant relevance when analysing the 

subject Chatbot, the term is briefly analysed in the following. 

There are several terms for the generation that spent its youth in the first decade of the new 

millennium. For example, Millennial Generation, Nexus Generation or Gen Y (Ng & 

McGinnis Johnson, 2015). For this work the term "Millennial" is used. Furthermore, a 

birthday boundary for millennials is chosen. According to various authors Millennials are 

born between 1980 and 2000 (Howe & Strauss, 2000). 

This generation approaches live differently in many areas than older generations. One of the 

main reasons for this is that the Millennials, as the first age group, grew up with the Internet 

from an early age, and thus knows and uses many areas and processes in digital form only. 

Through this digitization, millennials have been confronted with completely new 

technologies of communication and interaction (Howe & Strauss, 2000).   

This results in a completely different communication behaviour, which older generations 

take over only gradually (Dabija, Brandusa, & Tipi, 2018). An equally common term for them 

is therefore "Digital Natives". The technologically driven lifestyle promotes completely new 

behaviours concerning the community, but in particular a new self-concept in dealing with 

modern technical innovations (Jones & Shao, 2011) 
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7.2. Questionnaire Development 

The aim of the study is to analyse the relationship between motives for using a Chatbot and 

the satisfaction with the identified Chatbot characteristics. Therefore, the concerning 

characteristics need to be to classified according to the extent of their influence on the 

satisfaction. Furthermore, motives for using a Chatbot need to be captured and tested. As a 

result, the construction of the regarding questionnaire, which has the following structure, is 

necessary. 

• Part 1- Demographic Questions & Experiences with a Chatbot 

• Part 2- Motives for using a Chatbot 

• Part 3- Satisfaction with Chatbot Characteristics 

Attention is paid to a logical sequence of questions starting with general questions and ending 

with a specific assessment. The questions are easy to understand. The specific sequence and 

the division into three parts makes it easier for respondents to answer the questions (Doering 

& Bortz, 2016). The questionnaire mainly consists of closed questions or predefined answers, 

which has the advantage that the respondents' answers can be compared more easily (Hyman 

& Sierra, 2016). 

Due to the small number of questions, the questions concerning demographic and personal 

information are provided in the first part of the questionnaire. Subsequently, it should be 

determined on the basis of five questions, whether the test person has ever been in contact 

with a Chatbot and what the general attitudes and experiences are. The answers are provided 

in five-level Multi-item scale according to Likert (Bertram, 2007; Joshi et al., 2015). This 

should help to analyse the preferences of the respondents and to confirm or reject the 

hypotheses. 

The second part has the purpose of capturing the motives for using a Chatbot. The answers 

are provided in a five-level Multi-item scale according to Likert in order to generate higher 

information content and differentiated measured values and to increase reliability (Bertram, 

2007; Joshi et al., 2015). The statements are provided in the following table.  
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Table 6: Questionnaire 2nd Part - Motives for Using a Chatbot 

Purpose/Motive ITEM I use/have used/would use a Chatbot… 

Productivity 

1 …to obtain assistance or information 

2 …to get quick answers 

3 …because they are easy to use 

4 
…when I have questions that might seem simple/stupid to 
another human  

5 
…because I can tailor a Chatbot to my specific needs, the 
more I interact with it 

6 …because it is convenient 

Entertainment 

7 …when I’m bored 

8 …when they have a sense of humor 

9 …because it is entertaining 

Social & 
Relational 

10 …when I feel lonely 

11 
…because I like the sense of talking to someone when I 
use a Chatbot 

12 …to train my conversational skills 

Novelty & 
Curiosity 

13 …to try something new 

14 …to test out their skills 

15 …to explore this new technology  

16 …Because they are new and intriguing  

17 …Out of curiosity  

Other 

18 
… because it is easier to talk to a Chatbot than to talk to 

people about important issues 

19 
… because it can provide automatic responses when 
others are not available 

20 
… Because it is was the default method of a certain 
customer support. 

Source: Author’s elaboration 

In the third and final part of the questionnaire, satisfaction with Chatbot characteristics is 

captured with the goal to classify Chatbot attributes. Therefore, the Kano method was 

chosen. 

Mikulic and Prebezac (2011) tested different methods to classify product attributes for 

strengths and weaknesses. The results of their study are based on the validity and reliability, 

the informational value of the results and the technical capabilities of the methods tested. 

One key finding was that the Kano questionnaire is one of “the only approaches […] capable 

of classifying Kano attributes in the design stage of a product/service” (Mikulic & Prebezac, 

2011, p. 44). Furthermore, participants of a survey do not need to have any experience with 



43 

 

the attributes (Mikulic & Prebezac, 2011). Both findings are highly relevant for this work, as 

the concerning Chatbot does not exist and the attributes are hypothesized as well. 

Also, in terms of the number of attributes to be tested, the Kano method sets no limits. The 

approach of hypothesized provision/non-provision-based mode of attributes chosen for the 

questionnaire is perceived as valid and highly reliable for assessing the kano model (Mikulic 

& Prebezac, 2011). 

Table 7: Questionnaire 3rd Part - Satisfaction with Chatbot Characteristics 

Purpose/Motive Statement 

Emotion 

The Chatbot is (NOT) able to express happiness during your 

interaction 

The Chatbot is (NOT) empathetic during your interaction 

The Chatbot does (NOT) express sadness during your interaction 

Personality 
The Chatbot does (NOT) have a sense of humor 

The Chatbot is (NOT) embodied by an Avatar 

Conversational 

Abilities 

The Chatbot is (NOT) aware of context during your conversation 

The Chatbot is (NOT) able to process common speech 

Efficiency 

The Chatbot is (NOT) fast when processing your 

inquiries/questions 

The Chatbot is (NOT) easy to access 

The communication with a Chatbot is (NOT) Text-based 

Source: Author’s elaboration, according to Sauerwein et al. (1996) 
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7.3. Questionnaire Evaluation 

By relating the answers of the functional and the dysfunctional statements, it is possible to 

determine the category of the corresponding characteristic. The frequency of the categories 

occurring in each cell of the Kano-Scorecard is noted. After that, the cell frequencies 

belonging to the same category are added to the evaluation table, and the result is entered in 

a frequency table in the form as it is presented in Table 8. The frequency table indicates the 

number of times respondents chose a particular category. 

The following table contains the fictitious frequency distribution of 100 subjects who 

answered the statement mentioned in the example of a Chatbot displaying context awareness 

during a conversation. 

Table 8: Kano Frequency Distribution 

Characteristic A O M I R Q Total Category 

Context Awareness 
45 
(45%) 

10 
(10%) 

25 
(25%) 

15 
(15%) 

4 
(4%) 

1 
(1%) 

100 
(100%) 

A 

Source: Author’s elaboration, according to Matzler et al. (1996) 

On the basis of this frequency table, it must then be determined whether the requested 

chatbot characteristic represents a "Must-be", "One-Dimensional" or "Attractive" attributes. 

There are various possibilities for determining the category. The most common evaluation 

and interpretation are based on the most frequent choice, that is, the response category that 

has been chosen most frequently determines what type of request represents the queried 

product characteristic. In the example, the most frequent category is "A", the requested 

chatbot characteristic thus represents an "Attractive" attribute. 

In some cases, the described way of determining the category may not be adequate. This 

applies if the two categories have very similar frequency or even the same frequency. In such 

cases, the following decision rule is used in this work: 

• M> O> A> I 

This decision rule is prescriptive, stating that "Must-be" attributes are more important than 

"One-dimensional" attributes, "One-dimensional" attributes are more important than 

"Attractive" attributes, and "Attractive" attributes are more important than Indifferent 

attributes (Sauerwein, 2000; Huang, 2017). 
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A further figure plays a role in the evaluation the Kano-Method, this is the satisfaction 

coefficient. This figure can be subdivided into the coefficient of satisfaction (SI) and the 

coefficient of dissatisfaction (DI). The coefficients indicate how greatly the satisfaction can 

be increased by the presence of a product feature or to what extent this merely avoids 

dissatisfaction (Matzler et al., 1996). The following are the formulas for computing SI and 

DI (Berger et al., 1993): 

• SI = (A + O)/ (A + O + M + I) 

• DI = (- 1)(O + M)/ (A + O + M + I) 

The values of these coefficients range from zero to one for SI and from zero to minus one 

for DI. Values close to one and minus one, indicate that a product feature is important for 

satisfaction or avoidance of dissatisfaction. Coefficients close to zero, on the other hand, are 

regarded as unimportant by the satisfaction rating or avoidance of dissatisfaction (Matzler et 

al., 1996). 
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7.4. Data Collection Procedures 

For investigation of the hypotheses and research questions, a quantitative survey in the form 

of a questionnaire was chosen. To collect a larger sample in a timely and cost-effective 

manner, an online survey was conducted. The questionnaire (see Attachments) was created 

with the service SurveyMonkey and made available online to the subjects. SurveyMonkey 

enables an attractive, external design of the questionnaire, an anonymous data collection and 

a transfer of the data into the evaluation programme. 

To test and evaluate the questionnaire, a pre-test with talked discussion with a group of ten 

Portuguese Millennials was conducted before the main survey. This procedure aimed to find 

out if the questions are understandable for the subjects, if there are technical problems, useful 

comments and how long it takes to answer the questionnaire. As a result of the pre-test, 

some statements were adjusted for a better understanding of the items and four new 

questions concerning the participants’ experiences made with a Chatbot were included. 

A convenience sample was gathered, since the survey was sent to university undergraduates, 

master-level students and alumni of the faculties of Economics and Engineering of the 

University of Porto, in Portugal and shared in social media (Facebook and LinkedIn 

platforms mainly). Only the Portuguese version of the survey was emailed and shared so that 

Portuguese could answer the survey with negligible linguistic barriers and in order to 

preselect and filter the target group. 

Structure-wise the survey was composed of 52 items. The first six items are related to 

demographic information; four items concern the participants’ experiences with a Chatbot, 

20 items are about the participants’ motives of using a Chatbot and 20 items refer to the 

satisfaction with Chatbot characteristics. The survey also included two open questions, with 

the intention of allowing the participants comments, as well as email address, in case interest 

in receiving a summary of the survey results. 
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Chapter 8. Results 

In the following chapter, the relationship between motives for using Chatbots, and the 

satisfaction with Chatbots characteristics is analysed using IBM SPSS Statistics in its 25th 

version. In Chapter 8.1, the sample of this empirical research is explained in more detail, 

afterwards the relevant data and the individual dimensions are graphically displayed, 

descriptively evaluated and interpreted. 

8.1. Sample 

A total of 317 respondents agreed to participate in the survey whereof 45 questionnaires 

were not completed; 14 questionnaires were excluded, as, despite the preventive measures 

undertaken, these respondents did not match with the target group of Portuguese millennials. 

An adequate sample of 258 responses remained, allowing for the intended statistical 

procedures.  

Figure 4: Gender Composition of the Survey 

 

As displayed in Figure 4 the number of female and male respondents was almost equal. Only 

one respondent preferred not to answer this question. 

As the target group of this study were Portuguese Millennials (subjects currently aged 

between 18 and 38 years old). The age distribution played a significant role regarding the 

analysis. Most of the respondents were under 26 years old, totalizing over half of the sample 

(M = 25.36; SD = 4.37; Min = 18; Max = 38). 

131
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126
49%

Gender

Female Male
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Figure 5: Distribution of respondents’ age 

 

When the subjects were questioned on their academic level the majority answered that they 

hold a Bachelor degree or equivalent and there is a considering number of participants, who 

already have completed their master degree and doctorate as is observable in table 9. 

Table 9: Academic Level of the Respondents 

Academic level Frequency Percentage 

Doctoral or equivalent 5 2% 

Master or equivalent 75 29% 

Bachelor or equivalent 136 53% 

High school 37 14% 

Middle school 5 2% 

Total 258 100% 

 

An interesting analysis point is also present in the distribution of the Employment Status 

field of the respondents displayed in Figure 6. Almost half of participants are employed for 

wages. As the survey was sent to some faculties of University of Porto, the presence of 39% 

working students is a comprehensible result.  
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Figure 6: Employment Status of Respondents 
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8.2. Instrument Validity and Reliability 

The questionnaire of Motives for using a Chatbot developed for this work was subjected to 

internal reliability tests and validation procedures. For this purpose, Cronbach’s alpha and 

exploratory factor analysis were applied. The psychometric properties of the instrument are 

covered in the following paragraphs. 

Considering that the Kano model does not yield a quantitative, but rather a qualitative scale 

that is not clearly translated into numeric fashion, these procedures were not statistically 

viable, which considering the trove of literature previously presented and the specific 

rationale of the model an acceptable option. 

Reliability  

In order to determine reliability, Cronbach’s Alpha (α) was calculated for the questionnaire 

part relating to motives for using a Chatbot. Even though there are different studies on the 

acceptable values of Cronbach’s Alpha a value higher than 0.700 denominates the scale as 

suitable for analysis in statistical models (Cortina, 1993; Bland & Altman, 1997). 

The value of Cronbach’s Alpha for each dimension of the concerning questionnaire part is 

presented in the following table. The scale displays very good reliability, with a mark higher 

than 0.700. The results for this scale are of great relevance, as it was self-developed based on 

the reviewed literature.  

Table 10: Cronbach Alpha of Motive Dimensions 

Dimension No. of Items Cronbach’s Alpha 

Convenience 5 .932 

Social 6 .809 

Exploring 4 .793 
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Validity 

Exploratory factor analysis using principal components analysis with a varimax rotation was 

used to test the instrument validity of the questionnaire part including the motives for using 

a Chatbot. To assess the factorability of each set of items, the KMO and measure of sampling 

adequacy and Bartlett’s test of sphericity was used. The scores of all items concerning Kaiser-

Meyer-Olkin (KMO) were above the commonly recommended value of .6. Reliability results 

are presented in table 10 and exploratory factor analysis results are presented in table 11. 

Table 11: KMO & Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .840 

Bartlett's Test of Sphericity 

Approx. Chi-Square 2216.778 

df 120 

Sig. .000 

 

Table 12: Factor loadings from Principal-Components Analysis for the Motives for using 
Chatbot 

Item-Statement 

Factor loading 

Communality 

1 2 3 

15 - to explore this new technology .920   0.863 

17 - out of curiosity .880   0.804 

16 - because they are new and 
intriguing 

.866   0.824 

14 - to test out their skills .824   0.708 

13 - to try something new .786   0.746 
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2 - to get quick answers  .824  0.684 

1 - to obtain assistance or 
information 

 .769  0.595 

3 - because they are easy to use  .727  0.539 

20 - because it is was the default 
method of a certain customer 
support. 

 .691  0.480 

6 - because it is convenient  .658  0.437 

19 - because it can provide 
automatic responses when others 
are not available 

 .605  0.435 

11 - because I like the sense of 
talking to someone when I use a 
Chatbot 

  .828 0.723 

10 - when I feel lonely   .819 0.711 

12 - to train my conversational skills   .809 0.670 

18 - because it is easier to talk to a 
Chatbot than to talk to people about 
important issues 

  .547 0.328 

 

As can be observed, the factor structures presented in Table 11 are not exactly coincident 

with the developed scale that included five dimensions (Productivity, Entertainment, Social 

& Relational, Novelty & Curiosity and Other). All items from the originally formulated 

"Entertainment" dimension were dropped due to low factorability and one item of the 

originally formulated scale of "Productivity" (4 - …when I have questions that might seem 

simple/stupid to another human) was also dropped due to low communalities. Hence, as it 

is observable in table 11, 3 dimensions emerged that although not exactly the same as 

originally formulated are still quite consistent with Furthermore, the formulated rationale. 

Hence, "Productivity" dimension was renamed, as other items factored in the same 

dimension that more than work itself were focused on convenience. The Social & Relational 

and Curiosity & Novelty dimensions were renamed as well. Regarding the Social dimension 
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this is due to the fact, that statements concerning relations do not exist. The Exploring 

dimension does not necessarily relate with curiosity and novelty.  According to these findings 

the following three dimensions can be defined: 

• Convenience 

• Social 

• Exploring 
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8.3. Descriptive Analysis  

After the general demographic questions at the beginning of the survey, the subjects were 

introduced to the topic and the overall acceptance, experience, motives and the satisfaction 

with Chatbots was assessed. The results are presented in the following paragraphs. 

Experience with Chatbots 

The following figures present the percentage distribution of the 258 respondents for each 

statement, according to their level of agreement. As mentioned in Chapter 7.1, a five-point 

Likert scale was applied in the questionnaire. Here “1” stands for strong disagreement of the 

respondent towards the statement, and “5” for strong agreement and thus for the opposite. 

The introductory question asked, whether the individual test subjects are already familiar 

with the subject Chatbot. Over half of the respondents claimed to agree with this statement. 

Only 10% stated, that they do not know much about this topic. 

Figure 7: Respondents Familiarity with Chatbots 

 

Figure 8 depicts that the sample group displays a very different level of agreement on their 

usage of Chatbots during the past. More than 30% claimed they had used Chatbots rarely or 

not at all. On the other hand, more than half of the participants claimed to have used 

Chatbots in the past. 
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Figure 8: Respondents Usage of Chatbots in the Past 

 

Figure 9: Respondents Daily Usage of Chatbots 
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Figure 10: Respondents Curiosity 

 

The curiosity about Chatbots is present in the majority of participants: almost half of all 

respondents considered Chatbots as a very interesting topic, although most participants don’t 

have a notion of using Chatbots in a daily basis (cf. Figure 9). 

Motives for Using a Chatbot 

The level of overall motives of the entire sample group to use Chatbots in general are 

presented in Figure 11, where the motive for using a Chatbot for convenience, displays the 

highest value and social motivations display the lowest. 

Figure 11: Respondents Motives for Using a Chatbot 
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Satisfaction with Chatbot Characteristics & Coefficient of Satisfaction  

As described in detail in Chapter 7.3, the evaluation of the Kano method is an integral part 

of assessing satisfaction with Chatbot characteristics. Furthermore, the results serve as the 

dependent variables for, testing the established hypotheses. The following table presents the 

frequency distribution of the classification defined on the basis of the Kano evaluation tables. 

Furthermore, the final category and the satisfaction coefficient for each characteristic was 

computed. 

Table 13: Kano-Method Evaluation 

Characteristic A O M I R Q SI/SD Total 
Dominant 
Category 

Happiness 15 0 14 201 15 13 
SI= 0,065 
SD= -0,060 

258 
(100%) 

I 

Empathy 16 3 14 201 14 10 
SI = 0,081 
SD= -0.072 

258 
(100%) 

I 

Sadness 2 1 3 195 45 12 
SI= 0,014 
SD= -0,019 

258 
(100%) 

I 

Humor 17 12 11 186 25 7 
SI= 0.128 
SD= -0.101 

258 
(100%) 

I 

Avatar 11 3 21 206 11 6 
SI= 0,058 
SD= -0,095 

258 
(100%) 

I 

Context Awareness 21 20 29 166 10 12 
SI= 0,173 
SD= -0.207 

258 
(100%) 

I 

Common Speech 26 21 20 174 11 6 
SI= 0,195 
SD= -0,170 

258 
(100%) 

I 

Speed 35 69 27 121 1 5 
SI= 0,412 
SD= -0,380 

258 
(100%) 

I 

Accessibility 29 65 30 123 3 8 
SI= 0,380 
SD= -0,384 

258 
(100%) 

I 

Text Based 15 11 18 194 9 11 
SI= 0,109 
SD= -0,121 

258 
(100%) 

I 

Note: SD/SI (Coefficient of satisfaction and coefficient of dissatisfaction) 
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The evaluation displays that all analysed characteristics could be classified as indifferent-

attributes and thus have no direct impact on satisfaction or dissatisfaction, however, 

although, the satisfaction coefficient of almost all characteristics shows no noteworthy 

deviations, "Speed" and "Accessibility" can be analysed deeper. As Figure 14 depicts, over 

60 participants perceive "Accessibility" of a Chatbot as a "One-Dimensional" attribute and 

almost 30 describe the characteristic as an "Attractive" attribute. Further relevance of this 

feature is displayed through 30 respondents, who perceive "Accessibility" as a "Must-be" 

attribute. 

Figure 12: Relevance of Chatbot Accessibility for Respondents 

 

The characteristic "Speed", which also belongs to the Efficiency dimension defined in 

Chapter 4.4 displays similar results. Over 30 respondents perceive the speed performance of 

a Chatbot as an "Attractive" attribute.  Almost 70 participants rated this characteristic as an 

"One-Dimensional" attribute. Further 30 respondents perceive this feature as a "Must-be" 

attribute. The frequency distribution is displayed below in Figure 13. 
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Figure 13: Relevance of Chatbot Speed for Respondents 

 

A Further result, that presents the relevance of the Emotion dimension of Chatbot 

Characteristics, is presented in Figure 14. Less than five respondents valued the presence of 

the characteristic sadness as an "One-Dimensional" or "Attractive" attribute. Rather it is 

perceived as a "Reverse" attribute by almost 50 respondents. 

Figure 14: Relevance of Chatbot Sadness for Respondents 
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Motives for Using a Chatbot & Satisfaction with Chatbot Characteristics 

The following Figure represents the 3 motive dimensions in relation with the Characteristic 

dimension Efficiency and the concerning attribute Speed. All three motive dimensions 

display similar results. Excluding the results for social motives, when analysing the One-

dimensional category. 

Figure 15: Speed of a Chatbot in Relation with Respondents Motives 

 

 
Similar results are displayed for the Characteristic Dimension Efficiency with the concerning 

Characteristic Accessibility. Almost 40% of the respondents with convenience motives 

perceive Accessibility as a "One-Dimensional" or as an "Attractive" attribute. 

Figure 16: Accessibility of a Chatbot in Relation with Respondents Motives 
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8.4. Discussion 

This work has dealt with the research question in what ways motives for using a Chatbot 

may affect the satisfaction with Chatbot characteristics and if and how Chatbot 

characteristics that are valued by users vary with the motives for using them. The questions 

asked could be only partially answered by a descriptive analysis. According to Neill’s (2008) 

statistical decision tree and considering the nature of the scales there are no more statistical 

tests that can be conducted with this sample. All of the determined Chatbot characteristic 

were perceived as "Indifferent" attributes by the respondents, thus making it impossible to 

test the originally formulated hypotheses. 

With regards to the experience with Chatbots, the majority of the respondents (54%) 

reported having already had experienced interaction with a Chatbot. Although the majority 

of participants seem to rarely use Chatbots, the curiosity about the topic is present and 

research indicates it might be increasing (Brandtzaeg & Følstad, 2017). This finding is also 

reinforced by the study's findings regarding the motives to use Chatbots: Exploring could be 

identified as one of the three key dimensions regarding the motives to use a Chatbot. 

Contrary to other authors and developers who highlight the relevance of avatars, emotions, 

personality in in Chatbots and describe these characteristics as essential when developing 

Chatbots (Janarthanam, 2017; Nass & Moon 2000; Nass et al., 1995) and even claim that the 

goal must be to equip a Chatbot with human attributes, to be perceived "human-like" by the 

user and thus to generate a successful interaction (Gentsch, 2018; Kuppevelt, et al., 2005), it 

was interesting to realize that Portuguese Millennials, do not seem to consciently value these, 

but rather consider speed and accessibility as important features, delegating all other 

characteristics as indifferent in the Kano model. 

Furthermore, this survey revealed that Characteristic dimensions like "Emotion" or 

"Personality" do not seem to have any relevance to Portuguese Millennials. Characteristics 

like happiness, sadness or empathy do not cause an increase in satisfaction, instead they partly 

might have a reverse effect on satisfaction. Instead the sample group valued Efficiency 

related Characteristics as important. This is confirmed through the analysis of the 

relationship between the motives and characteristics. All three motive dimensions display a 

positive effect on satisfaction in relation with Characteristics Accessibility and Speed. 

Another key finding is the abstinence of Entertainment as a motive to use Chatbots. While 
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in the study by Brandtzaeg and Følstad (2017) the dimension "Entertainment" was assessed 

as an important motive, this dimension did not seem to make sense in the Portuguese 

Millennials population; instead, 3 new dimensions could be defined that can be used to 

capture motives for using a Chatbot (Convenience, Exploring and Social), where the motive 

to use Chatbots for convenience purposes thereby displays the highest value. 
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Chapter 9. Limitations and Further Research 

In this work, results and tendencies could be carried out by the descriptive analysis and thus 

new insights were gathered. However, the hypotheses could not be tested, based on the 

results of the survey, that presupposed that different characteristics would yield different 

values and instead subjects classified all characteristics as indifferent to them. The Kano 

model was chosen because it is widely used in research for decision making and to assess 

products and the concerning features, but perhaps future research could benefit from a 

model that allows for the computation of levels of satisfaction with characteristics in a more 

forward, numeric fashion. 

With respect to the survey-results and considering the Kano model as a qualitative model it 

can be stated, that no further statistical tests could be done, except the frequency analysis 

presented in Chapter 8.3.  

Further research is needed to eliminate the limitations of this work. It can also be stated that, 

the acceptance, experience, satisfaction with Chatbots has not been thoroughly researched 

in general and the developed CSE-Scale could be validated in other segments of population 

and other countries. In this study the attitude towards chatbots, especially with regard to the 

motives of Portuguese of millennials, was considered to be of use. For this reason, a study 

with a larger sample, representative of the population, would be interesting to analyse. In the 

present study, questions regarding a fictitious Chatbot and the corresponding characteristics 

were described and queried; it would therefore be interesting to replicate the present study 

based on a specific Chatbot and its users. 
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Conclusions 

Conclusions are derived from the survey analysis and the concerning discussions, the current 

state of knowledge and the presented use of Chatbots in this work. In addition, implications 

for practice are named. 

Based on the research within this work it can be stated that Chatbot Characteristics and 

motives for using this technology have been overlooked and only partly investigated in 

literature. The current literature regarding Chatbots is mainly concerned with technical 

approaches and focuses less on perceptions of the user and the regarding Chatbot 

characteristics, and there is still a gap in studies that address the implications of this 

technology and customer reactions to it. However, in general and during the last years the 

topic Chatbot started to raise interest again for experts, researcher and companies (Gentsch, 

2018). This can be traced to the technological developments in the area of Artificial 

Intelligence and Natural Language Processing. 

Therefore, this work aimed at verifying and analysing the relationship between Chatbot 

characteristics and motives for using them. According to that, the research on the topic of 

this Master's thesis has been divided into three phases. In the first phase, the subject Chatbot 

was developed and reviewed on the basis of relevant, past and present knowledge. The 

second phase defined the development of relevant Chatbot characteristics, as well as 

potential motives to use Chatbots. The outcomes of the second research phase are based on 

existing and topic-related studies. In the third phase, the causal connection between 

characteristics and motives was to be pointed out through a questionnaire-based survey. It 

could be shown that characteristics such as efficiency and accessibility are of particular 

relevance to the selected target group.  

In general, Portuguese Millennials seem to regard almost all of the indicated characteristics 

as indifferent. One reason for this could be that the target group has little knowledge of 

Chatbots and their preparation. This is coherent with several studies that presented findings 

concerning the perception of Chatbots. According to these studies, a lot of the time people 

do not realize that they are speaking or texting with a CB or a virtual agent. This might be a 

reason for the low awareness of this topic in the general population. 
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It seems like the target group considers the Chatbot as a technology which serves to obtain 

information quickly and efficiently and do not seem to value personality, emotions or an 

avatar characteristics in this technology – features that usually contribute to increase costs 

associated with it in terms of value spent in research and development and time to conclude 

projects; rather, our inquired users seem to be operating in a different paradigm where the 

features that really matter are speed and accessibility, contrary to a HCI "humanoid" 

approach. 
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