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Abstract 

 

Background: E-commerce is widespread in today’s shopping routines and 

conversational commerce (CC) as an expansion, aims at integrating customers and 

businesses on a whole new level. Through the application of chatbots fueled by artificial 

intelligence, a more personal and individual way of remote shopping is offered.  

Purpose: Our research question What potential attributes of AI-fueled CC applications 

and their possible inherent characteristics are determining the willingness to use them 

and to what extent, in the context of digital natives living in Sweden and Germany? aims 

at identifying the demanded attributes of conversational commerce from a consumer 

perspective. 

Method: We facilitate a quantitative questionnaire with 118 valid answers to administer 

a traditional full-profile conjoint analysis. 

Conclusion: Our results indicate that German digital natives deem a CC application’s 

behavior as the most important attribute, followed by payment method, personality and 

communication form (voice or text). The Swedish digital natives however, attach the most 

importance to the payment method, followed by behavior, communication form and 

personality. Both have in common that they prefer a rather passive behavior over being 

actively approached, a personality that is balanced between humor and seriousness and 

text-based communication over voice. A difference is the Swedish preference for direct 

in-app payment while German digital natives would select a redirection to a secondary 

payment provider (e.g. PayPal). 
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1 Introduction 

 

“Computers are useless -  

They can only give you answers” 

Pablo Picasso, 1968 

 

 
_____________________________________________________________________________________ 

In this introducing chapter the broader background for the topic of our thesis is explained 

and defined. We present how conversational commerce (CC) develops from and fits in 

the field of electronic commerce (EC) in general and lay the groundwork to understand 

the potential of CC in the future. We discuss our research problem that guided us through 

our research, define purpose and scope of our study and introduce our research question. 

Furthermore, a list of definitions of the most important terms related to our work, that 

might need clarification, is given and the general research disposition is explained. 

______________________________________________________________________ 

1.1 Background 

Electronic commerce is defined as a way of trading, shopping and selling goods or 

services using networks, respectively the internet (Turban, Outland, King, Lee, Liang, & 

Turban, 2018). Since the early 90’s, EC and its usage rate has been growing enormously, 

with no end in sight: In 2017, the global retail EC sales amounted to 2.3 trillion US 

dollars, which represented 10,2% of the total global retail sales; In 2021, this figure is 

expected to be close to 18% (eMarketer & retailtechnews.com, n.d.). Scientist believe 

that EC will be a future way of shopping (Turban et al., 2018), and since the development 

of technology, IT and facilitating devices, for instance PCs, smartphones, tablets or the 

like, the evolution of EC will follow. It can be concluded that EC is, and will be a major 

player in the field of commerce.  

Moreover, messaging applications such as Facebook messenger, WhatsApp and similar 

are the most frequently used applications worldwide, with close to 4 billion active users 

monthly (Business Insider, 2016). By this, one could argue that messaging applications 

count as one of the main ways of connecting people and enabling them to communicate 
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with each other. Given these continuously increasing numbers, opportunities arise for 

both: consumers and businesses.  

 

The emerging integration of EC attributes into the world of (instant) messaging seems to 

be the natural next step to bring businesses and customers together and increase value for 

both parties - Why not communicate and interact with firms as you would with friends 

and family? Why not reach your customers via their preferred way of communication?  

 

Uber’s former lead experience developer Chris Messina together with former Google and 

Uber employees coined the expression ‘Conversational Commerce’ in 2015 (Messina, 

2016; Shopify, n.d.) and many scientists and businesses have been led to believe that CC 

will be the ‘next big thing’ (Eeuwen, 2017; Exalto, de Jong, de Koning, & Ravesteijn, 

2018; Piyush, Choudhury, & Kumar, 2016; Zhang, Chen, Ai, Yang, & Croft, 2018).  

CC merges both shopping and messaging into one homogeneous tool and thus, provides 

a new level of communication in the business-consumer relation. Businesses and 

consumers are enabled to get in direct contact with each other either by voice or 

messaging applications. By that, it enables private, personal and human-like dialog 

without a two-sided human interaction; Instead, fully automated chatbots driven by 

artificial intelligence (AI), big data and machine learning are the foundation of CC (Exalto 

et al. 2018). Consumers are enabled to shop directly through their preferred messaging 

media, ask questions and specify their needs. The firms vice versa can offer direct 

personal service, and thus satisfy customers’ needs in a more individual way than regular 

EC offers (Shopify, n.d.).  

 

From a business point of view, CC is still in its infancy. As pioneer and market leader in 

sales volume and moved goods via conversational commerce platform, the US beverage 

brand DIRTY LEMON, selling exclusively by text message (Business Wire & DIRTY 

LEMON, 2018), and its mother company Iris Nova received a $15 million seed funding 

in the end of 2018, mainly by the Coca Cola company, which makes the Startup now 

valued $60 million with a projected sales revenue of $100 million in 2021 (Giammona, 

2018). 
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By now, several researchers are unanimous that conversational commerce will play a 

major part in the future of commerce (Eeuwen, 2017; Exalto et al., 2018; Piyush et al., 

2016; Zhang et al., 2018).  

 

1.2 Problem Statement 

As stated before, while the market opportunities for conversational commerce related 

applications are immense, they are yet unexploited and nearly unexplored in terms of 

desired user experience. We believe that human centered design (HCD), i.e. the user, 

customer, consumer or whatever term may be used to describe the person that is targeted 

to actually use CC-technology in his/her shopping routine, must be in focus of research. 

The technology behind a CC-application can be perfect from a developers point of view, 

the appearance from a designer’s perspective incredible and the functional worth for the 

business compelling - if the user is not attracted, s/he will not use it and the whole concept 

is of little value (Guenther, 2013). Therefore, an examination of potential users’ needs 

seems inevitable to map out the attributes CC should provide to satisfy these needs and 

ensure perceived usefulness and ease of use; the pillars of technology acceptance as Davis 

proposed in 1985 with his Technology Acceptance Model (TAM). Considering the fact 

that CC is not only a further conventional business channel, but a fairly new approach to 

integrate artificial intelligence in the business-to-consumer (B2C) communication and 

mimic human behavioral patterns to some extent, special attention needs to be paid to 

possible implications. Drawing from Nass, Fogg and Moon’s (1996) and Nass and 

Moon’s (2000) publications, introducing the Computers are Social Actors paradigm 

(CASA) about 20 years ago, and its update to the Media are Social Actors paradigm 

(MASA) by Xu and Lombard (2016), it is to mention that humans evidently tend to see 

computers, respectively media, as social actors and will treat them as such. With these 

paradigms in mind, CC could be viewed as the logical next step towards an even more 

intertwined relationship between humans and media technology, as AI, capable of 

humanoid natural language conversation assumingly would consolidate and amplify the 

percipience as social actor. However, although anthropomorphism attributed to 

technology in general is thought to trigger merely positive emotions in human beings 

(Portela & Granell-Canut, 2017), the ‘Uncanny Valley effect’, firstly described in 1970 

by Masahiro Mori (Mori, MacDorman, & Kageki, 2012) cannot be neglected. Originally 
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referring only to human-like looking objects and robots in particular, Mori’s term of the 

Uncanny Valley nowadays is extended to describe the phenomenon of humans expressing 

irritation, discomfort and eeriness, facing either humanoid objects or technology, that 

appear to be almost human, but missing the last bit, and therefore appear somewhat odd 

or weird and evoke rejection (Ciechanowski, Przegalinska, Magnuski, & Gloor, 2019).  

As one can see, Computers and related technologies have gone far beyond what earlier 

generations could have ever imagined as they are developing the ability to ask questions 

now instead of just giving answers.  

 

1.3 Purpose and Scope 

Our purpose, and thus, our research question is based on identified gaps in scientific 

literature (see chap. 2), that we, incorporating a number of findings from non-academic 

sources (e.g. blogs, websites or similar), find relevant and worth solving.  

 

The first identified imminent is the missing of a clear and consistent definition of 

conversational commerce. Since almost every author seems to have his own idea on what 

exactly CC is and given the condition that it is referred to as both, text-based, as well as 

voice-based conversation platforms and furthermore also can be based on human 

interaction or bot-fueled (Eeuwen, 2017), we are of the opinion that a clarification, 

classification and categorization of CC is needed. However, our focus will not be in trying 

to construct a general definition of CC to be used by research to come, but to define the 

perspective of CC used in this research, so readers fully understand our intentions and 

viewpoints. We believe that an explicitly stated definition of CC is needed as the 

groundwork for our study. 

 

The second, and much bigger, gap concerns the lack of research on the needed value 

proposition of CC from a consumer perspective. We facilitate the built frame of reference 

to pinpoint the acceptance and attitude towards CC among the digital natives, generations 

brought up with digital technologies, that could be viewed as the most valuable customer 

group of tomorrow (Parment, 2012); to what extent different attributes increase or 

decrease the overall satisfaction and if there are attributes that could make people 

uncomfortable, i.e. rejective in any way. The focus herein lies on the attributes this group 
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demands or rejects, to experience conversational commerce as enhancement in their daily 

lives. Special attention is paid to the appropriate degree of humanly behavior on the part 

of chatbots as deemed necessary by this target group. We believe that it is of great interest 

to investigate this problem, since it will be a valuable addition to research as well as 

beneficial for businesses intending to use CC in some way or another. Taking into account 

that the scarce user research that has been done on CC was conducted in the US and parts 

of Asia only, we want to extent the picture and focus our research on Europe. As this 

research is done in a Swedish university context, we decided our target group to  consist 

of individuals living in Sweden, as one of the most digitized and tech-savvy countries in 

Europe (Business Sweden, NASSCOM, &Radar, 2017), and Germany, as the German 

market is Europe’s biggest (Bajpai, 2019), and therefore worth investigating. Since we 

embrace JIBS’s motto ‘International at heart’, and believe in the European right of abode, 

we defined our target group deliberately not as people of the mentioned countries’ 

nationalities, but as people living there.  

With this thesis we aim at exploring the user acceptance towards AI-fueled chatbots in 

conversational commerce and contribute in understanding individuals’ preferred 

requirements towards the characteristics of CC. Thus, the research question guiding us 

through our thesis is: 

RQ: What potential attributes of AI-fueled conversational commerce applications and 

their possible inherent characteristics are determining the willingness to use them and to 

what extent, in the context of digital natives living in Sweden and Germany?  
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1.4 Definitions 

We provide an oversight of common terms in our field of research, that are important to 

fully grasp the topic. 

 

Artificial Intelligence  

Artificial Intelligence (AI) is defined as the capability of machines or systems to perform 

cognitive actions that, to a certain extent, mimic human attributes e.g., interpretation, 

learning, analytical sense, rationality etc. (Chui, Kamalnath, & McCarthy, n.d). 

AI can be divided into three categories, all of which reflect the level of human cognition 

the system or machine possesses. Narrow AI refers to the lowest level and is what we 

often see today, where software is able to outperform human performance in a specific 

area e.g., prediction, play games and forecasting. Next is general AI/Human-level AI, 

referring to software that can understand its surrounding, the setting, and act upon that as 

a human individual would do. The highest level of AI is called Super AI and describes a 

system that can outperform humans by far, in every possible area, and draw conclusions 

from unknown territories even for humans. However, to what extent this is reachable is 

yet to be discovered (McKinsey&Company, 2018). 

 

(Chat-)bot  

A chatbot is commonly defined as a program that is able to interact and converse with 

human users via ‘natural human language’ in an automated manner i.e., input of data that 

could be in the form of a human language such as English, the chatbot being able to 

engage by generating an output matching this language (Eeuwen, 2017; Griol, Carbó, & 

Molina, 2013). Chatbots could either be defined as being able to interact via text- and/or 

voice-interface. By that, voice assistants, or Voice User Interfaces (VUI), are similar to a 

chatbot by being a software/program that enables users to interact with it through natural 

human language whereas the form in what the interaction takes place is voice (Surace, 

White, Reeves, Nass, Campbell, Albert, & Giangola 2000). 

 

Instant Message, Instant Messenger 

Instant messaging (IM) is based on messages that are sent and retrieved instantly, i.e. in 

real time. It is a shared software client that is used between actors, enabling a real time 

delivery of content. The big difference between IM and simple/conventional messaging, 
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e.g. email or short message service (SMS), is the shared client software (Techopedia, 

n.d.). An extension of IM is Mobile Instant Message (MIM), which functions similar to 

IM and is related to mobile usage explicitly (Deng, Lu, Wei, & Zhang, 2010). A few well-

known examples of MIM software clients are Facebook Messenger and WhatsApp 

globally, as well as WeChat in China. 

 

Big Data 

Big data is a term that corresponds to a great amount of data sets (often terabytes to 

zettabytes) that exceeds the capabilities of ‘regular’ databases to gather, store, maintain 

and analyze data (Foresight, U. K., 2013; IBM, n.d.-a). The definition is rather subjective 

since the level of data that is required to be counted as big data varies between industries 

and especially depending on the time in history; what will be seen as big data today will 

most certainly not be seen as big data in 20 years (McKinsey&Company, 2011). 

Moreover, big data includes great velocity and variety - new data is constantly added in 

a high velocity and the information, that is gathered, often varies in character (Oracle, 

n.d.). Big Data is often gathered in real time and through sources such as sensor 

technologies and social media/internet (IBM, n.d.-a).  

 

Machine Learning 

Machine learning (ML) is a subgroup of AI and refers to machines and systems and their 

ability and capability to automatically learn from data, to later perform actions that were 

not explicitly programmed. Instead, mathematical formulas and algorithms conduct 

predictions, study pattern etc., in order to make decisions (McKinsey&Company, 2018). 

 

Deep Learning 

Deep learning is a part of ML. However, the distinction lies in the fact that deep learning 

has its focus on understanding and learning in a deeper sense. The idea is to construct a 

neural network, not unlike the human brain, built on several layers of information, levels 

of abstractions, instead of one or just few. By that, actions and decisions can be made in 

smaller steps, through the symbiosis of these layers, and thus, with higher reliability and 

meaning (McKinsey&Company, 2018; LeCun, Bengio, & Hinton, 2015). 
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1.5 Thesis Disposition  

The general disposition of our thesis can be seen in Figure 1-1. As one can see, the first 

chapter provides a background for the general topic of CC. The purpose and scope and 

subsequently the research question are derived from background information and the 

frame of reference (chap. 2). The frame of reference in general provides a literature 

review of CC and related relevant topic. Furthermore, it introduces theory and 

information, that are important for a more holistic understanding of this thesis. Chapter 

three then explains the underlying methodology and the resulting choice of method, the 

conjoint analysis procedure and the administration of our questionnaire. The collected 

raw data is presented in chapter 4 and conjointly analyzed in chapter 5. In the following 

chapter 6, we draw conclusions from our results and answer our research question. 

Analysis, conclusions and the frame of reference are then finally facilitated to draw a 

bigger picture of the CC theme and further research to come, consequently opening up 

for more general implications from a broader perspective. Continuously, we were 

including additional sources and literature given recent developments and else. 

 

Figure 1-1: Thesis Disposition 
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2 Frame of Reference 
_____________________________________________________________________________________ 

In this chapter we introduce the current state of literature concerning CC and present 

relevant theory. In the conclusion, the topical state of the literature is summarized and 

evaluated. Flaws, shortcomings and apparent gaps are identified, and subsequently 

facilitated to formulate, formalize and motivate our mentioned research question. 

______________________________________________________________________ 

2.1 Choice of Method 

The search for relevant scientific literature was mainly conducted using the Web of 

Science database. This was due to the website’s reliability and fact that its search engine 

is very well evolved, so that the available search options benefit the purposeful narrowing 

down towards relevant literature. In terms of search operations, it enables the researcher 

to set numerous filter-options to narrow down his/her search to more and more relevant 

data. Complementary searches were also conducted with Google Scholar and Primo.  

 

2.2 Application of Method 

Since CC is a fairly new term, just on the way to unfold its meaning, the initial process 

of identifying relevant literature was to search for articles with the keywords 

‘Conversational Commerce’. The first searches led us to a rather small amount of hits 

even though a few relevant articles were found. After the first searches, new keywords 

were added: ‘Chat-bot’, ‘C-commerce’, ‘conversational recommender systems’, ‘e-

commerce’, ‘instant messag*’, ‘WhatsApp’ and variations as seen directly related to the 

envisaged topic. We used Boolean operators such as ‘AND’, ‘OR’ to combine our 

keywords in various sequences. Based on the retrieved articles and using a snowball 

approach of back and forth searching to a great extent, further literature was added. Due 

to the scarce availability of appropriate literature, or even scientific in the first place, we 

decided that a focus on the journals’ impact factors (IF) or the number of citations per 

specific article as a quality measurement tool would not serve our purpose but be rather 

unproductive. Under the prerequisite that articles published in scientific journals in 

general have passed through a thorough reviewing process, the non-availability of IFs for 

several journals and the general criticism on the IF as a restricting quality measurement 

tool for scientific articles (European Association of Scientific Editors, 2007), we decided 
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to include articles from journals with none or a low IF. Furthermore, taking into 

consideration that internet-based fast developing hot topics are discussed first and 

foremost exactly where they emerge, namely digital spaces, we included web-based 

sources such as business- and tech-blogs and -websites, as well as newspaper articles, 

market research institution and corporate online resources. These were retrieved in an 

iterative and rather intuitive search process. In this way integrating the industry’s 

imminent trends and cross-referencing it with academic research, we strive to enhance 

this thesis’ relevance and bring academia, business and the public together. 

 

2.3 The Definition of Conversational Commerce 

Due to the newness of CC, a single, fully acceptable definition does not exist. Also, the 

definition differs from voice vs. text or chat commerce and the question if CC is based on 

a chatbot or real human interaction. Exalto et al. (2018) choose to proclaim the definition: 

“the exchange of questions and answers in a mode that is determined by the customer and 

with the goal of clarifying uncertainties of the potential customer to support him/her 

during the customer journey” (p. 78). However, Matt Schlicht, the CEO of Octane AI and 

founder of chatbot magazine, chooses to define conversational commerce as: 

“Conversational commerce is an automated technology, powered by rules and sometimes 

artificial intelligence, that enables online shoppers and brands to interact with one 

another via chat and voice interfaces.” (2018, What is Conversational Commerce?-

section, para. 3). Chris Messina, one of the responsible actors that coined the term 

‘conversational commerce’, defines CC as “utilizing chat, messaging, or other natural 

language interfaces (i.e. voice) to interact with people, brands, or services and bots that 

heretofore have had no real place in the bidirectional, asynchronous messaging context” 

(2016, para. 9). 

Eeuwen (2017) discusses several definitions of CC, his conclusion being that the common 

factor in most of them is that CC offers convenience through the use of a natural 

conversation language. 
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2.3.1 Mobile Messaging 

Even though the topic of CC is fairly new, there has been some empirical evidence 

collected giving a hint on its potential. Given that in 2018 globally more than 2 billion 

mobile messaging application users (eMarketer, n.d.) sent nearly 13 million text messages 

per minute (Domo, n.d.), the huge capacities for mobile messaging CC is evident. A 

survey by the US based digital consulting firm Sumo Heavy (n.d.), concerning the year 

2018, showed that while 37% of participants had interacted with chatbots in some way 

and 72% of this group rated the experience helpful and informative, only 11% had tried 

to actually shop via bot. WhatsApp, in the beginning of 2019 with 1.5 billion users 

worldwide, the biggest player in the game of instant messaging (We Are Social, & 

Hootsuite, & DataReportal, n.d.) has in early 2018 launched WhatsApp Business, a 

solution for small as well as medium and big firms to get in contact with their customers 

(WhatsApp, n.d.) and is therefore driving the infrastructure for CC forward.  

 

2.3.2 Voice Assistants 

Apart from text-based messaging, there is another evolving technology within the context 

of CC: Voice-driven direct communication between customers and businesses, facilitated 

by the growing market for voice assistants, respectively enabling devices. Given the 

projected increasing number of voice assistants in use, from 3.25 Billion in 2019 up to 8 

Billion in 20231 (voicebot.ai., n.d.) and the nearly doubling of ownership of smart 

speakers among US-Americans in just one year from 2018 to 2019 up to 45% (Microsoft 

Advertising, 2019), one cannot neglect the fact that “Your brand needs to have its own 

agents that can talk directly to customers and to converse across multiple digital 

assistants.”, as Microsoft’s CEO Satya Nadella (Microsoft Advertising, 2019, p. 5) puts 

it. Research also tells that a frontier usage point among owners of smart speakers is the 

capability of shopping through their smart speaker; out of almost 2000 individuals asked 

if they had placed an order using their smart speaker, 31% answer with ‘yes’ (National 

Public Media, 2017). By this, it could be argued that smart speakers play, equally to 

mobile messaging, a critical part in the advancement of CC and the importance for CC to 

                                                           
1 Counted as voice assistants was the pairing of an individual user with a particular assistant and device. That means 

some users will have multiple assistants in use while others will have none and both consumer and enterprise assistants 

are included. 
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be understood by businesses. The development of voice assistants is closely linked to 

their capability to actually understand humans talking, that has increased up to 95%2 

accuracy in 2017 (Fig. 2-1). 

 

Figure 2-1: Development in the Voice Assistant Sector (Capgemini Digital Transformation Institute, 2018, p. 3) 

 

2.3.3 Potentially Value Adding Factors of CC from a Consumer Perspective 

Schlicht (2018) writes that CC adds several new dimensions compared to today's way of 

shopping and interacting online. The interaction between parties, e.g. buyer and seller, 

will contain a greater amount of animations than before. Also, CC will reduce the several 

steps that are needed to complete a session or an action such as shopping, customer 

support etc. But the biggest difference, according to Schlicht (2018), will be the human-

like or social way of interacting. Shopify (n.d.) also confirms the reduced steps and ease 

of the process; also, CC adds another dimension to the consumers: the perception of ‘real’ 

and individual attention, which traditional e-commerce does not provide. CC will not only 

                                                           
2 Google voice recognition  
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create a more personalized experience for the consumers, but also enables a two-way 

communication where consumers as well as sellers can communicate and interact with 

each other, whereas the traditional way to a great extent is based on a single 

communication path. Consumers and businesses or organizations will be able to learn, 

help, and make use of one another (Schlicht, 2018). Research also indicates that live 

communication in an e-commerce setting in general increases consumers’ trust (Qiu & 

Benbasat, 2005). 

 

2.3.4 The Emotional Impact of CC on Consumers 

Eeuwen (2017) argues with the basis of the technology acceptance model (TAM) and the 

innovation diffusion theory (IDT) that A) Consumers’ position and the recognized 

usefulness towards messaging chatbots do have a positive relation; B) The user 

friendliness and consumers position towards messaging chatbots also has a positive 

relation; C) The adaptiveness and consumers position towards a messaging chatbot does 

have a positive relation. According to Mimoun and Poncin (2015), flexibility, control and 

access are three factors that are of great value for consumers when shopping; and e-

commerce most often offers these attributes. However, e-commerce could also be 

interpreted by many as impersonal and remote way of shopping since it does not offer the 

‘real’ shopping experience compared to being in a store physically (Mimoun & Poncin, 

2015). A survey with 195 participants, however, shows that over half of them expressed 

a positive first reaction towards chatbots in general, which might indicate that CC and 

chatbots do have a positive impact on consumers (Eeuwen, 2017). Furthermore, Mimoun 

and Poncin (2015) also point out that social presence is an important building block for 

fostering and enhancing social interaction in computer or computer related environments; 

social presence that is virtual but is recognized as actual or physically real. Mimoun and 

Poncin (2015) conclude that conversational agents, such as AI powered bots, could have 

a positive impact on consumers shopping experience. Moreover, Tiersky (2017) argues 

that consumers prefer interacting with bots rather than humans (under the premises that 

the bot can satisfy the need) since consumers themselves decide the pace which in turn 

leads to the perception of higher control. 
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2.4 The Technology Acceptance Model 

The Technology Acceptance Model (Fig. 2-2) is a classic theoretical model, that is widely 

used to examine why, or why not, people use a certain technology. A meta-analysis by 

King and He (2006), based on 88 performed TAM studies indicates that this model is a 

valid and robust one, with a very wide scope of usage, with even further possible fields 

to be applied to.  Davis, who based his work on Ajzen and Fishbein’s (1980) Theory of 

Reasoned Actions (TRA), developed and proposed the TAM in his dissertation in 1985. 

The original TRA (Ajzen & Fishbein, 1980) was designed to predict human behavior in 

relation to corresponding (psychological) attitudes. According to the TRA model, human 

behavior is based on the intention to behave in a certain way, which in turn results from 

two main determinants: 1. The individual’s personal attitude towards the (intended) 

behavior; and 2. The subjectively perceived expectations regarding social and normative 

norms, that are connected with the (intended) behavior. The anticipation of the expected 

outcome’s nature, combined with the evaluation and assessment of this outcome’s 

assumed results, in this way, define and determine human actions.  

 

Figure 2-2: Technology Acceptance Model (adapted from Davis, 1989) 

 

The TAM (Davis, 1989) suggests that the two determining factors that are deciding the 

attitude and behavior towards the usage of a certain technology are the perceived ease of 

use and the perceived usefulness, both influenced by differing external variables. To 

mention is that the perceived usefulness is not only based on external factors but also 

influenced by the perceived ease of use. Given the numerous extensions that researchers 

have made to the TAM in respect to their particular fields or subjects of research, e.g. 

sports (Ibrahim, 2014), learning (Lee & Lehto, 2013; Cheung & Vogel, 2013), age 

(Chung, Park, Wang, & Mclaughlin, 2010), culture (Choi & Totten, 2012) or various 

others, it can be assumed that the model could be viewed as versatile and very adaptable 

to varying contexts. 
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On the other side, there also is a critical perspective on the permanent usage and 

application of the TAM. Benbasat and Barki (2007) postulated a saturation of TAM-

extensions more than 10 years ago, assuming that the addition of more and more 

extensions is not necessarily adding value to the TAM as researching tool and subject 

itself but in turn produces a chaos of differing TAMs and left us in a “methodological 

vacuum and theoretical confusion” (p. 214), from which no one can identify the topical 

and up-to-date versions. Furthermore, Benbasat and Barki (2007) bring up the question if 

the usage of a model that produces rather statical results is the right choice in faster and 

faster ever-changing IT-environments, where ongoing reinvention, learning and 

innovation processes are common. Given that this argument already was brought up 12 

years ago and IT has evolved in giant steps and with incredible pace, it could be assumed 

that this reasoning was never more valid than today. 

 

2.5 Human Centered Design 

Guenther, in his 2013 Interception puts human-centric design in the frontline of 

contemporary innovation attempts to bring businesses, engineering and the user together 

and in turn create lasting value for all involved actors and innovative enterprises. 

Therefore, Guenther (2013), supported by Boy (2012), proposes a three-folded model 

(Fig. 2-3), consisting of three main frames - The business-frame (Viability); The 

technology-frame (Feasibility); And the People-frame (Meaningfulness) - all of which 

are necessary to reach enterprise innovation. The term ‘Enterprise Innovation’ in this 

case, is not referring to innovation in an actual enterprise, meaning an individual firm, 

company, organization or the like, but to describe “opportunities to achieve innovation 

on a relationship level, by combining new technical options with new business models to 

generate new meanings for people” (Guenther, 2013, p. 51), and thus implies that, on a 

meta level, co-creation is a crucial condition for successful new innovation.  
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To achieve the goal of successfully implementing these holistic innovations, three pre-

innovation-settings need to be acknowledged, that are connecting and intertwining the 

three frames: 1. Techno-Economic Innovation refers to the facilitation of technology to 

increase the value in business processes of all kinds; 2. Socio-Technical Innovation means 

the adoption of technology towards human demands to deliver new functions and satisfy 

needs;  3. Socio-Economic Innovation then is described as linking business ideas to 

customers’ needs and believes on an emotional level and in that way create purpose and 

meaning (Guenther, 2013). Specifying, Boy (2012) emphasized the notion that if we are 

to attempt to really solve a problem, we need to design and develop technology towards 

human-centered purposes and thus steer management models in this very direction, as 

HCD is not a downstream refinement technique to deal with flaws and shortcomings but 

a holistic horizontal integration of business, technology and people, combining 

engineering and design with the goal of innovation. 

 

Figure 2-3: Enterprise Innovation Model (Guenther, 2013, p. 51) 
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2.6 Conclusion 

CC could definitely be described a ‘hot topic’ and, when applied right, a cutting-edge 

technology which is thought to be a big part of the future of commerce and customer 

service by researchers, organizations and businesses. Even though CC currently is in its 

early stages, several organizations already offer consumers CC opportunities (Schlicht, 

2018). Many actors believe that CC will improve consumers shopping experience and 

makes the interaction more effective in terms of time and effort (Schlicht, 2018; Shopify, 

n.d.; Qiu & Benbasat, 2005). Several researchers discuss the emotional impact of 

conversational commerce on consumers, while factors such as usefulness, adaptiveness 

and friendliness are some of the determinants that have been found to have a positive 

relation with consumers’ position towards chatbots (Eeuwen, 2017; Mimoun & Poncin, 

2015; Tiersky, 2017). 

 

As highlighted, there has been a rather small amount of research conducted directly 

regarding CC. A not inconsiderable part of the literature on that part was retrieved from 

not peer-reviewed website content and conference papers, enriched with the available 

applicable scientific articles, identified via the mentioned search engines, that are able to 

provide academically satisfying results. It can be concluded that the existing literature 

discusses what CC is, how it is implemented and if CC or chatbots in general are accepted 

by the public, respectively the consumers (e.g. Cui, Huang, Wei, Tan, Duan, & Zhou, 

2017; Eeuwen, 2017; Exalto et al., 2018; Piyush et al., 2016; Schlicht, 2018). Expectantly, 

the amount of scientific literature will increase as the topic matures and more researchers 

take on conversational commerce as a study subject. 

 

While several definitions of CC exist, a lack in consistency is apparent. As of today, 

several authors discuss CC as different things (to some extent) (e.g. Eeuwen 2017; Exalto 

et al., 2018; Messina, 2016; Schlicht, 2018) and attribute different characteristics and 

properties. Therefore, actually differing contents are discussed under the label CC, what 

makes coherent follow up somewhat challenging. And while on the one hand, it is not 

wrong that the usage of multiple definitions concurrently is providing advantages in order 

to draw a bigger picture and discover connections, on the other hand we believe that the 

term conversational commerce and its meanings should undergo a thorough analysis so 
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that a more uniform or focused way of discussing the subject is facilitated and a common 

understanding between researchers is established. 

For our reader to proceed with a clear picture of conversational commerce in mind, figure 

2-4 below shall serve as an overview of the findings, compiling the different literature 

stances, and further, based on the - admittedly scarce - available research, we provide a 

clear overview of the meaning of CC. Moreover, fig. 2-4 presents the definition accepted 

and embraced by us in this research, which thus will be a fundamental part in 

understanding the subject of this study. It can be seen that we have accepted CC as both, 

driven by text (e.g. WhatsApp, WeChat and Facebook Messenger etc.), and driven by 

voice (i.e. voice assistants such as Google Assistant and Amazon’s Alexa). Furthermore, 

we have only focused on CC fueled by AI and related technologies and not by humans, 

as the usage of AI is a main contemporary, innovative and new factor of CC. If we had 

included ‘humanly driven’ within our scope as well, one could have understood a profane 

phone call with the purpose of selling anything as CC per definition, and therefore render 

the subject somewhat outdated. 

 

 

The main gap we have identified concerns the demanded value proposition of CC from a 

consumer point of view, i.e. what attributes does CC need to provide in order for 

consumers to actually use it. Existing research and data has its focus on the point if and 

to what extent it is accepted, but not on what is needed, respectively why it is accepted, 

why may not and what would conversational commerce platforms need to provide for 

Figure 2-4: Definition of Conversational Commerce 
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catching the potential users’ attention, gain their acceptance and make them embrace as 

well as use this business model.  

 

Moreover, the available data on conversational commerce, concerning the willingness to 

try or use CC is heavily focused on the US American market (and China and some other 

Asian countries to some extent) and evidence for the European market is rare, not to speak 

of particular European countries. Further investigations to map the European users’ 

attitudes towards conversational commerce would be expedient. 
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3 Methodology & Method 
_____________________________________________________________________________________ 

The third chapter gives an overview of the methodology and the method used and applied 

in the research - the research design. Firstly, the philosophy and the approach of the 

research is presented and argued for. Furthermore, conjoint techniques as base for the 

research strategy and the method of data collection are presented. The questionnaire 

design, the data analysis process and lastly the research quality are assessed. 

______________________________________________________________________ 

3.1 Research Philosophy 

Research philosophy is defined by Saunders, Lewis, Thornhill and Wilson (2009) as the 

way the world is perceived by the researchers and thus indicates what techniques, 

methods and strategies will be used in the research. By that, the philosophy a research 

commits to is an important component during the research itself. It impacts how the 

subject of interest will be interpreted throughout the research (Johnson & Clark, 2006). 

 

Several research philosophies could be elaborated on, but the most frequent ones are 

pragmatism, interpretivism, realism and positivism (Saunders et al., 2009). Positivism 

refers to a philosophy where the social world exists independent and objectively from the 

researcher’s viewpoint, i.e. the investigation is thought to be made without any external 

factors influencing. By that, a positivistic standpoint implies that the topic of interest, the 

research problem, can be answered or discussed from an objective position and thus, an 

objective conclusion can be drawn (Blumberg, Cooper, & Schindler, 2011). 

Interpretivism however, is located on the other side on the spectrum of research 

philosophies and refers to a standpoint where the social world is a subjective matter. An 

interpretivist thus accepts the reality as being a vision of human imagination (Collis, & 

Hussey, 2014). Easterby-Smith, Thorpe and Jackson (2015) refer to this stand as a 

constructionist approach and argue that a constructionist stance has its interest in people 

and how they sense the reality. 

 

Hinkelmann and Witschel (2013) describe positivistic research being a great fit if the 

main goal is to describe a given phenomenon from an objective standpoint and understand 

and describe individuals’ attitudes. By this, the philosophy behind this study is of 
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positivistic nature since we believe it to be applicable in regard to our goal to collect and 

process data from an objective standpoint. 

 

3.2 Research Approach 

Two primary approaches could be applied when a research is conducted, it could either 

be inductive or deductive (sometimes one with attributes of both - abductive). However, 

both refer to the relation between theory and conducted research during the study 

(Bryman & Bell, 2007). An inductive approach is based on the premises that data will be 

the foundation for the construction of new theory or knowledge, based on the gathered 

data and furthermore be linked to existing literature (Saunders et al., 2009). Additionally, 

inductive reasoning is generally said to be a good fit for qualitative methods, even though 

it can be used in quantitative research as well (Saunders et al., 2009). 

A deductive approach however, could be said to be the opposite of induction, by being a 

method where data is facilitated to test a theory i.e., the research uses existing theories to 

empirically test these against collected data, often by confirming or denying pre-

constructed hypotheses (Saunders et al., 2009). According to Malhotra, Birks and Wills 

(2012), raising issues from existing research by conducting a literature review and 

construct hypotheses based on this review, is called deductive reasoning. Deductive 

reasoning, in contrast to inductive reasoning, tends to be used in quantitative research 

even though it can be used for qualitative research as well.  

 

Although we follow a quantitative approach, our study is based on inductive reasoning, 

primarily because of three reasons: First, while there is some theory, that could be used 

as groundwork to tackle the phenomenon of CC, develop hypotheses and subsequently 

test them, we simply do not believe that this would be expedient in this case and, as being 

stated by Patton (2002), approaches can be combined or mixed creatively if that is 

believed to facilitate the research. As there is very little to no evidence on what attributes 

could define a user’s willingness to embrace CC, we decided to choose a more exploratory 

approach. Moreover, as we are trying to actively contribute our humble share to the 

further development of CC-technology and in relation to Guenther’s (2013) and Boy’s 

(2012) HCD models, our gathered data could be seen as a small extract in an iterative and 

ongoing process, and not as definitive static truth. Furthermore, our approach is in line 



Johansson, F., & Kröger, F. J. Conversational Commerce May 2019 

22 

 

with Saunders et al.’s (2009) statement of generating new knowledge from emerging data, 

that subsequently can be linked to existing theory. 

 

3.3 Data Collection Method 

The method of data collection describes how and what actions that are taken during the 

research, in order to reach the goals and the purpose, and by extension, how researchers 

plan on answering the formulated research question(s) (Saunders et al., 2009). Different 

philosophical stances or research approaches call for different methods. However, there 

are three alternatives when conducting a research. It could either be qualitative, 

quantitative or a combination - a mixed methods approach (Easterby-Smith et al., 2015). 

 

In qualitative studies, case study, action research and grounded theory are common 

strategies (Saunders et al., 2009). A qualitative study is defined as a non-numeric way of 

collecting data (Easterby-Smith et al., 2015) and instead has its focus on the phenomenon 

that do have an impact on individual’s reality, both in an individual or an organizational 

context (Mills & Birks, 2014). A qualitative study is often performed through interviews 

and observations, which provide researchers with primary data, that later can be examined 

in-depth (Bluhm, Harman, Lee, & Mitchell, 2011). A quantitative study aims at 

understanding and examining relationships between variables from an objective 

standpoint by using mathematical tools as the way of analyzing data (Muijs, 2010). 

In quantitative studies, hypothesis testing and exploratory techniques are more common 

(Saunders et al., 2009). 

 

As mentioned in previous chapters, this study will be quantitative in its nature since our 

purpose is to quantitatively measure variables that reflect people’s approval/rejection of 

CC’s possible characteristics in a numerical way and understand the given phenomenon 

from an objective perspective. Also, our intention is to answer the question with higher 

reliability, something that quantitative research enables. 

 

Furthermore, the gathered data could either be primary or secondary. Primary data refers 

to data that is collected by the researchers first-hand and secondary data thus refers to 

data collected from other sources, e.g. published articles, books and reports etc. 
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(Easterby-Smith et al., 2015). This research will be based on primary data collected 

through a survey. Malhotra et al. (2012) state that the use of surveys is a powerful tool in 

research since it lets researchers objectively examine possible dependabilities between 

variables. Secondary data was also facilitated in the theoretical framework and is 

therefore building a foundation of this study. 

 

3.4 Research Ethics  

Ethical considerations are an important factor for research itself that every researcher 

should internalize since it establishes and increases the overall quality of the research, 

while at the same time also working as a comforting factor for participants of the study 

(Easterby-Smith et al., 2015). Easterby-Smith et al. (2015) mention 10 key principles that 

help to protect participants and the research integrity: 

“ 

1. Ensure that no harm comes to participants. 

2. Respect the dignity of research participants. 

3. Ensure a fully informed consent of research participants. 

4. Protect the privacy of research participants. 

5. Ensure the confidentiality of research data. 

6. Protect the anonymity of individuals or organizations. 

7. Avoiding deception about the nature or aims of the research. 

8. Declare affiliations, funding sources and conflicts of interest. 

9. Honesty and transparency in communication about the research. 

10. Avoid of any misleading or false reporting of research findings. 

“ (p. 357). 

In terms of ethical issues regarding participants, both anonymity and consent were 

ensured and offered. Individuals who participated in our research were offered full 

anonymity, no name was mentioned in the report, nor asked for in the survey. Also, the 

purpose of the study was explicitly described so that participants would have no doubt 

what the study was about or what it would be used for. The participation was completely 

voluntary. Additionally, gathered data will be protected and only the two authors will 

have access to all information, so that confidentiality can be ensured. 
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Moreover, our research is proven to be justified by our literature review and the identified 

gaps make the subject novel. We did not plagiarize and every content that was taken from 

other sources than ourselves is referenced and credited to our best knowledge and believe. 

 

3.5 Conjoint Analysis 

To enable us to identify the significance of attributes and their characteristics that users 

wish for when using CC applications, we decided to perform a conjoint analysis. In 

respect to our research question, we believe that this technique provides promising 

possibilities in the field of user research, respectively allows us to classify and weight 

potential customers’ needs and attitudes towards CC  and subsequently rank them in a 

hierarchical way. In the following sections, conjoint analysis as a theory will be 

explained. Further on, different techniques and tools within the theory of conjoint 

analysis, that were used within this research, will be reviewed and explained. 

 

3.5.1  Overview  

The technique of conjoint analysis (also referred to as conjoint measurement) is a survey-

based research tool, established in the 1970s through a number of articles by Paul E. 

Green and colleagues (e.g. Green & Rao, 1971; Green, Wind & Carroll, 1973; Green, 

1974; Green & Srinivasan, 1978). Green transferred procedures, originating in 

mathematical psychology to marketing, respectively especially market research, to create 

a multivariate method, that allows to measure (potential) consumers valuation of certain 

product attributes and their characteristics, and furthermore enables the creation of 

predictive models to forecast consumers (purchase) behavior, act accordingly to their 

preferences, or even predict and estimate accepted prices. 

Conjoint analysis as one of the presumably most significant tools used in marketing 

research (Rao, 2014; Toubia, 2018), decomposing products or services into smaller units, 

and enabling the individual measurement of these units (Toubia, 2018). According to 

various authors (among others: Malhotra et al., 2012; Rao, 2014; Toubia, 2018), this 

measurement technique is usually done by identifying the defining attributes (e.g. price, 

color, size) of a product/service, followed by a differentiation of its different levels (e.g. 

for price: 100 SEK, 200 SEK, 300 SEK). And while some sources, for instance the survey 
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platform Qualtrics substitute the term ‘attributes’ with ‘features’ and then use ‘attribute’ 

to describe a feature and all its levels at once (Qualtrics, n.d.), we decided to keep it as 

simple as possible and reduce redundancies by proceeding with ‘attributes’ and ‘levels’ 

only. 

After attributes and levels are defined, the researcher composes different profiles, each 

consisting of a set of attribute levels, which then are evaluated by the participants and 

subjectively assessed against each other – the participant is hereby forced to make a (or 

multiple) decision(s) in favor/against certain profiles, so called trade-offs (Rao, 2014). 

This individual (and somewhat forced) decision process between different product 

profiles, mimics real-life purchasing choices or usage preferences way better than a 

simple rating of single attributes ever could and is therefore what makes conjoint analysis 

so interesting for market research. As Aaker, Kumar and Day (2004) postulated, the 

information obtained with this trade-off method is most certainly of greater value and 

more precise than data gathered by only asking what attributes the consumer deems 

important as possible product characteristics, as consumers tend to answer that all of them 

are important. Therefore, by making consumers sacrifice certain profiles, and thereby 

attributes plus subsets, in favor of others, the joint value effects of attributes’ levels can 

be identified and subsequently decomposed back into individual evaluations of single 

attribute levels, which further enables the computing of numerical scores for each level 

of all attributes in all possible combinations (Rao, 2014). With the generation of so-called 

utility values, based on the participants’ choices, a numerical score for every single 

attribute and as well for each and every level of all attributes, is computed. These utility 

values can also be called partworths and are usually calculated with appropriate software 

solutions (e.g. IBM SPSS). Subsequently, it is possible to simulate various models, using 

all kinds of attribute-level combinations, even if they were not rated upon as full profile 

by the participants. With this kind of modelling it is even possible to predict market shares 

in percentage for every profile possible or price sensitivity, respectively what users are 

willing to pay for what (if the attribute price with different levels was part of the tested 

set) (Rao, 2014). 
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3.5.2 Types of Conjoint Analysis 

 

According to Rao (2014), there are mainly four distinguishable types of conjoint methods: 

 

The traditional conjoint analysis (CA) is the one Green established as pioneer in this 

field (e.g. Green & Rao, 1971; Green, Wind & Carroll, 1973; Green, 1974; Green & 

Srinivasan, 1978). His full-profile method lets the participant rate or state preferences for 

profiles constructed from the whole set of attributes and levels in the test. Therefore, 

theoretically all possible profiles are rated by the participant. However, as the number of 

full profiles increases exponentially with the number of attributes and levels (e.g. 4 

attributes with 3 levels each, equals 3*3*3*3 = 81 different profiles), it would be utopic 

to believe that a participant would or even could judge them all. To cope with this 

problem, usually a significantly smaller set of profiles is selected for the conjoint analysis, 

based on the experimental design. In the data analysis the stated preferences of all 

individual participants are transferred and decomposed (usually with regression-based 

methods) to separate utility values for each level corresponding to one attribute – the 

outcome are attribute-specific partworth functions, showing the consumers preferences 

in terms of the attributes’ different levels. 

  

Choice-based conjoint analysis (CBCA) is nowadays the presumably most popular type 

of CA. These methods draw on stated direct choices between product or service profiles 

instead of the theoretical usage of full profiles in traditional CA, and therefore are closer 

to the reality of a participant’s real purchase decisions. Usually, the participant has to 

choose several times between multiple profiles, to measure his/her preferences and trade-

offs. In CBCA the partworth functions are typically computed using multinomial logit 

methods. 

 

Adaptive conjoint analysis (ACA) is an approach to handle extensive attribute/level 

numbers with a two-folded procedure: Firstly, the participant fills a self-explicated 

questionnaire, concerning attribute importance and level preferences; Secondly, adapted 

to the preceding questionnaire, a number of partial profiles (only two at a time) is to rate 

by preference. As the shown partial profiles are instantly customized for each participant, 
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and therefore need complex and various calculations. ACAs needs to be computer-aided 

to unfold their potential. 

  

Self-explicated conjoint analysis, in contrast to the other three mentioned methods, that 

are all decompositional, is a compositional approach and works bottom-up in comparison 

to the others. The participants are asked to rate all levels of all attributes individually in 

terms of their desirability, plus the relative importance of each attribute. From this rating 

then, the importance and desirability of each possible profile can be extrapolated, based 

on the single levels’ and attributes’ ratings. 

 

We did choose a full profile method since it could be said to be a realistic one from a 

consumer perspective (Toubia, 2018); consumers would not be faced with individual 

attributes of conversational commerce, but rather experience conversational commerce as 

a whole - with all the attributes working simultaneously. Moreover, we have chosen the 

traditional method within this research since we believe this to be the best choice for our 

purpose and our limitations timewise as well as financially (Toubia, 2018).  

 

3.5.3 Application of Conjoint Analysis 

To perform and administer a conjoint analysis in a sufficient way, several authors suggest 

general frameworks on how to design the research process in order to obtain valid and 

robust results. In this chapter we will discuss recommendations, and subsequently explain 

and motivate the construction of our own path.  

When examining the theoretical models of Gustafsson, Herrmann and Huber (2000) in 

fig. 3-1 and Malhotra et al. (2012) in fig. 3-2 below, it is evident that different authors use 

different wordings and emphasize or prioritize in different ways. 
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To be clear and prevent misunderstandings that may arise due to the differences in the 

above flowcharts, we want to cite Toubia’s (2018) puristic model, that only consists of 

three main steps, postulated to be involved in all conjoint analysis: 

 

“1.  Select attributes and levels. 

2.  Survey Implementation and Data Collection. 

3.  Partworths Estimation and Inference.” (p.55) 

 

When reviewing all three models it becomes clear, that while Toubia (2018) captures the 

defining factors of CA, that are also present in the other models (Gustafsson et al., 2000; 

Malhotra et al., 2012), and we in general also prefer short and compelling statements and 

quality above quantity, Toubia in this case remains somewhat generic and very general, 

which is understandable given the purpose of capturing the artifacts that unexceptional 

all CA methods have in common. Nevertheless, this makes Toubia’s (2018) model 

impractical to structure our research. On the other hand, we also felt uncomfortable with 

using Gustafsson et al.’s (2000) framework, to be the model for our research, mainly for 

one reason: they start with the selection of the preference function, data collection method 

Figure 3-1: Theoretical Framework Conjoint 1 (adopted from 

Gustafsson, 2000) 

Figure 3-2: Theoretical Framework Conjoint 2 (adopted 

from Malhotra et al., 2012) 
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and design, before the profiles (here: stimuli) are even mentioned, what is contrary to our 

approach and believe, of the whole research being orientated and based on the attributes. 

For our research, we decided to facilitate Malhotra et al.’s (2012) model as a base and 

alter it towards our ideas and needs (Fig. 3-3).  

 

 

Figure 3-3:  Own Theoretical Framework Conjoint (based on Malhotra et al., 2012) 

 

In our own model we changed the first step to collecting the attributes and levels, because 

we find this more concrete and compelling, compared to the phrase of formulating the 

problem. Otherwise, we just made minor changes, to clarify things and make them more 

tangible. In the following chapters the seven steps are facilitated to guide through our 

procedure and are explained in planning and application more extensive and in detail. 
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3.5.4 Identify Attributes and Levels 

To identify salient attributes researchers can use quantitative research such as surveys, 

qualitative expert interviews or discussions and pilot studies of both natures, and might 

as well consider secondary data. For an attribute and its levels to be defined as salient, 

several prerequisites should be given. As Rao (2014) postulates, these are:  

- Relevance must naturally be given for an attribute to be considered salient and 

suitable. Without this prerequisite the attribute would be pointless and not provide 

any real value for researchers nor potential customer. 

- Actionability from a managerial point of view, meaning that the proposed 

attributes need to be realistic and feasible. The usage of ideally imagined but 

(nearly) impossible or in the end unlikely attributes could bias the data, as it could 

lead to steering examinees towards these and therefore spoil and distort the values 

of other attributes. Additionally, unrealistic expectations could be evoked on the 

side of customers but also decision-makers in companies, as they could tend to 

demand the implementation of the best rated but impossible attributes and levels. 

- Simplicity as in to convey attribute information to a potential user to make 

attributes and their characteristics understandable and tangible. There is no sense 

in overly complicated or poorly described attributes, as the test persons need to be 

able to make informed decision. Otherwise, the threat is imminent, that testers just 

choose the options they understand, not the ones they actually prefer, or simply 

ignore the too complicated ones. 

- No duplications or redundancies of attributes. All attributes and levels must be 

clearly distinguishable, so that a real decision is to be made. The very definition 

of conjoint analysis is built on making people decide between options and to make 

trade-offs. An evasion option would shatter the experimental design. 

 

Complementary, drawing from Guenther’s (2013) enterprise innovation model (Fig. 2-

3), we like to highlight that two of his proposed three frames, the business-frame with its 

viability and the technology-frame with its feasibility, can be viewed as included in Rao’s 

(2014) prerequisites, while the third, the people-frame with its meaningfulness is the one 

a conjoint analysis is aiming to provide as a result. 
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To identify attributes that we percept as relevant for conversational commerce, we 

searched existing literature and sources, academic and non-academic ones and existing e-

commerce applications and decided based on this what attributes to include. We believe 

that the use of non-academic sources in this still brand-new topic and with the purpose of 

identifying attributes, that are important from a consumer/user perspective, is perfectly 

justifiable in this case, and merely increases our possibilities to collect information from 

within the tech-scene. 

 

We choose to include four attributes in total, with three attributes having three levels and 

one attribute with only two levels. As suggested by multiple sources (Orme, 2009; 

Qualtrics, n.d.) the right number of attributes and levels is crucial to gather valid data, as 

increasing numbers lead to exponentially more choices or ratings that are to be made by 

the participants which then in turn most certainly results in fatigue and less careful 

answers. Thus, we decided to follow Gustafsson et al.’s (2000) advice to employ four 

attributes with a maximum of three levels, and therefore keep the number of attributes 

rather small and mainly use the same number of levels for each, with the exception of one 

attribute, where another level would not have made sense.  A summarizing table of our 

attribute set is presented in tab. 3-1. The table design is not intended to show any 

hierarchies or ranking, and the sequence of attributes and levels does not mean any pre-

assumed weighing regarding the importance. 

 

Table 3-1: Conjoint Attributes and Levels 

Attributes 1. Level 2. Level 3. Level 

Payment Direct Redirect At Delivery 

Behavior Active Adaptive Passive 

Personality Humorous Balanced Serious 

 

Medium 

1. Level 2. Level 

Text Voice 
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Within our choice of attributes, we have two, payment and medium, that are easily 

explained and obvious choices. The other two need a deeper motivation and clarification. 

In general, the latter two are meant to take account of the humanoid behavioral patterns 

of AI-applications, which is, as theorized before, one of the defining and novel factors of 

CC, and the part that makes CC truly innovational and exciting. At the same time, it 

makes CC, that is driven by AI-personality very hard to configure, as the question is: 

What is the right level of humanoid behavior? And what to do, to avoid the before 

mentioned uncanny valley? Not to speak of, how to even measure humaneness, 

respectively the reaction to it. Given that the mentioned attributes are practically 

impossible to measure for us, as this would require extensive laboratory experiments with 

the measuring of physical reactions and else in a far bigger scope than we can provide 

(for an example on how this can be done see Ciechanowski et al. (2019)), we concluded 

that we need to surrogate ‘humanoid behavior’, with more tangible and rate-able 

attributes. We decided to use behavior and personality as our substitute attributes, and 

exemplify both with three levels, that are moving on one scale each, to ensure 

measurability. Below all attributes are explained and defined more extensively. 

 

Payment  

We decided the attribute ‘payment’ to be of importance for our research, as CC per 

definition includes sales and purchase processes within its applications. The 

determination of potential customers perception and evaluation, respectively preferences 

of different payment forms (in this case: levels), is crucial in the process of designing the 

right applications for the right users. We decided to test for three levels for this attribute, 

1. direct payment, where the user would pay directly in the used CC-application; 2. 

redirect, meaning that to finalize the purchase and for the actual payment, the user is 

redirected to a secondary financial service provider (e.g. websites like PayPal); and 3. pay 

at delivery when the ordered good arrives, as it is known for instance when ordering food. 

 

Medium 

When evaluating CC, the choice of medium can of course not be neglected. As we have 

stated, there are two possible communication channels (=levels), both mirroring human 

natural language: 1. written text that takes place in the form of messaging applications, 

such as the known instant messengers (e.g. WhatsApp, Facebook Messenger); and 2. 
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spoken, voice-based communication, in the form of humanoid conversation, facilitated 

by voice assistants (e.g. Alexa, Siri, Cortana).  

 

Behavior 

As mentioned, we chose to use the attribute ‘behavior’ as one of two attributes to be 

representative for the profiles’ AI-attitude, and to measure how customers want to be 

approached by CC-applications. The three levels active, adaptive and passive are meant 

to describe the degree of how frequent and to what extent the applications are addressing 

the user in terms of 1. active, where the AI actively seeks to communicate. This would 

mean the user is sent messages or called when new products are available, that the AI 

anticipates to may be liked by the user. 2. adaptive behaving AIs are meant to learn from 

the users’ responses and adapt to their actions and reactions. 3. passive applications will 

remain silent until the user addresses it or asks for advice.  

It is to be noted, that the second level is a true middle category that can swing in both 

directions, towards an active or passive behavior, depending on the users’ actions. 

 

Personality 

The second AI-attitude attribute ‘personality’ was designed to mimic a humanoid 

personality trait. We chose 1. humorous, 2. middle/neutral/balanced and 3. serious as 

levels, so that we will be enabled to measure how much humor, or its counterpart 

seriousness, is preferred. The decision for humor as our tested personality trait was made 

due to the fact that both, scientists and amateurs assign humor a preeminent role in human 

society (Ruch, 2010). As it includes social exchange, intelligence and emotions (Humor, 

n.d.), we are convinced that it will have a prominent part to play in the development of 

AI that is capable of humanoid behavior. 

 

3.5.5 Construct the Profiles 

We chose a traditional full profile conjoint analysis method, meaning that profiles were 

created that contain one level of every single attribute, which thus let respondents evaluate 

CC from a more realistic perspective since in real life all attributes would be present at 

once. 
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As mentioned above, four attributes were defined, three of those containing three levels 

and one containing two. By this, 54 different profiles (3*3*3*2 = 54), or combinations, 

are possible. However, for our respondents to experientially be able to take part in the 

survey and for their focus to be present during the session, fractional factorial design was 

applied in order for the profiles to be reduced in number. In specific, orthogonal array 

design was facilitated as suggested by Hair, Anderson, Babin and Black (2010). The 

orthogonal array design ensures that all attributes and all levels are tested, but with fewer 

profiles, by pairing an even distribution of attributes on an uncorrelated basis (Malhotra 

et al. 2012). The orthogonal array design, thus the profiles, were generated within IBM 

SPSS software and a total of nine profiles was created (Tab. 3-2). 

 

 

 

These orthogonally generated nine profiles serve the purpose to reduce the number of 

presented profiles to a reasonable amount, but still enables representative data analysis, 

nearly as if all the profiles were rated upon. 

 

3.5.6 Decide the Form of Input Data 

We decided to administer a questionnaire with the web-based software tool Qualtrics that 

can be seen in appendix A. The questionnaire was initiated with a short presentation of 

Table 3-2: Conjoint Orthogonal Profiles 
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our research, in terms of the purpose and utilization of collected data. Also, ethical aspects 

were conveyed, e.g. anonymity, consent and voluntary participation. Moreover, 

conversational commerce, chatbots, AI and other related terms were explained so that 

respondents could understand the basics of the topic. Before presented with the profiles, 

the respondents were asked to answer initial demographic questions concerning their age, 

their country of origin and their current residence country. By this, we ensured the fitting 

of individuals in our target group. 

 

Further on, the respondents were presented with the nine different profiles that were 

shown in table 3-2 above. In order to evaluate different combinations of attributes (e.g. 

profiles), all nine profiles were to rate upon a Likert-scale from 0 to 10, where 0 meant 

‘Not at all likely’ and 10 corresponding to ‘Extremely likely’ in terms of the usage 

intention. As mentioned above, respondents only had the task to rate profiles with 

combined attributes and did not rate them separately. We chose a relatively large scale to 

enable us to measure the participants’ intention as precise as possible. We decided not to 

work with randomization in terms of attributes and levels in their displayed order, as we 

wanted to keep it as simple as possible and not needlessly irritate our respondents. The 

weighing in favor of user friendliness above decrease of internal validity is in our opinion 

justifiable in this case, as the method in general is a rather challenging one for respondents 

(Rao, 2014; Toubia, 2018). 

At last, additional demographic questions were asked, where respondents were asked to 

state their gender, educational level and employment status. We chose to leave these 

questions at the end and voluntarily since we believe that too many demographic 

questions could be possible drop-out factors. As we thought of this specific data not as 

absolutely necessary for our analysis but more as enriching factor to get a bigger picture 

of our respondents, we think these measures are justifiable and reasonable. Note, that a 

number of wordings in the questionnaire differs compared to the wording in this paper 

(e.g. profile = application). To enable the participants to truly understand the questions 

and tasks, we judge this as inevitable. 
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3.5.6.1 Pilot Study 

Before publishing our questionnaire, a pilot study was conducted to ensure the user 

friendliness, the overall design and the sense of purpose. The pilot also contributed to 

initial opinions regarding possible recommendations for changes in our questionnaire. 

Through this, we aimed to ensure a higher quality of the questionnaire and therefore 

subsequently more participants, less dropouts and a higher value of collected data. To 

conduct our user test, we choose persons all within our target group, but with different 

backgrounds, whom we asked to carefully complete our pilot questionnaire, critically 

review it and provide us with feedback. In respect of the scarcity of our resources and in 

accordance with Malhotra et al. (2012), we choose a small-scale pilot test. Our test panel 

consisted of five individuals: one student of Information Architecture, with a strong focus 

on User Experience (UX) design; one fellow student from our own Engineering 

Management studies; one event technician with no academic background; one engineer 

with a master’s degree in production development; and at last, one engineer with a 

bachelor’s degree in industrial engineering with great experience in IT. Hereby, we 

purposely sampled and constructed the panel according to the expected respondents’ 

group, with a majority of students but also a number of non-students. We also considered 

their different levels of knowledge in regard to new technologies, academic research and 

UX in general. In this way we increased the level of feasibility and quality of our 

questionnaire and raised the comfort for our respondents when participating in our survey. 

The aggregated results, respectively pilot testers’ opinions can be seen in appendix B. 

Accordingly, we took on the main critic of not being clear enough in our descriptions and 

overworked the general presentation of attributes and levels. Furthermore, we changed 

the appearance of the explanatory texts, to better the reading experience and enable 

distinguishability of necessary ‘must-read’ and complementary texts. 

 

3.5.7 Select a Conjoint Analysis Procedure 

To calculate the overall utility for a level of an attribute, a basic model suggested by 

Malhotra et al. (2012) was decided upon. Besides, there are several methods that could 

be used in terms of estimating this model. We have chosen the dummy variable regression 

model, which is one of the basic models, but also one that is frequently used among 
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researchers (Malhotra et al., 2012). The basic model in combination with the dummy 

regression model is presented below: 

 

 

Equation 3-1: Overall Utility with Dummy Variable 

 

U(X) = overall utility for a profile 

b0 = A constant that is generated by SPSS and acts as the intercept of the formula 

ki = total amount of levels for every attribute i 

m = total amount of attributes 

aij = the utility for each and every level of an attribute (ith represent the attribute (i, i = 1, 

2,...,m) and (jth = represent the level in a specific attribute (j,j=1, 2,...,ki)). 

xij = the dummy variable in this case, indicates if a specific level jth in a specific attribute 

ith is present or not. If present, xij equals to 1, and if not present, xij = 0. 

 

The dummy variable thus lets the regression model identify all values as numerical, even 

though some attributes are measured on a nominal scale. Since all four of our attributes 

are of a nominal character, we believe the dummy regression model to be a good fit in 

our research. 

 

To exemplify this calculation, we use our first profile. All values mentioned below are 

taken from our study and will be examined and explained later, but for now, only serve 

as an example. 

 

 

U(X) = 4.932 + (-0.222*1) + (0.315*1) + (0.022*1) + (0.514*1) = 5.517 

 

Table 3-3: Conjoint Profile #1 
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4.932 represents the constant generated by SPSS. Furthermore, the different values within 

the parentheses, i.e. -0.222, 0.315, 0.022 and 0.514 represent utility values of each level 

that is included in the given profile. The utility level ‘at delivery’ for example, has a utility 

value of -0.222 and these values in turn, are calculated and collected in SPSS based on 

the gathered data from our survey. The value 1 in each parenthesis is the dummy variable 

indicating that the given level is present. By this, we get the resulting digit 5.517 which 

is the estimated utility value for profile 1 (compiled from the displayed individual utility 

values of the different attribute levels, the intercept and the dummy variables), that later, 

with all the generated utility values within each attribute, will stand against each other in 

order for comparison to be possible. The higher the value, the more preferred is the profile 

to which the utility value represent (Malhotra et al., 2012). 5.517 per se does not indicate 

anything, the figure might as well be 200, and it is only meaningful when compared with 

other profile’s rating; their utility values. 

 

To further calculate the relative importance Wi of ith, the following formula was used: 

 

Equation 3-2: Relative Importance 

Ii = the range of all the utility values for a given attribute (Ii = (aij)Max- (aij)Min). 

∑𝑚
𝑖=1 𝑙𝑖   the sum of the utility ranges for all attributes. 

 

Below, an example of how the formula is used is presented. 

 

 

li= 
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From Tab. 3-4: The first attribute ‘payment’, has three levels ‘Direct’, ‘Redirect’ and ‘At 

delivery’. These levels have utility values of 0.100, 0.122 and -0.222. The range of these 

estimated utility values, by using the above-mentioned formula, is 0.122 - (-0.222) = 

0.344. By calculating this to all attributes, we end up with the following figures: 1.605, 

0.314 and 1.028. By summing all the calculated values, we get the sum of the ranges 

0.344 + 1.605 + 0.314 + 1.028 = 3.291. Now, if we then take every individual range and 

divide it separately by the sum of the ranges, we get the relative importance values for 

each attribute, e.g. 0.344/3.291 = 0.1045 x 100= 10.45% (payment). 

 

3.5.8 Collect the Respondents’ Data  

Our survey was published on the 13th of April 2019 and was accessible until the 24th, so 

the overall time frame for our respondents to answer the questionnaire was 12 days. In 

the following, the applied sampling techniques as well as population and size of our 

sample is explained. 

 

 

 

 

Table 3-4: Conjoint Utilities 
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Sampling 

Sampling is used in research when the possibility to question or examine every individual 

in a population does not exist, which is the case in most research (Saunders et al., 2009). 

By using sampling, researchers are enabled to narrow the part of the population that are 

being studied, by identifying subgroups, which in theory thus could represent the total 

population (Saunders et al., 2009). According to Malhotra et al. (2012) however, larger 

sample sizes generally lead to a decrease in the probability of errors in research, i.e. the 

greater the number of studied members in a population, the lower the probability of errors.  

There are many ways of sampling in research, but all of them could be divided into two 

categories: probability or non-probability sampling. Probability-sampling is based on 

random sampling and uses theories of probability to identify possible participants. Non-

probability sampling instead includes researchers’ subjective thoughts when considering 

participants. Since non-probability sampling includes the subjective decision from 

researchers, not every individual in a population has the same chance of being chosen 

(Malhotra et al., 2012). 

 

For this research, we chose to use non-probability sampling techniques, mainly due to the 

nature of the topic of this research, where CC and AI/chatbots are technological solutions 

that, in our opinion and thinking, are not known or understood by everybody in the general 

public to the extent needed. Thus, the target group was purposefully selected. As a 

secondary reason, non-probability sampling was chosen due to time and financial 

limitations. 

Furthermore, we decided to use convenience sampling, both in the pilot testing as well as 

in the primary survey. This decision was made since our network as university students 

already enables us to reach many possible respondents that match the prerequisites. 

Furthermore, due to our limited time frame for conducting the research and receiving 

responses, a convenient way of sampling was desirable so that as many participants as 

possible could be reached within the given timeframe. 

To complement the previously mentioned sampling technique, a snowball method was 

applied. We assumed that this would enable us to broaden our search regarding potential 

subjects. This sampling technique was facilitated by asking our respondents to suggest 

other possible respondents, that might be of interest for us. To spread the questionnaire 
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further, we used the word of mouth and added URL, QR-code and the plea to share our 

survey. 

 

 

Population and Size  

For this study, the population of interest were the digital natives, consisting of the 

millennials and generation Z. Different definitions on what years to include in these 

demographic groups exists. However, with millennials in mind, we have chosen to go 

with the definition accepted by Hartman and McCambridge (2011); Notter (2002); Real, 

Mitnick and Maloney (2010) among others, and thus on individuals born between 1980 

and 2000. We have furthermore chosen the definition of generation Z accepted by 

Seemiller and Grace (2016) and Turner (2015) among others, that defines generation Z 

as individuals born between 1995 and 2010. By this, the age range for this research are 

people born between 1980 and 2010. We have decided to study these two generations 

since they represent the majority of the social media users worldwide. In 2014, over 60 

% of the global usage was represented by these generations, and this figure has increased 

ever since (GlobalWebIndex, n.d.). Furthermore, to study millennials and generation Z in 

regard to CC, is also justified, relevant and important since their purchasing power is on 

the rise and they will be the ones primarily acting on the market of commerce in the near 

future (Parment, 2012). 

 

Additionally, we added a regional restriction to our desired participants characteristics. 

As there were very few researches available of CC in Europe (and its individual nations), 

we made the choice to focus our research on individuals that are living in Sweden and 

Germany. This decision was made due to a number of reasons, of which the most apparent 

lays in the motivated sampling techniques. As our societal backgrounds lay in Sweden, 

that at the same time is the country in which we are based during this research, and 

Germany, it is a natural decision to investigate in these contexts considering reachability 

of respondents. At the same time, while Germany is not only the biggest but also the 

strongest economy in Europe (#4 worldwide) (Bajpai, 2019), Sweden is the biggest 

market in the Nordics3 growing faster than the rest of the EU, the world’s second most 

                                                           
3 Denmark (incl. Greenland and the Faroe Islands), Finland (incl. Åland Islands), Norway (incl. Svalbard and Jan 

Mayen archipelagos), Sweden and Iceland 
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innovative country and highly tech-savvy (Business Sweden, NASSCOM, &Radar, 

2017). For these reasons, we believe that our choice is reasonable and expedient. 

 

In total, 118 respondents delivered valid answers regarding our set prerequisites and were 

therefore included in our analysis. According to Saunders et al. (2009), quantitative 

studies need to include significantly higher numbers of individuals, compared to studies 

of qualitative nature, in order to provide meaningful and conclusive results.  

What number exactly is needed to satisfy a study’s purpose can sometimes be hard to 

determine as it is highly dependent on research design, procedure and goal as well as the 

researcher’s point of view. Different authors postulate different numbers of participants 

needed to reach satisfying and meaningful results within a conjoint analysis, what makes 

it somehow difficult to tell what the ‘right’ amount may be. The scale begins with 

Shepherd and Zacharakis’ (1997) belief that an amount as small as 50 respondents is 

acceptable to gain insights with a conjoint analysis and is then followed by Orme’s (2009) 

view that ratings-based CAs are adequate for using less than 100 valid answers to 

establish conclusive assessments and herby relatively smaller respondents’ numbers than 

a CBC for instance would require. At the same time, Orme (2009) postulates a number of 

150 to 1200 respondents as common for a conjoint analysis and recommends around 300 

as optimal for robust results. Concurrently, he states that 30 to 60 respondents for 

“investigational work and developing hypotheses about a market [...] may do” (Orme, 

2009, p. 65). Therefore, we are convinced that our 118 exploitable answers are 

appropriate for our purpose to explore the evidently contemporary topic of conversational 

commerce and lay ground for further investigations to come. Furthermore, since our 

conjoint is a ratings-based one, we are confident that the results will allow sufficient 

interpretation. 

 

3.5.9 Compute and Interpret the Results 

As mentioned previously, an orthogonal design was constructed with IBM SPSS, 

meaning that we generated nine profiles from the 54 possible combinations that will be 

the ones scored by individuals taking part in the survey. This plan will be saved and used 

later in the analysis. The survey was conducted using the Qualtrics software and the data 
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that was generated was moreover downloaded and converted into a file that was 

compatible with the IBM SPSS software i.e. a ‘.sav’ file. 

 

To conduct the actual conjoint analysis, syntax coding according to the IBM SPSS 

Conjoint 25-guideline (IBM, n.d.-b) was performed, using the SPSS Statistics software. 

Below, the coding is visual: 

 

  

1. CONJOINT PLAN='/Users/FilipJohansson/Desktop/orthogonal-plan.sav' 

2. /DATA='/Users/FilipJohansson/Desktop/Survey-Data.sav'  

3. /SCORE= Q11 TO Q19 

4. /SUBJECT=ID 

5. /PRINT=SUMMARYONLY 

6. /PRINT=SIMULATION 

7. /UTILITY='utility.SAV' 

 

The first command is telling the software that we would like to perform a conjoint analysis 

and the file mentioned is the conjoint plan that was previously generated (the orthogonal 

design). The second command is the data input, by referring to the file generated from 

Qualtrics (the collected data). The third code tells the system what questions from the 

data file to include in the analysis (Q11-Q19). Continuing, ‘/score’ tells the system that 

respondents have scored each profile (from a value of 0-10). ‘/Subject=ID’ moreover, 

tells the software that it should include data that correspond to an ID number. In our case, 

every respondent had an ID number, i.e. all valid answers were included. Command 5 

and 6 tell the system to show the summary of the analysis and the simulation conducted. 

All of which can be seen in chapter 6. The last command tells the system to generate a 

separate file showing all utility values for each respondent.  
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3.5.10 Assess the Research Quality 

In this section, the quality of our research will be discussed. The reliability of our data 

will be considered. Also, internal and external validity are examined, and the objectivity 

of our research will be reviewed. 

 

Data Reliability 

Reliability is described by Malhotra et al. (2012) as a measurement on to what level a 

research could be reconstructed and still performing or present consistent results. By 

using a positivist research approach, theories contribute to an overall increase in the 

reliability since theories contribute to unbiased data, what can be an issue within other 

research philosophies (Malhotra et al., 2012). According to Saunders et al. (2012), 

reliability can be defined by three questions: 1. Would the same result be reached even 

though the research itself was conducted at another time? 2. Would other research reach 

the same result? and 3. Is the data transparent? 

For the first question, we would like to make a small comment and indicate, that in light 

of the chosen topic, that is situated in a highly volatile and ever-changing environment as 

we have motivated, it could be seen as highly unlikely to assume that the same results 

would appear if the same study was conducted in the same manner a year or longer from 

now as the conditions most certainly will have changed to some extent. In turn, in this 

case it would be very much surprising if the same results were reached at another time. 

We assume that this question is more applicable when measuring laws of nature (e.g. °C, 

Pa, Kg, etc.). 

However, since our research is based on quantitative research and the data retrieved by a 

survey, every respondent will answer the exact same questions, both in terms of language 

and by individually reading and answering the questions themselves. Therefore, if the 

study was conducted directly afterwards again, the results assumingly would be very 

similar. Saunders et al. (2012) state that a questionnaire distributed in the same language 

to every respondent increases the reliability of the data as all participants will have the 

same prerequisites. Moreover, the respondents being the ones reading and answering the 

questions, possible bias of an interviewer or an interviewee can be erased. Furthermore, 

to ensure high transparency in our research, we put great effort in describing all activities 

throughout our data collection and analysis, so that no doubts or difficulties in 

understanding the process develop among readers. Malhotra et al. (2012) also state, that 
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random errors must be eliminated completely, for a study to be reliable. To lower the 

random errors, a pilot study was conducted, so that possible errors and misunderstanding 

could be removed. 

Moreover, Robson (2002) presents four different threats that could lower reliability in a 

study: ‘participants’ errors’, ‘participant bias’, ‘observer error’ and ‘observer bias’. 

Participants’ errors refer to participants’ and their understanding of the questions 

themselves, or their enthusiasm towards the study. We reduced participants’ errors by 

thoroughly constructing the questions included in the survey, and by also discussing them 

with several neutral parties. Participant biases, meaning if participants are afraid or 

unwilling to be truthful in their answers. In our study, this was reduced by emphasizing 

on the anonymity and the confidentiality of the survey. Observer error refers to the 

questions and if they might be formulated so that they are asking inaccurate questions. 

Observer error was also reduced via the pilot study and by discussion with neutral parties 

that was held beforehand. Observer bias, moreover, refers to the data analysis and how it 

is being analyzed and was reduced by using professional and proofed analytical tools 

when analyzing the data. 

Additionally, it is possible to calculate an estimated value of the reliability for a survey 

study (Heale & Twycross, 2015). In SPSS, this will be done automatically by showing 

two different values:  Pearson’s R and Kendall's tau, which are measurements of the 

correlation between the actual observed value and the estimated value. To further explain 

Pearson’s R and Kendall's tau: they are two values that indicate how well a constructed 

‘best fit’ linear value of the gathered data correlates with the exact data point, i.e. what 

respondents answered (Leard Statistics, n.d.). It will be present with a value between -1 

and 1 which represent the extent to which a correlation exists; where values closer to 1 

refer to more reliable data and vice versa. Both the values of Pearson’s R and Kendall's 

tau’ from our analysis can be seen in table 3-5. 

 

Table 3-5: Pearson's R and Kendall's tau 
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Hereby, it can be assumed that a high reliability is given, since these measurements 

indicate that a close correlation between the estimated and the observed data exists. 

 

 

Data Validity 

Validity refers to the extent to which the intended measure or study object actually is 

being studied and is argued to be the most important factor for creating a research that is 

defined by its quality (Bryman & Bell, 2007). As mentioned in the previous section, 

reliability ensures re-tests and a consistent result, which highly benefits the quality in 

research. However, this would be of no value, if the validity is not high since that would 

mean that the wrong variable is being measured. In order to ensure validity, face validity 

could be tested. Face validity is a concept that measures whether or not a questionnaire 

or research ‘on the surface’ and by appearance is measuring what it is intended to 

(Bryman & Bell, 2007). We tested face validity by using our supervisor’s experience in 

research by letting him take part in our survey before it was handed out to others and 

discusses possible implications. Also, face validity was tested throughout several 

oppositions with student groups who analyzed our survey and through our pilot study. 

Internal validity refers to how well the study is being conducted. For a study to be done 

correctly, confounding must be eliminated, i.e. to ensure that several variables are not 

acting simultaneously and thus might interfere the study (Bryman & Bell, 2007; Saunders 

et al., 2009). We increased the internal validity through several actions: we conducted a 

pilot beforehand, we included introductory questions such as nationality and age in the 

survey and the procedures in connection to our survey were standardized so that 

participants would have the same experience. By this, we believe that the internal validity 

was sufficiently ensured. 

 

External validity however, refers to the extent to which theories or data in one scenario 

could be practiced in a different one or generalized past the object of study and used in a 

different population (Bryman & Bell, 2007). External validity was increased by using a 

snowball sampling technique, since we were not fully in control of whom the participants 

might suggest and by that, we were able to reach possible respondents outside of our 

normal reach. Additionally, as we have distributed our questionnaire via social media not 
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only for our own contacts but shared it in different groups with members unknown to us, 

with just communicating the basic information (topic and target group), we again widened 

the scope of possible participants.  

 

 

Objectivity  

The idea of objectivity is that personal biases and possible dishonesty connected to the 

subject should be fully excluded and eliminated in the study, so that the reality and the 

truth of the objects of study can be examined (Chandler & Munday, 2011). Objectivity 

was ensured as with the validity and reliability, by conducting a pilot study, and by letting 

our supervisor as well as students and other independent parties revise our survey. Also, 

the chosen research problem was not randomly picked, but a result of a thoroughly 

conducted literature review of existing research on CC. Moreover, the collection and 

analysis of the gathered data was made with the professional software tools Qualtrics and 

IBM SPSS and followed approved guidelines and techniques. 
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4 Empirical Findings 
_____________________________________________________________________________________ 

In this chapter we introduce the respondents that took part in our questionnaire in the form of 

their demographics. Furthermore, we present the numerical findings, i.e. the scored values for 

each of the generated profiles in the survey. 

_____________________________________________________________________________________ 

 

In total, 216 individuals took part in our survey, but a not inconsiderable number of 

respondents was unqualified in terms of fitting the target group or did not finalize it. 

Moreover, data from a few subjects could not be analyzed since no valid cases were found 

by SPSS i.e., their answers were always scored in the middle on the scale, which made 

their answers not appropriate and unreliable for our analysis. By that, valid data from 118 

individuals was included in the final analysis. The total sample group consisted of 73 

individuals living in Germany and 45 living in Sweden. Below, we present the 

demographical data, followed by the cumulated numerical values of our respondents’ 

answers. 

 

4.1 Demographics  

Below, the demographic figures of individuals taking part in our survey can be seen. 

 

Table 4-1: Age Variation Among Survey Respondents & Gender Variation Among Survey Respondents 

Answer % Count Answer % Count 

18 or younger 0.00% 0 Female 59.32% 70 

19 - 25 42.37% 50 Male 40.68% 48 

26 - 32 50.00% 59 Diverse/other 0.00% 0 

33 - 39 7.63% 9    

40 or older 0.00% 0    

Total 100% 118 Total 100% 118 
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Table 4-2: Employment Status Among Survey Respondents & Educational Level Among Survey Respondents 

Answer % Count Answer % Count 

Student 

(University) 

48.89% 66 Less than 

high school 

degree 

0.00% 0 

Student 

(School) 

0.00% 0 High school 

graduate 

26.27% 31 

Working 

(paid 

employee) 

42.22% 57 Bachelor's 

degree 

49.15% 58 

Working 

(self-

employed) 

5.93% 8 Master's 

degree 

22.03% 26 

Not working 

(temporary 

layoff from a 

job) 

1.48% 2 Doctoral 

degree 

1.69% 2 

Not working 

(looking for 

work) 

0.74% 1 Professional 

degree or 

vocational 

training 

0.85% 1 

Not working 

(retired) 

0.00% 0    

Not working 

(disabled) 

0.00% 0    

other 0.74% 1    

Total 100% 118 Total 100% 118 
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4.2 Cumulative score   

As mentioned earlier, all respondents were asked to rate all nine profiles on a scale from 

zero to ten, on how likely it was for them to use the given profile, where zero meant ‘not 

likely at all’ and ten represented ‘extremely likely’ 

 

Below, data from each of the constructed profiles that were rated upon by our respondents 

are presented. Replies from Germany and Sweden will be merged in the tables below but 

can be seen separately in appendix C. 

 
Table 4-3: Cumulative Score Profile 1-3 

Profile 1 Profile 2 Profile 3 

Answer % Count Answer % Count Answer % Count 

0 3.39% 4 0 6.78% 8 Answer % Count 

1 4.24% 5 1 3.39% 4 0 12.71% 15 

2 4.24% 5 2 13.56% 16 1 9.32% 11 

3 5.93% 7 3 12.71% 15 2 15.25% 18 

4 11.02% 13 4 14.41% 17 3 16.10% 19 

5 12.71% 15 5 8.47% 10 4 11.86% 14 

6 21.19% 25 6 11.02% 13 5 12.71% 15 

7 14.41% 17 7 9.32% 11 6 10.17% 12 

8 16.10% 19 8 14.41% 17 7 3.39% 4 

9 4.24% 5 9 5.93% 7 8 5.08% 6 

10 2.54% 3 10 0.00% 0 9 2.54% 3 

Total 100% 118 Total 100% 118 10 0.85% 118 
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Table 4-4: Cumulative Score Profile 4-6 

Profile 4 Profile 5 Profile 6 

Answer % Count Answer % Count Answer % Count 

0 0.85% 1 0 2.54% 3 0 0.85% 1 

1 0.00% 0 1 0.85% 1 1 1.69% 2 

2 2.54% 3 2 4.24% 5 2 0.00% 0 

3 5.08% 6 3 11.02% 13 3 9.32% 11 

4 8.47% 10 4 14.41% 17 4 12.71% 15 

5 15.25% 18 5 11.86% 14 5 14.41% 17 

6 11.86% 14 6 16.95% 20 6 13.56% 16 

7 21.19% 25 7 13.56% 16 7 17.80% 21 

8 23.73% 28 8 14.41% 17 8 17.80% 21 

9 4.24% 5 9 6.78% 8 9 10.17% 12 

10 6.78% 8 10 3.39% 4 10 1.69% 2 

Total 100% 118 Total 100% 118 Total 100% 118 

 

 
Table 4-5: Cumulative Score Profile 7-9 

Profile 7 Profile 8 Profile 9 

Answer % Count Answer % Count Answer % Count 

0 7.63% 9 0 7.63% 9 0 4.24% 5 

1 5.08% 6 1 2.54% 3 1 4.24% 5 

2 8.47% 10 2 6.78% 8 2 5.08% 6 

3 14.41% 17 3 20.34% 24 3 16.10% 19 

4 15.25% 18 4 16.95% 20 4 16.95% 20 

5 11.86% 14 5 16.95% 20 5 8.47% 10 

6 14.41% 17 6 10.17% 12 6 12.71% 15 

7 8.47% 10 7 6.78% 8 7 17.80% 21 

8 9.32% 11 8 9.32% 11 8 6.78% 8 

9 4.24% 5 9 1.69% 2 9 5.08% 6 

10 0.85% 1 10 0.85% 1 10 2.54% 3 

Total 100% 118 Total 100% 118 Total 100% 118 
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5 Analysis 
_____________________________________________________________________________________ 

This chapter includes our analysis of what attributes of AI-fueled conversational 

commerce applications and their characteristics that determine the likelihood of usage 

are important for consumers. Initially, the overall results from our statistical analysis 

will be displayed and further discussed. We also perform an analysis in regard to the 

corresponding country, i.e. analyzing the data from Germany and Sweden separately. 

Moreover, a simulation analysis is conducted to exemplify how our data set can be 

applicated to identify usage probabilities. 

______________________________________________________________________ 

 

The conjoint analysis process itself was performed with IBM SPSS software. The 

conjoint analysis was, within SPSS, executed using syntaxes, meaning that we coded the 

conjoint analysis based on our data, our generated plan (the nine different profiles) and 

also with respect to our intended purpose. The syntax code can be seen in chapter 3.5.9. 

Three separate analyses were made: The first was designed to handle the complete data 

set, thus each and every valid respondent (118 individuals), as a whole. The following 

two compare the differences between Sweden and Germany4.  

 

5.1 Overall Statistical Results and Analysis 

In the following, several values are computed using the whole digital native data set as a 

base and concluding their preferences. 

 

5.1.1 Utility Values 

One aspect within the conjoint analysis is to compute utility values, or partworths, that 

represent consumers preferences on a given product or service. By this, it can be 

concluded what levels within different attributes are preferred among consumers and 

furthermore their relative importance (Pai & Ananthakumar, 2017). When using the 

dummy variable regression model, all levels corresponding to their given attribute, will 

receive an estimated utility value and the sum of the utility values within each attribute 

                                                           
4 While we made the current residency and not the nationality the determinant, for reasons of legibility we will refer to 

the groups as 'Swedes' and 'Germans' 
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will always equal 0. By that, utility values can only be compared if they exist within the 

same attribute. The greater the utility value, the higher is the preference for that given 

level. 

 

In table 5-1 below, the estimated utility values from our analysis of all respondents can 

be seen. Considering the first attribute ‘Payment’, the different levels show different 

utility values, these adds up to 0. For that to be possible, one value needs to accept a 

negative value. Important to be aware of is that a negative value does not necessarily 

equal that this level is being seen as negative by consumers, but instead, it just suggests 

that the given level is preferred less than the other levels within that attribute. 

As can be seen below, consumers favor a redirect (Utility value of 0.122) payment method 

before paying directly (0.100) in the application or at the actual delivery (-0.222) even 

though paying directly and redirect are valued closely to each other. Again, it is important 

to understand that, even though paying directly and at the delivery are valued less, they 

could still be seen as positive or accepted by the consumers; what we can say though, is 

that a redirected payment method is simply valued the highest. 

 

 

 

Table 5-1: Utility Values for all Respondents in the Tests 
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With behavior in mind, consumers prefer a passive one over both an adaptive, and an 

active behavior. The least preferred one is an application that actively addresses the user. 

The personality of a chatbot is, among consumers, preferred to be neutral over humorous 

and serious. At last, consumers prefer conversational commerce via text such as Facebook 

Messenger, WhatsApp or else before using their voice to interact, e.g. through assistants 

such as Google Assistant and Amazon’s Alexa. 

 

Standard errors can also be seen in table 5-1 above. The standard error represents the 

sampling error and gives an indication on the standard deviation in the data (sawtooth 

software, 2010). Note that the standard error only varies with the sampling size and 

depending on how many attributes and levels are included in the survey; which explains 

why payment, behavior and personality all have received a standard error of 0.088. 0.5 is 

the highest value that the standard error could equal to and a value closer to 0.5 means 

that the disagreement among respondents is greater, i.e. if respondents’ answers deviate 

from each other to a high extent, then the standard error would be high.  

 

5.1.2 Importance Values 

The importance values (IV) indicate what attributes are seen as the most important ones 

in comparison to each other in percentage. In table 5-2 it can be seen that behavior is the 

leading attribute with 30.32% followed by payment (26.21%), personality (22.61%) and 

medium as perceived least important (20.86%), meaning that consumers value a chatbot’s 

behavior in CC greater than the other attributes. Least important is, whether or not the 

application uses a text/chat service or is voice-based, the medium of communication. 

Again, bear in mind that every attribute can be very important, even though medium was 

seen as the least influential, that does not mean that it is not important, but only less 

important that the other ones.  
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5.1.3 Aggregated Overall Utility 

In table 5-3 below, the aggregate utility values for each profile are calculated. To 

understand how the calculations took place, we refer to chapter 3.5.7 previous in this 

paper. 

Table 5-3: Aggregated Utility Values for all Profiles 

Profile 

number 

Payment Beha- 

vior 

Person- 

ality 

Medium Constant Agg. 

Utility 

Rank 

Profile 1 -0.222 0.315 -0.022 0.514 4.932 5.517 4 

Profile 2 -0.222 0.645 -0.146 -0.514 4.932 4.695 6 

Profile 3 0.122 -0.960 -0.022 -0.514 4.932 3.558 9 

Profile 4 0.122 0.645 0.168 0.514 4.932 6.381 1 

Profile 5 0.122 0.315 -0.146 0.514 4.932 5.737 3 

Profile 6 0.100 0.645 -0.022 0.514 4.932 6.169 2 

Profile 7 0.100 -0.960 -0.146 0.514 4.932 4.44 7 

Profile 8 -0.222 -0.960 0.168 0.514 4.932 4.432 8 

Profile 9 0.100 0.315 0.168 -0.514 4.932 5.001 5 

 

Table 5-2: Importance Values for all 

Respondents in the Test 
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The aggregated utility value indicates what levels of the given attributes are preferred. As 

can be seen, profile 4 is favored among consumers, with a utility value of 6.381. Profile 

4 included a redirected payment method, a passive behavior, a neutral personality and the 

conversation itself (medium) happening through text. 

Further on, the least preferred profile is number 3 with an aggregated utility value of 

3.558. This profile is constructed with a redirected payment method, an active behavior, 

a serious personality and through a voice conversation. 

 

5.1.4 Analysis Attribute by Attribute 

 

Behavior 

As can be seen in table 5-2, behavior is the most important attribute of conversational 

commerce, with an importance value of 30.320. Behavior is thus the attribute that will 

have the biggest impact on the overall perception among consumers. Behavior included 

three different levels: Active, adaptive and passive. Below, in table 5-4, these different 

levels are displayed with their individual estimated utility values. 

 

Table 5-4: Utility Values Behavior 

Level Utility value Rank 

Passive 0.645 1 

Adaptive 0.315 2 

Active -0.960 3 

 

What we can see is that passive is the most favorable behavior, followed by adaptive and 

active. Interesting is that the three least preferred profiles, 3, 7 & 8, all include an active 

behavior (the least preferred one). Also, both profile 4 and 6, which are the ones being 

ranked as number 1 and 2 in terms of most favorable, include passive as the behavior, the 

most preferred level within the attribute. 
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Payment 

In terms of importance, payment is the second most preferred attribute. As can be seen in 

table 5-5, redirect is valued the highest, close to that direct payment and at last, payment 

at delivery. 

 

Table 5-5: Utility Values Payment 

Level Utility value Rank 

Redirect 0.122 1 

Direct 0.100 2 

At delivery -0.222 3 

 

It can also be concluded that redirect and direct are almost preferred equally. What can 

be assumed is that consumers favor the possibility to have a choice - to pay in a way that 

makes them comfortable. Many consumers might use specific payment services such as 

PayPal, Swish etc., for that to be the case. However, since both redirect and direct are 

almost valued equally, we believe that the best method to be used in CC is to offer 

consumers the ability to choose which method they would like to use. And that is not a 

foreign thought since e-commerce, in general, does provide different payment alternatives 

as of today. 
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Personality 

Personality (Tab. 5-6) is the second least important attribute of conversational commerce 

as the data indicated. Consumers prefer a balanced personality before a serious one and 

the least preferred personality is the humorous one.  

 

Table 5-6: Utility Values Personality 

Level Utility value Rank 

Balanced 0.168 1 

Serious -0.022 2 

Humorous -0.146 3 

 

Medium 

In what way conversational commerce takes place, evidently is the least important 

attribute among consumers (Fig. 5-7). But still, it can be seen that the communication via 

text/chat is the most preferred medium. 

 

Table 5-7: Utility Value Medium 

Level Utility value Rank 

Text 0.514 1 

Voice -0.514 2 

 

We believe that one major argument for text to be the most favorable one is due to the 

flexibility that text is aligned with. In many parts of the world, a phone, a tablet or a 

computer are gadgets that people carry around and uses in their everyday life - many 

times it might even be a necessity. By this, the possibility for consumers to get in contact 

with businesses through text always exists. Also, if consumers use text over voice, it is 

not required for them to be located in a quiet area; the interaction takes place on the phone 
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and voice and sound are not required. However, if CC through voice would be used, both 

the speaker and the consumer need to be able to converse with each other, which thus 

demand a certain level of quietness or absence of noise distractions. Furthermore, 

interaction through instant messaging also offers consumers the opportunity to 

communicate pictures and videos etc., which increases the visualization from a consumer 

perspective. For example: If a customer is to buy a t-shirt, the chance that s/he wants to 

see that t-shirt before buying could be assumed to be high. Moreover, as text messaging 

is very common and voice assistants are not to the same extent, we like to indicate that 

this may have an impact on the decision. 

 

5.2 Cross Country Comparison 

In the following, we will show the differences between Swedish and German digital 

natives in regard to their preferences towards CC. 

 

5.2.1 Germany 

Both, the importance values and the estimated utility values equal the ones that were 

presented earlier, in the analysis of the total population, i.e. the same attributes are seen 

as the most and least important ones, and the different levels within the attributes are 

perceived as equally favored or preferred. Both the importance values and the utility 

values are shown in the tables 5-8 and 5-9 below. 

 

 

Table 5-9: Importance Values Germany 

Table 5-8: Utility Values Germany 
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5.2.2 Sweden 

In table 5-11, the importance values of Sweden alone can be seen. What stands out is that, 

comparing to consumers from Germany, Swedish consumers perceive payment as the 

most important attribute, followed by behavior, medium and at last, personality. As can 

be seen above (Tab. 5-8), German consumers perceived behavior as the most important 

attribute, and for them, medium was the least important one. In terms of individual utility 

values (Tab. 5-10), Swedish consumers’ most favored levels within the different 

attributes are almost the same as for Germans, with the only difference being the preferred 

payment method. As mentioned earlier, German consumers prefer a redirected payment 

method, meaning that the payment itself does not take place within the conversation itself, 

but instead on a third-party website or service. Swedish consumers however, favor a direct 

payment method above the others, i.e. to pay in the messenger app. Besides that, all levels 

are ranked equally in Germany and in Sweden, the values themselves vary to some extent, 

but all in all, they are still ranked similar in terms of position.  

 

5.3 Generation and Analysis of Simulations 

 

It is to be noted that in the following, we handle the data from Germany and Sweden as 

an entity. We made this decision based on the fact that the differences in preferences are 

rather small and we weighted it more important to increase the significance of the whole 

by using a bigger number of answers for the following calculations. Furthermore, the 

Table 5-11: Importance Values 

Sweden 

Table 5-10: Utility Values Sweden 
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following part is meant to merely exemplify the sophisticated usage of conjoint analysis 

data. 

 

One part of a conjoint analysis is to generate the utility values that were mentioned in the 

previous chapters. However, a conjoint analysis also enables for simulations to be run, 

where it is possible to identify the best possible combination of attributes for a specific 

target group (IBM, n.d.-c). The simulations were generated with the SPSS software and 

are based on the utility values generated earlier. 

 

In table 5-12 below, six different profiles are simulated, with their score (estimated utility) 

and also their rank in comparison to each other. The simulated profiles were decided upon 

the levels of attributes with the highest utility values in the test.  

 

Table 5-12: Simulated Profiles 

Simulation 

profile 

Payment Behavior Person- 

ality 

Medium Utility 

Value 

Rank 

2 Redirect Passive Neutral Text 6.381 1 

1 Direct Passive Neutral Text 6.359 2 

5 Redirect Passive Serious Text 6.192 3 

6 Redirect Adaptive Neutral Text 6.051 4 

4 Direct Adaptive Neutral Text 6.028 5 

3 Direct Passive Neutral Voice 5.331 6 
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What we can see is that the best possible combinations of attributes, with the highest 

utility value, is profile number 2, with a redirected payment method, a passive behavior, 

a neutral personality and the conversation taking place in a chat/text. What can be said is 

also that this combination of attributes coincidentally is the same as in profile number 4 

previously generated and tested in the survey.  

 

A factor which makes a conjoint data set and the methods itself such a powerful tool, is 

the possibility to analyze, respectively predict, the probability of specific profiles 

(combinations of attributes) to be used by consumers. To explain further, the collected 

data can be facilitated to compare (product) profiles among each other and indicate a 

predicted preference probability - and therefore infers a market share - in percentage, 

compared to other (product) profiles in the test, i.e. market, based on the measured 

attributes and their levels. In the following, we exemplify this with our previously 

generated generic six profiles (Tab. 5-12) that were composed to reach the highest utility 

values possible. In table 5-13 these six profiles and their predicted preference 

probabilities are apparent. Note that the percentages describe the preference probabilities 

compared to the other profiles in the test and therefore add up to 100% in total.  

 

 

Three values are visual in the table and all of them are a prediction of the probability of 

usage but are calculated differently. First, the maximum utility value bases its calculations 

on the condition that the profile rated the highest, by each individual, will also be the one 

chosen (by SPPS when performing the calculation) and the other ones neglected. The 

Bradley-Terry-Luce value instead generates the probability by using specific profiles’ 

Table 5-13: Preference Probabilities of Simulations 1 
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utility values in relation to every other profile and also averaged over all respondents. The 

logit value then is generated similar to the Bradley-Terry-Luce value, but instead uses the 

natural logarithm (ln X) of the utility values instead of just the utility values. 

 

What we can see in table 5-13 is that profile 5 is, according to the maximum utility value, 

the most preferred one among consumers, followed by 6 and 3. According to the Bradley-

Terry-Luce value however, both profile 1 and 2 are seen as the most preferred once, 

followed by 5. And, according to the logit value, profile 5 is the most preferred one, 

followed by 1 and 2. It is important to be aware that these different indication on what 

profile is the most preferred one is a result of the utility values being extremely similar 

(i.e. profile 1: 6.359, Profile 2: 6.381, Profile 5: 6.192).  

 

By seeing the simulation, it is apparent that the profile with the highest cumulative utility 

value (profile 2) does not match the profile with the maximum utility percentage (profile 

5). As explained above, the maximum utility percentage is based on the assumption that 

the profile with the highest utility value is always the profile that is chosen; by all being 

equal, our simulation should show that profile 2 is the one that received the highest 

maximum utility value. However, this is not the case. Instead, we can see that profile 2 

actually is valued the lowest. This is a result of the algorithms within IBM SPSS, how it 

chooses to calculate the given data and information. The cumulative utility values seen in 

table 5-12 are based on the estimated utility values seen earlier, in table 5-1. These values 

are estimates, i.e. they represent estimates inferred from the actual measured data points 

that respondents scored of the nine profiles. Now, the preference probabilities of the 

simulation are not based on the estimated utility values, but instead generated by 

analyzing every respondent separately, and then compounding into the final figure. Since 

the profiles simulated are incredibly similar in terms of total utility value, and our 

estimated utility values differ slightly from the actually measured one, this explain this 

phenomenon. Estimates will never be exactly similar to the measured data point but could 

be said to be figures indicating on the average. Profile 5 happens to be the profile chosen 

more often as the highest rated one as well as being a profile that is valued as a mediocre 

one. But profile 2 moreover, is more regularly valued as one of the highest, but not the 

highest. By this, it results in profile 2 having a higher average score. As was seen in table 

3-5 the observed and the estimated utility values do correlate with each other to a high 
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extent. By this, it could be concluded that this is a result of extremely alike utility values 

for the simulation profiles to begin with. Furthermore, the reason for profile 2 receiving 

the lowest maximum utility value, is due to how the maximum utility value is generated. 

As mentioned above, it is based on which profile is rated the highest and thus, receives 

the highest utility value (the average is not a part of the calculation). All the other profiles 

would thus be neglected. We could therefore conclude that the ranking in terms of 

percentage that profile 5 receives (26%) would be collected by profile 2 if profile 5 would 

not be a part of the simulation. This is proved in table 5-14 below, when the previous 

profile 5 is removed, profile 2 receives the maximum utility value of 28.8% (note that the 

profile corresponding to profile 5 below (in Tab. 5-14), is the previous profile 6 (in Tab. 

5-13), but since the old profile 5 was removed, profile 6 received its ID number). 

 

              Table 5-14: Preference Probabilities of Simulations 2 
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6  Conclusion 
_____________________________________________________________________________________ 

With this chapter we conclude our research, summarize our analysis results and reflect 

upon our findings to herby answer our research question. We developed a transparent 

framework to present our answer in the most lucid way.  

______________________________________________________________________ 

 

To answer our research question: What potential attributes of AI-fueled conversational 

commerce applications and their possible inherent characteristics are determining the 

willingness to use them and to what extent? in the context of digital natives living in 

Sweden and Germany, we refer to our framework visible in fig. 6-1. We have tested 

different variables (3 attributes with 3 levels and 1 attribute with 2 levels) that plausibly 

could be characteristics of such applications, among 118 digital natives in Sweden (n=45) 

and Germany (n=73). Using a web-based questionnaire our participants had to rate nine 

orthogonally constructed profiles, based on the mentioned variables, on a 0-10 Likert-

scale. The presented findings are based on the decomposition and mathematical re-

modelling of the individuals’ answers and preferences using a conjoint dummy-regression 

model. The importance values in the following are expressed in percent in relation to the 

other attributes.  

 

By taking the stated preferences, decisions and reciprocal effects, we computed an 

estimated prediction model and were able to simulate a mutual application profile that fits 

the whole group to the best extent possible, in relation to our collected data. This profile 

is characterized by redirect payment, passive behavior, a balanced personality and a text-

based communication form. 

 

Moreover, we split the data to a German and a Swedish set to be able to infer country 

specific conclusions. From our findings it is evident that Swedish digital natives put the 

most value on the payment method, with 27% as importance value (IV) and a preferred 

manifestation as direct in-app payment. For Germans the payment method is only the 

second important attribute (IV = 25.7%) with the favored redirect payment, meaning the 

redirection to a payment website like PayPal. With an IV of 32.4% they deem the attribute 

behavior most important, what the Swedes rank at two (IV = 26.9%). Equally, both groups 
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chose a passively behaving application to be most compelling. The medium, respectively 

the choice between communicating via text or voice, is for German (#4, IV = 18.1%) and 

Swedish digital natives (#3, IV = 25.4%) both a clear vote on text-based communication. 

The decision for the last attribute then, the personality, is again made in conformity and 

indicates that a personality balanced between humor and seriousness is preferred and 

ranked on four for the Swedish (IV = 20.7%) and on three on the German side with an IV 

of 23.8%. It is evident that for the Swedish digital natives the first three attributes’ IVs 

are very close together (27.0, 26.9, 25.4) and almost valued equally, while for the 

Germans there are bigger steps in between (32.4, 25.7, 23.8, 18.1). Furthermore, with the 

exception of the payment method, all levels within the different attributes are ranked 

equally between both groups. What is important to bear in mind is that a ranking as least 

important does not imply that this attribute is unnecessary, just that the others are even 

more important. This can be visualized by taking the IV of the both, 20.7% and 18.1%, 

which means that they are still valued around ⅕ of the decision process. It can very much 

be the case that ignoring these attributes leads to a non-use decision for the whole 

application. 

 

From the numerical findings we generated profiles with the most preferred attribute levels 

for both countries. The optimal profile for our Swedish participants is characterized 

through direct in-app payment, a passive-reactive behavior, text-based messaging 

communication and a personality balanced between seriousness and humor. For the 

German digital natives on the other hand, the optimal profile looks almost the same, but 

differs in the payment method, that should redirect to a payment website.  

 

In order to clarify further, apart from the answer to our RQ we have given, our data set 

works as a model that is able to predict preference probabilities for every possible 

combination of profiles that are consisting of our tested attributes and their level. As we 

have shown in the simulations in section 5.3, this model provides a simulated competition 

between profiles and delivers results in percent, indicating how likely a certain profile is 

to be used in comparison to others. 
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Figure 6-1:  CC Preferences of Digital Natives in Sweden and Germany  
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7  Discussion 
_____________________________________________________________________________________ 

In this final chapter we will conclude our research with an overall discussion of our 

findings, attempt to draw a bigger picture and infer recommendations for further 

research in the field of CC. Finally, we discuss possible implications for managers as 

well as the ethical dimension of conversational commerce.  

______________________________________________________________________ 

 

Finally, to give our research an overall review, we like to express our belief that we have 

been able to answer our research question to a satisfying extent. Although we are aware 

that the number of respondents could have been bigger, we are convinced that, in light of 

the limited time and means and Orme’s (2009) statement that a smaller number of 

respondents is satisfactory for investigational work and first insights, we were able to 

provide a meaningful picture of what attributes and their inherent characteristics are 

preferred by German and Swedish digital natives in the context of conversational 

commerce platforms that are facilitating chatbots fueled by AI. Apart from answering our 

research question, we have demonstrated that our developed model enables the prediction 

of preference probabilities, within the scope of our target group and attributes. Therefore, 

it is possible to test all available combinations of our determinants against each other and 

predict the likelihood of usage. It is imaginable that real-life CC-applications can be tested 

and subsequently evaluated against each other. Hereto, we do not want to neglect that our 

findings and as well our model are restricted to the tested variables which lies in the nature 

of a quantitative research and is a major restriction of surveys, as Michael Patton (2015) 

coins it, “[...] you don’t know what you don’t know […]” (p. 12).  

A rather surprising result refers to the fact that people attributed less value to the 

communication form as to most of the other attributes (#3 in Sweden and #4 in Germany), 

as it makes a big difference if you write or speak. We cannot certainly explain this but 

assume that, as the other attributes were harder to grasp, i.e. more difficult to fully 

understand, this might have interfered with the decision process, so that more attention 

was paid to attributes one actually had to think about and the easier ones were somehow 

neglected. This would be in line with feedback we got during the survey process, 

concerning the cognitively challenging task of finishing the questionnaire. Moreover, this 

is very likely to also be the explanation for the high drop-out rate we noticed (around 
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50%) during the data collection. The difference in the preferred payment method between 

Sweden (direct) and Germany (redirect) should not be a big issue in reality as most e-

commerce provider already offer various methods of payment and it can be presumed that 

this will be the case for CC as well. 

 

Referring back to our frame of reference, we attempt to sort our research in a wider 

context, as we think that it is applicable to suggest that our attributes, respectively the 

ranked levels could be seen as factors in the TAM (Fig. 7-1) that are or are not providing 

a (perceived) ease of use and increase the (perceived) usefulness. Thereby, the higher an 

attribute or a level is valued, the more it is perceived as easing the use and useful. 

Consequently, this would mean that a higher an item is ranked the more likely it is to 

stimulate the attitude towards using, respectively behavioral intention, in a positive 

manner, which would consequently lead to, or increase, the behavioral intention and lastly 

the actual use. 

 

 

Figure 7-1: Technology Acceptance Model (adapted from Davis, 1985) 

 

Taking the enterprise innovation model (Fig. 7-2) and putting our research in perspective, 

it could be inferred that, with the concept of CC, we have taken a techno-economic 

innovation, with the commerce part (sales and purchasing), rooted in the business-frame 

and the enabling technology as second frame, and attempted to connect these towards the 

people frame. We have introduced a rather new technological concept to potential 

customers and identified first demands that potential customers of CC have, that will be 

of importance to fulfill their needs. This could be seen as socio-technical innovation and 

is aiming at adopting technology towards human needs. Following, we are of the opinion 

that the business actors now could link CC ideas with the communicated potential users’ 

preferences to close in on the socio-economic part. We deem it important to consider this 



Johansson, F., & Kröger, F. J. Conversational Commerce May 2019 

70 

 

a continuous and iterative process, as we have learnt that ongoing co-creation cannot be 

valued enough to create lasting value. Concluding for this part, we assume that we have 

laid out a groundwork, what could be used to tip off this process and start turning the 

wheel towards a real enterprise innovation. 

 

 

Figure 7-2: Enterprise Innovation Model CC (adapted from Guenther, 2013) 

 

Regarding the strength and weaknesses of our study, we assume that a great strength is 

the internal robustness of our results. As they were not just measured attribute by attribute 

or level by level but as whole sets and therefore including reciprocal effects and 

interdependencies, they could be seen as more realistic and mimicking real life decisions. 

At the same, time we are aware that a customer would probably not rate different products 

against each on numerical scales and a choice-based conjoint would have been even more 

real-life like. In respect to our limited resources we still view our choice of method as 

appropriate and reasonable. Definitely a weak point is the limitation that we had to make 

in regard to our tested attributes and levels and that our results are now only within these 

boundaries. However, as the task to rate nine profiles was apparently cognitively 

demanding enough as it was in the current research design, we assume this decision as 

justifiable and the limitation as almost inevitable. Moreover, some may argue that the 
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scarcity of available scientific research on CC could be a weakness as a starting point. 

And while we agree that it is a limiting factor to some extent, we do not necessarily see 

it as a weakness, for one simple reason: If missing research is seen as a restricting element 

for the search towards new knowledge, that would subsequently mean that no new 

knowledge could be generated and consequently also no innovation. As this uncertainty 

is what makes research exciting or even thrilling for us, we suggest that it may better be 

called a chance instead of weakness or even limitation. 

 

7.1 Recommendations for Further Research 

For future researchers to come in the field of conversational commerce, we assume that 

it would be expedient and important to analyze the internal motivation factors that 

concern potential users of such applications from a more psychological perspective. From 

our position we deem a qualitative study, facilitating personal in-depth interviews to be 

very suitable, to learn more about individuals as users. Given the promoted co-creation 

for reaching true innovation, and therefore the close inclusion of the mentioned people-

frame, we would like to suggest repertory grid techniques for the interviewing itself and 

assume that some kind of visual concept mapping could increase the outcome’s value 

greatly. Consequently, as in this case the (potential) user leads the interview to some 

extent, the possibility to identify various attributes that the researcher may never had 

thought about could emerge. As there clearly will be more influencing factors then the 

ones we have tested, it would naturally increase the data base researchers, engineers and 

businesses can draw from to create real value and drive CC forward. 

Moreover, we would advise to widen the scope to further populations, i.e. target groups, 

for instance different regional settings or age groups, testing if our results are 

extrapolatable in another context. 
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7.2 Managerial Implications 

 

“We need leaders who understand  

technology, organizations and people.”                                

 Boy, 2013, p. 1 

 

In the nowadays more and more digitalized world, a manager’s job includes not only to 

deal with new technologies, but to understand its links to organizations and people. We 

are certain that every company, organization and firm that involves some kind of direct 

customer relationship, be it sales and purchases, customer service or recommendation 

systems, will need to transform and adapt to this development. At the same time, the 

user/customer gets more and more informed and demanding, what makes it nearly 

inevitable to center the focus of attention on the user even more than today and form the 

digital transformation of business processes towards his/her expectations. With our 

attempt to explore conversational commerce application possibilities, as part of the still 

growing e-commerce sector, we exemplified how the well proven technique of conjoint 

analysis can be facilitated to drive the evolution of novel innovative tools with the users’ 

needs and longings as benchmark and therefore iteratively co-create tomorrow’s 

technology. Both, Boy (2013) and Guenther (2012) are in agreement that socio-technical 

leadership is needed at every level of organizations and we are confident that our findings 

can be utilized in an expedient way to support the development of mutually beneficial 

cutting-edge technology in the context of conversational commerce. This is especially 

important as an ongoing incremental process of co-creation, that goes further than asking 

the user once or twice but constantly, continuously validates processes as well as 

products, and can be seen as a mean to face the infamous ‘wicked problems’ (Rittel & 

Webber, 1973) of our times. Additionally, it must be assumed that consumers do not 

know exactly what they want, if bluntly asked once, and their answers therefore are not 

necessarily useful, when they are not involved in a partnership-ish way that widens the 

perspective and enables learning. Illuminating this with Henry Ford’s most famous 

alleged quote he never said, ‘If I had asked people what they wanted, they would have 

said faster horses.’, originally to be meant as an argument for the lonely-genius-
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innovator, but in our interpretation a rather strong case for the informed and involved 

user, as the mentioned inventor-type is a very rare species and user often just have abstract 

ideas of what they want and cannot articulate them (Roth, 2017).  

 

7.3 Ethical Implications 

When considering the ethics in conversational commerce, two major implications are 

apparent that we deem worthy and important to discuss upon: Data security and AI-

behavior. As both of these matters could easily fill multiple theses on their own, we will 

stick to a rather brief statement for both and line out of the main problems. 

The data security theme is always appearing when an internet-based technological topic 

is touched, especially one that includes some kind of personalization. As, naturally, data 

that belongs to the user - be it address, phone number, personality profiles, credit card 

details, lists of purchases, invoices or whatever imaginable - will be needed for CC to 

unfold its full potential, this will awake covetousness in certain actors as this data is 

valuable. The potential for personalized advertisement is immense, and yet one of the 

fairly harmless risks if you think about what a criminal mind could do with your credit 

card details or your address and the information when you are home or not. Actors that 

provide such data intensive applications need to assure the user that their data is safe and 

protected - A task in which they often fail. Facebook alone had at least two major data 

breach scandals in the past years, exposing 50 Million profiles to be used to influence 

choices at the ballot boxes from 2015 to 2018 (Cadwalladr & Graham-Harrison, 2018) 

and then again recently when more than 540 Million user records were openly accessible 

on one of Amazon’s cloud servers (Silverstein, 2019). The General Data Protection 

Regulation (GDPR) of the European Union (Regulation, G. D. P., 2016) shows, apart 

from the question if it is well administered, that the political actors are aware of the 

problem and impels organizations and enterprises in Europe to act accordingly. As an 

worrying example of what could happen when actors use data from CC-ish applications 

in a questionable way, we want to mention WeChat, the big Chinese messaging-social-

network-shopping-banking-payment-app, that is monitored by the Chinese government 

that harvests and facilitates almost all personal user data (Moneycontrol, 2017). 
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When we say ‘AI behavior’ in this context, we are referring to the idea that an AI or 

algorithm should behave itself in an ethical way and not detached from society’s socio-

cultural norms. This is meant to be understood in terms of illegal, immoral, discriminating 

or inappropriate behaviors and actions. To give a tangible example, try the picture search 

for the terms “professional hair” and then “unprofessional hair” on google. For the first 

search term the algorithm will show photos mostly of white women with straight hair. 

For the second term then, women of darker skin color with curly hair are dominating the 

results. This shows very brutally that Google’s search engine algorithm appears to be 

racist and thinks that men have no hair at all. Most likely this is based on the average 

users search patterns and behavior. Something similar, but potentially deadly, was 

observed when examining facial recognition AIs, that are used in, among others, 

autonomous vehicles. People of darker skin color were in greater danger to not being 

recognized as people and therefore of greater risk to be hit by self-driving vehicles (Miley, 

2019). While this is probably not intended - it is nevertheless alarming. We could 

exemplify numerous other examples of discrimination via AI but think that these were 

clear enough and expedient to show that AI biases, even though not intended should 

always be taken into consideration and constantly monitored. Royal-Lawson and Axbom 

in their UX podcast (2019) raise the question how Alexa should react if one had a fight 

with his wife and then told Alexa to permanently delete all photos of her - Should she do 

it? Applied to our CC context it is to consider What happens if I try to buy something 

illegal? Will my CC-application help me to buy drugs and weapons in the darknet? 

Should it? Will it inform the police? Or will it just refuse my wishes? 

We are deeply convinced that mandatory and mutually accepted ethics guidelines are 

inevitable to let CC and the whole world of AI be part of our society. And while an expert 

group in the name of the EU has set up Ethics Guidelines for Trustworthy AI (AI HLEG, 

2019), these are criticized for being voluntary, not clear, and by far not comprehensive 

enough (Hegemann, 2019). 

 

“Success in creating AI could  

be the biggest event in the history  

of our civilization - but it could also be the last.” 

Steven Hawking, 2016, min. 3:29 
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Appendix B: Results Pilot Test 
 

Test person 1 (none academic, 26 years old): 

- Overall good understandable 

- Everything made sense 

- Amount of questions precepted as few (took 3 min to complete or so) 

- Not possible to chose self employed and paid employee at the same time 

- Very short questionnaire 

 

Test person 2 (student, 29 years old, Information architect + knowledge in UX 

design): 

- Introduction text: appears too big and too much, maybe highlight the important 

words, the data security part and what is not important for the understanding 

should be smaller, maybe in italics 

- Grammatical error: companies ARE using 

- Again highlight important word like CC 

- Demographics at the end could trigger drop-outs (maybe make them voluntary, 

they are but maybe write it down) 

- For the scale: have the bracket at the end, hard to read otherwise 

- “Profile” wording not optimal, triggers thinking about own profile apparently, 

maybe PRODUCT profile, APPLICATION profile 

- Change order of attributes, now it seems that payment is the most important one, 

appears hierarchical, in general randomization would be good to decrease 

systematic “errors”, but in this case impractical, cognitive too difficult, therefore 

consistency good! (new order: text vs voice, behavior, payment, personality) 

- At the end, the step before the last, triggers thinking that the end is reached 

because of “thank you blablabla”, BUT there is one last click needed (change it 

to please click button to send your answers/data) THEN thank you field  

- Scrolling up and down necessary to rate profile, not so good, provide more info 

directly in profile somehow (maybe in brackets like for personality, especially 

for personality) 

 

Test person 3 (Student and employed, 25 years old, masters in production 

development):  

- 5:52 minutes to complete 

- Did not understand the word “reside”  

- Attributes are hard to remember, need to scroll up and down 

- Have some kind of explanation directly at the profiles (pay DIRECTLY in the 

app, TEXT message and so on) 

- Have explanations aside of profiles  
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Test person 4 (employed - consultant engineer, bachelors in industrial engineering, 

26 years old): 

- 5 minutes to complete 

- Did not think that the actual purpose of the study was clearly explained, or at 

least it was a bit unclear. 

- Did not like the amount of profiles  

- The grey scale was weird or a bit uncomfortable (not sure if it was only on my 

phone) and maybe it is possible to get some more colour in the survey, you 

could add some color to your profiles or something? 

 

Test person 5 (student, 23 years, Engineering Management): 

- Overall good 

- Maybe change scale to just 6 instead of 10, it's a little overwhelming 

- Emphasize more on attributes levels, make them more “visible”  

- Attribute: 

- Level 1 

- Level 2  

- Level 3 
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Appendix C: Survey Replies from Sweden and Germany 

Individually 

CA Profile 1 numerical score 

 Sweden Germany 

Answer % Count % Count 

0 2.22% 1 4.11% 3 

1 0.00% 0 6.85% 5 

2 0.00% 0 6.85% 5 

3 6.67% 3 5.48% 4 

4 11.11% 5 10.96% 8 

5 20.00% 9 8.22% 6 

6 20.00% 9 21.92% 16 

7 15.56% 7 13.70% 10 

8 17.78% 8 15.07% 11 

9 4.44% 2 4.11% 3 

10 2.22% 1 2.74% 2 

Total 100% 45 100% 73 

CA Profile 2 numerical score 

 Sweden Germany 

Answer % Count % Count 

0 4.44% 2 8.22% 6 

1 2.22% 1 4.11% 3 

2 11.11% 5 15.07% 11 

3 11.11% 5 13.70% 10 

4 22.22% 10 9.59% 7 

5 11.11% 5 6.85% 5 

6 11.11% 5 10.96% 8 

7 8.89% 4 9.59% 7 

8 11.11% 5 16.44% 12 

9 6.67% 3 5.48% 4 

10 0.00% 0 0.00% 0 

Total 100% 45 100% 73 
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CA Profile 3 numerical score 

 Sweden Germany 

Answer % Count % Count 

0 6.67% 3 16.44% 12 

1 11.11% 5 8.22% 6 

2 17.78% 8 13.70% 10 

3 22.22% 10 12.33% 9 

4 15.56% 7 9.59% 7 

5 8.89% 4 15.07% 11 

6 0.00% 0 16.44% 12 

7 4.44% 2 2.74% 2 

8 6.67% 3 4.11% 3 

9 6.67% 3 0.00% 0 

10 11.11% 0 1.37% 1 

Total 17.78% 45 100% 73 

 

CA Profile 4 numerical score 

 Sweden Germany 

Answer % Count % Count 

0 0.00% 0 1.37% 1 

1 0.00% 0 0.00% 0 

2 4.44% 2 1.37% 1 

3 6.67% 3 4.11% 3 

4 8.89% 4 8.22% 6 

5 17.78% 8 13.70% 10 

6 17.78% 8 8.22% 6 

7 11.11% 5 27.40% 20 

8 22.22% 10 24.66% 18 

9 2.22% 1 5.48% 4 

10 8.89% 4 5.48% 4 

Total 100% 45 100% 73 
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CA Profile 5 numerical score 

 Sweden Germany 

Answer % Count % Count 

0 2.22% 1 2.74% 2 

1 2.22% 1 0.00% 0 

2 6.67% 3 2.74% 2 

3 4.44% 2 15.07% 11 

4 15.56% 7 13.70% 10 

5 15.56% 7 9.59% 7 

6 15.56% 7 17.81% 13 

7 11.11% 5 15.07% 11 

8 17.78% 8 12.33% 9 

9 2.22% 1 9.59% 7 

10 6.67% 3 1.37% 1 

Total 100% 45 100% 73 

 

CA Profile 6 numerical score 

 Sweden Germany 

Answer % Count % Count 

0 0.00% 0 1.37% 1 

1 4.44% 2 0.00% 0 

2 0.00% 0 0.00% 0 

3 2.22% 1 13.70% 10 

4 11.11% 5 13.70% 10 

5 22.22% 10 9.59% 7 

6 8.89% 4 16.44% 12 

7 11.11% 5 21.92% 16 

8 24.44% 11 13.70% 10 

9 13.33% 6 8.22% 6 

10 2.22% 1 1.37% 1 

Total 100% 45 100% 73 
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CA Profile 7 numerical score 

 Sweden Germany 

Answer % Count % Count 

0 4.44% 2 9.59% 7 

1 0.00% 0 8.22% 6 

2 11.11% 5 6.85% 5 

3 8.89% 4 17.81% 13 

4 11.11% 5 17.81% 13 

5 15.56% 7 9.59% 7 

6 15.56% 7 13.70% 10 

7 15.56% 7 4.11% 3 

8 11.11% 5 8.22% 6 

9 6.67% 3 2.74% 2 

10 0.00% 0 1.37% 1 

Total 100% 45 100% 73 

 

CA Profile 8 numerical score 

 Sweden Germany 

Answer % Count % Count 

0 2.22% 1 10.96% 8 

1 2.22% 1 2.74% 2 

2 8.89% 4 5.48% 4 

3 24.44% 11 17.81% 13 

4 6.67% 3 23.29% 17 

5 17.78% 8 16.44% 12 

6 13.33% 6 8.22% 6 

7 8.89% 4 5.48% 4 

8 11.11% 5 8.22% 6 

9 2.22% 1 1.37% 1 

10 2.22% 1 0.00% 0 

Total 100% 45 100% 73 
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CA Profile 9  numerical score 

 Sweden Germany 

Answer % Count % Count 

0 2.22% 1 5.48% 4 

1 4.44% 2 4.11% 3 

2 6.67% 3 4.11% 3 

3 8.89% 4 20.55% 15 

4 15.56% 7 17.81% 13 

5 17.78% 8 2.74% 2 

6 8.89% 4 15.07% 11 

7 20.00% 9 16.44% 12 

8 6.67% 3 6.85% 5 

9 4.44% 2 5.48% 4 

10 4.44% 2 1.37% 1 

Total 100% 45 100% 73 

 

 


