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Abstract 

A chatbot-focused quality model is created throughout this study by adapting and expanding 

existing service quality models of services in general (SERVQUAL, Parasuraman et al., 1988) and 

services similar to chatbots (websites, e-SERVQUAL (Zeithaml et al., 2002); Mobile services (Wang 

et al., 2018) and Virtual Assistants (Kuligowska, 2015)). Attributes for this model were extracted 

from literature and expert interviews. 28 chatbot quality attributes were found and categorized over 

eight chatbot quality dimensions: Functionality, Trustworthiness, Safety, Usability, Graphical 

appearance, Humanity, Personalization and Productivity. 

This has led to the creation of a final framework used to test the perception of chatbot users. No 

specific market segment was focused. Both chatbot-experienced and non-experienced 

respondents were used in an international survey that was constructed using the Kano methodology 

(Kano, 1984). 

Results from this research are the categorization of the mentioned chatbot attributes in five quality 

attribute categories (Attractive, Must-be, Performance, Indifferent and Reverse) with a different 

degree of importance in the eyes of the users. These findings can be used by chatbot developers 

and other stakeholders to ensure a qualitative chatbot is offered. 
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1. Introduction 

Over the last few decades, interaction through online communication platforms has become the most 

widely-used channel for having conversations with friends, family and services. However, whether you 

know it or not, not all your online interactions were conversations with another living person, but some 

might have been with a human-imitating chatbot (Radziwill & Benton, 2017).  

 

Thinking that chatbots have suddenly popped up out of nowhere, is a misconception of many. The hype 

has started out in the sixties when the first chatbot, Eliza, came to life at the MIT Artificial Intelligence 

Laboratory created by Joseph Weizenbaum. This chatbot was the first attempt to create a 

communication interface between machine and man, that mimics a human conversation (Shrivastava 

& Ananth, 2016). Ever since then, chatbots have been participating in various online conversations with 

humans talking about all kinds of subjects. Early chatbots like Eliza were only able to recognize 

sentences based on keywords that were pre-programmed into their system, and then replied with 

standard answers. However, thanks to a wide range of opportunities in the field of smart technologies 

that have emerged over time, chatbots have acquired capabilities which have enabled them to learn 

the language of the customer based on conversations from the past or input from people (Linsey Jepma, 

2018). 

 

Developments of smart technologies have helped chatbots to get the attention of well-established 

companies, and such they recently became increasingly accessible to consumers. Further, in 2016, 

chatbots were called ‘the next big thing’, but what happened? They were not very successful and were 

often experienced as something irritating by its users. Most of the chatbots available to a broad market 

were not yet capable of handling conversations involving complex human language. Despite all the 

efforts that were put into it, chatbots have struggled with ‘becoming smart’. They have failed to deliver 

seamlessly, delightful user experiences, despite their makers’ best intentions (Olsson, 2017). A report 

published by van Lun (2018) has identified three main pain points concerning chatbot use in customer 

services. These were: a lack of intelligence, chatbots getting stuck and not knowing what to do, and the 

lack of connectivity between different chatbots. 

 

Even though it seems that chatbots are becoming unsuccessful, they are still worth paying attention to. 

According to a report published by Gartner, 25 percent of chatbot use will be related to customer 

services by 2020 (Susan Moore, Gartner, 2018). Moreover, Crameri (2018) mentions that we are on 

the verge of what is called ‘the fourth industrial revolution’ which is characterized by an immense 

evolution of smart technologies and connectivity. More concretely, machines will no longer just capture 

knowledge, they will develop knowledge. Having in mind that smart technologies is what makes a 

chatbot smart, the cooperation between these technologies seems to have become inevitable. It is only 

a matter of time before new chatbots emerge that are smarter than ever.  
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Considering the increasing appearance of chatbots in our community’s productive environment over 

the last decade, especially in customer services, the quality aspect considering chatbots has gained 

more importance. A search in literature has also proven that considerable attempts have been taken 

during the past years on identifying these quality attributes. Nevertheless, most of them are currently 

shattered around everywhere over the internet. In this regard, the academic study conducted by 

Radziwill and Benton (2017) is particularly interesting as their research provides a comprehensive 

overview of chatbot quality attributes going back to the 1990s. The aim of this dissertation is to build 

further on the work of these authors, by providing a better insight into chatbot quality 

dimensions and corresponding attributes perceived by chatbot users and to what extend they 

contribute to customer satisfaction. To achieve this end, the research will first consider chatbots as 

a service in general and rely on the SERVQUAL model by Parasuraman, Zeithaml, & Berry (1988), who 

have developed a multi-item scale for measuring service quality which consists of five dimensions: 

reliability, assurance, tangibles, empathy and responsiveness. These scales have been applied to 

websites, live chats, and other, but were not used before to measure chatbot quality. Secondly, models 

of similar services (websites, mobile services and virtual agents) will be considered in the search for 

quality dimensions and attributes for chatbots. This study wants to assess to what extend the 

dimensions and attributes from literature can be applied to chatbots. Additional attributes will be added 

through an explorative study using expert interviews. As final point, the relative importance of these 

attributes will be measured using the KANO model of customer satisfaction, which allows to classify a 

product’s attributes depending on the value they provide to their user. This will result in a final model 

that can be used to check if an existing chatbot is qualitative, or to create new, qualitative chatbots. 

 

The remainder of this paper is structured as follows. The next section elaborates on chatbots and 

explains how chatbots work, going into the basics of the (smart) technology behind it. In addition, the 

history of chatbots is also summarized to better understand how they have evolved. The third section 

explains the concept of perceived quality as this is the type of quality researched in this paper. This 

section introduces similar service quality models. It summarizes existing models used for similar 

services such as website and virtual agents, and services in general. Further, it includes gathering 

relevant chatbot quality attributes from literature. This section also assigns these attributes to quality 

dimensions. Section four goes over the methodology used in this research (interviews and Kano 

method) to adapt and measure the quality attributes and contains the results of this study as well. 

Section five discusses the results of this research and gives possible management implications and 

possibilities to apply this model to other services. This work ends with consideration for future research 

in section six. Section seven makes the conclusion and eight contain the appendices and references 

used in this work. 
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2. Chatbots 

2.1. What is a chatbot? 

‘Chatbot’, ‘virtual assistant’ or ‘conversational agent’: these words sound very familiar in one’s ears, but 

the chance exists that the difference between these words is obscure. This situation is not uncommon 

during the last few years, since a bunch of different names have been coined and used for describing 

the same thing, namely a robot that can talk to humans. Dale (2016) clarifies this misconception: 

“Whether you call these things digital assistants, conversational interfaces or just chatbots, the basic 

concepts are the same: achieve some result by conversing with a machine in a dialogic fashion, using 

natural language.” (Dale, 2016, p.811). 

 

A chatbot is in fact a robot, which is an application that does automated tasks, made up of a set of 

algorithms. In this sense, chatbots are just versions of robots that are designed to be capable of having 

a conversation, implying that they are able to understand voice or text input, process it and produce 

output in the form of a voice or text answer in a certain conversation (Gauvrit, 2017).  In contrary to 

other robots, chatbots are characterised as unpredictable and possess the capability for expressing 

emotions, meaning-making, creativity and sociality (Tsvetkova et al., 2016). 

 

Most of the chatbots are autonomous, reactive, proactive and social in a conversation. Autonomous, in 

the sense that they fully work on their own without human support. Reactive, meaning that it can 

formulate appropriate answers based on human text input. On top of that, they are proactive which 

means that they are capable of taking initiative in a conversation - for example asking questions to the 

user – based on anticipation, supported by customer data (things the user mentioned before). As 

depicted in figure 1 below, chatbots are a category of conversational agents, which is a software system 

that mimics human interaction and falls under the class of dialog systems. Interactive Voice Response 

is an automated telephony system that interacts with callers and is another subclass of dialog systems 

but is not considered as a conversational agent (Radziwill & Benton, 2017). The emphasis of this paper 

is on text-based chatbots that can for example be found on websites or messenger applications, and 

that are typically not embodied in the form of avatars, humans or animals (those are called “embodied 

conversational agents”).  
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Figure 1: Relationships between classes of software-based dialog systems (Radziwill & Benton, 2017) 

Now that the term ‘chatbot’ has been clarified, it is possible to place it in a more theoretical context. The 

following definition was formulated by Mott, Lester, & Branting (2004): “Conversational agents exploit 

natural language technologies to engage users in text-based information-seeking and task-oriented 

dialogs for a broad range of applications. “(Mott, Lester, & Branting, 2004, p.10-1). 

 

Since using a chatbot is possible without having to understand how it is defined, the definition behind 

this term becomes less important (Goyal, Pandey, & Jain, 2018). For the rest of this work, a chatbot 

can be understood as a software program that interacts with users using natural language (language 

used by humans). Moreover, more recent chatbots are supported by advanced smart technology tools 

and become smarter over time by learning out of past conversations. From an abstract perspective, a 

smart chatbot should have the ability to understand user context and autonomously achieve the goal of 

the conversation (Marutitech.com, 2018). For example, a good chatbot should understand the 

sentiment of text or voice, but also generate appropriate responses to a various type of random 

questions (Beysolow II, 2018). The difference between the various types of chatbots is covered in the 

next section. 
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2.2. Types of chatbots 

Botpress.com (2018)  defines three different types of chatbots currently being used on the market.   

 

2.2.1. Scripted or rule-based chatbots 

These are the ‘dumber’ chatbots, that work using pre-programmed rules, or in other words they follow 

a predefined path created by the programmer. This type of chatbot only allows its user to follow the 

options that the developer offers on its interface, usually visualised by buttons and keywords from which 

the user can choose to formulate his or her answer. As a consequence, these rule-based chatbots can 

only perform a fixed number of tasks depending on what their developer programmed (Candela, 2018). 

They lack learning capabilities compared to the smart technology powered chatbots, meaning that they 

do not become smarter after each conversation. On the other side, they are much cheaper and take 

less time to build. (Candela, 2018) 

 

2.2.2. Chatbots powered by smart technologies 

This section explains the different smart technologies used by chatbots to become smarter.  

 

2.2.2.1. Artificial Intelligence (A.I.) 

Artificial Intelligence aims to imitate human personality and intelligence. More specific, it creates 

interactive and meaningful conversations between the user and the chatbot. It makes chatbots react to 

different types of data given by the user in an appropriate way and it makes the bot more responsive 

compared to bots without any kind of A.I. implementation. 

It can be stated that Artificial Intelligence covers various sub-disciplines such as machine learning, deep 

learning, and 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). 

 

2.2.2.2. Natural Language Processing 

Natural Language Processing (NLP) and Natural Language Understanding (NLU) is the technology that 

lies at a chatbot’s core and helps it understand the intention behind phrases spoken or written in natural 

language. Without NLP, chatbots would be unable to understand the meaning of text or speech input. 

Furthermore, NLP helps them to link different inputs (e.g. different ways of asking to book a flight) to a 

single output (e.g. booking the flight).  
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Gobinda G. Chowdury (2005) define it as an area of research and application that explores how 

computers can be used to understand and manipulate natural language text or speech to do useful 

things. 

Current approaches to NLP are based on deep learning, a type of artificial intelligence technology that 

examines and uses patterns in data to improve a program's understanding. Deep learning models 

require massive amounts of labelled data to train on and identify relevant correlations and assembling 

this kind of big data set is one of the main hurdles to NLP currently (Margaret Rouse, 2017). The 

advancements in big data technology is one of the main reasons why chatbots are gaining importance. 

 

2.2.2.3. Machine Learning 

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

intelligence. According to Raschka (2015), this sub-discipline is about self-learning algorithms that 

extract knowledge from data to make specific predictions (e.g. personalized advertisements you receive 

after some Google searches). 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.  

The advantages of this approach over the knowledge engineering approach (consisting in the manual 

definition of a classifier by domain experts) are a very good effectiveness, considerable savings in terms 

of expert labour power, and straightforward portability to different domains according to Fabrizio 

Sebastiani (2002). 

 

2.2.2.4. Artificial intelligence powered chatbots 

Artificial intelligence powered chatbots are considered to be the better version of the scripted chatbots, 

as they rely on artificial intelligence such as natural language processing (NLP), which allows the 

chatbot to process information and respond with natural language mechanism (Candela, 2018) and 

therefore understand more than just predetermined input, as long as it makes sense. This basically 

means that the user can enter any sentence and the bot should be able to analyse it by a set of 

parameters, helping the chatbot understand the user’s intent. The more conversations they have, the 

smarter they become thanks to the learning capabilities powered by machine learning, a learning field 

that recently evolved with ‘deep learning’, allowing chatbots to see and understand things intuitively in 

text, images, audio or videos (Das & Khan, 2018). This sort of chatbot mainly aims to imitate a human 

personality on an advanced level, as they try to be interactive and respond in sentences while creating 

a meaningful conversation with humans.  
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2.2.3. Hybrid 

According to Candela (2018) and Debecker (2017), there is also a hybrid form, which is the description 

for most of the chatbots existing today. The hybrid chatbot is a combination of the previous two chatbots, 

mainly existing because natural language processing technology is not mature enough today to 

understand all user text input, meaning that users still get meaningless answers from the chatbot. In a 

hybrid chatbot, users are allowed to go through a set of questions like in a scripted chatbot and can 

also type free text to ask other questions. 

 

2.3. Advantages and disadvantages of chatbots 

Currently, chatbots are mainly designed and developed for use on mobile messaging applications and 

are seen as a way for direct customer engagement through text messaging for customer service or 

marketing purposes, bypassing the need for special-purpose apps or webpages. This lets customers 

express their intents through natural language as if they were talking to a friend, which is a strong 

advantage compared to mobile applications. On the other side however, natural language input is 

considered to be one of the relatively more difficult parts for the developers to implement in chatbots. 

Once the chatbot receives this type of input, it must be parsed into understandable parts that the chatbot 

application can use to generate its response. To tackle this issue, one possible solution introduced by 

some companies is to limit a customer’s freedom of text input and instead display various interface 

elements in the form of buttons and menus on screen such that the customer can give his or her 

response by clicking on one button (Das, Khan, 2018). This ensures that the chatbot understands what 

the user is saying. 

 

According to Lester et al. (2004), in commerce, it is critical for companies to have clear conversations 

with customers to accurately understand their needs for serving them well and retaining them, thereby 

increasing customer satisfaction and customer retention. Customers seek fast and correct answers and 

it frustrates them to endlessly search on websites or having to wait in queues to speak with the 

company’s representatives or having to wait on a response by e-mail which can take a long time to 

arrive. Chatbots are one ideal solution to tackle these problems, which eventually results in higher 

revenue.  

 

Furthermore, chatbots have the ability to fetch any type of data out of various data sources such as 

databases at much higher speed than human beings could do (Das, Khan, 2018). This enables 

companies to provide high quality customer services, reduce response time and increase customer 

satisfaction, which is a great benefit (Radziwill & Benton, 2017). However, chatbots exist that are solely 

made for the purpose to cause harm. Such an example is a network of fake users (“Sybils” on Twitter) 

implemented only to increase people’s social status by artificially increasing the count of followers, or 

to spread fake news or intimidate users with a certain political belief (Ferrara et al., 2016) 
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If one decides to build a chatbot, he or she should keep in mind to build a chatbot for a sole purpose. 

As Das & Khan (2018) state: “Trying to build a chatbot that does everything will become nothing but a 

nightmare” (Das & Khan, 2018, p.53). They suggest keeping the amount of functions that a chatbot can 

perform to a minimum, because users will get frustrated. If the chatbot can do more than three actions, 

risk rises that it may confuse itself while making decisions. The main reason behind this drawback is 

the fact that the technologies on which a chatbot relies for its smart capabilities such as artificial 

intelligence, and specifically natural language processing, are still in a phase of infancy.  

This is one of the issues chatbots have to cope with today, the next section will describe this thoroughly 

by providing a full overview on the evolution of chatbots.  

 

2.4. Chatbots: where did they come from? 

Even though it seems that the term ‘chatbot’ has been coined recently, they have been in existence 

since scientists made interaction with computers possible. Chatbots have become a popular concept 

for companies to experiment with and eventually implement in their customer services. However, they 

would have never used chatbots if they were the same as 50 years ago, as over time chatbots have 

tremendously improved and became smarter thanks to the support of artificial intelligence. The previous 

section has introduced the difficulty for chatbots to intuitively understand natural language and the 

shortcomings of its supporting artificial intelligence. How is it possible that chatbots have become so 

popular in customer services, while they still have to cope with shortcomings today? Furthermore, which 

challenges are there still today to cope with? To understand that, one needs to know where chatbots 

come from and how they have evolved. 

 

2.4.1. History of chatbots 

Figure 2 below illustrates this. Das & Kahn (2018) summarize the evolution of the chatbot starting from 

the very first day, this goes back to the year 1966, when the first chatbot named Eliza was invented at 

the MIT Artificial Intelligence Laboratory. The purpose of this chatbot was to imitate a psychotherapist 

and trying to communicate with humans by looking at keywords in their input sentences and 

transforming these with the help of rules into an output sentence. The second chatbot was Parry, which 

attempted to impersonate a person with paranoid schizophrenia. Then there was A.L.I.C.E., or Alicebot, 

a chatbot made by Richard Wallace in 1995 and one of the strongest in its kind. It could imitate humans 

so well that it won the Loebner Prize, an annual competition of artificial intelligence, three times. 

Cleverbot is one of the most popular chatbots and has been online since 1997. Next, there was 

SmarterChild built by ActiveBuddy, the first chatbot that was not created for entertainment, but one that 

could provide its users more useful information such as stock information & sport scores. SmarterChild 

is the precursor of Siri by Apple (2010) and S Voice by Samsung (2012) and was sold to Microsoft in 

2007 for around $46 million (Das & Kahn, 2018).  

This is the point in time where the smartphone came to life, integrating all sorts of different services into 

one device, including chatbots. In this period, chatbots underwent an enormous evolution as they 

started to do more than just having a conversation.  
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More specifically, they started to become personal assistants who could perform a list of tasks anytime 

the user asked for it, although the chatbot was still only capable of recognizing a set of pre-programmed 

inputs. An example of such is Siri, a modern intelligent personal assistant that works on voice 

commands. It was implemented by Apple for the first time in iOS 5 for iPhone back in 2010. Since then, 

it has evolved up to a level where it lets its users fetch useful information from the web such as lifetime 

weather or a route to a specific address. As other examples, it can make calls, write text messages or 

even set an alarm for the next morning, while its user only needs to give a voice command.  

In Apple’s footsteps, other companies like Google and Samsung started to integrate their own AI 

assistants, Google assistant and S voice (currently Bixby) (Das, Khan, 2018). Google assistant is 

integrated into the Allo messaging application and more recent versions of the Android operations 

system. Like Siri, they understand questions by users in natural language and can provide useful 

information based on its input, such as the way to the nearest supermarket or providing opening hours 

(Følstad & Brandtzæg, 2017). 
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Figure 2: Timeline of chatbot evolution, adaptation of Das & Khan (2018) 

 

To conclude, one could say that chatbots overthrew themselves and became more than just an 

entertaining chat engine. Developments through the years made them smarter, better at imitating 

human conversations and widened their range of possibilities.  
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This evolution did not happen to remain unnoticed by externals, as from 2015, massive companies like 

Microsoft and Facebook had started sensing some potential in them and began to implement a chatbot-

friendly environment in their services making it much easier for chatbots to be developed and reach the 

public. As a result, chatbots suddenly boomed and became a real hype. 

  

 

2.4.2. The chatbot boom 

Not only chatbots have evolved, the development environment and chatbot-supporting tools have also 

seen a tremendous transformation. In early 2016, Microsoft had launched its vision of conversations as 

a platform including artificial intelligence and natural language processing to allow new ways to 

experience interactive systems, thereby launching its own framework for chatbot developers 

(Brandtzæg & Følstad, 2017). At the same time, Facebook had also started providing its own resources 

which allowed chatbot developers to integrate chatbots into the Messenger platform application, making 

chatbot development easier and turning them into a real hype thanks to the fact that the messenger 

platform allowed chatbots to reach one billion active Facebook users (Das, Khan, 2018). Moreover, 

websites such as Chatfuel and ManyChat had started to pop up, offering a platform to chatbot 

developers that refines the creation of an intelligent chatbot to a simple (partially) drag and drop system. 

The combination of these platforms as a base to create chatbots and the messenger application 

platform serving as the chatbot’s working environment have resulted in more than 30000 new chatbots 

on Messenger (Brandtzaeg & Følstad, 2017). As a result of these emerged platforms, the term ‘chatbot’ 

has gotten pronounced louder the last few years and eventually made its first steps in real customer 

services environments as replacement of front-office employees.  Although they are still not the most-

used technology in customer services today, only few people have never heard of them. As Goyal, 

Pandey & Jain (2018) state: people use a wide range of mobile phone applications daily to do a loath 

of activities (banking, takeaway ordering, messaging), while chatbots are just like them. The only 

difference between the two is that chatbots have a chat interface where the user can literally send 

messages within the application and operate it in a conventional way, other than using the visual 

interface of the application. Between the years 2007 and 2015, chatbots have participated in one third 

to 50% of all online interactions (Tsvetkova et al., 2016). In this regard, the study of Candela (2018) has 

also confirmed that most of the chatbots used are currently on the Facebook messenger platform, 

followed by Skype, Kik, Viber & Slack. As illustration, ordering a pizza does not require downloading 

and installing the accompanying application anymore. The chatbot can arrange all of this for you through 

Messenger (Dale, 2016). Another specific example of a commercial chatbot is Anna, the female virtual 

assistant for IKEA. She is visualized as a 2D animated image wearing the company’s theme on its 

clothes depending on the country.  

Her role is to guide users in any IKEA-related problem such as products, prices, sizes and she will 

search for the required information on the website based on the input you give her (Lim & Goh, 2016).  
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A second factor that carries responsibility for the chatbot boom is the fact that people have started 

communicating through different channels witch each other. To illustrate, at the time when Eliza was 

introduced, interactive computing through a teletype keyboard was brand new. Fifty years later, 

according to Vetter et al. (2007), 80% of the world population uses a mobile phone which can send 

online messages or chats through messenger applications. Moreover, these messaging applications 

are being used by more than two billion people, especially the younger generations. As an example, 

Facebook Messenger on its own had reached one billion users in 2016 (Constine, 2016) and people 

had gotten used to communicating with short, clear chat messages. In accordance, for a chatbot to be 

successful, it needs to be accessed by many people. As chatbots get more extendedly implemented in 

the messenger platform, a huge amount of active people on these messaging applications forms a 

relatively big opportunity for companies that prefer one-to-one conversations with users. Besides, 

digitalisation and technology advancements (internet, mobile devices) still represent the base support 

pillar for this change in communication channels between people and companies (Candela, 2018).  

 

In summary, chatbot technology has become very accessible as almost anyone can create his or her 

own chatbot fairly easily these days. However, the same previously introduced issue remains, as most 

chatbots are rule-based, which are limited to do exactly what they are programmed for, as explained in 

section 2.2.1. More intelligent chatbots, who can use artificial intelligence capabilities are more 

challenging and require some programming skill and experience. This lack of intelligence has caused 

chatbots to often occur with errors, such as being unable to understand a customer’s intention. As a 

result, customers became frustrated about using chatbots for services.  

 

2.4.3. The decline 

As stated previously, the year 2016 was known to be the year of the chatbot, as chatbot creation and 

use suddenly boomed and became integrated in customer services of commercial companies. 

Facebook’s effort to enable chatbot creation on the Messenger platform was one of the main reasons 

for this. However, chatbots never really broke through as a main front desk service provider because 

they still had to cope with different technical challenges. In order for chatbots to be used in customer 

service, companies needed to adapt chatbots to optimize the customer experience. According to Bellec 

(2018), this includes personalization in the first place. Brands can only fulfil the customer’s wishes when 

their chatbot understands exactly what the customer is asking for and in what emotional state they are.  

Secondly, chatbots are required to fully understand the customer’s intent behind his or her behaviour 

such that the company can provide the right support at the right time as well as providing the right 

information to push the customer to the next step in the customer journey. Based on analysis of 

customer behaviour, potential questions can be answered before they are asked.  

Thirdly, customers want fast and accurate answers, they are not willing to wait and refuse to accept 

error in their service. According to Mladenić & Bradeško (2012), the main challenge that current 

chatbots have is following the context and understanding human inputs and its responses, it is their key 

success factor and it has not been achieved yet.  
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Even with a state-of-the-art assistant like Google Assistant who can hold a conversational thread across 

several steps in a dialogue, the conversation ultimately breaks down and the input from the chatbot 

becomes irrelevant (Følstad & Brandtzæg, 2017). Most of the current available chatbots make use of 

pattern matching and try to find a scripted response that matches the input, which does not always lead 

to fully satisfying conversations. In an attempt to make chatbots more successful, some new 

functionalities were added such as remembering the facts of a conversation for future recommendations 

or the use of some sort of ontology, but even with these improvements the problem remains unresolved 

(Mladenić & Bradeško, 2012). 

 

The challenges named above are summarized and confirmed in a report published by van Lun (2018), 

who asked 3000 US and UK consumers to identify the biggest pain points in using chatbots for customer 

service. The results have identified ‘chatbots not being intelligent enough’, ‘chatbots getting stuck and 

do not know what to do next’ and ‘the issue of having to repeat information when being transferred to a 

human agent’ as three biggest pain points. The same conclusions were drawn in a report published by 

Pegasystems Inc. (pega.com, 2018). As explained in section 2.2, there exists a category of chatbots 

that are powered by artificial intelligence tools such as machine learning, deep learning and natural 

language processing which enable chatbots to understand context, meaning, tone and emotion such 

that companies can have meaningful conversations with their customers. These technologies play a 

key role in how ‘smart’ a chatbot is, and thus how good it will be in customer services (Bellec, 2018). 

However, artificial intelligence has not been around for a very long time and is still in an infancy phase.  

 

2.4.4. Chatbots of tomorrow  

As discussed in the previous sections, recent developments in artificial intelligence have empowered 

chatbots more than ever, as they have made significant improvements in interpreting natural language 

and machine learning. Moreover, major companies like Facebook, Apple, Google and Microsoft are (on 

a daily basis) spending a lot of resources on research related to real-life conversations between 

machine and user, supported by commercial business models (Goyal, Pandey & Jain, 2018). Radziwill 

& Benton (2017) make it clear that machine learning approaches are increasingly being integrated to 

transform chatbots into more adaptive agents that can handle different input styles and perform new 

tasks over time. Furthermore, the chatbots that are currently being developed do not depend on 

deterministic responses from rules-based pattern matching (like older chatbots) anymore.  
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The new chatbots learn in three different ways: supervised learning by means of training sets on which 

the chatbot is put to practice and improve its functions, unsupervised learning using Markov-chain 

based models (each word is a node, and each edge represents the probability that the chatbot says 

both words one after the other), and a form of hybrid learning by which humans participate in the training 

process over time. Supervised learning and hybrid intelligence approaches are the more extensive and 

costly methods but result in more qualitative systems that are relatively better in problem solving 

techniques and capable of achieving their goals much faster (Radziwill & Benton, 2017; Wilson et al., 

2017). 

 

Most of the current chatbots are embedded in messaging services, which might also undergo a change 

in the future. Interactions, services and content used by different webpages or applications will appear 

into the same conversational threads and the same natural language interface might be used in them.  

As Følstad & Brandtzæg (2017) say: “For developers and researchers, this implies designing for entire 

service processes across conversational touchpoint with the user, rather than specific user interfaces. 

The future era of chatbots implies that contents, services and interactions do not differentiate by their 

user interfaces but rather by their convenience in accessing the context of conversational threads”. 

(Følstad & Brandtzæg, 2017, p.3). Das & Khan (2018) summarize it well: “chatbots are like the early 

age of the Web. Things are still shaky yet growing at the speed of light.” (Das & Khan, 2018, p.51). 

 

2.4.5. Recap  

Section 2 has fully covered the definition and the working of chatbots. In addition, a brief history was 

given which has illustrated the evolution chatbots have gone through the last fifty years. The first chatbot 

ever was a ‘dumb’ chatbot, that could only recognize a limited amount of questions, while today chatbots 

are almost as smart as humans in a conversation. Some might not even see the difference between a 

chatbot conversation and a human conversation anymore. Furthermore, platforms like Messenger, the 

increasing use of social media, and upcoming smart technologies have contributed to the introduction 

of chatbots in customer services and many companies have started to implement them. However, as 

they are still not smart enough to understand human language partly due to the immaturity of smart 

technologies, customers got frustrated and went back to company’s front offices. It should be well 

understood that chatbots are not a lost technology but are being improved on a daily basis to become 

better and smarter. The main challenges remain to enforce chatbots by artificial intelligence capabilities, 

which are a chatbot’s main base to intuitively understand natural language. In order to obtain that, 

artificial intelligence itself needs to become better, and this will be a matter of time.  

  



 

15  

With all this information, one should understand by now that chatbots evolve continuously and at high 

speed, making the chatbots of today totally different from the chatbots of five years ago. Therefore, 

research performed on their quality attributes needs to evolve with them, and thus be updated over 

time. The next section will introduce the quality aspect concerning chatbots as a service. Hereby 

different chatbot quality attributes will be listed up, providing a clear overview of what the chatbots of 

today should be capable of doing in order to meet customer expectations. Afterwards, this research will 

try to set up its own service quality model related to chatbots and compare to the existing, well-known 

service quality models. 
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3. Chatbot quality evaluation 

Chatbots offer a service similar to a mobile application offered by firms, they can also be compared to 

websites if they are seen as an information-containing entity. There exist models to measure the quality 

of both these types of services, but since they are only similar and not the exact same as chatbots, 

these models should be adapted to evaluate chatbot quality level. Moreover, customers expect different 

things from a chatbot compared to a mobile application or a website. The differences between chatbots 

and websites, mobile services and other services will become clear later in this paper.  

Keeping the challenges, advantages and disadvantages in mind, one should carefully think about how 

to develop a chatbot. To assess whether a chatbot can overcome these challenges, some developers 

just do some pre-use tests with some volunteers. Others immediately throw the chatbot into business 

and observe its operations while correcting appearing mistakes on sight. Even after some tests with 

volunteers, there often still exist some chatbot attributes users are frustrated about because they are 

present, or because they are not. When this happens, the problem has to be solved at the time the 

chatbot is already in use for service. In order to better support chatbot evaluation, this work aims to 

create a model to evaluate chatbots quality based on the user’s opinion on different quality dimensions 

and attributes.  

 

3.1. Perceived Service Quality 

The construct of quality as conceptualized in the service literature and as measured by a quality model 

for chatbots involves perceived quality. Zeithaml (1987) describes this as the customer’s judgement 

about an entity’s overall excellence or superiority. Service quality does not focus on specific details of 

a service but is an overall evaluation that considers both the outcome as the delivery of a service 

(Parasuraman, Zeithaml and Berry, 1985). The overall excellence or superiority of a service depends 

on the degree of discrepancy between the customers’ perceptions and their expectations (Grönroos, 

1982). The former is the way in which a customer experiences the service. The latter refers to what the 

service should offer according to the customer. Knowledge about goods quality is insufficient to 

understand service quality, and knowledge about service quality in general is not enough to describe 

the quality of a specific service such as chatbots. These differences will be explained briefly in the 

following paragraphs. 

 

3.1.1.  Differences between goods and services 

There are three well-documented characteristics of services that need to be understood to fully capture 

what service quality entails. These characteristics will also be applied to chatbots in the subsequent 

text. 
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First, most services are intangible. They are performances rather than objects, and due to this firms 

may find it difficult to understand how consumers perceive their services and how they evaluate the 

service quality (Zeithaml, 1981). Chatbots are a rich and complex means of communication and 

consists of different types and uses as mentioned before. They cannot be inventoried, measured or 

made following exact manufacturing specifications like one would use to make a good. Intangibility is 

thus a main characteristic of chatbots.  

 

Second, services are heterogeneous, especially those with high labour content. The performance 

depends on multiple factors. It varies from service provider to service provider and is perceived 

differently by every customer. The way the service is brought is often inconsistent (Booms and Bitner, 

1981), as two customers will not be treated in the exact same way in most of the cases. What a service 

intends to deliver might be different from what the consumer receives. Chatbots are heterogenous as 

well, especially the more complex and advanced ones. Different consumers will get different reactions 

from a chatbot depending on their individual input and the bot’s capabilities. 

 

Lastly, production and consumption of many services are inseparable (Carmen and Langeard 1980, 

Grönroos 1978, Regan 1963, Upah 1980). In these services, quality occurs during the delivery of the 

service and it often depends on interaction between the service provider and the consumer (Lehtinen 

and Lehtinen 1982). The consumer can participate in some services, e.g. by giving instructions, 

reducing the firm’s control over the quality of the service and increasing the importance of a consumer 

compared to interactions with goods. As mentioned before, chatbots are a means of communication. 

Consumer’ input is key to this service. In this aspect, production and consumption of a chatbot service 

can be seen as inseparable. More concrete, the “production” of output by a chatbot depends on the 

“consumption”, the input of a consumer. If one looks at the creation of a chatbot as an independent 

entity, it can be separate from the consumption by a consumer, as they are not necessarily needed to 

create a bot. In this paper we will use the former way of thinking, the produced chatbot service is a 

conversation and cannot be separated from the consumption. 

 

3.2. Similar Service Quality Models 

Multiple Service Quality Models can be found in literature. Delivering superior service quality is a key 

determinant to beat competitors in today’s economy. As mentioned before, services have three features 

that distinct them from products: intangibility, heterogeneity and inseparability of production and 

consumption. This makes it impossible to measure service quality by using objective measures such 

as number of defects and durability as used in product quality measurements. An appropriate approach 

for assessing service quality was needed. This led to the development of several service quality models 

over the course of time with different dimensions than the previous used product quality models. 

Customers do not expect the same from all types of services, their expectations and perceptions differ 

when comparing different types of services. This led to the development of specific service quality 

models, specialized on one type of service (e.g. e-SERVQUAL, which focuses solely on websites).  
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These models all have in common that they summarize the most important dimensions the service in 

question should distinguish in order to be a good fit for the (average) customer. Some of the most 

relevant models and their proposed dimensions are summarized in the following table (table 1) and 

explained more elaborately in the following sections. 

 

Table 1: Similar Service Quality Models 

REFERENCE AUTHORS TYPE OF 
SERVICE 

USED QUALITY 
DIMENSIONS 

COMMENTS 

SERVQUAL: A 
MULTIPLE ITEM 
SCALE FOR 
MEASURING 
COSTUMER 
PERCEPTIONS OF 
USER QUALITY 
(1988) 
 

Parasuraman
, A.; 
Zeithaml, 
Valarie A.; 
Berry, 
Leonard L. 
Berry 

Services in 
general 

Reliability, Assurance, 
Tangibles, Empathy 
and Responsiveness 
(RATER) 

Source of most 
Service Quality 
models 

SERVICE QUALITY 
DELIVERY 
THROUGH WEB 
SITES: A CRITICAL 
REVIEW OF EXTANT 
KNOWLEDGE (2002) 
 

Zeithaml, 
Valarie A.; 
Parasuraman
, A.; Arvind 
Malhotra 

Websites Core: Efficiency, 
Fulfillment, Reliability, 
Security/Privacy. 
Recovery: 
Responsiveness, 
Compensation, 
Contact 

Starts from 
SERVQUAL and is 
optimized to use on 
websites. Core = 
always present, 
Recovery = only 
when customer has 
questions/problems
. 

A 
MULTIDIMENSIONAL 
AND HIERARCHICAL 
MODEL OF MOBILE 
SERVICE QUALITY 
(2009) 
 

Wang et al. Mobile 
services 

Interaction Quality, 
Environment Quality 
and Outcome Quality 

Each dimension 
has 
subdimensions, 
optimizing it for use 
on mobile services. 

COMMERCIAL 
CHATBOT: 
PERFORMANCE 
EVALUATION, 
USABILITY METRICS 
AND QUALITY 
STANDARDS OF 
EMBODIED 
CONVERSATIONAL 
AGENTS (2015) 

Kuligowska Embodied 

conversation

al agents 

Visual Look, Form of 

implementation, 

Speech synthesis unit, 

Knowledge base, 

Presentation of 

knowledge and 

additional 

functionalities, 

Conversational 

abilities, Language 

skills and context 

sensitiveness, 

Personality traits, 

Personalization 

options, Emergency 

responses in 

unexpected situations 

Embodied 

conversational 

agents are an 

advanced type of 

chatbot. The 

chatbot type we 

focus on in this 

study is less 

complex and 

advanced than 

virtual assistants. 
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The mother of all service quality models is the SERVQUAL model developed by Parasuraman, Zeithaml 

and Berry in 1998. This model will be described first in the following paragraphs. This model is the 

starting point as it forms a good basis for services in general. 

 

Because chatbots cannot be completely compared to services in general as it is a unique and modern 

technology, more similar technologies models were searched in service quality literature. The similar 

services we focused on are websites, mobile services and virtual agents. For websites, it was decided 

to use e-SERVQUAL (Zeithaml et al., 2002) as it was a direct expansion of SERVQUAL, by the same 

authors. Websites are similar to chatbots in the services they offer to customers: Exchange of 

information, sales, after-sale services, etc. Mobile services are similar to chatbots in the way that they 

both are used on mobile devices. Without mobile services, chatbots are not able to offer some of their 

main advantages (24/7 availability, from anywhere). For this purpose, the focus was put on a model by 

Wang et al. (2009). Virtual agents are very advanced chatbots, they mostly use speech to communicate 

and are thus not the same as the chatbots that are researched in this paper. Kuligowska (2015) did 

research on ten quality components of virtual agents. The fact that virtual agents are very similar to 

chatbots make this model a good fit for our research. 

 

3.2.1. SERVQUAL 

One of the first developed service quality models is SERVQUAL, a multi-item scale for measuring 

service quality (Parasumaran, Zeithaml and Berry, 1988). Originally, the scale consisted of ten 

dimensions composed of 97 items in total (about ten items for each dimension). These were refined 

through an iterative process and finally the SERVQUAL scale consisted of five dimensions with a total 

of 22 items. These five dimensions are also known as RATER and are: 

Reliability - The ability to perform the promised service dependably and accurately. 

Assurance - The knowledge and courtesy of employees and their ability to inspire trust and confidence. 

Tangibles - The physical facilities, equipment, and appearance of personnel. 

Empathy - Caring, individualized attention the firm provides its customers. 

Responsiveness - The willingness to help customers and provide prompt service. 

The RATER model is still used these days and forms the roots of most other service quality models 

used today. 

New service quality models are created each year, applied to specific services with unique features that 

need to be measured in adapted and/or new dimensions added to the RATER model. The goal of this 

paper is to create a Service Quality model that focusses on chatbots and the RATER model will be an 

important part of its core. 
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3.2.2. e-SERVQUAL: Quality of e-retail websites 

Zeithaml et al. (2002) developed the e-SERVQUAL measure of e-service quality. This model is built 

upon the SERVQUAL model but focusses specifically on website that provide a shopping service, 

making it a more specialized model than the general SERVQUAL.  

This new model was drawn up through a three-stage process involving exploratory focus groups and 

two phases of empirical data collection and analysis. It contains seven dimensions: efficiency, reliability, 

fulfillment, privacy, responsiveness, compensation and contact. The first four dimensions are classified 

as the core service scale, which should be consider at all times. The last three dimensions are regarded 

as a recovery scale, since they are only applicable when online customers have questions or problems. 

Note that two of the authors are the same ones that developed the aforementioned SERVQUAL model, 

the fundamentals of RATER can be found deeply integrated in this model. 

 

3.2.2.1. Core service scale 

Efficiency - The capability of customers to access the website, find their appropriate product and/or 

information related to preserving minimum effort. 

Fulfilment - The accuracy of service requirements, availability of the product in storage, and delivering 

the product on time. 

Reliability - This is parallel to the reliability dimension in the original SERVQUAL model, where 

customers expect search engines, payment facilities etc. to function reliably, and the information 

presented on the website to be dependable. Two aspects of online service reliability can be 

distinguished (Cox & Dale, 2001). The reliability perception is driven by the correct technical functioning 

of the site, or the technical aspects of the user interface, while the outcome aspect is defined by the 

accuracy of service promises, billing and product information (Zeithaml et al., 2000). 

Security/privacy - Privacy/security refers to the protection of personal and financial information (Yoo 

& Donthu, 2001) and the degree that a site is considered by consumers as being safe from intrusion 

(Parasuraman et al., 2005).  In the classical SERVQUAL model, an important quality dimension was 

assurance, or the degree to which service staff and premises instigate trust in the customer. Online 

customers generally cannot reach the employees, or the physical facilities of the firm they are dealing 

with (Reichheld & Schefter, 2000), so trust needs to be established in other ways. It is the impression 

of assurance the website makes on the customer, which could lead to trust. The security and privacy 

dimension is part of the assurance dimension. Trust is often claimed to be the most important online 

service quality dimension (Papadopoulou et al., 2001; Petersen, 2001; Roy et al., 2001; Urban et al., 

2000). 
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3.2.2.2. Recovery service scale 

Responsiveness - The quality of support customers receive when they have questions or run into 

problems, and the speed with which this support is provided. It compares the capability of e-retailers to 

give appropriate data to customers when a problem happens, having mechanisms for handling returns 

and giving online guarantees. The faster a provider responds to requests, the better the service will be 

evaluated (Van Riel et al, 2004). 

Compensation - The dimension that involves receiving money back and returning shipping and 

handling costs. 

Contact - This points to the need of customers to be able to speak to a live customer service agent 

online or through the phone, requiring seamless multiple channel capabilities on the part of e-retailers. 

 

3.2.3. Mobile Service Quality 

The next model is a mobile service quality model, proposed by Wang et al., (2019). They focused on a 

mobile brokerage service and came up with three primary dimensions with their respective sub-

dimensions: 

 

3.2.3.1. Interaction Quality 

This reflects the quality of a customer’s interaction with the mobile service provider during the service 

delivery. It contains elements of the assurance and empathy dimensions of RATER. This dimension 

has the most significant effect due to the fact that service delivery is intangible and inseparable. The 

subdimensions are employee attitude and expertise, strength of problem solving and information 

quality. 

The interaction between the service provider and the consumer occurs through the mobile device and 

there is no face-to-face interaction. Hence, the behavior dimension about the service provider’s 

employee’s behavior (as used in other studies) became irrelevant. 

 

3.2.3.2. Environment Quality 

This is the extent to which tangible features of the service play a formative role in consumer perceptions 

of overall mobile service quality. This dimension is related to the tangible dimension of RATER. 

Subdimensions used are equipment, design and situation. The equipment refers to the wireless 

telecommunications network that the service provider uses on the one hand; on the other hand, it refers 

to the mobile device that the consumer owns. For mobile services to be successfully delivered, it relies 

on the service provider’s physical environment and the customer’s mobile device. Design refers to 

interface design of the trading system. It includes the navigation, color, shapes, font type, and music. 

Lastly mobility, is the most significant feature of mobile services.  

Consumers can access mobile services at any time anywhere. However, the mobility depends on the 

situation in which consumers use the mobile services. 
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3.2.3.3. Outcome quality 

This is related to the reliability and tangible dimensions of RATER. The subdimensions are punctuality, 

tangibles and valence. Punctuality refers to on-time delivery and waiting times. Tangibles are used as 

a proxy for assessing the outcome quality. Finally, valence reflects attributes that control whether 

customers believe the service outcome is good or bad, regardless of their evaluation of any other aspect 

of the experience. 

 

The three primary dimensions are all influenced by the corporate image. 

 

3.2.4. Quality components of Virtual Agents 

Kuligowska (2015) has conducted research in Poland looking for performance evaluation, usability 

metrics and quality standards of embodied conversational agents. Embodied conversational agents, 

better known as virtual agents, are an advanced form of chatbots that mostly use text-to-speech to 

communicate with the user. She has examined six virtual assistants being used in Poland at the time 

of writing (2015), for which the following quality components and results were measured: 

 

Visual look – Virtual agents that make use of video sequences depicting living persons got the highest 

scores from users. Cartoons like animation were still constituted as good appearances, while a 

disembodied chatbot was considered as very poor. 

Form of implementation on the website - The flexible combination of a built-in window on the main 

page and a pull-out side tab on other pages as a form of virtual agent implementation were assessed 

as very good. Only a pull-out side tab was still considered as good, while a fixed window on all pages 

or a small floating window were only rated as satisfactory.  

Speech synthesis unit - Correspondents liked the virtual assistant with a unique voice the most, 

combined with a shutdown option. A standard voice without shutdown option was evaluated as 

satisfactory while a voiceless virtual assistant was considered as very poor. 

Knowledge base - Divided in basic knowledge (Name, time, capital of Poland, …) and specialized 

knowledge. The more a virtual assistant knows, the better for the customer experience. 

Presentation of Knowledge and Additional Functionalities Performed by Virtual Agents - Being 

able to perform actions by itself (loading new pages, opening new tabs) is considered as a good 

additional functionality of a virtual agent. Virtual agents connected to an external database are able to 

give real-time information to the customer, leading to another advantage. Offering options to the user 

such as “Back”, “Help” and “Home” are also considered as a plus. 
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Conversational Abilities, Language Skills and Context Sensitiveness - The stronger the abilities 

and skills, the better the virtual agent is perceived by users. Virtual agents that were able to lead a 

coherent dialogue, understood complex expressions and who were able to repair the dialogue after a 

mistake were considered very good. Virtual agents that were not able to lead a coherent dialogue were 

still considered as good while virtual agents that only understood small utterances were only considered 

satisfactory. 

Personality Traits - The richer the personality (age, gender, interests…) the better. 

Personalization Options - A more personalized (recalling name, access to conversation history, 

knowing on which page the user is…) service provided by the bot lead to better scores. 

Emergency Responses in Unexpected Situations - Knowledge, behaviour and stress-resistance of 

virtual agents are often rudely probed by users. They mislead the virtual agents, ask about abstract 

concepts or express derogatory attitudes. Typos are also made by users and a virtual agent should be 

able to cope with all these unexpected situations without raising the level of frustration of the customer. 

Possibility of Rating Chatbot and the Website by the User - Asking for feedback can lead to 

increased value for both the customer and the website in the future, as long as the way in which 

feedback is asked is not to excessive. The best way (as perceived by the user) is a five-star rating 

system or asking for assessment of the overall experience or of single answers. No interest in user 

feedback was rated as very poor. 

 

Now that chatbots and service quality models have been explained, the search for attributes and 

dimensions focused on chatbots can begin. The following section focusses on the search for chatbot 

quality attributes using literature. 

 

3.3. Chatbot quality attributes 

The table below gives a thorough overview of the in literature discovered chatbot quality attributes. 

Afterwards, each attribute will be categorized to a certain dimension in the next section of this paper 

followed by explanation about the context in which each attribute and dimension has to be interpreted. 

Of all the quality attributes that were found in the literature, only the ones that seem most important and 

distinguishable from each other are selected, with the aim to obtain a list that enables users and chatbot 

developers to assess any chatbot as wide as possible. Table 2 below displays the 26 chatbot quality 

attributes that were found in literature.  
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Table 2: Original list of chatbot attributes 

ITEM QUALITY ATTRIBUTE SOURCES 

1 

 

2 

 

 

3 

 

 

Interpret commands accurately 

 

Flexible in interpreting knowledge 

 

 

Possibility of rating the chatbot 

Morrisey and Kirakowski (2013) 

 

Cohen and Lane (2016) 

 

 

Kuligowska (2015) 

4 

 

 

5 

 

 

6 

 

7 

 

8 

 

Contains breadth of knowledge 

 

 

Protect and respect privacy 

 

 

Safe from intrusion 

 

Trustworthiness 

 

Transparency  

Cohen and Lane (2016), Kuligowska 

(2015) 

 

Eeuwen (2017) 

 

 

Duijist (2018) 

 

Hertzum et al. (2002) 

 

Hertzum et al. (2002) 

9 

 

10 

 

11 

 

 

12 

 

 

 

Ease of use 

 

User-interface  

 

Use of emojis and pictures/gifs 

 

 

Quick replies VS free text input 

(Chatbot intelligence) 

 

Candela (2018), Duijist (2017) 

 

Duijist (2017) 

 

Kuligowska (2015) 

 

 

Duijist (2017) 

13 

 

 

 

14 

 

Realness of the chatbot 

 

 

 

Create an enjoyable interaction 

 

Ramos (2017), Weizenbaum (1966), 

Cohen (2005), Whitby (1996) 

 

 

Morrisey and Kirakowski (2013) 
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15 

 

 

16 

 

 

17 

 

 

18 

Able to maintain a discussion 

 

 

Convey personality 

 

 

Read and respond to moods 

 

 

Personalization options 

 

 

Morrisey and Kirakowski (2013), 

Kuligowska (2015) 

 

Kuligowska (2015) 

 

 

Beale and Creed (2009) 

 

 

Kuligowska (2015) 

 

 

19 

 

 

20 

 

21 

Robustness to unexpected input  

 

Available at all times 

 

Activation   

Morrisey and Kirakowski (2013), 

Kuligowska (2015) 

Wang et al. (2019) 

 

Hertzum et al. (2002), Kuligowska 

(2015) 

 

22 

 

 

23 

 

24 

 

25 

 

 

26 

 

Productivity 

 

 

Ease of communication 

 

Accessibility  

 

Clarity of purpose  

 

 

Number of services available in the 

chatbot 

 

Candela (2018), Brandtzaeg & Følstad 

(2017) 

 

Rieke (2018)  

 

Duijist (2018) 

 

Van Iwaarden & van der Wiele (2002)  

 

 

Eeuwen (2017) 
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3.3.1. Assigning the chatbot attributes to dimensions 

Before getting into the details of these attributes, all of them were assigned to dimensions first. This has 

led to the definition of eight chatbot quality dimensions: 

 

Functionality: The chatbot does what is expected from it. This dimension is purely function based and 

does not look at the quality of in- or outputs. 

Trustworthiness: The chatbot offers what the user needs. This dimension is purely content based, on 

in- and output of the chatbot. 

Safety: Everything concerning data security and storage of user inputs. 

Usability: Ease of use of the chatbot, convenience related: Everything concerning the reachability and 

the way the chatbot works. 

Graphical appearance: All attributes about (use of) visuals in/of the chatbot. 

Humanity: How well does the chatbot act like a human operator? All attributes that give (the option to 

give) the chatbot a human touch. 

Personalization: The attributes concerning personalized service, service that is not the same for all 

users. 

Productivity: All attributes concerning the speed of service delivery. 

 

These dimensions were compared with the dimensions from the existing service quality models and 

the model of Kuligowska (2015), described in section 3.2. The purpose here is to assess to what extend 

the dimensions from the existing service quality models can be applied to the evaluation of quality 

attributes of chatbots.  

As a matter of clarity, the dimensions of the three service quality models and the model of Kuligowska 

(2015) are given in table 3. This led to the following pairs: 

 

3.3.1.1. Functionality and trustworthiness 

These can be seen as the “Reliability” dimension of SERVQUAL (Parasumaran et al., 1988). Both 

focus on delivering dependable and accurate service as described in the definition of reliability in 

SERVQUAL. The difference is that “Functionality” focusses on doing the actions that are expected, 

looking at the function (doing the right thing). “Trustworthiness” looks at the contents of the actions, the 

used in- and output during the chatbot conversation (doing things right). As neither one is exactly the 

same as reliability, both dimensions will be used separately. Reliability in terms of chatbots is thus doing 

the right things the right way. It entails understanding the user and being able to do what is asked. 
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3.3.1.2. Safety 

This is the same as the “Safety/intrusion” dimension proposed by Parasumaran et al., (2005).  Both 

dimensions focus on the degree to which users feel safe in using the service (be it websites or chatbots). 

As they mean the same and the term “Safety/Intrusion” is more complete, “Safety/Intrusion” will be used 

in the remainder of this paper. Safety/intrusion in chatbot terms is making sure users know what data 

is used, and for what purpose. Additionally, this data should not be apt for intrusion by third parties. 

 

3.3.1.3. Usability 

Similar to the “Efficiency” dimension used in e-SERVQUAL (Zeithaml et al., 2002). Both focus on the 

effort of the customers needed to get what they want. As they are very similar, “Efficiency” will be used 

in the rest of the paper. Efficiency for chatbots is being easy in use and being available at all times from 

anywhere. 

 

3.3.1.3. Graphical appearance 

Partly similar to Kuligowska’s (2015) “Visual look of the chatbot” dimension. Where she only looked 

at the visual look of the virtual assistant itself, the looks of the conversation were also added here. As 

it is not completely the same, “Graphical appearance” will be used throughout the rest of the paper. 

Graphical appearance entails the way the chatbots itself and the conversation looks. Use of all kinds of 

visuals are also part of this dimension. 

 

3.3.1.4. Humanity 

This dimension is an expansion of Kuligowska’s (2015) “Personality traits” dimension. As the 

“Humanity” definition is broader, this one will be used in the remainder of the paper. It consists not only 

conveying a personality, but also the ability to conduct an enjoyable, ‘real’ conversation opposed to a 

monotone robotic one. Being able to respond to the user’s mood and not being able to distinguish it 

from a real person are also part of this dimension. 

 

3.3.1.5. Personalization 

The attributes concerning personalized service, service that is not the same for all users. This attribute 

overlaps with the “Empathy” dimension of the original SERVQUAL model (Parasumaran et al., 1988). 

Empathy is about providing individualized services, focused on the customer in question. Therefore, 

“Empathy” will be used in the remained of the paper. Empathy in chatbot terms is the level of 

personalized interactions.  

The more a chatbot is tailored to a customer’s needs, the more likely the customer will return again and 

again (The Economist, 2001). The use of personalized suggestions that might be of interest to the user 

based on pasts interactions. Ability to maintain a themed discussion, the level of entertainment and 

engagement. 
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3.3.1.6. Productivity 

This dimension overlaps with the “Responsiveness” attribute from the original SERVQUAL model 

(Parasumaran et al., 1988). Both dimensions consider the speed of the service delivered. As 

“Responsiveness” has a broader definition than productivity, it will be used in the remainder of this 

paper. Responsiveness for chatbots refers to responding whenever it is necessary, as soon as possible 

(prompt service). The above-mentioned visuals should not slow down the chatbot too much (there is a 

tradeoff between the visual appeal and the reaction time). Being more responsive as a chatbot means 

being able to deliver results faster than similar services (such as websites and live chat). 

 

Table 3 below summarizes all dimensions of the existing service quality models described in section 

3.2, of which the dimensions were compared with the dimensions of a chatbot in this section. The blue 

line indicates up until where the dimensions of existing models are comparable. Looking at the table 

below, one can immediately notice the similarity between the existing quality dimensions originating out 

of the four similar service quality models and those of the chatbot model. This observation confirms that 

the authors from previous works were actually not far off, and that those attributes can be paired up 

against the ones found for chatbots. This is proven by the fact that the chatbot model, as it is built up at 

this point, completely overlaps with at least one of the dimensions of the other models. For the sake of 

clarity, the overlapping dimensions were put on the same height.  
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Table 3: All dimensions side to side 

SERVQUAL e-SERVQUAL Mobile quality Virtual Assistants Chatbot 

Reliability  
 
 
 
Assurance  
 
 
 
 
 
 
Tangibles  
 
 
 
 
Empathy 

Responsiveness 
(RATER) 

Reliability 
 
 
 
Security/Privacy 
 
 
 
 
Efficiency  
 
 
 
 
 
 
 

Responsiveness 
 
 
Fulfilment  
Compensation 
Contact 

Outcome quality 
 
 
 
Interaction 
quality 
(=assurance+ 
empathy) 
 
 
 
Environment 
quality 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
Visual look 
 
 
Personality traits  
 
 
 
 
 
Form of 
implementation 
 
Speech synthesis 
unit 
 
Knowledge base 
 
Presentation of 
knowledge and 
additional 
functionalities 
Conversational 
abilities  
 
Language skills 
and context 
sensitiveness  
 
 
Personalisation 
options  
 
Emergency 
responses in 
unexpected 
situations   
 

Reliability 
(=Functionality + 
Trustworthiness) 
 
Safety/intrusion 
 
 
 
 
Efficiency  
 
Graphical 
appearance 
 
Humanity 
 
Empathy 

Responsiveness 
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The categorization of the chatbot attributes and the corresponding dimensions can be found in table 4. 

The chatbot quality dimensions listed up in table 3 were used for this. 

 

Table 4: Dimensions and attributes 

DIMENSIONS ITEM QUALITY ATTRIBUTE 

FUNCTIONALITY 1 Interpret commands accurately 
 

2 Flexible in interpreting knowledge 
 

3 Able to maintain a discussion 
 

4 Activation  
 

5 Number of services available in the chatbot 

TRUSTWORTHINESS 6 Trustworthiness 

 7 Possibility of Rating the Chatbot 
 

8 Contains breadth of knowledge 
 

9 Robustness to unexpected input 

 10 Transparency 

SAFETY/INTRUSION 11 Protect and respect privacy 

 12 Safe from intrusion 

EFFICIENCY 13 Ease of use 
 

14 Quick replies vs free text  
 

15 Available at all times 
 

16 Accessibility 
 

17 Clarity of purpose 

 18 Ease of communication 

GRAPHICAL APPEARANCE 19 User-interface 

 20 Use of emojis and pictures/gifs 

HUMANITY 21 Realness of the chatbot 
 

22 Create an enjoyable interaction 

 23 Convey personality 
 

24 Read and respond to moods 

EMPATHY 25 Personalization options 

RESPONSIVENESS 26 Productivity 

 

Up until now, the attributes have only been shown without further explanation. In the next section, 

sufficient effort is taken to explain each of the 26 attributes in the same context as was used in the work 

of the original founders of each attribute.   



 

31  

3.3.2. Quality attributes explained 

Again, for the sake of clarity, the quality attributes are ordered according to the dimension they belong.  

 

3.3.2.1. Functionality 

Interpret commands accurately 

The research of Morrisey & Kirakowski (2013) aimed at generating measurable evaluation criteria 

acceptable to chatbot user by conducting two studies. In the first study, participants had to interact with 

a chatbot and then identify particular moments that the respondent considered to be unnatural during 

the experience. This resulted in seven themes.  In the second part, a questionnaire was created in 

which these themes were made into statements of an attitude-like nature. Participants then had to 

evaluate each statement on a five-point frequency scale. The results reduced the number of themes to 

four, which were ‘conscientiousness’, ‘manners’, thoroughness’ and ‘originality’. The first one, 

conscientiousness comprises items which measure how the chatbot keeps track of the conversation 

and how appropriate its responses were. In this work, this attribute was renamed to ‘interpret commands 

accurately’. The remaining three attributes will be described further.  

 

Flexible in interpreting knowledge  

Cohen & Lane (2016) discuss that the current dialog systems lack flexibility. Flexibility is defined by 

Cohen & Lane (2016) as a system’s ability to perform adequately on a variety of tasks which require 

identical knowledge and reasoning. When a system lacks flexibility, user experience will suffer from 

this. For example, when a user does not know how to phrase their request, the system might not 

understand the user and fail to perform the service whereas in the case the chatbot is flexible, it should 

be able to understand any request independent from the way of phrasing.  The importance of this factor 

results out of the fact that is it expected that users will demand more flexibility as the number of different 

devices and input modalities grow in the future. It was argued that current engineering approaches 

focus too much on specialized capabilities and less on generality capabilities, whereby generality is a 

characteristic of a system whereby performance on one intelligence-requiring task is predictive of 

performance at other intelligence-requiring tasks, as defined by the authors.  More examples are 

provided in their work, which focuses on dialog systems in general. For this research, it is an interesting 

opportunity to conduct research on the flexibility as a quality attribute for a chatbot.  
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Able to maintain a discussion 

One of the four resulting evaluation criteria in the work of Morrissey & Kirakowski (2013), was originality. 

This refers to the chatbot’s ability to produce what seemed to be original material and also its ability to 

take the lead in a conversation. In addition, Kuligowska (2015) mentions that for a virtual agent using 

clear expressions is a core feature to be able to have a proper conversation. The stronger the abilities 

and skills, the better the virtual agent is perceived by users.  

Virtual agents that were able to lead a coherent dialogue, understood complex expressions and that 

were able to build further on the dialog were considered as good. Virtual agents that were not able to 

lead a coherent dialogue were still considered as good while virtual agents that only understood small 

utterances were only considered satisfactory.  

 

Activation 

In the work of Hertzum et al. (2002), one important factor influencing chatbot quality is whether the 

chatbot waits until called upon or tries to contact the customer by itself. The latter is often perceived as 

an annoying salesperson who cannot leave the user alone, and thus has a negative impact on the 

user’s perception. The proposed quality attributes in this research where tested in 2002, a period where 

chatbots were still operating in a primitive form. Therefore, they could be used in this research to provide 

an update of how important they are for today’s modern chatbots. In contrary, Kuligowska (2015) argues 

that an autonomous functionally that most chatbots have, is to initiate a conversation without a request 

from the user. This could happen when the chatbot has gathered enough data from the user enabling 

it to predict future needs. Being able to perform actions by itself (loading new pages, opening new tabs) 

is according to Kuligowska (2015) considered as a good additional functionality of a bot. Bots connected 

to an external database are able to give real-time information to the customer, leading to another 

advantage. 

 

Number of services available in the chatbot 

Eeuwen (2017) has conducted research on the Dutch Millennial’s intention to use Messenger chatbots 

as an interface for mobile commerce.  

His proposed research model is based on the Technology Acceptance Model (TAM) and the Innovation 

Diffusion Theory (IDT), for which the data was collected by means of an online survey. More concrete, 

“the study explores the concept of conversational commerce and studies how Perceived Usefulness, 

Perceived Ease of Use, Compatibility, Internet Privacy Concern, Attitude Towards Mobile 

Advertisement, Attitude towards messenger chatbots and Behavioural Intent are correlated and capable 

of predicting the consumer’s attitude, which in turn predicts behavioural intention to use mobile 

messenger chatbots.” (Eeuwen 2017). 

The results of Eeuwen (2017) have shown that chatbot use is currently not popular in the Dutch 

Millennials population for online shopping, but there is an indication that this might change if those 

chatbots could perform additional tasks which are related to customer service/ after sales service.  
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In other words, the chatbot should be able to perform all tasks that are involved in the full product cycle 

(from purchasing until after sales) such that customers are not confused regarding for which services 

they have to go to shop and for which they can use the chatbot. 

 

3.3.2.2. Trustworthiness 

Trustworthiness 

In the study of Herztum et al. (2002), two case studies have shown that users of e-commerce websites 

devote a lot of time in considerations about the trustworthiness of their sources, including people, 

documents, and virtual agents. According to them, the level of importance of trustworthiness is closely 

linked to the perceived quality. A part of their study has identified six strategic requirements for how 

personified virtual agents can contribute to effective e-commerce. The most crucial one of these 

appeared to be trustworthiness. It happens frequently that virtual agents ask their users to provide 

personal or financial information such that the chatbot can formulate some recommendations on it. In 

general, participants of the study were not sure whether the benefits of exposing such sensitive 

information outweighs the risk.  

 

Possibility of rating the chatbot 

Kuligowska (2015) argues that virtual agents should be able to deliver the services or tasks they are 

created for, but equally important is the owner’s opportunity to improve the virtual agent’s skill and 

activity scope. Asking for feedback can lead to increased value for both the customer and the owner, 

as long as the way in which feedback is asked is not too excessive. A possible way (as perceived by 

the user) is a five-star rating system or asking for assessment of the overall experience or of single 

answers. The results of Kuligowska (2015) show us that people tend to give positive ratings to virtual 

agents who let the users evaluate them.  

 

Contains breadth of knowledge  

The knowledge base stores all data, information and knowledge about reality for a virtual agent, and 

hence it has a fundamental meaning for the functioning of the virtual agent. (Kuligowska 2015, 

Gaudiano & Kater 2000). The evaluations in the work of Kuligowska (2015) have shown that the more 

a virtual agent knows, the better for the customer experience. A broad knowledge base exists both out 

of on-domain and off-domain answers (Kuligowska 2015, Kenny et al. 2007). 

Alongside of a lack of flexibility, as mentioned under the attribute ‘flexibility in interpreting knowledge’, 

Cohen & Lane (2016) discuss that current dialog systems also lack breadth. Breadth is a system’s 

ability to perform adequately on a variety of reasoning tasks.  

When a system lacks breadth, it will have a negative effect on user experience. As an example, the 

authors name a system that has advanced capabilities without foundational capabilities. 
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Robustness to unexpected input 

According to Kuligowska (2015), “research has shown that aggression, verbal abuse and sexual 

harassment towards virtual agents is not uncommon in conversations.” Users often try to mislead virtual 

agents by asking about abstract concepts or by negatively directing their attitude in a conversation. In 

emergency cases like these, the chatbot needs to have the intelligence to respond in a diplomatic, 

patient way. Another frequent occurrence is typos or wrong formulations made by the user, which is 

something a virtual agent should be able to recognize to positively influence the conversation.  

This was also one of the four chatbot evaluation criteria found in the research of Morrisey & Kirakowski 

(2013). In this work, this attribute will be called ‘robustness to unexpected input’.  

 

Transparency 

In the same study of Hertzum et al. (2002), as introduced under the attribute ‘trustworthiness’, the 

results of have revealed that a virtual agent is assumed trustworthy if it is transparent with respect to 

how personal information provided by the user to the chatbot is used. Transparency refers to making 

clear who owns the website or virtual agent and how the organisation can be contacted.  

 

3.3.2.3. Safety/intrusion 

Protect and respect privacy 

One of the highest scoring factors in the results of Eeuwen (2017), which has an influence on a 

customer’s decision whether to use a chatbot or not when requesting service, is privacy. Customers 

are concerned about what happens with the information they give to the chatbot, meaning that 

organizations should find ways to make the chatbot reassure their privacy concerns. 

 

Safe from intrusion 

The work of Duijist (2018) focuses on researching the factors which have an influence on the user 

experience when using chatbots. The research includes mainly personalisation factors, but only 

focusses on their added value as the influence of these factors has already been shown in the work of 

Fan & Poole (2006). To do the research, a chatbot was used which was able to perform both simple 

and complex tasks, such as blocking a bankcard and giving financial advice respectively. The results 

that Duijist (2018) found did not show a significant effect of personalisation (such as showing empathy) 

on the user experience of chatbots. However, it was found that the simple tasks were perceived as 

more useful and leading to higher customer satisfaction compared to the more complex tasks. In her 

conclusion, Duijist (2018) also identified several aspects that could possibly have an influence on the 

user experience, as can be concluded from the following results:  

 

Mainly for services that require sensitive information, users would like to see notifications that their 

details are validated. Particularly for financial data, users appreciate some degree of assurance that 

their inputs are secured. 
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3.3.2.4. Efficiency 

Ease of use 

Candela’s (2018) research tried to assess the customer’s perception and attitude towards chatbots’ 

adoption in the Italian market. The research starts by looking for reasons why customers would use a 

chatbot to fulfil a specific need by using the Uses and Gratification Theory (Candela 2018). Findings 

were that, at the moment, chatbots are mostly used by innovators and early adopters, and one of their 

main reasons for use is the fact that a chatbot is an easy tool to use in customer services.  

In the work of Duijist (2018), customers had indicated that they perceive it as important that the chatbot 

explains at the beginning how it should be used for interaction and what its exact goal is. Moreover, it 

should be able to provide all possible linked information to the performed service such as how long it 

would take to block a bankcard. 

 

Quick replies vs free text 

Quick replies are small buttons containing a message. The user will not have to type their responses, 

instead, they will be given options beforehand. It improves the process speed compared to text input, 

as the user does not have to think about the different possibilities to write a request. On the other side, 

quick replies limit the user in expressing his or her meaning, which were not liked by all customers, and 

therefore again, some would like to see both options included in the chatbot. The sole use of quick 

replies could give a feeling that the user is only going through a fixed menu instead of a conversation. 

For example, if the chatbot asks a question on which it only expects a yes/no answer, the chatbot could 

provide two buttons containing ‘yes’ and ‘no’ to prevent to user from answering differently. (Duijist, 2017) 

 

Available at all times 

One difference of chatbots compared to other similar services (such as live chat with employees) is the 

24/7 availability of a chatbot. Chatbots offer the power to the user to ask questions at any time of the 

day. This is not possible in other customer support services. This issue was previously encountered in 

the environment quality dimension of Wang et al. (2019) in section 1.2, where they have mentioned that 

the most important aspect of mobile services is mobility, in other words being available anywhere at 

any time. 

 

Accessibility 

With this attribute, Duijist (2018) mainly aims at people from older generations for whom it is often hard 

to complete a conversation with a chatbot because they are not used to the concept of chatting like the 

younger generations do. Some have indicated that they would not use the chatbot if it was only available 

through Facebook since they do not use Facebook. Integration in other applications or the service’ 

website would be appreciated. 
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Clarity of purpose 

A study by van Iwaarden & van der Wiele (2002) has provided more insight to what extend the 

SERVQUAL model developed by Zeitahml et al. (1988) can be applied to E-business. Moreover, their 

purpose was to develop empirical evidence on quality attributes for websites as perceived to be 

important by people who are familiar with the internet. One of the attributes used in their research was 

whether the purpose of a website is clear. This attribute is literally taken over and no further explanation 

was provided. This research assumes that it refers to how important the customer perceives it to know 

exactly what a chatbot should be used for, before initiating the conversation. 

 

Ease of communication  

Rieke (2018) has analyzed the relationship between motives for using a chatbot and satisfaction with 

chatbot characteristics. One part of this work existed of discovering the motives for using a chatbot that 

affect customer satisfaction with chatbot characteristics and how these are valued by users. One of the 

identified characteristics entails the ease of communication with a chatbot about important issues. 

However, no further explanation around this attribute was provided, it seemed that the author aimed at 

whether the user experiences difficulties in transferring his meaning to the chatbot in such a way that 

the chatbot immediately reacts in the correct way.  

 

3.3.2.5. Graphical appearance 

User-interface 

Duijist (2018) argues that quick replies should be put clear on the screen such that they cannot be 

overseen by the user. Overall, messages should not be too long as users do not like to read too much 

of text and therefore prefer a more visual way of communicating with the chatbot. Text blocks should 

not overload the screen in terms of appearing fast one after the other while containing a lot of 

information. There should be a bit of time between the blocks and they should contain only small text 

parts.  

 

Use of emojis and pictures/gifs 

Kuligowska (2015) uses “Visual look” as one of her dimensions. Translating this to chatbot terms, to 

the visuals used in chatbots, the attribute “use of emojis and pictures/gifs” was created. Both focus on 

how the service is deliver in terms of visuals. 

 

3.3.2.6. Humanity 

Realness of the chatbot 
An early test for assessing the capability of chatbots was the Turing test, which was introduced by Alan 

Turing in 1950 as an answer to the question “Can machines think?” As defined by Mladenić & Bradeško 

(2012), the Turing test (also known as the imitation game) is a test in which the goal for a chatbot is to 

maintain a conversation indistinguishable from a human conversation.  

Usually, the test is performed by a human observer who asks questions or is having the conversation 

with someone on a computer.  
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This person on the other side, however, could both be a chatbot or a person. If the judge thinks he or 

she is talking to a human, while there is a chatbot on the other side, the chatbot passes the test. Ramos 

(2017) points out that people do not care about the fact that the chatbot is not impersonating a real 

person, as long as it does what it is intended to do. In other words, giving the impression of being human 

is not a valid quality attribute. The end goal of a chatbot is not to be human-like, it is to help people and 

deliver results. An example given by him is Alexa, the virtual assistant of Amazon that is capable of 

controlling smart devices in-house. “This chatbot would never pass the Turing test, but it is an amazing 

device and works extremely well for the tasks it is intended to do.”  His statement is mainly based on 

his experience with his own chatbot, that is equipped with Natural Language Processing technology.  

Another author who is in favour of forgetting the Turing test is Whitby (1996), who’s work argues whether 

or not the Turing test is a distraction in the case of Artificial Intelligence in chatbots. Cohen (2005) even 

goes a step further and tries to look for alternatives for the well-known Turing test. In the literature, 

however, there are also authors who are in favour of the Turing test as a quality attribute.  

Weizenbaum (1966), who worked on the chatbots ELIZA and ALICE, made it his specific goal to create 

a chatbot that was smart enough to beat the Turing test. Clearly there is a disagreement on this quality 

attribute, making it an opportunity for this research to validate to what extend customers care about a 

chatbot impersonating a human. Furthermore, a virtual assistant visualization that resembles a real 

person results in increased user involvement and willingness to conduct a conversation. The 

importance of visual looks of a virtual assistant has been shown in previous research (Kuligowska 2015, 

Haake 2009). Chatbots that make use of video sequences depicting real persons got the highest scores 

from users. Cartoon-like animations were still constituted as good appearances, while a disembodied 

virtual assistant was considered as very poor. In our case we just look at the user interface of chatbots, 

as the bots we are investigating are not that advanced. 

 

Create an enjoyable interaction 

The second of the four themes that resulted out of the research of Morrisey & Kirakowski (2013), is 

manners, which assesses the ability of chatbots to display polite behaviour and maintain an enjoyable 

conversation with the user by expressing greetings, apologies or social niceties. In this work, this 

attribute was renamed to ‘create an enjoyable interaction’. 

 

Convey personality  

Following Kuligowska (2015), personality is an important feature for a virtual agent to become more 

credible to someone.  The richer the personality (age, gender, interests…) the better. 
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Read and respond to moods 

A big part of the existing embodied agents is equipped with abilities to express emotion, without 

understanding what impact this can have on users. Chatbots like Chatterbot have an emotional 

component with the goal to improve the realism of the conversation. A lot of research has been 

conducted on the aspects of interactions between emotional agents and users, of which the most 

important studies have been summarized in the work of Beale & Creed (2009).  These authors have 

produced a qualitative overview of the main research into emotional simulation in agents, thereby 

studying and re-formulating the appropriate results in terms of the emotional effects demonstrated and 

performing in-depth analysis to illustrate inconsistencies between the different studies across different 

domains.  

 

The studies summarized in their work have shown inconclusive results. Some studies show that agents 

expressing empathy could help reduce feelings of frustration and improve the interaction, while another 

study had shown that empathy does not have an impact. The tests happened in different domains such 

as the gaming domain and the health domain. The target of a chatbot with emotional capabilities such 

as showing empathy, is to effectively try to affect the user’s feeling at the time the emotions are shown.  

In their conclusion, Bale & Creed (2009) state that most of the research has been conducted by use of 

embodied agents that are rather primitive when compared to the quality of characters used in many of 

today’s computer games.  

 

Out of this can be concluded that the quality attribute “Read and respond to moods of the human 

participant”, as formulated by Radziwill & Benton (2017), possibly still lacks evaluation for more modern 

chatbots with smarter and better capabilities, supported by Artificial Intelligence. Again, previous tests 

have shown how agents would affect user’s feelings, but do they not need to be able to recognize first 

to which human emotion the chatbot has to react first? This would also require some Artificial 

Intelligence capabilities.  

 

3.3.2.7. Empathy 

Personalization options 

A more personalized (recalling name, access to conversation history, knowing on which page the user 

is…) service provided by the virtual agents led to better scores. (Kuligowska, 2015). 
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3.3.2.8. Responsiveness 

Productivity 

To better understand the needs of chatbot users, Brandtzaeg & Følstad (2017) have studied what the 

main reasons are for users to make use of a chatbot. They have done this with the help of a survey that 

was filled in by 146 US citizens, of which most were fairly unexperienced with the use of chatbots. Their 

research resulted in the conclusion that productivity is the most frequent motivational factor, as chatbots 

help them efficiently to obtain their needs. Following on productivity, other motivations such as 

entertainment, social and relational factors, and curiosity about the new technology were named. 

According to Candela (2018), the main application of chatbots in terms of productivity is situated in 

customer services. In this study, 51% of correspondents who never used a chatbot stated that 

productivity is the strongest motivation that could push them towards the use of chatbots.  

 

3.3.3. Recap 

In section three, a chatbot was first identified as a service. Following this determination, a bright look 

was taken on existing service quality models as starting point for defining the quality attributes for 

chatbots. Here, it was discovered that quality attributes can be categorized in different dimensions. 

Starting with the SERVQUAL model which was made for services in general, these dimensions were 

identified as RATER. Afterwards, it was discovered that this model has been applied to specific services 

such as websites and mobile services. Virtual agents have a similar model as well. The point of 

discussing these existing models was to identify the dimensions that are perceived to be ideal for 

service quality. Then, a broad literature scan brought up existing chatbot quality attributes. After 

grouping these attributes in dimensions and comparing them to the existing quality dimensions included 

in the discussed service quality models, it was found that the existing SERVQUAL and other service 

quality model dimensions are not far off when looking at chatbot quality. With this remarkable result, 

the chatbot dimensions have been replaced with as many existing dimensions as possible to keep in 

line with existing literature. 

Now that the attribute list from literature is prepared, the next section will focus on reviewing this list 

during interviews and on measuring the relative importance between them. More specific, for 

companies developing chatbots, it would be a great advantage if they knew beforehand which chatbot 

features are worth putting money into and which are not.   
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4. Research methodology 

The research of this study consisted out of two major parts. First of all, before constructing the survey, 

an explorative study was conducted in the form of three interviews to polish the quality attributes 

deducted from literature as well as to get feedback on the first versions of the questionnaire used in the 

second part of the research. After all interviews were conducted the Kano method was applied to 

evaluate the user’s perception on the different quality attributes by using a survey. Note that the 

interviews and the Kano method were not strictly separated, there was a degree of going back and forth 

between both parts.  

 

4.1. Interviews 

Two of the three interviews were group discussions, one with four experienced chatbot users and one 

with five. The final interview was a feedback session with an expert in service quality and innovation. In 

each interview, the chatbot quality attributes from section 3 were discussed for their validity and 

relevancy. In addition to that, the interviewees were questioned whether other important quality 

attributes related to chatbots that were missing from the original list came to their mind. While 

conducting each interview, all suggestions and remarks were noted down and compared with each 

other for matching points afterwards. This has resulted in a new chatbot quality attribute table which 

now contains 28 chatbot quality attributes (table 5), two more compared to the 26 attributes in the 

previous table. This new table will be considered as final version and will be used throughout the rest 

of this research. 

 

This change was not done by simply adding an extra attribute, but was the result of adding five new 

attributes (execute requested tasks, containing dependable information, personalized suggestions, 

responding immediately, and the need of an account), merging two attributes (after the second 

interview) that were seen as too similar to be seen as separate attributes (able to maintain a discussion 

and using personalized interactions) and removing three others (‘ease of communication’ as it is implied 

by productivity, ‘clarity of purpose’ because it is part of the safety attributes, and ‘trustworthiness’ 

because it was seen as an irrelevant attribute). We made sure during the interviews that the chosen 

attributes for this study each give users some sort of meaningful benefit. 

The five new attributes that were added to the list are interpreted in the following context: 

 

Execute requested tasks 

During the interviews, it was discussed that a chatbot should at least be able to perform the tasks it is 

intended to do. Concretely, this attribute tests whether the user considers it as a positive or negative 

when the chatbot offers additional services similar to the service that the user had asked the chatbot to 

do in the first place, or whether one expects the chatbot only to be doing what it is asked to do. For 

example, if one orders a meal through a chatbot, the chatbot could immediately ask the user if he would 

like a drink in addition to that.  
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Containing dependable information 

During the interviews, it was mentioned that in the case a user requests information from the chatbot, 

the given information is hardly ever supported by a source. More specific, users do not have a clue if 

the answers from the chatbot are from a reliable source, up-to-date and correct. Therefore, testing this 

attribute will prove whether users care about the dependability of the chatbot’s answers or not.  

 

Personalized suggestions 

More specifically, this attribute refers to chatbots being able to remember user input from previous 

conversations and other personal data, depending on the means of communication. The chatbot can 

use this data to optimize future customer experience by aiming at a more personalized service. E.g. if 

a user is using Facebook Messenger, the chatbot might have access to the user’s planned events and 

send automatic reminders/suggestions for similar events in the future.  

 

Responding immediately 

This attribute refers to the chatbot displaying a typing animation (e.g. in Facebook Messenger, three 

small dots are displayed when someone is typing) as if it were a real person taking some time to write 

an answer. This attribute might be related to the ‘humanity’ dimension, but in this context fits better 

under ‘responsiveness’. The chatbot showing a typing animation might frustrate users during their 

experience as they might expect faster answers from a chatbot. On the other side, if the chatbot would 

not show this typing animation, the answer will be provided in a fraction of a second and might be seen 

as too direct. 

 

Need of an account  

This attribute was the last one derived from the interviews. To be able to use most chatbots, users 

require an account for the platform they use to communicate with the chatbot. In the case of Facebook 

Messenger, most Messenger users already have a Facebook account and will not encounter this issue. 

Some other people however, who do not have an account, might decline to use the chatbot for this 

reason since the creation of an account requires to spend some time before you can ask the chatbot 

for the actual service. People might also just prefer to talk anonymously instead of having to log in each 

time.  

 

Additionally to going over the attributes, the statements used during the questionnaire for the Kano 

method (next section) were also presented to the interviewees to ensure all statements were clear and 

related to the attribute they refer to. As a result, some of the statements were adjusted for a better 

understanding of the researched attribute. 



 

42  

Table 5: Final chatbot quality attributes 

 Dimension  Item Quality Attribute References 

 Functionality  1 Interpret commands accurately Morrisey and Kirakowski (2013) 

   2 Execute requested tasks Explorative study 

   3 Flexible in interpreting knowledge Cohen and Lane (2016) 

   4 Able to maintain a discussion Morrisey and Kirakowski (2013), Kuligowska (2015) 

   5 Activation  Hertzum et al. (2002), Kuligowska (2015) 

   6 Number of services available in the chatbot Eeuwen (2017) 

 Trustworthiness  7 Containing dependable information Explorative study 

   8 Possibility of Rating the Chatbot Kuligowska (2015) 

   9 Contains breadth of knowledge Cohen and Lane (2016), Kuligowska (2015) 

   10 Robustness to unexpected input Kuligowska (2015) 

   11 Transparency Hertzum et al. (2002) 

 Safety/Intrusion  12 Protect and respect privacy Eeuwen (2017) 

   13 Safe from intrusion Duijist (2018) 

 Efficiency  14 Ease of use Candela (2018), Duijist (2018) 

   15 Quick replies vs free text  Duijist (2018) 

   16 Available at all times Wang et al. (2019) 

   17 Accessibility Duijist (2018) 

   18 Need of an account Explorative study 

 Graphical 

appearance 

 

19 

 

User-interface 
 

 

Duijist (2018), Kuligowska (2015) 
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   20 Use of emojis and pictures/gifs Kuligowska (2015) 

 Humanity  

21 Realness of the chatbot 

Ramos (2017), Wallace (2003), 

Weizenbaum (1966), Cohen (2005), Whitby (1996) 

   22 Create an enjoyable interaction Morrisey and Kirakowski (2013) 

   23 Convey personality Morrisey and Kirakowski (2013), Kuligowska (2015) 

   24 Read and respond to moods Beale and Creed (2009) 

 Empathy  25 Personalization options Kuligowska (2015) 

   26 Personalized suggestions Explorative study 

 Responsiveness  27 Responding immediately Explorative study 

   28 Productivity Rieke (2018), Candela (2018) 
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As mentioned, table 5 represents the final list of chatbot quality attributes. In the next section, this list 

will be used for applying the verified Kano model, as introduced by Kano et al. in 1984 with the purpose 

to assess their relative importance.  

 

4.2. Kano 

Which chatbot attributes have a more than proportional influence on satisfaction, and which attributes 

are an absolute must in the eyes of the customer? To find out the answer to these questions, we made 

use of the verified Kano model (Kano et al., (1984)). The Kano model is a theory of product 

development, customer needs and customer satisfaction developed in the 1980s by the Japanese 

Professor and consultant Noriaki Kano, which classifies customer preferences into five categories. He 

disagreed with the then accepted theories on retaining customer loyalty. To retain customer loyalty 

customer complaints used to be addressed and the most popular features were extended. Kano intuited 

that retaining loyalty was far more complicated, and it became his goal to demonstrate and explain how 

different categories of customer requirements and product/service attributes have the ability to influence 

customer satisfaction in different ways (Verduyn, 2013). The Kano model proposes that the relationship 

between performance of attributes and customers' satisfaction is non-linear (Kano et. al., 1984). As the 

original paper was in Japanese, a lot of different translations exist for every term used by Kano. In any 

business, knowing how your product or service attributes impact satisfaction is very important when 

prioritizing development efforts and managing development resources. This goes for chatbot services 

as well. 

 

Dr. Kano discovered and classified five categories of attributes that have uniquely different effects on 

customer satisfaction. These five categories can be illustrated on a graph. The horizontal (x) axis is the 

level of fulfilment (figure 3). This is how much of a given feature a customer gets. On the right extreme, 

the feature is fully executed and on the left extreme, it is not executed at all (or very poorly). Some call 

this “sophistication”, “functionality” or “investment”.   

 

 

Figure 3: Fulfilment level 

None Some Basic Good Best
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45  

 

The vertical (y) axis is customer satisfaction for a particular attribute with very satisfied on top and very 

dissatisfied on the bottom (figure 4). Some call this emotional response. This scale is not always linear. 

 

 

 

Figure 4: Customer satisfaction level 

These two dimensions put together are the basis of the Kano Model and will determine how customers 

feel about a chatbot’s attribute. 

 

4.3. Five categories of attributes 

The Kano method (Kano,1984) classifies attributes into five categories, depending on how customers 

react to the provided level of fulfilment. They can be visually represented in the following way (figure 

5): 

 

 

Figure 5: Five categories of attributes (Kano, 1984) 
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• Performance attributes: with regard to these attributes, customer satisfaction is proportional to 

the level of functionality - the higher the level of functionality, the higher the customer’s satisfaction and 

vice versa (Sauerwein et al., 1996). If these attributes are fulfilled, they can become a strong source of 

customer satisfaction and should therefore be given high priority in service design or product 

development. They are the most visible of the Kano attributes and likely the easiest to determine 

because customers freely talk about these (Verduyn, 2013). An example is battery life on most 

consumer products, a longer battery life leads to a more satisfied customer in general. These attributes 

are sometimes also called one-dimensional or linear attributes, as they can be represented by a linear 

function (as can be seen on figure 5). This linear relationship between functionality and satisfaction is 

true primarily for product qualities like ease of use, cost, entertainment value, and security. 

 

• Must-be attributes: these are the attributes the customer expects and takes for granted, they 

are the minimal criteria that must be met for a customer to even consider a product or service. If these 

attributes are not present, the customer will be extremely dissatisfied. On the other hand, as the 

customer takes these attributes for granted, their fulfilment will not increase his or her satisfaction. 

Notice how satisfaction never reaches the positive side of the satisfaction dimension. These attributes 

are seen as prerequisites and are thus not explicitly demanded by the customers. Must-be attributes 

are in any case a decisive competitive factor, and if they are not fulfilled, the customer will not be 

interested in the product or service at all (Sauerwein et al., 1996). An example is being able to perform 

calls on a smartphone. These attributes are also referred to as basic attributes. Note that when a basic 

level of expectations is reached, no further improvements are needed as they will not generate any 

additional customer satisfaction. This can be seen on the graph as well, the must-be function stops 

increasing at one point. 

 

• Attractive attributes: these are the attributes that are unexpected surprises or delights (Verduyn, 

2013) and fulfil previously unmet needs. They cause delight when present but have no negative 

influence when missing because the customers did not explicitly demand nor expect them in the first 

place. These are considered innovations; some companies call them their Unique Selling Propositions 

that differentiate them from the competition (Verduyn, 2013). These attributes lead to more than 

proportional satisfaction and have the greatest influence on how satisfied a customer will be with the 

service or product (Sauerwein et al., 1996). This can be seen in the figure, even some level of fulfilment 

leads to increased satisfaction and it rises quickly. One should not exaggerate on the implementation 

of these attributes as it could be seen as overkill. They are also referred to as excitement attributes or 

delighters. 
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• Indifferent attributes: these are attributes customers simply do not care about whether they are 

present or not (Verduyn, 2013). Their presence or absence have no influence on the customer’s 

satisfaction. That means that it does not matter how much effort producers or service providers put into 

them, as users will not really care. This is another way of saying they should really avoid working on 

these because they are essentially money sinks. These requirements are also called “unimportant 

attributes” as they have a low return on investment. 

 

• Reverse attributes: these are attributes that cause dissatisfaction when present, and 

satisfaction when absent. They signify that the product or service feature is not wanted by customers 

and that they strongly expect the reverse (Sauerwein et al., 1996). These should be avoided at all costs. 

An example (for some users) is the Bixby button on some Samsung phones, which cannot be remapped 

for other functionalities at the time of writing this paper . 

 

The following strategic implications emerge after categorizing all attributes: Accomplish all must-be 

attributes, be competitive with regard to performance attributes and stick out from the rest regarding 

the attractive attributes (Sauerwein et al., 1996). If this is done accordingly, one will increase customer 

satisfaction and as a consequence customer loyalty. Competitive advantage will increase compared to 

when this is not done (Matzler & Hinterhuber, 1998). 

 

4.4. The Natural Decay of Delight 

Note that these categories are not absolute nor permanent since customers do not always think alike, 

there are shades of grey between categories. A must-be attribute for one customer might be an 

attractive attribute for another, all customers are a little different and have different priorities (Verduyn, 

2013). The Kano model measures the mean perception of all respondents at a certain point in time. 

The timing of the research also influences the results, as an attribute that is seen as an attractive 

attribute today will be asked for tomorrow (performance attribute) and expected the day after (must-be 

attribute).  

This phenomenon is called the natural decay of delight and is due to many different factors, including 

technological evolution, and the emergence of competitors, all striving to bring the same functionality 

after the first mover. When everyone offers the same attributes performance and attractive attributes 

become must-be attributes over time. 

As mentioned before, must-be, performance and attractive attributes are critical to the success and 

profits of an offering and should be present in the service offered, while indifferent and reverse attributes 

should be removed or reduced to a basic level as it only leads to costs and no profits. 
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4.5. Advantages of using Kano 

The point of these categories is that a producer or service provider must couple the importance of a 

particular attribute with the Kano category it falls into to help prioritize improvement efforts and 

determine his or her future development goals. All categories are important and should be balanced 

out to have a successful and profitable offering. Missing important attributes from any of the categories 

may greatly endanger the success of an offering (Verduyn, 2013). 

 

The following advantages of classifying customer attributes (of chatbots) by means of the Kano method 

(Qiting, P., Uno, N., & Kubota, Y. (2011), Sauerwein et al., 1996) are present: 

 

• Determining the priorities for chatbot development. The must-be attributes have the highest 

impact on chatbot development. In other words, the must-be attributes can be regarded as 

encompassing the functions that chatbot must have. The suppliers of chatbots do not have any choices 

in this respect and must provide chatbots that satisfy must-be attributes. However, if the must-be 

attributes are already fulfilled at a satisfactory level, it is not useful to invest in improving them further. 

Improvements in performance or attractive attributes will have a much stronger influence on perceived 

product quality and consequently customer satisfaction. 

 

• Better overall understanding of chatbot attributes. The chatbot criteria which have the 

greatest influence on the customer’s satisfaction can be identified using the customer satisfaction 

coefficient and other analytical methods, which will be explained in more detail later in this paper. 

Classifying product or service attributes into must-be, performance, attractive, indifferent and reverse 

dimensions can be used to focus on what really matters, and to neglect what is less important. 

 

• Aiding in the Design Trade-off Process. If two of the questioned chatbot attributes cannot be 

implemented simultaneously due to technical or financial reasons, the Kano model can be used to 

quantitatively identify which one has the greater influence on customer satisfaction based on the 

different analysis method mentioned later in the paper. 

 

• Discovering and fulfilling attractive attributes. This creates a wide range of possibilities for 

differentiation. A product which merely satisfies the must-be and performance attributes is perceived 

as average and therefore interchangeable (Hinterhuber et al., 1994). 

 

• Kano’s model can be used in combination with Quality Function Deployment. The Kano 

method determines the different important requirements and features of a chatbot (or other 

products/services). This forms a good starting point for QFD analysis (Griffin & Hauser, 1993, Matzler 

& Hinterhuber, 1998). 

 

To determine to which Kano category a certain attribute belongs, a special survey was used. Setting 

up the survey, conducting the research and evaluating the results consisted of different steps. 
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4.6. Step 1: Identification of chatbot requirements and respondents 

4.6.1. Chatbot attributes 

The starting point for constructing the Kano survey is identifying the relevant chatbot attributes. As 

mentioned earlier, these attributes (table 6) were mostly gathered from literature and expanded with 

some attributes found during the explorative study (expert interviews). This way, possible starting points 

for improvements of a chatbot were identified, which in turn could lead to an increase or decrease in 

satisfaction.  

 

Table 6: Final 28 chatbot attributes 

Item Quality Attribute 

1 Interpret commands accurately 

2 Execute requested tasks 

3 Flexible in interpreting knowledge 

4 Able to maintain a discussion 

5 Activation 

6 Number of services available in the chatbot 

7 Containing dependable information 

8 Possibility of Rating the Chatbot 

9 Contains breadth of knowledge 

10 Robustness to unexpected input 

11 Transparency 

12 Protect and respect privacy 

13 Safe from intrusion 

14 Ease of use 

15 Quick replies vs free text 

16 Available at all times 

17 Accessibility 

18 Need of an account 

19 User-interface 

20 Use of emojis and pictures/Gifs 

21 Realness of the chatbot 

22 Create an enjoyable interaction 

23 Convey personality 

24 Read and respond to moods 

25 Personalization options 

26 Personalized suggestions 

27 Responding immediately 

28 Productivity 
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4.6.2. Respondents 

It was decided that respondents of any nationality, gender, degree of study and age should be allowed 

to participate in this study, as we are investigating (potential) chatbot users in general. For that purpose, 

examples of chatbots and definitions will be given so that even unexperienced respondents will be able 

to fill in the survey. No particular customer segment or chatbot will be targeted in this study as we want 

to test chatbot quality in general. Respondents will be described more in detail in the results section of 

this paper. 

 

4.7. Step 2: Construction of the Kano survey 

4.7.1. Questions 

In the Kano survey, two statements are developed for each of 28 attributes from step 1. Each pair of 

statements stands for a single attribute. More specific, a functional (positive) and a dysfunctional 

(negative) formulation of each attribute is developed. The respondent is then asked how he or she feels 

when reading each statement and answer this based on a five-level rating scale. The functional 

statement captures the reaction of the respondent when the respective attribute is present. The 

dysfunctional statement, on the other hand, captures the reaction in the case of non-existence. Here, 

the respondent is asked in the statement how he or she feels when the attribute is missing in the chatbot 

(Sauerwein et al., 1996). Be aware that the dysfunctional question is not necessarily the opposite of the 

functional one; it is just the absence of the functionality. It is not necessary to use polar opposites at all 

times (such as always versus never, instead of always “some” can be used). When formulating these 

questions, we made sure that all questions were clear for the correspondents by means of the 

beforementioned focus interviews where we also evaluated the content of all used statements. All 

questions were phrased in terms of benefits for the user and focussed on which situations occurred, 

not on how they occurred. Table 7 shows all 56 statements accompanied by the attributes they refer to 

and the source of inspiration of the statements (literature or exploratory study). No examples were given 

of the attributes questioned, as this could possibly influence the respondent’s answers. He or she could 

start answering the survey based on the particular example instead of thinking about chatbots in 

general. 



 

51  

Table 7: Attributes and corresponding statements 

ITEM QUALITY ATTRIBUTE STATEMENTS INSPIRED BY 

1 Interpret commands accurately The chatbot (DOES NOT) interpret(s) commands accurately. Morrisey and Kirakowski (2013) 

2 Execute requested tasks The chatbot (DOES NOT) suggest(s) additional services to the one that was 

requested. 

Ramos (2017) 

3 Flexible in interpreting knowledge The chatbot recognizes any user request, independently from the formulation and 

typos. 

/The chatbot does not understand user requests if it contains typos or is formulated 

incorrectly. 

Cohen and Lane (2016) 

4 Able to maintain a discussion The chatbot can (NOT) maintain a discussion by remembering previously entered 

inputs. 

Morrisey and Kirakowski (2013), 

Kuligowska (2015) 

5 Activation  The chatbot can (NOT) initiate a new conversation by itself. Hertzum et al. (2002), 

Kuligowska (2015) 

6 Number of services available in 

the chatbot 

The chatbot can (NOT) perform more than one service. Eeuwen (2017) 

7 Containing dependable 

information 

The responses of the chatbot are up-to-date, correct. They form a reliable source. 

/The chatbot's responses are untrustworthy. 

Explorative study 

8 Possibility of Rating the Chatbot The chatbot (DOES NOT) ask(s) for a rating of its performance after the 

conversation. 

Kuligowska (2015) 

9 Contains breadth of knowledge The chatbot knows at least as much as an expert in the same industry/service. 

/The chatbot knows less than an expert in the same industry/service. 

Cohen and Lane (2016), 

Kuligowska (2015) 

10 Robustness to unexpected input The chatbot is (NOT) robust to unexpected input. Kuligowska (2015) 

11 Transparency The chatbot (DOES NOT) provide(s) the identity of the organization which receives 

all my inputs. 

Hertzum et al. (2002) 
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12 Protect and respect privacy If the chatbots asks for my personal data, it (DOES NOT) tell(s) me for which 

purposes it will be used. 

Eeuwen (2017) 

13 Safe from intrusion Personal data given to the chatbot can (NOT) be reached by unknown third parties.  Duijist (2018) 

14 Ease of use The chatbot is (NOT) self-explanatory in its use. Candela (2018), Duijist (2018) 

15 Quick replies vs free text  The chatbot mainly (DOES NOT) provide(s) predefined input such as quick replies 

to let the user interact with it. 

Duijist (2018) 

16 Available at all times The chatbot is (NOT) available at all times. Wang et al. (2019) 

17 Accessibility The chatbot can be reached from different platforms such as Facebook, the website 

and WhatsApp. / The chatbot can only be reached through one platform. 

Duijist (2018) 

18 Need of an account I (DO NOT) need an account to conduct a chatbot conversation. Explorative study 

19 User-interface The chatbot user-interface has/does NOT have a good-looking lay-out. Duijist (2018), Kuligowska (2015) 

20 Use of emojis and pictures/gifs The chatbot (DOES NOT) add(s) emojis, pictures, gifs… to its answers Kuligowska (2015) 

21 Realness of the chatbot The conversation with the chatbot can (NOT) be distinguished from a conversation 

with a human. 

Ramos (2017), Wallace (2003), 

Weizenbaum (1966), Cohen (2005), 

Whitby (1996) 

22 Create an enjoyable interaction The chatbot (DOES NOT) communicate(s) in a robotic, non-empathic way. 

/The chatbot interacts in an enjoyable way. 

Morrisey and Kirakowski (2013) 

23 Convey personality The chatbot (DOES NOT) has/have a distinct personality. Morrisey and Kirakowski (2013), 

Kuligowska (2015) 

24 Read and respond to moods The chatbot (DOES NOT) recognize(s) and respond(s) according to my mood. Beale and Creed (2009) 

25 Personalization options The chatbot can (NOT) be personalized by the user. Kuligowska (2015) 

26 Personalized suggestions The chatbot (DOES NOT) make(s) recommendations based on your data. Explorative study 

27 Responding immediately The chatbot (DOES NOT) display(s) a typing animation before it gives an answer. Explorative study 

28 Productivity The chatbot (DOES NOT) provide(s) results faster than its alternatives, such as 

websites, mail and live chats. 

Rieke (2018), Candela (2018) 
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4.7.2. Answers 

The answers options for each pair of statements are presented through a five-level rating scale 

(Zacarias, 2018, Matzler and Hinterhuber, 1998), which has the following levels:  

 

1) I dislike it 

2) I can live with it 

3) I am neutral 

4) I expect it 

5) I like it 

 

The logic for presenting the answers this way is that they fall along a scale from pleasure to avoidance 

of displeasure. A plethora of different scales can be found for the Kano method. This scale was chosen 

based on the opinions of interviewees during the conducted interviews. Table 8 represents an overview 

of the scales and statements (if available) that were used for each attribute in the original work where 

they were found. These are not the statements/scales used in this work. 
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Table 8: Original statements and scales 

Quality attribute Item Original statement Original scale 

Interpret commands 

accurately 

1 - Five-point frequency scale (“always”, “often”, 

“sometimes”, “seldom”, “never”) 

Execute requested 

tasks  

2 - Personal experience 

Flexible in interpreting 

knowledge 

3 Chatbot specific item: 

"I want to go downtown", 

"If I ride the 4b bus, will it take me downtown?"  

Pass, fail, alternative 

Able to maintain a 

discussion 

4 “recalling the name of the user” Five-point frequency scale (“always”, “often”, 

“sometimes”, “seldom”, “never”) 

Activation  5 - Interview while doing 

Number of services 

available in the chatbot 

6 - Discussion, User opinion 

Containing dependable 

information 

7 Chatbot specific item: 

"Single answer, ask for assessment", 

"No interest in user feedback" 

Standard 1-5 rating scale  

Possibility of Rating 

the Chatbot 

8 Giving a score on different ways of rating: 

"Single answer, ask for assessment", 

"Single answer, five-star rating system" 

Standard 1-5 rating scale 

Contains breadth of 

knowledge 

9 Chatbot specific item: 

"What cars do you know of?" 

Pass, fail, alternative  

Robustness to 

unexpected input  

10 Chatbot specific item:  

"Do cars have ears?" 

Standard 1-5 rating scale 
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Protect and respect 

privacy 

11 “I am concerned that the information I submit via messenger chatbots could be 

misused.” 

Five-point Likert scale disagree-agree 

Transparency 12 Chatbot specific item Interview while doing 

Safe from intrusion 13 - Discussion, opinion 

Ease of use 14 “I think learning how to use chatbots is easy” Five-point Likert scale disagree-agree 

Quick replies vs free 

text 

15 - Discussion, User opinion 

Available at all times 16 Three questions:  

“In general, the mobile telecommunications network of the mobile communication 

application service provider meets my needs”, 

“When I am in confined environments, such as basements and elevators, I still 

receive real-time information that the mobile communication application service 

provider provided" and 

"The mobile communication service provider understand my needs to use its mobile 

application in confined environments, such as basements and elevators". 

1-7 Likert scale 

Accessibility  17 - Discussion, User opinion 

Need of an account 18 - Not done before. 

User-interface 19 Chatbot specific item: 

"Video sequences depicting a living person" 

Standard 1-5 rating scale 

Use of emojis and 

pictures/Gifs 

20 Chatbot specific item:  

"Cartoon-like animations" 

Standard 1-5 rating scale  

Realness of the chatbot 21 - Turing test, user experience  

Create an enjoyable 

interaction 

22 - Five-point frequency scale (“always”, “often”, 

“sometimes”, “seldom”, “never”) 
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Convey personality 23 - Five-point frequency scale (“always”, “often”, 

“sometimes”, “seldom”, “never”) 

Read and respond to 

moods 

24 - Discussion, user experience  

Personalization options 25 “Change of the gender” Standard 1-5 rating scale  

Personalized 

suggestions 

26 - Not done before. 

Responding 

immediately 

27 - Not done before 

Productivity 28 “The main reasons to use chatbots are speed and convenience” Yes/no question 
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4.7.3. Survey arrangement 

The survey in this research consisted of two different parts, containing different question types. 

 

• Part 1 – Demographic questions and experiences with a chatbot 

In this part, general questions such as gender, age, country of origin and studies were asked. On top 

of that, the respondents’ experience with chatbots was questioned. Examples of bots were given to all 

respondents to make sure that everyone knows what the survey is about. It was specified that all 

questions are related to chatbots in general, and not to a specific chatbot found in the examples or to a 

chatbot that the user might have used in the past. 

 

• Part 2 – Testing the 28 attributes 

In this part, the actual research took place and the 28 attributes, represented by pairs of statements, 

were shown to the respondents. The questionnaire only consisted of closed questions or predefined 

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

(Hyman & Sierra, 2016). 

 

Before all questions an introduction was given explaining our goals and mentioning the possibility to 

win one of three Amazon Gift cards to incentivise respondents to participate.  

 

4.7.4. Testing the survey 

Before publishing the finished survey, feedback was asked in a pilot study with a professional in the 

innovation and service quality field. Her feedback was greatly appreciated and implemented in the final 

version of the survey.  

 

4.8. Step 3: Conducting the market research 

It was decided to use an online survey in the form of a questionnaire to carry out the customer 

interviews. This survey was created in Qualtrics (online questionnaire tool available through the 

University of Ghent) and was made available on social media. Qualtrics enables an attractive, external 

design of the questionnaire, an anonymous data collection and a transfer of the data into a statistical 

program (SPSS). 

As mentioned before, no specific target group was used in our research. The survey was published 

online until 300 valid responses were collected. A response was considered valid if the respondent had 

completely filled in the survey and had correctly answered a control question hidden in the survey. The 

control question asked the respondent to select a specific answer and was used to test if respondents 

were actually paying attention.  The entire survey can be found in appendix A.  
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4.9. Step 4: Evaluation and interpretation 

4.9.1. Evaluation table 

By combining the answers on the pair of statements representing each attribute, in the evaluation table 

provide by Kano, the product attributes can be classified as follows (table 9): 

 

Table 9: Evaluation table template 

ATTRIBUTE IN QUESTION  
     

EVALUATION TABLE Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like Q A A A P 

2. must-be R I I I M 

3. neutral R I I I M 

4. live with R I I I M 

5. dislike R R R R Q 

 

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

to. A stands for Attractive, P for Performance, M for Must-be, I for Indifferent and R for Reverse 

attribute. The dimensions are explained under section 4.3. 

 

Additionally, there is the Q category that stands for Questionable result. Normally, answers do not fall 

into this category. Questionable scores signify that the question was phrased incorrectly (if a majority 

of the respondents give a questionable answer), or when the person interviewed misunderstood the 

question or crossed out a wrong answer by mistake. An example of a questionable score is when 

someone likes the functional and dysfunctional formulation of a statement at the same time. This 

evaluation table can be used to count and evaluate the results. 

 

4.9.1.1. Categorizing pairs of answers 

It was just mentioned how questionable (Q) answers are formed by contradicting responses. The 

other categories are positioned as follows: 

 

• Performance attributes are relatively the easiest to position. They are the ones which 

customers like having and dislike not having. The respondents select the two extreme answers (“I like 

it” on the functional formulation and “I dislike it” on the dysfunctional formulation) in this case. This 

extreme reaction translates the linear “more is better” relation between these two dimensions. 
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• Must-be attributes are the remaining cases when a customer dislikes not having them. 

Customers go from tolerating (“I can live with it”) to expecting to have the attribute in the product/service. 

 

• Attractive attributes are found when a customer likes having an attribute that is not expected. 

For this the respondent needs to answer “I like it” on the functional formulation and from “I can live with 

it” to “I expect it” on the dysfunctional formulation. 

 

• Indifferent attributes are the ones that have no extreme answers in both the functional and 

dysfunctional formulation. This type fills up the entire centre of the table and occurs when the 

respondent answers “I can live with it” or “I am neutral” on both statements.  

 

 

• Finally, we have reverse attributes positioned along the two axes where reactions are either 

to like not having the attribute or to dislike having it. They are the reversal of a performance, attractive 

or must-be attribute. To know what category they are the reverse of, the functional and dysfunctional 

values just need to be flipped. 

 

The next step is to analyse and interpret the results. 

 

4.9.2. Results and analysis 

 

4.9.2.1. Respondents – demographics 

The survey was closed when 302 valid responses were reached. The total number of responses 

received was 511, meaning that 59.10% of filled-in surveys was valid. From this point on, only the valid 

responses will be considered. Most the respondents (73.51%) were Millennials, aged between 22-29 

years old (in May 2019). The remaining 26.49% was divided over all other age ranges as can be seen 

in table 10. 

Table 10: Age of respondents 

AGE FREQUENCY PERCENT 

BETWEEN 10 AND 19 35 11.59 

BETWEEN 20 AND 29 222 73.51 

BETWEEN 30 AND 39 20 6.62 

BETWEEN 40 AND 49 9 2.98 

BETWEEN 50 AND 59 11 3.64 

OLDER THAN 60 5 1.66 

TOTAL 302 100 
 

Concerning gender, both males and females were almost equally represented, with just about 10% 

more women than men (54.6% for the former, 44.7% for the latter). 

Regarding the highest level of education finished the respondents were also spread over all groups, 

the biggest group (42.7%) having a bachelor’s degree (table 11):  
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Table 11: Degrees of respondents 

TYPE OF DEGREE FREQUENCY PERCENT 

HIGH SCHOOL 86 28.5 

BACHELOR 129 42.7 

MASTER 83 27.5 

PHD 4 1.3 

TOTAL 302 100 

 

 

Because the survey was spread on the internet, the entire world was reachable for this research. This 

is demonstrated by the large range of different nationalities, as can be seen in table 12 (valid responses 

only).  

Just a bit more than half of the respondents came from Belgium (were the research was conducted), 

but the remaining 45.7% respondents are spread over multiple countries. The three biggest groups of 

respondents were from The Netherlands (11.3%), the United Kingdom (9.6%) and the United States of 

America (6.6%). The remaining respondents were spread all over the world, from Singapore to Brazil.  
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Table 12: Nationality of respondents 

COUNTRY FREQUENCY PERCENT 

AUSTRALIA 6 2 

AUSTRIA 2 0.7 

BELGIUM 164 54.3 

BRAZIL 1 0.3 

CANADA 1 0.3 

CZECH REPUBLIC 1 0.3 

DEMOCRATIC PEOPLE'S REPUBLIC OF KOREA 1 0.3 

DENMARK 3 1 

EGYPT 3 1 

FRANCE 3 1 

GERMANY 2 0.7 

GREECE 2 0.7 

GUATEMALA 1 0.3 

HONG KONG (S.A.R.) 3 1 

ISRAEL 1 0.3 

ITALY 3 1 

MALTA 1 0.3 

NETHERLANDS 34 11.3 

NEW ZEALAND 1 0.3 

PHILIPPINES 1 0.3 

POLAND 4 1.3 

PORTUGAL 3 1 

ROMANIA 2 0.7 

RUSSIAN FEDERATION 1 0.3 

SINGAPORE 1 0.3 

SRI LANKA 1 0.3 

SWEDEN 6 2 

SWITZERLAND 1 0.3 

UNITED KINGDOM OF GREAT BRITAIN AND 

NORTHERN IRELAND 

29 9.6 

UNITED STATES OF AMERICA 20 6.6 

TOTAL 302 100 
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4.9.2.2. Respondents – past experience with chatbots 

Of the 302 valid responses, 11.6% has mentioned being totally unfamiliar with the concept of a chatbots, 

88.4% is familiar with the concept. 30.8% had even indicated being strongly familiar with it and 40.1% 

somewhat agreed to be familiar. Of the 302 valid responses, 73.3% (211) of respondents have indicated 

to have had a conversation with a chatbot at least once before. Furthermore, it was considered during 

this research that there might be significant differences in answers between the group of experienced 

users and the group of non-experienced users. Therefore, the Mann-Whitney U test was used to 

compare the answers of both groups. In the field of behavioral sciences, the Mann‐Whitney U test is 

one of the most commonly used non‐parametric statistical tests (Kasuya, 2001). The Mann‐Whitney U 

test null hypothesis (H0) stipulates that the two groups come from the same population. In other terms, 

it stipulates that the two independent groups are homogeneous and have the same distribution 

(McKnight & Najab, 2010). In our case, experienced and non-experienced users were seen as two 

independent groups to test if their answers are significantly different (heterogeneity). Significant 

differences (α < 0.05) were found for twelve of 56 statements asked in the survey. These twelve 

statements and corresponding attributes were:  

 

• “The chatbot interprets commands accurately”, Interprets commands accurately: More important 

for experienced users, a bigger fraction of them saw it as a performance attribute, less of them were 

indifferent compared to unexperienced users. 

 

• “The chatbot is self-explanatory in its use”, Ease of use: More important for experienced users, less 

of them were indifferent, more saw it as a performance measure. 

 

• “The chatbot interface has a good-looking lay-out”, User-interface: More important for experienced 

users compared to unexperienced users. 

 

• “The chatbot can maintain a discussion by remembering previously entered inputs”, Able to 

maintain a discussion: More experienced users saw this as an attractive attribute compared to the 

unexperienced users, more important for experienced users. 

 

• “The chatbot has a distinct personality”, Convey personality: Experienced users saw this less as 

indifferent and more as attractive compared to unexperienced users. 

 

• “The chatbot is available at all times/ The chatbot is not available at all times”, Available at all times: 

More important for experienced users. 

 

• “The chatbot displays a typing animation before it gives an answer, Responding immediately: This 

is more important for experienced users, they find it more important than unexperienced users that 

a chatbot displays a message. 
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• “The chatbot provides results faster than its alternatives, such as websites, mail and live chat/The 

chatbot does not provide results faster than its alternatives such as websites, mail and live chat, 

Productivity: More important for experienced users. 

 

• “I need an account to conduct a chatbot conversation/I do not need an account to conduct a chatbot 

conversation”, Need of an account: Experienced users are more opposed to needing an account 

compared to unexperienced users. 

 

These type of differences in user perception on different attributes should be considered by developers 

and other stakeholders when developing chatbots. This will be elaborated further in the discussion 

section of this paper. 

As this research focusses on users in general, in the following text we will keep looking at all valid users 

and will not consider these differences (cfr. Future research). 

 

Of all 302 valid responses, 52.6% of respondents have mentioned to have interacted with a chatbot in 

the past three months. 46% of 302 respondents have done this only once or twice (table 13). 

 

Table 13: Chatbot interactions of respondents 

CHATBOT USE LAST THREE MONTHS FREQUENCY PERCENT 

NEVER 143 47.35% 

ONCE OR TWICE 139 46.03% 

ON A WEEKLY BASIS 12 3.97% 

(ALMOST) DAILY 8 2.65% 

TOTAL 302 100.00% 

 

Of the 211 respondents that had mentioned to have talked with a chatbot at least once before, 76.9% 

had done this with the purpose of receiving a certain service and 44.8% had used chatbots just to test 

them out and have a conversation. 

 

These results were evaluated in two ways. More specific, a discrete and a continuous analysis was 

performed. 

 

4.9.2.3. Discrete analysis 

This method departs from the evaluation table that was explained under section 4.9.1. Each attribute is 

represented by one evaluation table. Below, the evaluation tables of the quality attribute ‘interpret 

commands accurately’ is given in table 14. The evaluation tables of all other quality attributes are 

structured the same way and can be found in appendix B.  
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Table 14: Example of filled in evaluation table 

INTERPRET COMMANDS 

ACCURATELY 

     

CUSTOMER 

SATISFACTION 

THE CHATBOT DOES NOT INTERPRET COMMANDS 

ACCURATELY (DYSFUNCTIONAL) 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

THE CHATBOT 

INTERPRETS 

COMMANDS 

ACCURATELY 

(FUNCTIONAL) 

1. like 0 1 1 6 27 

2. must-be 1 12 15 42 140 

3. neutral 0 3 9 6 13 

4. live with 1 2 5 6 6 

5. dislike 1 1 0 1 3 

 

The total amount of responses in each category for each attribute were tallied. The number of must-be 

responses in this example attribute equals 140 + 13 + 6 = 159. The cells that should be summed up for 

each category can be determined in table 9 under section 4.9.1. After counting the number of answers 

that each category contains, it has to be determined which category finally belongs to the quality 

attribute. In this case, the category with the most responses is the ‘must-be’ category, which has 159 

responses. In case of a draw (or if numbers were close to each other) between multiple categories, the 

following rule was applied (Sauerwein et al., 1996). 

  

𝑀 > 𝑃 > 𝐴 > 𝐼 

 

 

This decision rule is prescriptive, stating that must-be attributes are more important than performance 

attributes, performance attributes are more important than attractive attributes, and attractive attributes 

are more important than indifferent attributes (Sauerwein et al., 1996; Huang, 2017). Instead of working 

with absolute numbers, one could work with answer frequencies as well, as seen in table 15. This leads 

to the same final results when looking at the category with the highest sum of frequencies. In this work, 

the absolute number method will be used for the sake of clarity. 
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Table 15: Filled in evaluation table (frequencies) 

INTERPRET COMMANDS 

ACCURATELY 

     

CUSTOMER 

SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0.00% 0.33% 0.33% 1.99% 8.94% 

2. must-be 0.33% 3.97% 4.97% 13.91% 46.36% 

3. neutral 0.00% 0.99% 2.98% 1.99% 4.30% 

4. live with 0.33% 0.66% 1.66% 1.99% 1.99% 

5. dislike 0.33% 0.33% 0.00% 0.33% 0.99% 

 

 

Applying this evaluation table to each attribute and counting each category has resulted in table 16, 

which contains the responses per category. For each attribute, the last column contains the category 

with the most responses, and thus the category that will be assigned to the concerned attribute: 
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Table 16: Number of responses per attribute category 

ATTRIBUTE M P A  I R Q TOTAL CATEGORY 

1 159 27 8 100 5 3 302 M 

2 52 7 33 166 42 2 302 I 

3 79 41 43 129 8 2 302 I 

4 51 45 60 125 15 6 302 I 

5 8 11 32 152 94 5 302 I 

6 44 31 92 124 7 4 302 I 

7 174 57 8 58 4 1 302 M 

8 16 6 27 182 69 2 302 I 

9 57 23 53 138 27 4 302 I 

10 97 48 31 111 11 4 302 I 

11 162 34 13 69 13 11 302 M 

12 162 42 9 59 9 21 302 M 

13 98 136 12 35 7 14 302 P 

14 111 48 17 115 7 4 302 I 

15 35 29 45 167 25 1 302 I 

16 119 92 22 64 4 1 302 M 

17 43 41 93 117 5 3 302 I 

18 5 4 4 89 189 11 302 R 

19 56 74 54 111 3 4 302 I 

20 11 30 90 141 27 3 302 I 

21 43 12 20 181 44 2 302 I 

22 25 31 97 132 10 7 302 I 

23 7 11 68 184 31 1 302 I 

24 9 11 76 164 40 2 302 I 

25 14 27 97 154 8 2 302 I 

26 44 20 44 157 33 4 302 I 

27 25 24 68 164 19 2 302 I 

28 100 92 38 66 5 1 302 M 

 

Table 16 represents the categories of each attribute when considering the answers of all 302 valid 

responses, meaning that both experienced and unexperienced users were taken into account. Answers 

were often spread over different categories; this distribution can be explained by the fact that customers 

in different segments have different product expectations. 
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For example, when the same table as table 16 is created using only the experienced chatbot users as 

a reference basis, the quality attribute ‘ease of use’ (14) is seen as a must-be attribute instead of 

indifferent and ‘productivity’ (28) as a performance attribute instead of a must-be (cfr. Future research 

and Discussion). This is a consequence of the beforementioned significant varying responses on twelve 

statements. The table using only experienced users can be found in appendix C, a table using only 

unexperienced users in Appendix D. 

 

As already mentioned, this research focusses on users in general and not a specific market segment, 

so the results from the table above (table 16) will be used for further analysis. This does not mean that 

the results from experienced users should be neglected (See Discussion). 

 

For some attributes in table 16, it could be the case that the counting of two categories only contain a 

small difference. For example, ease of use (14) has 111 responses for ‘must-be’ and 115 for ‘indifferent’, 

meaning that the final category would be indifferent. But because the difference is such a small amount, 

this attribute can also be considered as a must-be attribute. Other examples are accessibility (17), use 

of emojis, pictures and gifs (20) and the ability to create an enjoyable conversation (22) which could 

also be considered as attractive attributes (M > P > A > I rule). This is something that should definitely 

be considered by chatbot developers, as these attributes are perceived differently from users from 

different groups. In case of the attribute ‘create an enjoyable conversation’, considering it as a must-be 

category would mean that it suffices for the chatbot to make the conversation a bit enjoyable to satisfy 

the user. While in the case it is considered as attractive, this would mean that the more enjoyable the 

conversation gets, the more pleased the customer will be. This is a world of a difference when it comes 

to customer satisfaction. This type of analysis gave us a first level of understanding of the general view 

respondents have on all attributes. 

 

4.9.2.4. Continuous analysis 

Discrete analysis is a good way to start but carries several issues. As mentioned by Zacarias (2018) a 

lot of information is lost along the way. Initially there were 25 answer combinations, these are now 

brought back to six categories. Additionally, the discrete method does not show any kind of variance 

and all answers carry the same weight. 

 

To counter these issues, a continuous statistical analysis introduced by Berget et al. (1993) and called 

‘the Customer Satisfaction coefficient’ (CS-coefficient) was used. The customer satisfaction coefficient 

indicates how greatly the satisfaction can be increased by the presence of a product/service attribute 

or to what extent this merely avoids dissatisfaction. It is indicative of how strongly a product/service 

attribute may influence satisfaction or, in case of its “non-fulfilment” customer dissatisfaction (Berger et 

al., 1993).  

To calculate the average impact on satisfaction, it is necessary to add the attractive and performance 

responses (the categories that improve satisfaction the most when present) and divide by the total 

number of attractive, performance, must-be and indifferent responses.  
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To calculate the average impact on dissatisfaction, the must-be and performance responses were 

added (the categories which absence decreases satisfaction the most) and divided by the same 

normalizing factor as used for the satisfaction coefficient (Berger et. al., 1993).  

 

Satisfaction coefficient (positive):         
𝐴+𝑃

𝐴+𝑃+𝑀+𝐼
 

Dissatisfaction coefficient (negative):  
𝑃+𝑀

(𝐴+𝑃+𝑀+𝐼)
∗ (−1) 

 

Customer satisfaction is multiplied by minus one to emphasize its negative influence on customer 

satisfaction if this product attribute is not fulfilled. The positive customer satisfaction coefficient ranges 

from 0 to 1. The closer the value is to 1, the higher the impact on customer satisfaction. An attribute 

that has a positive customer satisfaction coefficient which approaches 0 has little influence on the users’ 

satisfaction. One must also take the negative customer satisfaction coefficient into consideration. If it 

approaches -1, the influence on customer dissatisfaction is especially strong if the analysed product 

feature is not fulfilled. A value of about 0 signifies that this attribute does not cause dissatisfaction if it 

is not met (Berger et al., 1993). 

Performing the above calculations with the numbers from table 16, the following results were obtained 

(table 17): 
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Table 17: Customer satisfaction coefficients 

SATISFACTION 

COEFFICIENT 

DISSATISFACTION 

COEFFICIENT 

ITEM 

  

ATTRIBUTE 

0.18 -0.93 1 Interpret commands accurately 

0.30 -0.44 2 Execute requested tasks 

0.49 -0.70 3 Flexible in interpreting knowledge 

0.61 -0.56 4 Able to maintain a discussion 

0.30 -0.13 5 Activation  

0.71 -0.43 6 Number of services available in the chatbot 

0.27 -0.95 7 Containing dependable information 

0.28 -0.19 8 Possibility of Rating the Chatbot 

0.48 -0.50 9 Contains breadth of knowledge 

0.42 -0.78 10 Robustness to unexpected input 

0.21 -0.88 11 Transparency 

0.23 -0.92 12 Protect and respect privacy 

0.58 -0.92 13 Safe from intrusion 

0.36 -0.87 14 Ease of use 

0.55 -0.48 15 Quick replies vs free text  

0.48 -0.89 16 Available at all times 

0.74 -0.46 17 Accessibility 

0.04 -0.04 18 Need of an account 

0.68 -0.70 19 User-interface 

0.76 -0.26 20 Use of emojis and pictures/gifs 

0.27 -0.46 21 Realness of the chatbot 

0.79 -0.34 22 Create an enjoyable interaction 

0.68 -0.15 23 Convey personality 

0.64 -0.15 24 Read and respond to moods 

0.85 -0.28 25 Personalization options 

0.45 -0.45 26 Personalized suggestions 

0.68 -0.36 27 Responding immediately 

0.55 -0.82 28 Productivity 

 

The customer satisfaction coefficients can then be plotted on a two-dimensional diagram (figure 6), 

putting each attribute in one four quadrants. Note that reverse requirements cannot be plotted on this 

diagram (Verduyn, 2013). The legend can be found in table 18. 
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Figure 6: Plotted customer satisfaction coefficients 

 

Table 18: Legend of figure 6 

Item Attribute Item Attribute 

1 Interpret commands accurately 15 Quick replies vs free text  

2 Execute requested tasks 16 Available at all times 

3 Flexible in interpreting knowledge 17 Accessibility 

4 Able to maintain a discussion 18 Need of an account 

5 Activation  19 User-interface 

6 Number of services available in the chatbot 20 Use of emojis and pictures/gifs 

7 Containing dependable information 21 Realness of the chatbot 

8 Possibility of Rating the Chatbot 22 Create an enjoyable interaction 

9 Contains breadth of knowledge 23 Convey personality 

10 Robustness to unexpected input 24 Read and respond to moods 

11 Transparency 25 Personalization options 

12 Protect and respect privacy 26 Personalized suggestions 

13 Safe from intrusion 27 Responding immediately 

14 Ease of use 28 Productivity 
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Compared to the discrete analysis, some attributes can be found in another category now. This is 

because in this method the average effect is calculated, and the extreme values have a higher weight 

than in the discrete analysis. 
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5. Discussion 

The application of the Kano model to customer service has provided useful information on the types of 

attributes that must be fulfilled to enhance customer satisfaction concerning chatbots. This research 

has enabled to deduct the chatbot attributes that have the greatest influence on customer satisfaction, 

which can be used to improve existing or future developed chatbots. The long-term objective is to 

improve customer satisfaction regarding important chatbot attributes to establish tenable competitive 

advantages. The following strategic implications emerge: fulfil all must-be attributes, be competitive 

regarding performance attributes and stand out from the rest concerning attractive attributes. 

 

5.1. Quality attributes for chatbots 

Looking at the discrete analysis, a chatbot developer should focus at least on providing the chatbot with 

the six attributes that were categorized as ‘must-have’, since these are the attributes the customer 

expects and takes for granted. If these attributes are not present, the customer will be extremely 

dissatisfied. The research has identified the following attributes as ‘must-have’: ‘interpret commands 

accurately’ (1) and ‘contain dependable knowledge’ (7). Users expect their chatbot to accurately 

understand whatever request they provide, otherwise they will get frustrated and might start to look for 

alternatives such as real agents. On top of that, the answers provided by the chatbot should be correct 

and from a reliable source. Furthermore, ‘transparency’ (11) and ‘protect and respect privacy’ (12) are 

also categorized as must-be. This implies that the chatbot should not keep it a secret which organisation 

is behind it and receives all input data from the user. At the same time, users heavily expect their 

information to be kept in strict confidentiality and out of sight from internet pirates. ‘available at all times’ 

(16) and ‘productivity’ (28) are the two last attributes belong to the must-be category and reveal that in 

order for a chatbot to be valued, it should be available at any time of the day. Users perceive chatbots 

useful regarding the fact that it immediately addresses them, without having to wait. A user prefers 

mostly to use a chatbot since it should provide results faster than any other comparable platform. No 

attractive attributes were found, although some came close. The only performance attribute discovered 

is ‘safety from intrusion’ (8). This is what chatbots should be competitive on, the safer personal data is 

stored, the better. Lastly, one reverse attribute was found, namely ’need of an account’ (18). This is 

something chatbot developers should avoid when possible. Not all chatbots should require the user to 

have an account. 

 

Continuous analysis on the other side, has led to remarkable results. As can be seen on figure 6, a lot 

more attributes are seen as attractive and performance attributes now. In addition to the attributes from 

the discrete analysis, ‘ease of use’ (14) and ‘flexibility in interpreting knowledge’ (3) have been added 

to the list of must-be attributes now. In other words, users require their chatbot to be clear in how it 

should be used without having to go through tutorials or manuals. Also, people want chatbots to be 

forgiving on badly formulated or unknown input, and typos. 
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‘Containing breadth of knowledge’ (9), which used to be an indifferent attribute in the discrete analysis, 

is just on the border of being seen as a must-be attribute and should be kept in mind as well when 

developing a chatbot.  

Next, three additional attributes have been added to the performance category: ‘productivity’ (28) which 

used to be a must-be attribute, has now become a performance attribute, meaning that the faster a 

chatbot leads to desired results, the better. ‘User-interface’ (19) and the ‘ability to maintain a discussion’ 

(4) as well. Specifically, the better a chatbot looks and the smarter it is in conducting longer 

conversations, the better. Again, these are the attributes that will be used to compare chatbots. The 

most surprising discovery is the number of attractive attributes compared to the discrete analysis. This 

is due to the fact that in continuous analysis, the average impact of an attribute on the satisfaction of all 

the customers is measured, and attractive responses are seen as more important than indifferent ones. 

The attractive attributes are ‘use of emojis, pictures and gifs’ (20), ‘use of quick replies as main mean 

of communication’ (15) and ‘ability to communicate in a robotic, non-emphatic way’ (22). On average, 

respondents prefer the use of buttons to go through a conversation quickly. During the conversation, 

the chatbot should communicate in an enjoyable way for most of the part (in contrary to a non-empathic, 

robotic way), and use pictures, emojis and gifs to visualize its messages. Furthermore, respondents 

also find it attractive if the chatbot ‘has a distinct personality’ (23), ‘recognizes the user’s mood and 

responds to it accordingly’ (24) and has the ‘ability to be personalized’ (25). This is something that is 

not seen frequently and could really be considered as something chatbot developers could use to 

distinct their chatbot from others. ‘Responding immediately’ (27), ‘accessibility (17) and ‘offer multiple 

services’ (6) are the last attractive attributes. As mentioned before, these are all attributes where a 

greater number of respondents proved to be indifferent compared to attracted, but on average chatbot 

developers should use these attributes to stand out for competitors (other chatbots and similar 

services). The reverse quality of the discrete analysis (‘needing an account’ (18)) can be found in the 

left bottom corner and is something customers are really indifferent about and should still be avoided if 

possible.  

 

Looking at some of the attractive attributes such as ‘personalize the chatbot’ (25), ‘accessibility’ (17) 

and ‘need of an account’ (18), developers should look into to solving the need of an account to 

remember preferences and past input of users. 

 

One should mainly focus on the results from the continuous analysis, since this considers the relative 

relevance of the different categories when assigning attributes to them. It really focuses on what 

customers like and gives less importance to what they are indifferent about on average.  

Delivering a qualitative chatbot will increase customer satisfaction and will increase market share as a 

consequence of this and customer loyalty (Matzler & Hinterhuber, 1998). An overview of our findings 

can be found in table 19.
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Table 19: Summary of this research's findings 

MUST-BE MUST-BE IMPLEMENTED PERFORMANCE THE MORE, THE BETTER ATTRACTIVE QUITE UNEXPECTED, GOOD ADDITION 

1 Interpret commands 
accurately 

4 Able to maintain a 
discussion 

6 Number of services available in the 
chatbot 

3 Flexible in interpreting 
knowledge 

13 Safe from intrusion 15 Quick replies vs free text  

7 Containing dependable 
information 

19 User-interface 17 Accessibility 

10 Robustness to unexpected 
input 

28 Productivity 20 Use of emojis and pictures/gifs 

11 Transparency 
  

22 Create an enjoyable interaction 
12 Protect and respect privacy 

  
23 Convey personality 

14 Ease of use 
  

24 Read and respond to moods 
16 Available at all times 

  
25 Personalization options     
27 Responding immediately 
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5.2. Management implications 

Both analyses have enabled to deduct what customers really care about concerning chatbots in general 

and thus what chatbot developers should focus on to offer a qualitative chatbot. It should be kept in 

mind that this research focused on quality attributes for chatbots in general. Using the quality attributes 

that were proposed in this work will help chatbot developers evaluate whether their chatbot contains 

generally expected attributes. In other words, attributes that are not service-specific and thus applicable 

on all chatbots, regardless of what customer service they deliver. This serves as a good starting base, 

after which they can extend that list with more industry-specific features. As an example, users are 

especially keen on privacy, they give a lot of importance to the safety of their personal data. Furthermore, 

the main benefits such as availability at all times and the speed at which the chatbot responds and leads 

to results are things that are applicable to any chatbot. Consider the health sector, where hospital 

patients are considered as the customers and require specialised attention and sector-specific services. 

It is a good thing if the chatbot satisfies the above-named attributes, but does it not also need evaluation 

concerning how it provides hospital-specific service? This is an example of what cannot be measured 

with the general attributes from this work. Compared to a chatbot that handles restaurant orders, these 

missing attributes will even be totally different. Does this imply that any chatbot adopter should just take 

over the list that was proposed by this research? One the on hand, yes, because the attributes in this 

work represent the minimal requirements users can think of when hearing the word ‘chatbot’, and thus 

evaluate the basic functionalities of a chatbot. On the other hand, no, because each chatbot is unique 

in its own way and provides a different service. The attributes list from this work should only function as 

a strong base to begin with, since it covers general chatbot functions. Depending on the sector, some 

quality attributes might be unnecessary, or some might need to be added. A good way to identify 

differences is perform interviews. 

 

The chatbot adopters, on the other side, should keep in mind that not all chatbot attributes are equally 

important. It is unnecessary to put equal effort in implementing each attribute in the chatbot. Chatbot 

adopters are the ones responsible for deciding what attributes the chatbot should be able to perform in 

their sector-specific services and which ones not. This research has shown that not all attributes equally 

affect customer satisfaction, and that some could be a waste of money. Therefore, one should carefully 

determine the relative importance between attributes concerning customer services before investing 

money. Investing solely in the most effective chatbot attributes enables them to use leftover money for 

alternatives while reaching a more competitive position at the same time.  

 

The implications for chatbot evaluators are clear. Most importantly, there exist some differences in 

opinions between different groups of people whether a certain chatbot attribute is perceived as on 

attribute category or another (e.g. a must-be or an attractive attribute). For this reason it is important to 

not focus on one single market segment when trying to discover chatbot quality attributes.  
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Keeping this in mind, one should carefully assess the differences between the targeted groups of people 

and make sure that the chatbot meets all of their expectations. Secondly, people might change their 

opinions over time.  

This is an indirect consequence of chatbot evolution. As chatbots become smarter, people will be 

expecting more from them. It is therefore required to keep an eye on these evolutions and regularly 

asses the existing chatbot features.  

 

 

5.3. Applicability to other service technologies 

Looking back at the dimensions of other (similar) service quality models discussed in this work, it was 

found that existing quality dimensions from these models show some similarity. More specifically, it was 

shown in table 3 that the dimensions from the original SERVQUAL model created by Parasumaran, 

Zeithaml and Berry (1988) which evaluates services in general, can be used as base for determining 

quality attributes of services such as websites, mobile applications and chatbots. For chatbots, it was 

described in section 3.3.1 that this model is also similar to three other service quality models. More 

specific, all quality dimensions that were used in the chatbot service quality model can be found in at 

least one of the other three models. This happens mainly when touching points between these similar 

technologies were reached. Considering for example the quality dimensions safety/intrusion, which is a 

concept that returns in any type of service. It is probably the most important one, as people want their 

personal information to be protected, no matter a website, mobile application or any other type is used. 

However, despite the fact that these different models look very alike, chatbots cannot be evaluated by 

them. After doing the whole exercise of deriving chatbot quality attributes and afterwards comparing 

them with the existing ones, it should only be assumed that these models form a very good foundation 

for a slightly adjusted model to evaluate chatbots in general. This is partly due to the differences between 

technologies like a chatbot and those of websites/mobile applications. What sets chatbots apart from 

other services like websites and mobile applications is the extensive use of personal data, automation 

and communication. This leads to the before mentioned must-be and performance attributes that cannot 

all be found in previous models. This implies, if one wants to assess whether he or she can evaluate a 

service technology with already existing quality attributes of another service technology, he or she 

should not simply take over quality dimensions/attributes from existing service technologies. Looking at 

the similarities between these technologies would be a good reference to begin with. To provide an 

example, consider the upcoming technology ‘internet of things’ which is about extending the power of 

internet beyond a whole range of connected devices such as computers and smartphones. The question 

is whether this technology could be evaluated started from existing service quality models such as 

chatbots. The answer is double sided. In the first place, it sounds like something totally different from 

chatbots. There are some similarities, such as the fact that it is all about sending and receiving 

information, the use of data, the use of interfaces, personalisation, the fact that both technologies are 

service-oriented and that they are both capable of providing recommendations based on user data. 

Chatbots may even be a part of Internet of Things, as user interface.  
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In the sense of these perspectives, the existing service quality model of chatbots can be partly 

generalised to a technology like IoT. On the other hand, it is not fully generalisable due to the fact that 

the technologies still have their differences. Consider chatting in natural language, a function solely 

chatbots can perform. Quality attributes such as ‘able to maintain a discussion’, ‘convey personality’, 

‘read and respond to moods’ therefore are not applicable. 
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6. Future Research 

Several limitations and possibilities for future research arose during the writing of this paper. Both will 

be elaborated on in the following paragraphs. 

 

6.1. Limitations of this work 

As chatbots are still a relatively new and upcoming technology, a lot of new research becomes available 

over time. During the writing of this paper we tried to use all available relevant studies and blog posts, 

but by the time we were finished new information was already available and changes had occurred on 

chatbot platforms (e.g. change in regulations imposed by Facebook). To mitigate this loss of information 

we used expert interviews with experienced users during our research. To further improve the quality of 

our attributes more interviews could have been conducted. This could possibly have led to an increase 

in the number of qualities or change the formulation of the statements used in the survey, eventually 

leading to different results. 

 

To be able to get the view of “users in general” on “chatbots in general” a lot if respondents are needed, 

from different market segments. As perceptions on services can be different in different cultures and 

regions this should also be considered when looking for a good sample of respondents for the survey. 

We mitigated this partly be making our survey available to everyone, leading to a whole array of different 

types of internationally distributed respondents. The number of respondents were not equally distributed 

over all groups, limiting us in our analysis. 302 respondents were used to analyse the perceptions of 

users in general, a larger sample size might have led to different results as well. 

 

The method used was appropriate for this type of study, it was great to focus on the user’s perception 

of different chatbot attributes. The way the method defines it’s five answer possibilities might not have 

been clear at all times. For this purpose, we looked at different possibilities used in the past and used 

the one that made the most sense for the interviewees during the interviews. Other people might still 

have had difficulties with the exact difference of some of the answer possibilities. 

 

To limit the size of the survey two questions were asked per attribute. A third question (self-stated 

importance) could have been asked to even further improve the analysis on user perception. 
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6.2. Possibilities of future research 

During the writing of this paper several ideas came to mind for future research. A summary of 

possibilities will be summed up in this section.  

 

First of all, one could work with personas when conducting a similar Kano survey. This allows to study 

market segmentation. The answers of different segments might be different. A possible subset is dividing 

the data by innovation and adopter categories: Innovators, early adopters, early majority, late majority 

and laggards when chatbots are more integrated in our society.  

Another possibility is to focus on experienced users only or non-experienced users only, as it was clear 

in our research that some differences were present in their perception on some of the 

attributes/statements.  

 

Second, additionally to the two statements (positive and negative) for every attribute, the respondents 

could be asked to give a self-stated importance score for each attribute. This adds extra possibilities the 

analytical methods used with the Kano method. Using the self-stated requirement importance additional, 

improved graphs and conclusions can be made. This is mentioned in DuMouchel, W. (1993).  

 

Third, as chatbots are still a “new” technology, they will be changing a lot the coming years. This might 

lead to new (yet not invented or different) attributes, that can be used to perform similar research. The 

importance of some of the current attributes might change as well over time (see “Natural decay of 

delight”).  

 

Fourth, one could test the final model mentioned in this paper again to validate it, using the same 

attributes at another moment in time.  

 

Fifth, the findings found in this paper (or findings after conducting similar Kano research) could be used 

to perform Quality Function Deployment (Griffin & Hauser, 1993, Matzler & Hinterhuber, 1998).  

 

Finally, this type of research could be done for a specific (type of) chatbot (e.g. after-sales services) to 

look at what really matters for that type of chatbot opposed the chatbots in general. People might care 

more or less about certain attributes (such as need of an account, this might not be seen as a reverse 

attribute when sales are involved). 
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7. Conclusion 

Chatbots have started to take over existing services lately. Being able to offer a qualitative chatbot to 

users can be a source of competitive advantage. Even though different service quality models exist, an 

adapted model that focusses on chatbots was needed, as it has unique aspects compared to services 

in general, or other similar services. These other models are a good starting point to formulate a wide 

array of attributes of service quality, that need to be “translated” into chatbot terms.  

 

Although some concepts of the existing service quality models could be translated to create the chatbot 

model, chatbot literature has shown that chatbot quality is not quite the same as existing quality models 

and requires attention for chatbot-specific characteristics. After validating the importance of each 

attribute using the Kano method, each attribute can be categorized based on importance. The 

categories have proven that it is unnecessary to give equal importance to different quality attributes, but 

that some quality attributes should be focused on more compared to others in terms of having effect on 

customer satisfaction.  

 

This categorization can be used by all kinds of stakeholders to aid in creating a qualitative chatbot while 

investing in the most important attributes. Chatbots are still evolving at a fast pace and perceptions of 

users change over time due to experience, this should be kept in mind at all times when one thinks 

about using chatbots. The results found in this work are likely to change if similar research is performed 

in the exact same way on a later date.  
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8. Appendices 

 

8.1. Appendix A: Survey 

 

 
 

User experience 
 

 
Please choose your language first. 

 
Welcome to this chatbot quality survey. Experience with chatbots is not 

required. 

 
First of all, we would like to thank you for participating in this customer 

perception survey focusing on chatbots. You will be asked to give your 

opinion on different quality dimensions of chatbots. Completing this 

survey should take about 6-8 minutes. Be assured that all answers you 

provide will be kept in the strictest confidentiality and will be handled 

anonymously. 

By participating in this survey, you will get the opportunity to win one of 

the three 20 euro Amazon gift cards. 

By pressing the arrow button, the survey will start and consent is 

given to use all answers for research purposes only. 

 
 

Please indicate how strongly you agree or disagree with the following 

statement. 
 

 
 
 

I am familiar with the 
concept of a chatbot. 

 
Strongly 
disagree 

 

 

 
Somewhat 
disagree 

 

 

Neither 
agree nor 
disagree 

 

 

 
Somewhat 

agree 
 

 

 
Strongly 
agree 

 

English 
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Chatbots are automated computer programs that simulate conversation with a human user. 

They make use of free text input, quick reply buttons and pictures to communicate. 

 
Different types of bots exist that are able to perform all types of tasks. Some are just 

made for conversation (e.g. Cleverbot), others are able to perform a service (handle 

ordering, payments, answering FAQ...). 

 
If you don't know how a chatbot works, have a look at some examples below. 

 

 
This is an example of a chatbot that helps people remember to take their medication. 

It uses free text input in combination with quick replies (the buttons that can be found 

on the bottom of the screen). 

 
 
 

 
 

 
Another example is the following chatbot that can be used to order food and pay 

orders. This bot uses multiple menus, pictures and quick replies during the 

conversation. 
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This last example is a chatbot that handles all kinds of questions concerning 

insurance policies. It asks for feedback after finishing users' requests using smileys. 

Another way of asking for feedback is asking for a written review or asking for a 

score. 
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Have you ever had a chat with a chatbot? 
 

Yes 

No 

 
 

How often did you use a chatbot in the past three months? 
 

Never 

Once or twice 

On a weekly basis 

(Almost) daily 

 
 

Have you ever used a chatbot with the aim of receiving certain service? 
 

Yes 

No 

 
 

Have you ever used a chatbot just to have a conversation with it? 
 

Yes 

No 

 
 

Statements part 1/3 
 

 
Please indicate the statement that best describes how you feel about the following 20 

situations. When the term "chatbot" is used we do not refer to a specific chatbot, but to 

chatbots in general. 
 

 
 

The chatbot interprets 
commands accurately. 

The chatbot suggests 
additional services to 
the one that was 
requested. 

 
I dislike it 

 

 
 
 
 

I can live 
with it I am neutral I expect it I like it 
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The chatbot 
recognizes any user 
request independently 
from the formulation 
and typos. 

The responses of the 
chatbot are up-to-date 
and correct. They 
form a reliable source. 

The chatbot asks for a 
rating of its 
performance after the 
conversation. 

The chatbot knows at 
least as much as an 
expert in the same 
industry/service. 

If the chatbot asks for 
my personal data, it 
tells me for which 
purposes it will be 
used. 

 
 
 

Personal data given 
to the chatbot can be 
reached by unknown 
third parties. 

The chatbot provides 
the identity of the 
organization which 
receives all my inputs. 

The chatbot is self- 
explanatory in its use. 

The chatbot does not 
interpret commands 
accurately. 

The chatbot does not 
suggest additional 
services to the one 
that was requested. 

The chatbot does not 
understand a user 
request if it contains 
typos or is formulated 
incorrectly. 

 
 
 

 
 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 
 

 
 

 
I dislike it 

 

 

 
 
 
 

 
 
 

 

 

 
 

 

 
 
 

 
 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 
 

 

 
I can live 

with it I am neutral I expect it I like it 
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The responses of the 
chatbot are 
untrustworthy. 

 
 
 

The chatbot does not 
ask for a rating of its 
performance after the 
conversation. 

The chatbot knows 
less than an expert in 
the same 
industry/service. 

If the chatbot asks for 
my personal data, it 
does not tell me for 
which purposes it will 
be used. 

Personal data given 
to the chatbot cannot 
be reached by 
unknown third parties. 

The chatbot does not 
provide the identity of 
the organization 
which receives all my 
inputs. 

The chatbot is not 
self-explanatory in its 
use. 

 
 

 

 
I dislike it 

 

 

 
 
 
 

 
 
 
 
 

 
 
 
 
 

 
 
 
 
 

 
 
 
 

 

 
I dislike it 

 
 

 
I can live 

with it I am neutral I expect it I like it 
 

 

 
 
 
 

 
 
 
 
 

 
 
 
 
 

 
 
 
 
 

 
 
 
 

 
I can live 

with it I am neutral I expect it I like it 

 
 
 

Statements part 2/3 
 

 
Please indicate the statement that best describes how you feel about the following 19 

situations. When the term "chatbot" is used we do not refer to a specific chatbot, but to 

chatbots in general. 
 

 
 

The chatbot user- 
interface has a good- 
looking lay-out. 

 
I dislike it 

 
 

I can live 
with it I am neutral I expect it I like it 
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Select "I can live with 
it" here. 

The chatbot adds 
emojis, pictures, 
gifs... to its answers. 

The chatbot mainly 
uses predefined input 
such as quick replies 
to let the user interact 
with it. 

The conversation with 
the chatbot can be 
distinguished from a 
conversation with a 
human. 

The chatbot 
communicates in a 
robotic, non-empathic 
way. 

The chatbot can 
maintain a discussion 
by remembering 
previously entered 
inputs. 

 
 
 

The chatbot has a 
distinct personality. 

The chatbot 
recognizes and 
responds according to 
my mood. 

The chatbot can be 
personalized by the 
user. 

The chatbot user 
interface does not 
have a good-looking 
lay-out. 

The chatbot does not 
add emojis, pictures, 
gifs... to its answers. 

The chatbot does not 
mainly provide 
predefined input such 
as quick replies to let 
the user interact with 
it. 

 

 
 

 

 
 
 
 

 
 
 
 

 

 
 
 
 
 

 
 
 
 
 

 
 

 
I dislike it 

 

 
 
 
 

 
 

 

 
 

 

 
 

 

 
 
 
 
 

 

    
 

 

 
 
 
 

 
 
 
 

 

 
 
 
 
 

 
 
 
 
 

 

 
I can live 

with it I am neutral I expect it I like it 
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The conversation with 
the chatbot cannot be 
distinguished from a 
conversation with a 
human. 

 
 
 

The chatbot interacts 
in an enjoyable way. 

The chatbot cannot 
maintain a discussion 
by remembering 
previously entered 
inputs. 

The chatbot does not 
have a distinct 
personality. 

The chatbot does not 
recognize and 
respond according to 
my mood. 

The chatbot cannot 
be personalized by 
the user. 

 
 
 

 
 

 
I dislike it 

 

 
 

 

 
 
 
 

 
 

 

 
 

 

 

 
I dislike it 

 
 
 

 

 
I can live 

with it I am neutral I expect it I like it 
 

 
 

 

 
 
 
 

 
 

 

 
 

 

 
I can live 

with it I am neutral I expect it I like it 

 
 
 

Statements part 3/3 
 

 
Please indicate the statement that best describes how you feel about the following 18 

situations. When the term "chatbot" is used we do not refer to a specific chatbot, but to 

chatbots in general. 
 

 
 

The chatbot makes 
recommendations 
based on your data. 

The chatbot is robust 
to unexpected input. 

The chatbot is 
available at all times. 

 
I dislike it 

 
 

 

 

 
 

I can live 
with it I am neutral I expect it I like it 
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The chatbot displays 
a typing animation 
before it gives an 
answer. 

The chatbot can 
initiate a new 
conversation by itself. 

The chatbot provides 
results faster than its 
alternatives, such as 
websites, mail and 
live chats. 

 
 
 

The chatbot can be 
reached from different 
platforms such as 
Facebook, the 
website and 
WhatsApp. 

I need an account to 
conduct a chatbot 
conversation. 

The chatbot can 
perform more than 
one service. 

The chatbot does not 
make 
recommendations 
based on your data. 

The chatbot is not 
robust to unexpected 
input. 

The chatbot is not 
available at all times. 

 
 
 

The chatbot does not 
display a typing 
animation before it 
gives an answer. 

The chatbot cannot 
initiate a new 
conversation by itself. 

 

 

 
 

 

 
 
 
 

 
 

 
I dislike it 

 
 

 

 
 
 
 
 

 
 
 

 
 

 

 
 

 

 

 

 

I dislike it 
 

 

 
 

 

 

 

 
 

 

 
 
 
 

 

 
I can live 

with it I am neutral I expect it I like it 
 
 

 

 
 
 
 
 

 
 
 

 
 

 

 
 

 

 

 

 

I can live 
with it I am neutral I expect it I like it 
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The chatbot does not 
provide results faster 
than its alternatives, 
such as websites, 
mail and live chats. 

The chatbot can be 
reached through only 
one platform. 

I do not need an 
account to conduct a 
chatbot conversation. 

The chatbot cannot 
perform more than 
one service. 

 
 
 

 
 
 
 

 
 
 

 
 
 

 

 
I dislike it 

 
 
 

 
 
 
 

 
 
 

 
 
 

 
I can live 

with it I am neutral I expect it I like it 

 
 
 

Profile questions 
 

 
What is your gender? 
 

Male 

Female 

Other 

 
 

What is your age? (in numbers) 
 

 
 
What is the highest degree of diploma you have obtained? 

 

High school 

Bachelor 

Master 

PhD 
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In which country do you currently reside? (Dropdown list with all countries) 
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Thank you very much for participating in this survey. 

Are you interested in winning one of the Amazon Gift Cards? 
 

Yes  

No 
 
 

Amazon Gift Card 
 

 
Please enter an email address below. This email address will only be used to contact 

the three winners. 
 

 
 
 
 

Powered 

by 

Qualtrics 

  

http://www.qualtrics.com/
http://www.qualtrics.com/
http://www.qualtrics.com/
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8.2. Appendix B: Evaluation tables all respondents – Absolute numbers 
 

Table 20: Evaluation table: Interpret commands accurately 

INTERPRET COMMANDS 
ACCURATELY 

     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 1 1 6 27 

2. must-be 1 12 15 42 140 

3. neutral 0 3 9 6 13 

4. live with 1 2 5 6 6 

5. dislike 1 1 0 1 3 
 
 

Table 21: Evaluation table: Execute requested tasks 

EXECUTE REQUESTED TASKS  
     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 1 11 21 7 

2. must-be 1 12 17 25 37 

3. neutral 3 12 38 18 9 

4. live with 11 8 17 19 6 

5. dislike 11 5 6 5 2 
 
 
 

Table 22: Evaluation table: Flexible in interpreting knowledge 

FLEXIBLE IN INTERPRETING KNOWLEDGE 
    

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 3 9 31 41 

2. must-be 1 10 8 45 60 

3. neutral 0 9 10 23 14 

4. live with 1 6 4 14 5 

5. dislike 1 4 0 1 1 
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Table 23: Evaluation table: Able to maintain a discussion 

ABLE TO MAINTAIN A 
DISCUSSION 

     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 4 6 11 43 45 

2. must-be 4 9 15 35 45 

3. neutral 1 5 28 15 2 

4. live with 2 2 7 9 4 

5. dislike 3 5 0 0 2 
 
 

Table 24: Evaluation table: Activation 

ACTIVATION  
      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 2 0 10 22 11 

2. must-be 1 10 3 13 4 

3. neutral 6 3 50 19 3 

4. live with 2 16 12 26 1 

5. dislike 51 22 7 5 3 
 

 

Table 25: Evaluation table: Number of services available in the chatbot 

NUMBER OF SERVICES AVAILABLE IN THE 
CHATBOT 

    

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 2 4 24 64 31 

2. must-be 3 11 22 35 37 

3. neutral 1 4 32 12 6 

4. live with 1 2 2 4 1 

5. dislike 1 0 1 0 2 
 
  



 
 

 

95 
 

 

Table 26: Evaluation table: Containing dependable information 

CONTAINING DEPENDABLE INFORMATION 
    

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 2 3 3 57 

2. must-be 1 5 10 13 158 

3. neutral 0 4 15 3 14 

4. live with 0 2 4 2 2 

5. dislike 1 1 0 1 1 
 

 

Table 27: Evaluation table: Possibility of rating the chatbot 

POSSIBILITY OF RATING THE 
CHATBOT 

     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 1 7 19 6 

2. must-be 6 6 25 31 11 

3. neutral 6 7 44 12 3 

4. live with 30 8 25 24 2 

5. dislike 16 5 4 2 2 
 
 

Table 28: Evaluation table: Contains breadth of knowledge 

CONTAINS BREADTH OF 
KNOWLEDGE 

     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 6 8 39 23 

2. must-be 1 10 10 37 42 

3. neutral 0 15 19 20 8 

4. live with 1 13 3 11 7 

5. dislike 8 8 4 5 3 
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Table 29: Evaluation table: Robustness to unexpected input 

ROBUSTNESS TO UNEXPECTED 
INPUT  

     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 2 1 6 24 48 

2. must-be 0 12 11 23 76 

3. neutral 1 6 36 10 16 

4. live with 1 4 4 5 5 

5. dislike 3 2 2 2 2 
 
 

Table 30: Evaluation table: Transparency 

TRANSPARENCY 
      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 1 1 11 34 

2. must-be 0 10 8 19 130 

3. neutral 2 3 16 4 16 

4. live with 1 2 3 4 16 

5. dislike 4 3 1 2 10 
 
 

Table 31: Evaluation table: Protect and respect privacy 

PROTECT AND RESPECT PRIVACY 
     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 1 0 8 42 

2. must-be 0 7 8 16 132 

3. neutral 1 4 9 6 16 

4. live with 0 0 4 5 14 

5. dislike 0 2 5 1 21 
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Table 32: Evaluation table: Safe from intrusion 

SAFE FROM INTRUSION 
      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 5 3 4 136 

2. must-be 0 6 4 4 84 

3. neutral 0 3 9 2 10 

4. live with 0 3 3 1 4 

5. dislike 0 2 2 3 14 
 
 

Table 33: Evaluation table: Ease of use 

EASE OF USE 
      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 2 0 2 15 48 

2. must-be 1 13 28 19 96 

3. neutral 0 3 25 17 11 

4. live with 0 3 4 3 4 

5. dislike 2 0 1 3 2 
 
 

Table 34: Evaluation table: Quick replies vs free text 

QUICK REPLIES VS FREE TEXT 
     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 1 10 34 29 

2. must-be 2 6 21 37 27 

3. neutral 1 4 33 22 6 

4. live with 4 2 21 21 2 

5. dislike 7 4 4 3 0 
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Table 35: Evaluation table: Available at all times 

AVAILABLE AT ALL 
TIMES 

      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 1 1 20 92 

2. must-be 2 7 8 27 115 

3. neutral 1 0 7 8 2 

4. live with 0 0 1 6 2 

5. dislike 0 1 0 0 0 
 
 

Table 36: Evaluation table: Accessiblity 

ACCESSIBILITY  
      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 4 11 78 41 

2. must-be 0 9 13 29 32 

3. neutral 0 4 27 24 8 

4. live with 0 1 1 9 3 

5. dislike 3 0 2 0 3 
 
 

Table 37: Evaluation table: Need of an account 

NEED OF AN 
ACCOUNT 

      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 1 1 2 4 

2. must-be 8 5 9 3 5 

3. neutral 9 2 25 6 0 

4. live with 44 12 14 13 0 

5. dislike 99 22 4 3 10 
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Table 38: Evaluation table: User-interface 

 
USER-INTERFACE  

     
 

 

  

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 3 1 5 48 74 

2. must-be 1 10 7 42 48 

3. neutral 0 2 24 15 7 

4. live with 0 1 4 6 1 

5. dislike 0 0 0 2 1 
 

 

Table 39: Evaluation table: Use of emojis and pictures/gifs 

USE OF EMOJIS AND 
PICTURES/GIFS 

     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 0 19 71 30 

2. must-be 0 9 5 7 8 

3. neutral 3 5 54 36 2 

4. live with 6 1 7 17 1 

5. dislike 6 7 2 3 2 
 

 

Table 40: Evaluation table: Realness of chatbot 

REALNESS OF THE CHATBOT 
     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 0 5 15 12 

2. must-be 8 15 27 27 38 

3. neutral 13 7 55 13 2 

4. live with 13 7 16 14 3 

5. dislike 7 1 1 1 1 
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Table 41: Evaluation table: Create an enjoyable interaction 

CREATE AN ENJOYABLE 
INTERACTION 

     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 5 21 23 53 31 

2. must-be 6 19 25 43 21 

3. neutral 0 12 8 10 3 

4. live with 3 5 4 6 1 

5. dislike 0 1 0 0 2 
 

 

Table 42: Evaluation table: Convey personality 

CONVEY 
PERSONALITY 

      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 4 12 52 11 

2. must-be 0 6 7 13 5 

3. neutral 1 10 65 44 2 

4. live with 0 7 17 15 0 

5. dislike 6 13 4 7 1 
 

 

Table 43: Evaluation table: Read and respond to mood 

READ AND RESPOND TO MOOD 
     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 0 2 10 64 11 

2. must-be 0 6 2 12 7 

3. neutral 2 16 56 29 1 

4. live with 0 7 17 19 1 

5. dislike 6 14 10 8 2 
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Table 44: Evaluation table: Personalization options 

PERSONALIZATION OPTIONS 
     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 0 22 75 27 

2. must-be 0 10 7 26 13 

3. neutral 0 11 54 28 0 

4. live with 0 2 6 10 1 

5. dislike 1 4 0 3 1 
 

 

Table 45: Evaluation table: Personalized suggestions 

PERSONALIZED SUGGESTIONS 
     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 3 1 9 34 20 

2. must-be 2 11 29 39 41 

3. neutral 4 3 40 9 2 

4. live with 3 4 12 10 1 

5. dislike 9 3 6 6 1 
 

 

Table 46: Evaluation table: Responding immediately 

RESPONDING IMMEDIATELY 
     

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 3 9 56 24 

2. must-be 2 5 8 24 19 

3. neutral 1 5 61 36 6 

4. live with 0 5 9 11 0 

5. dislike 9 0 1 6 1 
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Table 47: Evaluation table: Productivity 

PRODUCTIVITY 
      

CUSTOMER 
SATISFACTION 

Dysfunctional 

1. like 2. must-be 3. neutral 4. live with 5. dislike 

FUNCTIONAL 1. like 1 0 5 33 92 

2. must-be 0 6 6 16 93 

3. neutral 0 3 18 8 5 

4. live with 1 1 4 4 2 

5. dislike 1 1 1 1 0 
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8.3. Appendix C: Experienced respondents only – Discrete analysis 

 

Table 48: Discrete analysis: Experienced respondents only 

ATTRIBUTE M P A  I R Q TOTAL CATEGORY 

1 103 20 7 57 4 2 193 M 
2 31 5 22 101 33 1 193 I 
3 48 26 30 82 6 1 193 I 
4 28 31 43 76 10 5 193 I 
5 6 9 25 98 52 3 193 I 
6 26 26 61 74 4 2 193 I 
7 111 35 7 38 2 0 193 M 
8 10 4 15 126 37 1 193 I 
9 35 18 32 89 18 1 193 I 

10 55 38 22 68 7 3 193 I 
11 103 24 9 43 7 7 193 M 
12 102 27 6 40 5 13 193 M 
13 65 82 9 24 4 9 193 P 
14 74 34 15 61 5 4 193 M 
15 18 14 29 111 20 1 193 I 
16 80 66 14 30 2 1 193 M 
17 30 29 60 69 4 1 193 I 
18 3 3 4 49 125 9 193 R 
19 38 50 38 62 1 4 193 I 
20 6 16 65 84 20 2 193 I 
21 20 5 19 111 36 2 193 I 
22 14 23 58 84 8 6 193 I 
23 6 7 50 111 18 1 193 I 
24 7 9 52 103 20 2 193 I 
25 7 13 65 100 6 2 193 I 
26 29 15 33 93 21 2 193 I 
27 17 20 48 98 9 1 193 I 
28 65 67 25 33 3 0 193 P 
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8.4. Appendix D: Unexperienced respondents only – Discrete analysis 

 

Table 49: Discrete analysis: Unexperienced respondents only 

ATTRIBUTE M P A I R Q TOTAL CATEGORY 

1 56 7 1 43 1 1 109 M 

2 21 2 11 65 9 1 109 I 

3 31 15 13 47 2 1 109 I 

4 23 14 17 49 5 1 109 I 

5 2 2 7 54 42 2 109 I 

6 18 5 31 50 3 2 109 I 

7 63 22 1 20 2 1 109 M 

8 6 2 12 56 32 1 109 I 

9 22 5 21 49 9 3 109 I 

10 42 10 9 43 4 1 109 I 

11 59 10 4 26 6 4 109 M 

12 60 15 3 19 4 8 109 M 

13 33 54 3 11 3 5 109 P 

14 37 14 2 54 2 0 109 I 

15 17 15 16 56 5 0 109 I 

16 39 26 8 34 2 0 109 M 

17 13 12 33 48 1 2 109 I 

18 2 1 0 40 64 2 109 R 

19 18 24 16 49 2 0 109 I 

20 5 14 25 57 7 1 109 I 

21 23 7 1 70 8 0 109 I 

22 11 8 39 48 2 1 109 I 

23 1 4 18 73 13 0 109 I 

24 2 2 24 61 20 0 109 I 

25 7 14 32 54 2 0 109 I 

26 15 5 11 64 12 2 109 I 

27 8 4 20 66 10 1 109 I 

28 35 25 13 33 2 1 109 M 
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