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Text-based conversational robots or chatbots are becoming increasingly prevalent in 

customer service. As technology develops, the traditional informational chatbots that 

can only answer questions are being succeeded by transactional chatbots that are also 

able to complete tasks for the customer. Transactionality in chatbots is new, so the 

effects of its use on customer service should be researched. 

Trust is a phenomenon that enables cooperation between parties. This study examined 

how user trust in customer service chatbots is affected by the chatbot’s ability to perform 

transactions. The goal was to determine whether users perceive transactional chatbots to 

be different from informational ones and explore how their trust in chatbots is affected 

by transactionality. 

The study consisted of a survey (N=124) that used a set of statements to compare trust 

in an informational chatbot example and a transactional one. The statements were on the 

Likert scale with the extremes being “fully disagree” and “fully agree”. The Likert items 

were accompanied by open-ended items for collecting freeform thoughts and opinions 

of the chatbot examples. The survey was aimed at non-corporate customers of the 

Finnish telecommunications company Elisa. 

The results showed that users considered the transactional chatbot to be more capable of 

serving customers than its informational counterpart, but they also expected a greater 

chance of something going wrong in the interaction. The biggest concerns regarding the 

transactional chatbot were its information security and ability to perform the correct 

action. 

Even though the transactional chatbot raised more suspicion, trust in it was on the same 

level with the informational one. The results suggest that customers do not consider 

informational customer service chatbots as able to help, so they would be receptive to 

transactional chatbots if their information security was guaranteed. Therefore, when 

implementing transactionality into customer service chatbots, it is necessary to make 

sure that the perceived threat of transactions going wrong is not greater than the chatbot’s 

perceived ability to help. 

Keywords: chatbots, transactionality, informationality, trust, customer service, survey 

Language: English 
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Tekstipohjaiset keskustelurobotit eli chatbotit ovat yleistyneet asiakaspalvelukanavina. 

Teknologian edelleen kehittyessä toiminnalliset chatbotit, jotka pystyvät hoitamaan 

asioita asiakkaan puolesta, ovat syrjäyttämässä perinteisiä pelkkiin kysymyksiin 

vastaavia tiedollisia chatbotteja. Toiminnallisuus chatboteissa on uutta, joten sen käytön 

vaikutuksia asiakaspalveluun tulee tutkia. 

Luottamus on ilmiö, joka mahdollistaa yhteistyön. Tämä työ tutki, miten 

asiakaspalveluchatbotin kyky tehdä toimenpiteitä vaikuttaa käyttäjien luottamukseen. 

Työn tavoite oli selvittää, kokevatko käyttäjät toiminnalliset ja tiedolliset chatbotit 

erilaisina, sekä tutkia, miten toiminnallisuus vaikuttaa heidän luottamukseensa 

chatbotteihin. 

Tutkimus koostui kyselystä (N=124), jossa luottamusta tiedollisiin ja toiminnallisiin 

chatbot-esimerkkeihin arvioitiin ja vertailtiin joukolla väittämiä. Väittämät olivat Likert-

asteikolla, jonka ääripäät olivat ”täysin eri mieltä” sekä ”täysin samaa mieltä”. 

Väittämien lisäksi kyselyssä oli avoimia kysymyksiä, joilla kerättiin vapaita ajatuksia ja 

mielipiteitä chatbot-esimerkeistä. Kysely oli suunnattu henkilöille, jotka eivät ole 

tietoliikenneyritys Elisan yritysasiakkaita. 

Tulokset osoittivat, että käyttäjät kokivat toiminnallisen chatbotin paremmaksi 

asiakaspalvelijaksi kuin tiedollisen, mutta he myös arvelivat kanssakäymisen 

epäonnistuvan useammin. Yleisimmät huolenaiheet toiminnallisesta botista liittyivät sen 

tietoturvaan sekä kykyyn tehdä oikea toimenpide. 

Vaikka toiminnallinen chatbotti koettiin epäilyttävämmäksi, oli luottamus siihen yhtä 

korkeaa kuin tiedollisen chatbotin. Tulokset viittaavat siihen, että käyttäjät eivät pidä 

tiedollisia asiakaspalveluchatbotteja kykenevinä auttamaan, joten toiminnalliset 

chatbotit olisivat tervetulleita, jos niiden tietoturva olisi taattu. Kun 

asiakaspalvelubotteihin kehitetään toiminnallisuutta, täytyykin kiinnittää huomiota 

siihen, ettei koettu uhka toimintojen epäonnistumisesta ole suurempi kuin niiden koettu 

kyky auttaa. 

Asiasanat: chatbotit, toiminnallisuus, transaktionaalisuus, tiedollisuus, luottamus, 

asiakaspalvelu, kysely 

Kieli: englanti 
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1 Introduction 

Chatbots are becoming increasingly prevalent in the modern world. There are text-based 

chatbots on instant messaging platforms, social media and company websites. People’s homes 

have smart devices with voice command interfaces such as Amazon’s Alexa or Google 

Assistant. Some of these bots are designed to be productivity tools or entertain the user, 

whereas businesses may be more inclined towards customer service (McTear, Callejas, & Griol, 

2016). 

Regardless of the method of interaction – whether preprogrammed repetition like 

Weizenbaum’s (1966) ELIZA, slash commands on Slack, or natural language understanding – 

there has been interest in understanding how users react to non-human conversation partners. 

Studies have shown that computers have a social presence, meaning people treat them like 

humans, even when they know they’re talking to a machine (Chattaraman, Kwon, & Gilbert, 

2012; Nass, Steuer, & Tauber, 1994). As communicating machines, chatbots also have a social 

presence, which is strengthened by them having anthropomorphic features such as human-like 

speech patterns or a name (Araujo, 2018) and performing actions traditionally handled by 

humans (Lombard & Ditton, 1997). 

Although people impose a social presence upon chatbots, it does not mean that they trust the 

bots equally much as other humans, especially in customer service. On the contrary, first 

impressions of chatbots are often suspicious (Shevat, 2017, Chapter 12), which is detrimental 

to the perceived trustworthiness of an interaction. However, little research has been done 

regarding trust in customer service chatbots (Følstad, Nordheim, & Bjørkli, 2018; Nordheim, 

Følstad, & Bjørkli, 2019). 

Currently, chatbots are generally seen as oriented towards small talk rather than complex 

conversation (McTear et al., 2016). In customer service, this manifests as unsatisfactory 

chatbots that are only capable of responding to simple, frequently asked questions (Adam, 

Wessel, & Benlian, 2020). These types of bots where the user has to decide what to do with 

the information they are given are referred to as informational chatbots. 

However, human customer service agents are not just information banks, but they also 

anticipate issues and take action for the customers when needed (Dixon, Ponomareff, Turner, 

& DeLisi, 2017). As technology develops, chatbots can start handling increasingly complex 

customer service tasks, which creates business advantages of efficiency and reduced costs 
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(Adam et al., 2020). These chatbots that are able to complete tasks with and for the customer 

are called transactional chatbots. 

The transition from information to transactions is needed if chatbots are to cover for human 

customer service agents in all areas. While customers may appreciate the convenience of self-

service and being able to figure things out on their own, they also enjoy personalized attention 

(Adam et al., 2020). Currently, there is a gap between human resource-heavy customer service 

and full self-service, and transactional chatbots could be the bridge between them. 

The more chatbots gain autonomous abilities to handle customer service requests, the more 

trust is needed. When people have complete control over a situation, there is no risk of things 

going wrong, which means there is no need for trust either (Corritore, Kracher, & Wiedenbeck, 

2003; Corritore, Marble, Wiedenbeck, Kracher, & Chandran, 2005; Mayer, Davis, & 

Schoorman, 1995; McKnight, Carter, Thatcher, & Clay, 2011). With autonomously acting 

transactional chatbots, humans have to hand over significant parts of that control to an artificial 

intelligence, which increases the risk and consequently the need for trust. Therefore, it is 

important to research how transactionality affects users’ trust in a customer service chatbot, 

and how it compares to trust in an informational one. 

This study focuses on the case of the Finnish telecommunications company Elisa, who have 

had a customer service chatbot capable of transactional tasks called esa_pekka on their website 

since the spring of 2018. The study was conducted during Elisa’s renewal of the chatbot in the 

spring and summer of 2020, where the goal was to improve the customer service experience 

and efficiency by further developing the chatbot’s ability to undertake self-serviceable tasks. 
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2 Background: customer service chatbots and trust 

This chapter explains the background behind the key concepts of this study and defines 

transactionality and trust in this context. It also explores how much research already exists on 

dividing chatbots into informational and transactional types as well as trust in chatbots, 

specifically in customer service. 

2.1 Review of existing research 

In order to map out the concepts of chatbots and transactionality as well as chatbots and trust, 

I searched for existing research about the topics from the ACM Digital Library (ACM DL), 

IEEE Xplore and Scopus. The aim of the search was twofold: first, to determine whether the 

categorization into transactional and informational chatbots had been made before and to what 

extent, and second, to examine how trust in chatbots had been researched in the customer 

service context. 

The search confirmed that the chatbot medium itself is a fairly recent research topic, which is 

evident from the publication dates of the results (Figure 1). In all databases, publications with 

the synonymously used terms chatbot, virtual assistant or conversational agent started 

appearing regularly in the early 2000s, with a rapid increase after 2015. As there is no 

established definition of what a chatbot is, I also included in the search the most common 

variants that can be used to mean the kinds of bots that are called chatbots in this study.  

Figure 1: Timelines of publication dates for the search results for chatbot OR "virtual assistant" OR 

"conversational agent" in the ACM Digital Library (left, 1635 items) and Scopus (right, 4156 items). 
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2.1.1 Transactional chatbots 

Searching the ACM DL for “transactional chatbot” returned 20 results, all of which were false 

positives as they were published in the same handbook about multimodality (Oviatt et al., 2019) 

and contained a glossary that caused the match. The chapter containing the actual keywords 

(Oviatt et al., 2019, Chapter 5) contained expert discussions of voice-based VAs like Alexa 

and transactional dialogue, referring to a conversation with a goal rather than just social 

chatting. However, in this study, informational customer service chatbot use is also goal 

oriented, so neither the context nor the terminology in this result were relevant. The search 

term in IEEE Xplore and Scopus returned the same singular conference paper, where the 

definition of transactional chatbots matched the one in this study (L. Xu, Hristidis, & Le, 2019). 

The query “informational chatbot” only gave one match in Scopus, where informational 

chatbot behavior was described to be based on FAQ-like question-answer pairs (Damani, 

Narahari, Chatterjee, Gupta, & Agrawal, 2020). Similar combinations with the other two bot 

terms as sequences (e.g. “transactional virtual assistant” or “informational conversational 

agent”) returned no results in any of the databases. 

Considering that the initial searches returned only two results, one of which was irrelevant, I 

concluded that the potential sources discussing the topic may not have the keywords appearing 

sequentially and removed the quotation marks from the following searches. Consequently, in 

the ACM DL, there were 52 results for transactional AND (chatbot OR “virtual assistant” OR 

“conversational agent”) and removing results from the aforementioned handbook reduced the 

number to 31. For the same search term, IEEE Xplore provided four results, which included 

the paper by Xu, Hristidis and Le (2019) from the initial search, as well as one that mentioned 

dividing chatbots into informational, transactional and conversational types (Bozzon, 2018). 

This conference paper was a basis for a referenced article that expanded upon the research and 

also included more detailed descriptions of the types (Kucherbaev, Bozzon, & Houben, 2018). 

Scopus found five results, also including the papers by Xu, Hristidis and Le and Bozzon. 

Similarly, the numbers for informational AND (chatbot OR “virtual assistant” OR 

“conversational agent”) in the ACM DL, IEEE Xplore and Scopus were 79 (76 without the 

handbook), 1 and 14, respectively. The one hit (Bozzon, 2018) in IEEE Xplore was also 

included in the four from the previous search. 
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2.1.2 Trust and chatbots 

First, I attempted to look into trust in chatbots in general. I used the search words trust AND 

(chatbot OR “virtual assistant” OR “conversational agent”). ACM DL returned 400 results, 

IEEE Xplore 19 and Scopus 90. Going over the results, it was clear that the search term was 

too broad and vague, so I narrowed it to match the scope of this study and searched for trust 

AND “customer service” AND (chatbot OR “virtual assistant” OR “conversational agent”). 

This limited the results to 40, 4 and 7, respectively. 

Despite returning the largest number of papers, the ACM DL only contained one result that 

was relevant to this study (Følstad & Skjuve, 2019). This article did not directly discuss trust 

in bots, however it focused on customer service chatbots in a manner that suited this study’s 

context. On IEEE Xplore, there was also one fitting result (Rivas, Holzmayer, Hernandez, & 

Grippaldi, 2018). Although the paper focused on morality and blame assigned to chatbots as 

compared to human customer service representative, it also offered insights into trust and 

perception of bots. 

Scopus, however, produced the most significant results of all. Three out of seven hits discussed 

trust in chatbots in a way that was applicable to this study (Følstad et al., 2018; Nordheim et 

al., 2019; Przegalinska, Ciechanowski, Stroz, Gloor, & Mazurek, 2019). Especially Nordheim 

et al. proved to be a valuable resource, as they had created a model for trust in chatbots, 

focusing on customer service. Similarly, Følstad was listed as an author on several of these 

relevant papers, which led to familiarizing myself with his work and finding other significant 

material (Araujo, 2018; Brandtzæg & Følstad, 2017; Chung, Iorga, Voas, & Lee, 2017; Følstad 

& Brandtzæg, 2017; Ischen, Araujo, Voorveld, van Noort, & Smit, 2020). 

2.1.3 Synthesis 

Despite varying the search terms, there was little existing research on this subject. Most of the 

search results focused on healthcare, human-robot interaction of physical robots, embodied 

conversational agents or general domain virtual assistants, and were excluded because of the 

irrelevance of those contexts. Other seemingly promising literature was excluded after 

examining the full text, where the relevant keywords were only found less than five times or 

there was otherwise no information relevant to this study. 

Out of transactionality and trust in chatbots, the latter is the more researched topic. Even so, 

trust in customer service chatbots is not a common topic and the most prominent studies on it 
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have been published in the past two years. The only studies available that made the distinction 

between informational and transactional chatbots were Xu, Hristidis and Le (2019), Bozzon 

(2018) and Kucherbaev, Bozzon and Houben (2018). As such, it can be concluded that it is 

valuable to further research this distinction and the effects it may have on trust in chatbots as 

well. 

2.2 Informational, transactional and conversational chatbots 

Within both research and practice of natural language understanding and communication with 

computers, the terminology for describing the different kinds of artificially intelligent programs 

(“bots”) has had little consensus. That which is called a chatbot in this study could be called a 

conversational agent (CA) or a virtual assistant (VA) in another, which is why it is necessary 

to define the term. 

The word used to describe a bot sometimes also specifies the method of communication. 

Gnewuch, Morana and Maedche (2017) use CA as an umbrella term for all bots, and specify 

that chatbots are CAs that use text, whereas VAs use spoken language. Although chatbot often 

does refer to a bot that only uses written language (Rivas et al., 2018), the term can also include 

solutions using speech (Chung et al., 2017; McTear et al., 2016). 

In addition to a communication method, the term for a bot can involve assumptions of its 

capabilities. A common view of chatbots is that they are oriented towards small-talk rather than 

tasks, and rarely take the initiative in the conversation (McTear et al., 2016). However, chatbots 

have also been described as programs that engage humans in conversations with specific goals 

(Rivas et al., 2018). On the other end of the bot spectrum, there are intelligent virtual assistants 

like Amazon’s Alexa that can handle topics from several domains and complete actions by 

querying a cloud service (Chung et al., 2017). 

Another way to describe a chatbot is through the division into informational, transactional and 

conversational bots. This not only relates to the capabilities of a chatbot, but also to the goals 

of the user. Conversational chatbots answer with the purpose of keeping up a dialogue. The 

users of these kinds of bots have no specific task they want to accomplish, their goals are social 

or entertainment-oriented (Brandtzæg & Følstad, 2017). 

Informational chatbots are what might be considered traditional bots, answering frequently 

asked questions (Adam et al., 2020; Damani et al., 2020; McTear et al., 2016). When an 

informational chatbot receives a query, it answers with some predefined information and it is 
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up to the user how to use that knowledge. In a customer service context, if the user asks how 

to cancel a subscription, an informational bot might provide a link to a self-service page and 

information on the steps to take to complete that task. The user can then choose to follow those 

steps according to their own interpretation. 

Transactional chatbots, on the other hand, complete the task with the user. In the case of 

cancelling a subscription, a transactional type bot would progress step by step, asking the user 

for information to identify them and their subscription. The full transaction is done through the 

chatbot, without the user having to interpret a set of instructions or navigate to another page (L. 

Xu et al., 2019). From a technical standpoint, the user interaction with a transactional bot 

changes the state of another system (Kucherbaev et al., 2018). 

The division into informational, transactional and conversational bots is not an established 

convention, and has been mentioned in two studies so far (Kucherbaev et al., 2018; L. Xu et 

al., 2019). For this study, I based the categorization on the evolution of websites and online 

activities, which have also been described using the terms content-centric or informational and 

interactive or transactional (Corritore et al., 2005; Kappel, Oll, Reich, & Retschitzegger, 2006). 

Conversational chatbots are not used for customer service, so they are not discussed in this 

study. 

Kappel et al. (2006, Chapter 1) describe the first stages of web applications as document-centric, 

interactional and transactional. Initially, websites were like collections of frequently asked 

questions, where the user could select what they would like to view from a predefined set of 

information. This is analogous to informational chatbots that also contain collections of 

predefined answers to common questions. 

Document-centricity evolved into interactive web applications, where users could fill in forms 

and content was generated dynamically, and again to transactional ones where the user could 

also change the information on the servers (Kappel et al., 2006). Similarly, informational 

chatbots can be considered read-only, whereas transactional bots have both read and write 

capabilities. 

In the context of this study, the term chatbot is used to refer to a text-based CA that has domain-

specific knowledge which it uses to help users fulfil a goal. The chatbot studied here is specific 

to the company Elisa and it helps users with customer service tasks both informationally and 

transactionally. 
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2.3 Social presence 

An aspect of understanding how users react to conversation partners – both human and non-

human – is the concept of social presence, which refers to a person’s feeling of an ‘other’ 

existing in the world and reacting to them (Araujo, 2018). Social presence is also one factor of 

trust (Chattaraman et al., 2012; Hassanein & Head, 2005), and has been described as both a 

requirement for and a consequence of developing trust (Gefen & Straub, 2003). 

Social presence in computers and by extension chatbots is the Computers Are Social Actors 

(CASA) paradigm introduced by Nass, Steuer and Tauber (1994). Their research discovered 

that computers are viewed as social entities and people apply social norms to them. Further 

research has found that these norms and human characteristics are assigned to computers 

without conscious intention from the user (Araujo, 2018; Nass & Moon, 2000). 

Other user characteristics have an effect on the social presence of technology as well. The 

personality and mood of the user affect the sense of presence they get (Lombard & Ditton, 

1997), and people respond favorably to media that have ‘personalities’ similar to their own 

(Nass & Moon, 2000). For example, Hildebrand and Bergner (2019) found that chatbots 

mirroring user characteristics and using informal communication made customers more willing 

to buy more expensive products and extras than on traditional websites. 

Similarly, social presence in a chatbot is connected to increased positive feelings towards the 

company it represents (Araujo, 2018). On the other hand, if the social features of a medium do 

not match the user’s expectations for the situation, they can be perceived as fake, forced or 

inappropriate (Hassanein & Head, 2005). 

Social presence can also be a characteristic of the medium (Gefen & Straub, 2003). For 

example, email is social because it relays messages between people. It can therefore be inferred 

that chatbots also have a high social presence, because they emulate the experience of 

conversing with another person on a chat platform. 

Researchers and practitioners have attempted to increase the human-likeness and consequently 

the social presence of chatbots by using visual representations. Compared to chatbots with just 

text, these avatars cause more mental and physical reactions (Ciechanowski, Przegalinska, 

Magnuski, & Gloor, 2019). Users may expect human-level service from a chatbot with a human 

avatar and become frustrated when it does not live up to those expectations (Ciechanowski et 

al., 2019; Gnewuch et al., 2017). 
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Chatbots are also a novel technology. Lombard and Ditton (1997) found that familiarity with 

the medium affects its sense of presence – if the user has no prior experiences of the medium, 

social presence can be low. Consequent uses build familiarity which also increases the presence, 

which can continue to grow with the familiarity or conversely drop again if using the medium 

becomes routine. The lower social presence of routinized media may be, as Lombard and 

Ditton state, because knowing how a medium functions can make its flaws and workings more 

obvious. 

This familiarity aspect may cause a gap between age groups when it comes to perceptions of 

chatbots. Even though chatbots are fairly new to all ages, growing up in the computer age and 

having a better understanding of technology may lead to youth regarding chatbots more as tools 

than social entities compared to their elders. 

2.4 Trust 

Trust is at the core of this study, so it is important to understand what trust is and how it is 

formed. This section describes how trust is based on human-human interactions, developing to 

apply in online environments and consequently chatbots as well. 

2.4.1 Defining trust 

The term trust was first studied in human-human relationships in the fields of sociology and 

psychology and has later expanded into technology and human-machine interactions. Each of 

these fields have various definitions for trust, so it is necessary to define what it means in this 

context. One factor of trust that is agreed upon between different fields is risk, because without 

risk there is no need for trust either (Corritore et al., 2003; McKnight et al., 2011). 

Trust is also defined as a social bond and as such requires social presence to be formed (Gefen 

& Straub, 2003). Combined with risk, this creates an adapted definition of trust between 

humans stating that social trust is positive confidence in another person’s motivations regarding 

one’s own risks involved in a situation (Lewicki & Bunker, 1995, p. 139). 

According to Lewicki and Bunker (1995), there are layers of depth to trust in both individuals 

and groups. On the most rudimentary level, trust is based on calculating the costs and benefits 

of continuing the relationship with the trustee. This can be deepened into knowledge-based 

trust, which requires that the trustor has established enough information to be able to make 

predictions of how the trustee might act. Acting according to expectations then strengthens that 
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trust (Gefen & Straub, 2003). The final layer is identification-based trust, where the trustor and 

trustee share goals and values and may act on each other’s behalf. 

The deepest levels of trust involve emotional expectations and “gut feelings”, but they are built 

upon the first level of conscious reasoning of why to trust. Trust is therefore both cognitive and 

affective, and cognitive trust is needed before affective trust can form (McAllister, 1995). 

According to McAllister (1995), cognition-based trust in a person consists of traits that can be 

evaluated, such as their perceived competence and dependability. Affect-based trust on the 

other hand addresses emotional bonds and care between individuals. 

Competence and dependability are aspects and causes for trust, along with cooperation and 

credibility, but none of them are trust itself (Corritore et al., 2003). Especially in everyday 

language, trust or trustworthiness can be used as a descriptor of reliability, the belief that 

something will function correctly (Friedman, Kahn, & Howe, 2000; Gefen & Straub, 2003). 

Although used in this way, trust is not a synonym for reliability in this study. Like Corritore et 

al. (2003) define: trustworthiness is a property of the object of trust, the trustee, whereas trust 

is something that originates in the one who trusts, the trustor. 

In this study, trust is a phenomenon that mitigates risks and uncertainties, and enables 

cooperation between the trustor and trustee (Corritore et al., 2003; Gefen & Straub, 2003). The 

trustor takes a conscious risk and puts themselves in a position where they believe that the 

trustee will not take advantage of their vulnerabilities. 

2.4.2 Trust online 

The rules of offline trust are generally relevant for online trust as well. Even though the trustee 

may be a website or application instead of another person or people, trustors take the cognitive 

steps of evaluating the risks and benefits of an interaction. While there are no nonverbal cues 

to interpret, other visual and verbal clues can help the trustor deduce if the trustee has 

mischievous or malicious intents (Friedman et al., 2000). 

In addition to different conversational cues, the anonymity of online interactions adds another 

dimension to calculating trust. Anonymity can increase risk by hiding malicious actors’ 

identities, but it can also improve the feeling of trust when used as a way to protect personal 

information in transactions (Friedman et al., 2000). For example, customers of online stores 

understand that the vendor could mishandle their private data or give false information, but 
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they also need to trust that the vendor will not do so in order to actually make a purchase 

(Corritore et al., 2003; Gefen & Straub, 2003). 

Anonymity is also connected to trust through social presence. When social presence is low, 

there is a lower threshold to engage in harmful activities (Gefen & Straub, 2003), and 

anonymity removes the signs of a personality that create social presence in technology. On the 

other hand, a high social presence – such as a chatbot on a web page – can create trust by 

introducing the sense of another being in the context. This presence can act either as a deterrent 

for mischief or as a potential source for help if any issues were to arise (Gefen & Straub, 2003). 

In addition to being a factor of trust on websites, chatbots themselves can also be trustees. 

When studying trust online, Corritore et al. (2003) specified that they did not include 

communicative web technologies such as chat services in their research, because they are not 

the object of trust but instead mediate communication between humans where the trustee is 

another person. However, a chatbot itself is both the service and the communication partner, 

which makes it also the trustee and the findings of Corritore et al. can be considered to apply 

to them. 

2.4.3 Trust in chatbots 

Trust in chatbots specifically is a rather new area of research, and only two relevant studies 

from the same authors exist at present (Følstad et al., 2018; Nordheim et al., 2019). Both studies 

address trust in customer service chatbots specifically and build upon the factors of trust 

identified in other automated systems (Jian, Bisantz, & Drury, 2000) and online (Cheung & 

Lee, 2001; Corritore et al., 2003; McKnight et al., 2011). 

According to both Følstad et al. (2018) and Nordheim et al. (2019), overall trust in a chatbot is 

evaluated by the quality of its interpretations and advice, but also its human-likeness and 

personality. Human-like attributes affect trust in other media through social presence 

(Chattaraman et al., 2012; Nass & Moon, 2000), so it makes sense that they apply to a medium 

that is actively present in its user’s interaction. The perceptions of security, privacy and risks 

reflect onto users’ trust of the chatbot as well (Følstad et al., 2018). 

On the other hand, if users are not aware of their conversational partner being a robot, they will 

likely imagine that the chatbot is a communication channel for a human-human interaction. 

Some people are unable to tell apart chatbots from humans (Nordheim et al., 2019), but others 

may expect to be connected to a person and are disappointed or surprised when they encounter 
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a robot instead. In both cases, it is almost the reverse of Lombard and Ditton’s (1997) position 

that low familiarity causes low social presence – the high social presence of the chatbot makes 

the user expect familiarity in the form of a live chat. Having this expectation violated can make 

the user feel vulnerable and negatively affect their trust (Corritore et al., 2003). 

Nordheim et al. (2019) created an initial model for trust in customer service chatbots, pictured 

in Figure 2. This model divides trust into factors that are related to the chatbot itself, its 

environment and the user. It is mainly based on the Corritore et al. (2003) model of trust online, 

where trust consists of perceptions of credibility, ease of use and risk, which are all affected by 

external factors. 

In this chatbot trust model, the most prominent factors of trust related to the chatbot are its 

responsiveness – meaning fast responses compared to human customer service – and expertise, 

which Nordheim et al. divide into different types. The most fundamental type of expertise 

represents correct answers, ones that contain actually helpful information. Additionally, they 

say that a chatbot has expertise when it understands the user correctly and chooses the answer 

that is related to their question. On the other hand, it is indicative of a lack of expertise if the 

response can be misunderstood, even if it is factually correct. These chatbot-related factors 

correspond to the perceived usefulness and ease of use of technology (Davis, 1989). 

According to Corritore et al. (2003), if a user considers a computer to have more expertise than 

themselves, they also trust the computer more. Expertise is therefore imaginably an important 

factor of trust in customer service chatbots, because customer service agents help customers 

solve problems that they could not manage on their own. 

Figure 2: Model for trust in customer service chatbots, based on Nordheim et al. (2019) 
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The context in which a chatbot is placed also affects its trust. This is represented by the 

environment-related factors risk and brand in Figure 2. According to Nordheim et al. (2019), 

risk is low when there is no need to provide personal or sensitive information and information 

security is emphasized. When risk is low and users perceive they are in control of the situation 

online, or when the trustee acts according to their expectations, they have more trust (Corritore 

et al., 2003; Gefen & Straub, 2003). The same applies to chatbots, and Nordheim et al. point 

out that it is important to consider the pace of introducing new features that could increase the 

perceived risk, so that trust in the chatbot is not harmed. 

Additionally, customers’ relationship with a brand and their preconceptions of it are reflected 

onto the chatbot that represents the brand (Corritore et al., 2003; Følstad et al., 2018; Nordheim 

et al., 2019). Brand perceptions may be especially relevant in customer service chatbots, as bad 

customer service experiences reflect poorly on the brand, which may lead to customers 

contacting them having negative expectations from the beginning (Dixon et al., 2017). 

The third and final group of trust in the model above consists of user-related factors, of which 

Nordheim et al. (2019) specifically mention propensity to trust technology – the variance of 

individual users’ trust in technology in general. This factor is based on studies of trust in general 

(Mayer et al., 1995) as well as in specific technology (McKnight et al., 2011) and online 

(Cheung & Lee, 2001), which have found that an individual’s tendency to trust affects how 

they experience trust. Based on this, Nordheim et al. infer that a person may be more likely to 

trust a chatbot if they also tend to have a positive and open attitude towards new technology. 

At least, if a person has a tendency to distrust people, they also tend distrust machines (Jian et 

al., 2000). Therefore, it is reasonable to say that trust involves some user-dependent factor. 

Because this model was created for customer service chatbots, it is perfect for the target of this 

study. However, what it does not take into account is the variation in intelligence, autonomy 

and communication that different chatbot platforms offer (Maier, Menold, & McComb, 2019). 

Nordheim et al. (2019) do recognize this absence and point out that further research is needed 

as the capabilities and prominence of chatbots develop. One such capability is the ability to 

perform transactions, which displays a higher level of autonomy and communicational 

reciprocity than purely informational chatbots (Maier et al., 2019). 
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3 Hypotheses and research questions 

The objective of this study is to map out the potential differences in user trust between 

informational and transactional text-based customer service chatbots. This begets the main 

research question: 

MRQ: How does the transactionality of a chatbot affect users’ trust? 

In order to answer this research question, it is necessary to examine user perceptions of the 

informational and transactional chatbot types. This can be done by comparing the level of trust 

and its elements for both, dividing the main research questions into two supporting research 

questions: 

SRQ1: Do users differentiate between informational and transactional 

chatbots? 

SRQ2: What are users’ perceptions of transactional chatbots compared to 

informational ones? 

In prefacing the study, I have made a conceptual difference between informational and 

transactional chatbots. However, there is no guarantee that it is a difference that users make 

themselves, as there is no existing research of it. SRQ1 is therefore based on the following 

assumption: 

H1: Users perceive a difference between informational and transactional 

chatbots. 

Even if this hypothesis turns out to be false, it will still be interesting to examine whether people 

unconsciously make a difference between the two types of chatbots through SRQ2. As 

informational and transactional chatbots function differently (Kucherbaev et al., 2018; L. Xu 

et al., 2019), it can also be assumed that they elicit different kinds of reactions from their users. 

Based on this and the Nordheim et al. (2019) model of trust, my hypothesis for the MRQ is: 

H2: Transactional chatbots are less trusted than informational ones, 

because they introduce more risk into the interaction. 

Because the area of study is so new, answering these research questions can be beneficial for 

both research and practice, whether or not the answers confirm the hypotheses. Even if people 
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do not consciously make a difference between informational and transactional chatbots, they 

may still have opinions about the bots, which can affect their readiness to use them. 
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4 Method 

Because of the novelty of the research topic, I took a primarily exploratory approach in my 

methods to assess perceptions of transactionality in chatbots. For this study, I chose to conduct 

a survey based on videoed use cases of the Elisa customer service chatbot. 

In-person user tests using cognitive walkthrough would have been preferred for collecting the 

exploratory data, but they were not a feasible choice due to the COVID-19 pandemic. The 

effects of the pandemic on this research are further described in the discussion section 6.5.1. 

4.1 Context and target group 

The survey was distributed using the Elisa Raati1 online consumer panel platform in June 2020. 

The platform and its surveys are only in Finnish, however there is no requirement or recording 

of nationality. Additionally, Raati collects optional information about its members’ age, gender, 

education, occupation and customer status in Elisa when they join the platform. Although the 

platform is affiliated with Elisa, anyone can apply to be a member whether or not they are its 

customer. 

Based on the rules of Elisa Raati, everyone in the target group of the survey was at least 18 

years old, agreed to answer truthfully and did not work in business development in 

telecommunications or IT. Furthermore, the population of this study was restricted to Raati 

members who are not corporate customers of Elisa. There were no requirements regarding the 

knowledge of or experience using chatbots. 

In general, Raati members are eligible for rewards, such as movie tickets or gift cards for Elisa’s 

goods and services, which are raffled at the discretion of the platform administrators. Any 

additional incentives for participating in this survey were not offered. 

4.2 Survey 

Since there currently is only one extensive study (Nordheim et al., 2019) regarding user trust 

in chatbots, and in customer service specifically, I based my survey largely on theirs as it is 

better to use a validated and reliable instrument than make a new one (Kitchenham & Pfleeger, 

2002). My aim was to compare my findings to the initial model for measuring trust created by 

 
1 https://elisaraati.fi/ 

https://elisaraati.fi/
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Nordheim et al. (2019) and possibly validate the model by showing that it is applicable in this 

context as well. In addition to this study, the survey was also used by Elisa to examine their 

customers’ opinions of their customer service chatbot and its usability. 

The survey consisted of general questions regarding respondents’ views of technology and 

experiences of chatbots, followed by questions about two specific chatbot examples. The 

examples were screen capture videos of Elisa’s customer service chatbot, the first showing an 

informative use case and the second a transactional one. Finally, there were questions regarding 

the perception of differences between the examples and the reputation of the company. 

Items exploring user perceptions and opinions were qualitative open questions. The 

comparison of the chatbot examples was quantitative and utilized the Nordheim et al. (2019) 

survey as a base, with other sources supporting the choice of items. All quantitative items used 

the Likert scale from 1 (fully disagree) to 5 (fully agree) (Appendix 1: Likert scale items). The 

outline of the full survey is included in Appendix 3: Survey outline. 

4.2.1 Chatbot examples 

The chatbot examples were only identified as Example 1 and 2 to avoid having an effect on 

how respondents answered the item about perceiving a difference between the two. However, 

when respondents were asked which example they would prefer to use at the end of the survey, 

the chatbots were given additional descriptions. The informational example was called 

Kysymyksiin vastaava chatbotti (“Chatbot that answers questions”) and the transactional one 

was Toimenpiteitä tekevä chatbotti (“Chatbot that takes actions”). 

In both example videos, the interaction begins with a greeting and stating the issue. In the 

informational example (Figure 3), the user has a question about security deposits. They receive 

an answer and choose to read more about getting the deposit back. In the transactional example 

(Figure 4), the user wants to change their data roaming settings. They choose to change their 

settings immediately, after which the chatbot begins the change process. The bot asks for the 

user’s phone number and birthdate for identification purposes and retrieves the roaming 

information for the contract under that identity. The user then can select from three different 

settings and chooses to block roaming globally. 
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The example cases were included as videoed demonstrations because there was no feasible 

way to ensure that all the respondents had used the chatbot. Additionally, providing examples 

was a way to unify the experience for all respondents in this context and receive comparable 

data for the informational and transactional bots. The examples handled different use cases 

because the demonstrations were of the actual Elisa chatbot and at the time there were no use 

cases that were implemented both informationally and transactionally. 

4.2.2 Item selection and translation 

In order to construct this survey, I reviewed both the items in Nordheim et al. (2019) and their 

original source counterparts (Appendix 2: Initial survey items). Additionally, I compared the 

items to questions in other relevant studies to verify their applicability. The final result was a 

product of four phases involving comparison, adaptation, creation and iteration. 

Figure 4: Transactional chatbot example screenshots 

Figure 3: Informational chatbot example screenshots 
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The first phase was getting to know the items in the Nordheim et al. (2019) survey and learning 

what they were measuring. This included considering their applicability to this study and 

investigating if the original source for each item shows promise for extending its findings to 

this context. For example, Corritore et al. (2005) studied trust in informational and transactional 

websites, which is comparable to the informational and transactional chatbots in this study. 

Other applicable domains included online retail (Cheung & Lee, 2001; Jarvenpaa, Tractinsky, 

& Saarinen, 1999) and automated systems (Jian et al., 2000). McKnight et al. (2011) had 

studied trust in a specific technology, which the chatbot also is. 

Because this study is about a chatbot for a specific company, items related to the chatbot’s 

reputation were edited to concern the reputation of the affiliated brand according to their 

original sources (Corritore et al., 2005; Jarvenpaa et al., 1999). Additionally, the survey 

platform itself is associated with the Elisa brand, which could skew the results of the reputation 

items. For example, it was not relevant to ask whether Elisa is a known brand both because it 

is one of the major telecommunication companies in Finland and it is assumed that people who 

have signed up for Elisa Raati have heard of Elisa. Similarly, items that were only applicable 

in situations that assume experience in using chatbots were reformulated, because the 

respondents had not necessarily used one before. Direct statements were made conditional and 

perception was emphasized, as in changing “the chatbot is easy to use” to “the chatbot seems 

easy to use”. 

Questions from other studies were also used as support for choosing the items. Müller et al. 

(2019) stated that trust in technology consists of competence, benevolence and integrity, which 

supported my items of expertise and trust. McAllister (1995) also linked competence to trust 

between humans in a professional setting, whereas Chattaraman et al. (2012) connected trust, 

benevolence and risk in their study of virtual assistants in retail. 

After adjusting the survey items to be context-appropriate, they were translated into Finnish. 

Items that could not be translated unambiguously, such as “the chatbot appears knowledgeable” 

and “the chatbot is realistic”, were excluded from the survey in order to ensure the instrument’s 

construct validity. Items that measured the same variable and were close in meaning were 

merged into a single item so that the survey would not be too long and cause respondent fatigue, 

because the same items were repeated for the two different videos. For example, the cognitively 

challenging item Mielestäni oli odotettavissa, että chatbotin sisältö oli sellaista kuin se oli (“I 
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think it was expectable that the chatbot’s content was like it was”) was assimilated into 

Chatbotin sisältö oli odotetun mukaista (“The content of the chatbot was as expected”). 

When the pre-existing items were curated and translated, I looked into what else I needed to 

know in order to answer my research questions. This involved asking respondents for their 

general opinions about chatbots, while taking into account that the sample also would include 

people who have not used chatbots before. For comparing the informational and transactional 

examples, I included a section where respondents were asked if they perceived a difference 

between the two, and which one they would prefer to encounter. Open-ended items for free 

text comments were added to each section to elicit data for the exploratory part of this study. 

4.2.3 Pre-testing 

Before distribution to the panel, the survey’s understandability and content validity was 

checked by having my peers at Elisa answer go through it. The reviewers were people who 

regularly work with Elisa Raati, so they were familiar with the best practices for surveys on 

the platform. 

Based on the initial feedback, there were too many items per example and the survey felt heavy. 

To reduce the tedium of answering, I further adjusted the survey by identifying the items that 

were related closest to the factors making up the initial model of trust by Nordheim et al. (2019), 

since they were implied to be the most influential ones. These factors were the chatbot’s 

expertise and responsiveness, the risk involved in the interaction, the brand and the user’s 

propensity to trust technology. Because Nordheim et al. noted that responsiveness and brand 

do not yet have instruments for measurement, the actual variables used in this study were 

expertise (including responsiveness), risk, reputation (of the brand) and propensity to trust 

technology. 

I prioritized the model-related items when choosing which ones to keep, although my research 

questions supported including some that did not fall into those categories. For example, 

Nordheim et al. (2019) along with Følstad et al. (2018) have noted that the effect of human-

likeness on trust has gathered mixed results. However, this survey was intended to also 

determine users’ perceptions of the chatbot in general, so I kept one item measuring the 

naturality of my chatbot examples based on research by Ho and MacDorman (2010). 

Additionally, Nordheim et al. found predictability to be redundant with expertise, but an aspect 

of exploring user perceptions and usability is determining whether they find the bot’s behavior 
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surprising (Corritore et al., 2005; Nielsen, 1994), so I also included an item measuring that in 

the final version. 

When the changes were approved by my reviewers, I did a final check of the translations. If a 

translation was so complex it required much cognitive effort, it was reworded to avoid slowing 

down the answering process. This involved removing a double negative statement from En 

usko, että tämä chatbotti käyttäytyisi etujeni vastaisesti (“I don’t believe that this chatbot would 

act against my interests”) to create Uskon, että tämä chatbotti käyttäytyisi etujeni mukaisesti 

(“I believe this chatbot would act in my interest”). Other negative statements were kept as-is, 

although Mielestäni ei ole turvallista puhua tälle chatbotille (“I do not think it is safe to talk to 

this chatbot”) was reversed to Mielestäni on turvallista puhua tälle chatbotille (“I think it is 

safe to talk to this chatbot”), so that there was both a positive and negative item measuring risk. 

4.3 Data and analysis 

This section explains which items and variables of the survey were chosen for closer 

observation in the study, how the data were prepared for analysis and which tools and 

techniques were used. 

4.3.1 Survey items 

Because the survey was used for both research and business purposes, there were some items 

in it that were included for Elisa’s benefit and are not discussed in depth in this study. In 

particular, the questions of respondents’ purposes of chatbot use or reasons for disuse were 

such items, and their data are included in the appendices (Appendix 4: Chatbot use and disuse). 

Additionally, items S6-S8 (“The conversation with the chatbot was clear and understandable”, 

“The chatbot's behavior did not surprise me”, “The chatbot seems natural”) in the chatbot 

comparison were included as measures for perceptions and usability. These items are not 

expected to show significant differences between the two chatbot examples as they are the 

same bot. They were also not found to affect trust significantly in the Nordheim et al. (2019) 

model, which is why this study will focus more on the other items measuring trust, expertise 

and risk. 

Out of these focus items, S3 (“I’m suspicious of this chatbot”) and S9 (“I think it is safe to talk 

to this chatbot”) were reverse coded. The items S1-S3 measured the variable trust, with S1 and 

S2 correlating agreement with higher trust. S3 indicates higher trust with disagreement, which 

is why it was reversed for the results and analysis. 
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Similarly, S9 was used to measure risk along with its companion item S10 (“I feel there is risk 

involved in talking to this chatbot”). Agreement with S10 indicates more risk, so S9 was 

reversed to match it. 

4.3.2 Variables 

The main focus of this study was on the items that measure trust, expertise, risk, propensity to 

trust technology and reputation (Table 1), based on the initial model of trust by Nordheim et 

al. (2019). The items for each of these variables were combined into a sum variable, and 

Cronbach’s alpha was calculated to examine the sum variables’ internal consistency (Trobia, 

2008). 

Table 1: Survey item abbreviations and variables they measure 

Abbreviation Statement Variable 

S1 I believe this chatbot is trustworthy Trust 

S2 I believe this chatbot would act in my interest Trust 

RS3 Reverse: I’m suspicious of this chatbot Trust 

S4 The chatbot has expertise Expertise 

S5 
I believe that I would be able to do my tasks with the 

help of this chatbot 
Expertise 

RS9 Reverse: I think it is safe to talk to this chatbot Risk 

S10 I feel there is risk involved in talking to this chatbot Risk 

S11 
The brand represented by the chatbot has a good 

reputation 
Reputation 

S12 The brand represented by the chatbot is respected/valued Reputation 

S13 I am typically trustful towards new technology Propensity to trust technology 

S14 
I usually trust new technology, even when there are no 

clear grounds for trust 
Propensity to trust technology 

S15 It is easy for me to trust new technology Propensity to trust technology 

Trust was measured by S1-2 and RS3 for both the informational and transactional chatbot 

examples. Their Cronbach’s alphas were calculated separately based on the recommendation 

of separating scale subsets by Trobia (2008) and were .83 and .86, respectively. The test 

implied that removing RS3 would improve the values. However, alpha values over .80 indicate 

very good consistency (Trobia, 2008) and it was important to examine the suspiciousness of 

the examples, so the item was left in the variable. 
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Expertise consisted of S4 and S5. For the informational example, Cronbach’s alpha was .84, 

and for the transactional one it was .87. Because there were only two items in the sum variable, 

neither of them could be removed. 

Similarly, risk was also measured by two items, RS9 and S10. Cronbach’s alpha for the 

informational chatbot was .73 and .80 for the transactional one. While lower than the others, 

alpha scores over .70 are acceptable (Trobia, 2008). 

Reputation was measured for both examples together by S11 and S12. Cronbach’s alpha for 

them was .94. Propensity to trust technology was a respondent-specific variable and consisted 

of three items, S13-15. Cronbach’s alpha was .87 and removing any of the items would have 

lowered the score. 

4.3.3 Response validity 

There were two requirements for a survey response to be considered valid for analysis. First, 

the respondent had to have answered more than 90% of the closed-ended items. Second, a 

response would be excluded if the respondent had given the same score for all the items in 

either of the comparable sections. 

In addition to the general validity, each of the five open-ended items had its own requirements. 

The items concerned the respondents’ experience using chatbots and their preliminary opinion 

of bots, as well as opinions of the informational and transactional examples and reasons why 

they prefer one over the other. If an answer was just a single word, it was not clear in meaning 

(such as “I have already told you”) or it was otherwise nonsensical, it was excluded from the 

analysis. 

4.3.4 Tools 

The statistical data were analyzed using Microsoft Excel and IBM SPSS 26. The data from the 

selected survey items were first explored through descriptive statistics such as mean and 

standard deviation, after which their correlation was checked (Kent State University Libraries, 

2020a, 2020c). The effect of chatbot use on trust was also examined using an independent 

samples t-test (Kent State University Libraries, 2020b). 

The Likert-scale answers were treated similarly to continuous data for the sake of performing 

statistic calculations, as it has been argued that parametric statistic tests can provide accurate 

results when using Likert-scale data (Norman, 2010). Some data were initially analyzed as 
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categorical using the Chi-square test when inspecting the effect of chatbot use on respondent 

opinions, but the results were inconclusive. 

Answers to the open-ended items of the survey were coded using open coding (Lazar, Feng, & 

Hochheiser, 2010), as the items were used to explore the reasons behind the respondents’ 

answers in the Likert-scale parts of the survey. The sentences were coded and arranged into 

affinity maps with the online whiteboard tool Miro2. 

  

 
2 https://miro.com/ 

https://miro.com/
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5 Results 

This chapter reports the results of the numerical data analysis and responses to open-ended 

items. It presents an overview of the respondents’ initial sentiments towards chatbots and 

technology and examines the relationship between the informational and transactional chatbot 

examples. It also explores the effects of chatbot use on trust. 

5.1 Respondents and preliminary opinions 

The survey was sent out to a random sample of 280 Elisa Raati panelists who are not corporate 

customers of Elisa. It was available for two weeks in June 2020, in which it received 124 

responses. The average response rate of the Raati platform was known to be around 50% and 

the goal was to get 100 responses, so the over-sampling was accurate.  

Out of the 124 respondents, 28 had elected to report their age and 32 their gender, which formed 

subgroups too small to be statistically significant. These demographic factors were not taken 

into account when analyzing the data. Of all respondents, 101 reported having used a chatbot, 

whereas 23 had never used one. All responses passed the requirements for valid closed-ended 

items. 

In the figure describing the respondents’ preliminary opinions towards chatbots and technology 

(Figure 5), categories slightly agree and fully agree were merged into agree, and their 

disagreeing counterparts formed disagree for the sake of simplicity. 

32.8 %

52.0 %

16.3 %

31.5 %

22.6 %

43.4 %

17.1 %

62.6 %

35.5 %

51.6 %

80% 60% 40% 20% 0% 20% 40% 60% 80%

Chatbots are useful

Chatbots are fun

I am typically trustful towards new technology

I usually trust new technology, even when there are no

clear grounds for trust

It is easy for me to trust new technology

Disagree Neither agree nor disagree Agree

Figure 5: Preliminary opinions of chatbots and technology 
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According to the results of these preliminary questions, respondents viewed chatbots slightly 

more useful (43.4%) than not (32.8%). Over half (52.0%) of them did not think that chatbots 

are fun. Usefulness in this item was not defined for the respondents, as its definition may vary 

depending on the chatbot’s context. 

A majority (62.6%) of the respondents also reported being trustful of new technology, 51.6% 

of them with ease. However, trusting new technology even without clear grounds for trust 

divided opinions quite evenly between agreeing, disagreeing and neither-nor: 35.5% of 

respondents agreed and 31.5% disagreed with the statement. 

5.2 Overview of the variables 

The survey items of interest for this study measured the variables trust, expertise, risk, 

reputation and propensity to trust technology. Trust was the dependent variable, whereas the 

other four were factors most assumed to affect trust based on the initial model of trust by 

Nordheim et al. (2019). Each measured variable is a sum variable, consisting of each statement 

related to it. 

5.2.1 Descriptive statistics 

Table 2 describes the statistical characteristics of both the informational and transactional 

chatbot examples, as well as the context characteristic reputation and respondent-dependent 

characteristic of their propensity to trust technology. 

Table 2: Sample size (N), mean, standard deviation (SD) and skewness of the variables grouped by related 

chatbot example 

Variable N Mean (1-5) SD Skewness 

Informational chatbot 

Trust 122 3.67 1.00 -0.60 

Expertise 123 3.11 1.12 -0.25 

Risk 122 2.35 1.00 0.61 

Transactional chatbot 

Trust 124 3.53 1.05 -0.41 

Expertise 124 3.56 1.12 -0.60 

Risk 121 2.64 1.20 0.25 

Context characteristic Reputation 123 3.55 1.09 -0.68 

Respondent 

characteristic 

Propensity to trust 

technology 
123 3.38 0.94 -0.29 
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For the informational example, trust had the largest mean with 3.67 out of 5 (SD = 1.00) and a 

moderate skew to the left (Skewness = -0.60). However, the mean of trust in the transactional 

example was only the second largest with 3.53 (SD = 1.05), the highest being expertise with 

3.56 (SD = 1.12). Transactional expertise was also moderately left-skewed, but its trust was 

close to a normal distribution. 

Comparing the two examples, the informational bot’s mean trust (3.67) was higher than the 

transactional one’s (3.53). On the other hand, the transactional example had larger values in 

both expertise (3.56 vs 3.11) and risk (2.64 vs 2.35). 

5.2.2 Correlation 

The correlation between the variables was analyzed for both the informational (Table 3) and 

transactional (Table 4) chatbot examples. The context- and respondent-dependent variables 

reputation and propensity to trust technology were included in both examples, as they are 

supposed to be relevant aspects of trust creation in chatbots (Følstad et al., 2018; Nordheim et 

al., 2019). 

Table 3: Correlation of variables in the informational chatbot example 

Variable Trust Expertise Risk Reputation 

Propensity to trust 

technology 

Trust      

Expertise .722**     

Risk -.749** -.611**    

Reputation .407** .457** -.481**   

Propensity to trust 

technology 
.541** .371** -.531** .340**  

**. Correlation is significant at the 0.01 level (2-tailed). 

Table 4: Correlation of variables in the transactional chatbot example 

Variable Trust Expertise Risk Reputation 

Propensity to trust 

technology 

Trust      

Expertise .783**     

Risk -.814** -.652**    

Reputation .400** .487** -.290**   

Propensity to trust 

technology 
.467** .377** -.429** .340**  

**. Correlation is significant at the 0.01 level (2-tailed). 
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Both examples showed statistically significant moderate to strong correlation between all 

variables (Kent State University Libraries, 2020c), with the strongest effect being between trust 

and risk. Their correlation was negative, which indicates that an increase in risk will decrease 

trust. For the informational example, the correlation was r(120) = -.749, p < .01, and for the 

transactional it was r(121) = -.814, p < .01. 

The strongest positive correlation for both examples was between trust and expertise. The 

informational chatbot had r(121) = .722, p < .01, whereas the transactional one had r(124) 

= .783, p < .01. 

While both examples had the largest correlations between the same variables, the coefficients 

indicate that expertise and risk in the transactional chatbot have stronger effects on trust than 

their counterparts in the informational bot. 

5.3 Comparison of informational and transactional chatbots 

Figure 6 graphs the responses to the ten comparison items for both the informational and 

transactional chatbot examples individually. For readability, the item statements and their 

abbreviations are listed in Table 5. 

 

Table 5: Chatbot comparison items, their abbreviations and variables they measure 

Abbreviation Statement Variable 

S1 I believe this chatbot is trustworthy Trust 

S2 I believe this chatbot would act in my interest Trust 

RS3 Reverse: I’m suspicious of this chatbot Trust 

S4 The chatbot has expertise Expertise 

S5 I believe that I would be able to do my tasks with the help of this chatbot Expertise 

S6 The conversation with the chatbot was clear and understandable Ease of use 

S7 The chatbot's behavior did not surprise me Predictability 

S8 The chatbot seems natural Human-likeness 

RS9 Reverse: I think it is safe to talk to this chatbot Risk 

S10 I feel there is risk involved in talking to this chatbot Risk 
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Figure 6: Responses to chatbot comparison items 
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The overall results are similar for both chatbot examples, so the graphs for both look alike. The 

ratings of trust (S1-2, RS3) are at the same level in both graphs, although a greater portion 

agree with RS3 for the informational chatbot. What clearly stands out, however, is the larger 

amount of agreeing responses for the expertise (S4-5) and risk (RS9, S10) statements in the 

transactional example graph compared to the informational one. For the transactional 

example’s statements S5, RS9 and S10, there are fewer disagreeing responses than for their 

informational counterparts, but the difference in S4 is in the proportion of respondents who 

neither agree nor disagree. This was the most common response for the informational bot in 

S4, whereas the transactional bot received more agreeing answers. 

Because the respondents evaluated both the informational and transactional examples, it was 

also fitting to compare the two through a paired samples t-test ( = 0.05). All ten statements 

were individually tested, with the informational example’s score being the first in each pair. 

The results of the test are listed in Table 6. 

Table 6: Paired samples t-test for the comparison items 

Statement 

(I-T) Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence Interval 

of the Difference 

t df 

Significance 

(2-tailed) Lower Upper 

S1 0.12 0.93 0.08 -0.04 0.29 1.44 123 0.15 

S2 -0.10 0.85 0.08 -0.26 0.05 -1.37 123 0.17 

RS3 0.46 1.21 0.11 0.24 0.68 4.20 121 0.00* 

S4 -0.40 1.01 0.09 -0.58 -0.22 -4.36 122 0.00* 

S5 -0.49 1.17 0.11 -0.70 -0.28 -4.67 123 0.00* 

S6 -0.07 0.93 0.08 -0.23 0.10 -0.78 122 0.44 

S7 0.15 1.19 0.11 -0.07 0.36 1.38 120 0.17 

S8 -0.03 0.96 0.09 -0.20 0.14 -0.37 123 0.71 

RS9 -0.15 1.01 0.09 -0.33 0.03 -1.61 120 0.11 

S10 -0.40 1.17 0.11 -0.61 -0.19 -3.80 121 0.00* 

*0.00 indicates significance level p < .001 

According to the t-test results, four out of the ten statements show a difference of statistical 

significance between the chatbot examples. These statements are related to trust (RS3), 

expertise (S4-5) and risk (S10). However, the other items also measuring trust (S1-2) and risk 

(RS9) are not significantly different, and neither are the items measuring the less prominent 

factors of trust (S6-8) from the Nordheim et al. (2019) study. 
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All these results will be examined in more detail in the following sections. For comparing the 

chatbot examples visually grouped by each statement, see Appendix 5: Chatbot comparison by 

item. The complete percentage distribution of responses on the full five-point Likert scale can 

be viewed in Appendix 6: Responses to Likert-scale items for chatbot comparison. 

5.3.1 Trust 

Both examples were rated evenly overall for trustworthiness and acting in the user’s interest. 

The combined agreeing answers (slightly agree and fully agree) for both S1 and S2 were over 

50%. Approximately 30% of the answers for S1 and S2 were neither agree nor disagree, except 

in S2 for the transactional bot, where the ratio was 23.4%. Based on the t-test, there were no 

statistically significant differences between the chatbots for these items (pS1 = .15, pS2 = .17). 

However, the transactional chatbot was rated as raising more suspicion than the informational 

one. In the transactional example, 23.4% of respondents agreed with the reversed trust item S3 

“I’m suspicious of this chatbot”, whereas the corresponding score for the informational chatbot 

was 12.3%. The paired samples t-test also showed that the examples were statistically 

significantly different for this item (p < .001), with the informational example scoring 0.46 

points higher on RS3 than the transactional one. 

Both chatbots were nevertheless rated to be quite unsuspicious, as their disagreeing answers 

(slightly disagree and fully disagree) accounted for 50.0% and 68.0% of responses for the 

transactional and informational examples, respectively. 

5.3.2 Expertise 

The transactional chatbot scored higher results on both expertise items S4 and S5 than the 

informational one. For S4, general expertise, agreeing answers constituted 59.7% of all its 

responses with 23.4% neither agreeing nor disagreeing. In contrast, the informational chatbot 

had 35.8% agreement with 41.5% neither nor; roughly a 20 percentage points’ difference in 

favor of the transactional bot. This was also visible in the paired t-test, where the transactional 

example was on average rated higher by 0.40 (p < .001). 

Similarly, 58.1% of respondents agreed that they could get their tasks done (S5) with the 

transactional chatbot compared to 41.1% for the informational one. Notably for the 

informational example, 17.7% of respondents fully disagreed with this statement, whereas the 

transactional one had half as many extreme opinions, 8.9%. These differences were statistically 
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significant (p < .001), showing respondents scored 0.49 points higher for the transactional 

example. 

5.3.3 Risk 

Overall, both examples were considered to have moderate to low risk, but the transactional 

chatbot was rated riskier than its informational counterpart. Less than half (46.7%) of 

respondents agreed that it would be safe to talk to the transactional bot (reverse item S9), but 

26.2% disagreed. The informational bot, on the other hand, was 52.8% agreed to be safe and 

17.1% disagreed. There is an overall difference of ten percentage points between the two 

examples, with the informational chatbot being rated safer to talk to. However, the paired t-test 

did not find the differences for this item to be significant (p = .11). 

The difference between bots was larger and significant (p < .001) according to the t-test for 

S10, the general perception of risk. For the informational example, 61.8% disagreed with there 

being risk involved while 12.2% agreed. The perceived risk for the transactional bot was nearly 

14 percentage points higher, with 25.2% of respondents agreeing and 47.2% disagreeing. On 

average, the informational example scored 0.40 points lower risk than the transactional one. 

5.3.4 Other factors 

The other supporting items were similar for both chatbots. Opinions of the chatbots’ naturality 

(S8) were evenly distributed across the answer scale with a slight lean towards agreement. For 

the transactional example, 37.1% of the respondents agreed that the chatbot was natural, while 

39.5% agreed with the informational one. 

The conversations were understandable and clear (S6) according to 68.3% and 73.4% of 

responses for the informational and transactional chatbots, respectively. Additionally, the 

informational chatbot was less surprising (S7) than the transactional one’s: 69.1% versus 

61.5% of respondents agreed that the chatbot’s behavior did not surprise them. The paired 

samples t-test did not find any of the statements S6-S8 to have significant differences between 

the two chatbot examples. 

At the end of the questionnaire, the respondents were also asked if they thought the example 

chatbots were different from each other. The responses were 44.4% agree, of which 29.8% 

slightly. Comparatively, 27.4% neither agreed nor disagreed. 
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Respondents were also asked which kind of chatbot they would prefer to use. Out of 124 

respondents, 73 (58.9%) preferred the transactional one. The rest (51, 41.1%) chose the 

informational one. 

5.4 Effects of chatbot use on trust 

This study included in its sample both people who have used chatbots and those who have not. 

Non-users have not been included in existing research, which is why it is important to explore 

the potential differences in opinion between the two groups. 

5.4.1 Chi-square test for categorical data 

Initially, the Likert-scale items were to be analyzed as categorical data using the Chi-square 

test. However, the sample of non-users (N=23) was divided into groups where the expected 

count of several cells was less than 5, which suggested that the scale should be condensed for 

more reliable results (Agresti, 2007, Chapter 2.4). Even by recoding the categories slightly 

agree and fully agree into agree, and slightly disagree and fully disagree to disagree, the non-

user group proved to be too small to be eligible for the Chi-square test. 

5.4.2 Parametric tests 

As the Chi-square tests were inconclusive, I turned to parametric tests instead, as they have 

been shown to work with Likert-scale data (Norman, 2010). 

First, the means between users and non-users were compared (Table 7). For both chatbot 

examples, non-users mean score for trust was lower than that of chatbot users. The difference 

between the two user groups was larger for the informational example, with a mean of 3.79 

(SD = 0.99) against 3.14 (SD = 0.87) for users and non-users, respectively. For the transactional 

example, the corresponding difference was 3.60 (SD = 1.06) to 3.20 (SD = 0.95). The 

transactional chatbot has a lower mean trust than the informational one amongst chatbot users, 

whereas the opposite is true for non-users. However, based on the spread of responses 

illustrated by Figure 7, it would seem that the variances for both users and non-users are quite 

similar for both chatbot examples. 
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Table 7: Sample size (N), mean and standard deviation (SD) of trust grouped by chatbot use 

Trust in Chatbot use N Mean (1-5) SD 

Informational chatbot 
Yes 99 3.79 0.99 

No 23 3.14 0.87 

Transactional chatbot Yes 101 3.60 1.06 

 
No 23 3.20 0.95 

An independent samples t-test ( = 0.05) was used to determine if prior chatbot use has an 

effect on trust in each of the chatbot examples. For both examples, Levene’s test was 

nonsignificant (informational: p = .54, transactional: p = .30), indicating similar variances 

between users and non-users (Kent State University Libraries, 2020b). 

The results of the t-test (Table 8) show that the mean trust for the informational chatbot is 

significantly different between users and non-users with t(120) = 2.90, p = .004. This suggests 

that on average, chatbot users rate trust in informational bots higher than non-users. However, 

the mean difference was 0.65, which is less than a full step on the Likert-scale. 

The results for the transactional example, on the other hand, were statistically nonsignificant 

with t(122) = 1.65, p = .102. This suggests no significant differences between users and non-

users when it comes to trust in transactional chatbots. 

Table 8: Results for the t-test for equality of means between chatbot users and non-users. Equal variances 

are assumed. 

Trust in t df 

Significance (2-

tailed) 

Mean 

Difference 

95% Confidence Interval of the 

Difference 

Lower Upper 

Informational 

chatbot 
2.90 120 0.004 0.65 0.21 1.09 

Transactional 

chatbot 
1.65 122 0.102 0.40 -0.08 0.88 

a) b) 

Figure 7: Box plots of trust in the a) informational and b) transactional chatbots grouped by chatbot use 
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5.5 Open-ended items 

Based on the validity requirements for open-ended items, at least one third of all respondents 

gave a meaningful response to each of them (Table 9). These responses were coded and Table 

10 describes the three most common themes of each item. A single response could include 

several themes. 

The answers to the preliminary items about experiences with chatbots and opinions of them 

included similar views and themes, which is why they were handled as one unit (Opinions and 

experiences of chatbots). 

Table 9: Responses to open-ended survey items 

  

Item 

Potential 

respondents 

All 

responses 

Meaningful 

responses 

% of potential 

responses 

Tell about an experience with 

chatbots 
101 90 88 87.1 

Opinion of chatbots 124 53 48 38.7 

Opinion of the informational 

example 
124 55 43 34.7 

Opinion of the transactional 

example 
124 58 46 37.1 

Reasons for preference (total) 124 66 61 49.2 

 Prefers informational 51 29 27 52.9 

 Prefers transactional 73 37 34 46.6 
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Table 10: Open-ended items and their three most common themes 

Opinions and experiences of chatbots (N=136) 

Bots are a way to get answers to simple questions 24 

Human customer service can help better than bots 24 

Chatbots cannot help (wrong answers or could find the same information elsewhere) 22 

Opinion of the informational example (N=43) 

The bot can handle simple questions 13 

Has reservations about the chatbot 10 

Good conversation flow 6 

Opinion of the transactional example (N=46) 

Information security is a concern 21 

It is useful, things get done 20 

Would rather use self service 7 

Reasons for preference (N=61) 

Prefers informational (N=27) 

Information security of the transactional bot is a concern 7 

Wants to make decisions and take action self 6 

Actions performed by robots can go wrong 6 

Prefers transactional (N=34) 

The bot gets things done 18 

The bot takes care of everything in one go 6 

The bot takes care of the issue fast 6 
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6 Discussion 

The purpose of this study was to examine users’ trust in text-based customer service chatbots 

and the effects that transactionality has on it. The research questions were: 

• MRQ: How does the transactionality of a chatbot affect users’ trust? 

• SRQ1: Do users differentiate between informational and transactional chatbots? 

• SRQ2: What are users’ perceptions of transactional chatbots compared to 

informational ones? 

These questions were based on two hypotheses: 

• H1: Users perceive a difference between informational and transactional chatbots. 

• H2: Transactional chatbots are less trusted than informational ones, because they 

introduce more risk into the interaction. 

This section answers the research questions based on the results and discusses their relation to 

the hypotheses and literature. 

6.1 SRQ1: Perceptions of difference between chatbot types 

The example chatbots were compared by the ratios of how many respondents agreed and 

disagreed. The differences in the ratios were small for most of the statements, which points to 

little to no difference between the examples. This is confirmed by the paired samples t-test 

showing no statistical significance for these items. On the other hand, statements about the 

bot’s suspiciousness, expertise and overall risk (S3-5, S10) had the largest differences, which 

were also confirmed as significant by the t-test, indicating that those aspects were perceived 

significantly differently between the two types of chatbots. 

These significantly different aspects seem to affect perceptions of the chatbots more than the 

nonsignificant ones, because 44.4% of respondents agreed slightly or fully and 27.4% neither 

agreed nor disagreed when they were asked directly if they thought the informational and 

transactional chatbot examples were different. If the statements with the largest differences 

were essential to the uniqueness of the chatbots, a clearer majority would likely agree. On the 

other hand, if they were insignificant features, there would be more disagreement. The middle-

ground answers and spread across the opinion spectrum indicate a kind of uncertainty and 

indecisiveness in claiming the examples to be different. 



 38 

It is possible that it was difficult for the respondents to consciously evaluate the differentness 

of the examples, because they both were use cases of the same chatbot. Nevertheless, the 

comparison items showed that the informational and transactional examples were rated to have 

some differences based on the Likert responses. It may be that people see these differences but 

do not consider them to be fundamentally significant. As one respondent commented, “If the 

things you wanted taken care of get done, it doesn’t matter which [chatbot] you do it with.” 3 

Although inconclusive based on these data, the results suggest that the first hypothesis is true 

and answers the first supporting research question (SRQ1): users do somewhat differentiate 

between informational and transactional chatbots. 

6.2 SRQ2: Perceptions of informational and transactional chatbots 

To answer the second supporting research question (SRQ2), it was necessary to examine the 

opinions respondents had about the informational and transactional examples individually, as 

well as understand if and why they preferred one type over the other. 

6.2.1 Informational chatbot example 

Regarding the informational chatbot example, respondents primarily estimated that it could 

understand simple queries but doubted it could handle anything more complex than a frequently 

asked question. A common sentiment was that the bot acted basically as a keyword search, and 

that the customer could have found the information themselves. One respondent described their 

thoughts of the informational example as such: 

“Sure, for simple questions like the one in the example… or when you’re 

searching e.g. Elisa’s site for some information. But complete waste of time 

for complex questions!” 

The overall tone of the comments about the informational example was slightly reserved and 

many of them included both a positive and a negative statement together, such as “Not bad, but 

needs development” or “Worked okay, at least for this question”. These comments imply that 

the respondents did not experience the informational chatbot to have much expertise, which 

may affect their trust in it negatively (Nordheim et al., 2019). 

The respondents’ opinions on the informational example reflected the comments they made 

about their experiences and opinions of chatbots prior to the survey. The most common theme 

 
3 Quotes translated from Finnish 
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for both was that chatbots are capable of answering simple questions, and there was reserved 

optimism in the preliminary comments just as in the comments for the informational example, 

such as “Still much to learn, but surely much more efficient than using a real person for simple 

things”. The similarities of the answers suggest that the informational chatbot matches the 

respondents’ idea and experience of what a typical chatbot is. 

6.2.2 Transactional chatbot example 

While the informational example garnered hesitant opinions, the ones about the transactional 

bot were more strongly both positive and negative. More than 40% (20/46) of the responses 

were pleased with the way the chatbot could handle the example task, some answers solely 

focusing on the positive: 

“This seemed to be a very clear and quick way to take care of the issue. 

Excellent!” 

“Very easy and painless and I was a little surprised that [it] could take 

care of something like that” 

However, as many (21/46) responses were also worried about the chatbot’s information 

security. While a few individuals were concerned about the chat being hacked, most 

respondents were more focused on the dangers of the identification method. In the example, 

the user’s data roaming settings were changed after identifying them with a phone number and 

date of birth, known as light authentication. Respondents voiced their concerns that the 

information required for light authentication is easily to found or deduced by other people, 

making customers susceptible to “trolling” or mischief: 

“Identification based on just a phone number and birthdate is weak, this 

way it’s too easy e.g. to prank a former girlfriend!” 

“If you don’t have to log in anywhere and you can do [the change] so 

easily for example to another person’s subscription then [this is] really 

scary” 

Respondents who had identification concerns also offered solutions to the issue. They 

mentioned logging in to the self-service portal, sending an SMS verification and strong 
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authentication methods such as online banking credentials or Mobile ID (Mobiilivarmenne4), 

a service where one’s identity is attached to a SIM card and they can use their phone number 

for identification: 

“I preferably don’t give personal info to these [bots]. Especially my 

personal identity code unless the matter is very important. Only through 

bank identification.” 

It is unsurprising that the respondents had these suggestions, because strong authentication 

methods are in widespread use across Finnish online services. Finnish people therefore tend to 

be well aware of strong authentication and trust it as a secure way of identifying themselves. 

Information security concerns are also a sign of risk affecting trust in the transactional chatbot. 

Another risk-related concern for the respondents was the doubt of completion – whether the 

transaction was properly completed or not. One respondent highlighted that a confirmation of 

the transaction would be important as “evidence” if the chatbot made an error and they were 

for example billed for data roaming abroad. Because the result of the transaction was uncertain 

to the respondents, they said that they would rather use the self-service portal or that they would 

check it anyway (7/46 responses): 

“Great if you can take care of such a bit more complicated thing with a 

chatbot, like it would seem based on the example! I myself would probably 

be a little doubtful that everything is okay, so I’d probably go and check.” 

It is unclear whether these doubts stem from a distrust of chatbots, or if this specific chatbot 

example is lacking in usability. It is possible that the transactional bot is violating Nielsen’s 

(1994) usability heuristic of having the state of the system visible because it does not have a 

visual representation of either the identified user or the changing settings. This could be 

categorized as affecting the responsiveness factor of the Nordheim et al. (2019) trust model 

and thus the expertise variable of this study. Improving the usability with visual cues could 

then both increase the perceived expertise as well as lower the risk, both improving the 

experience of trust according to Nordheim et al. 

 
4 https://mobiilivarmenne.fi/ 

https://mobiilivarmenne.fi/
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6.2.3 Comparison of the chatbot examples 

Overall, opinions of the informational chatbot example indicate a perceived low level of 

expertise, whereas the transactional bot has more expertise but also a higher risk. Both 

examples elicit skeptical reactions, but neither seems to be viewed as particularly untrustworthy. 

These observations are supported by the Likert item responses and their paired t-tests, which 

also reveal the more specific areas where the two chatbots differ. 

Based on the numerical results, respondents rated the chatbot examples to be quite similar to 

each other in overall trust, ease of use and human-likeness. Equal ratings in the latter two were 

expected, because the examples were of one real chatbot showcasing different use cases. The 

chatbot in question was also designed based on prior chatbot dialogue experience, which 

explains the positive opinions of conversation flow. 

Although good flow was mentioned as the third most common theme in the comments 

regarding the informational chatbot (6/43), it is not necessarily an indication of particularly 

good dialogue. Because of the similarity of the comments on prior opinions of chatbots and the 

informational example were very similar, it may be that other features did not stand out enough 

for the respondents to comment on them. 

Where the two chatbots differed most, however, were the perceptions of expertise and risk. The 

respondents agreed with the transactional expertise items S4 and S5 nearly half a Likert scale 

step more on average compared to the informational one. Notably, the statement “The chatbot 

has expertise” (S4) received mostly neither agree nor disagree answers (41.5%) for the 

informational example, whereas the most common answer for the transactional example was 

slightly agree, with nearly 20 percentage points fewer neither-nor answers (23.4%). This 

reflects the reserved tone of the open comments about the informational chatbot: the 

respondents considered the informational example to be like a keyword search and capable of 

answering simple queries, which does not strongly indicate either expertise or incompetence. 

In contrast, the majority of respondents agreed with the transactional example having expertise 

and its perceived usefulness was the second most common theme of the open answers, 

indicating that “getting things done in one go” is viewed as a major sign of expertise. Based on 

the responses, usefulness for a customer service chatbot means that it is able to help, including 

giving answers that are relevant to the customer’s situation and taking care of any related tasks. 

These aspects relate to the Nordheim et al. (2019) trust model factors expertise and 

responsiveness. 
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While the transactional example was viewed as having expertise, respondents also expressed 

their concerns about it. One of the issues was that the chatbot may make mistakes in performing 

the action, which could explain why it was rated to be slightly less predictable (S7) than its 

informational counterpart, albeit not significantly so. In addition to the uncertainty of the 

transactions, the most prominent concern was information security. These two factors also 

reflect the fact that respondents reported being more suspicious (S3) of the transactional bot 

than the informational one, which is further amplified as higher perceptions of risk (S10). 

6.2.4 Willingness to use transactional chatbots 

When asked which kind of chatbot they would prefer to use, the majority of respondents 

(58.9%) chose the transactional one, even though they had expressed concerns regarding their 

privacy. As expected, these concerns also appeared as the most common reason for preferring 

the informational chatbot (7/27). Some respondents who chose the informational bot also 

acknowledged that the transactional one could be useful, but they personally are not ready for 

such chatbots yet: 

“I would not yet dare to trust a transactional bot, although such a thing 

would be extremely handy!” 

“I probably don’t yet trust a chatbot doing things for me, but once I get a 

few positive experiences of it, I’ll gladly choose the transactional chatbot.” 

In general, there was a clear division between the reasons why respondents chose which kind 

of chatbot they prefer. In the reasoning for the informational one, people largely expressed 

distrust in the transactional option; two of the most common themes were concerns regarding 

its information security, as well as the possibility of automated actions going wrong. Possibly 

related to this skepticism, over one fifth (6/27) of the comments mentioned wanting to perform 

actions self, rather than let a bot do it for them. Some even said that they would not use a 

chatbot, but if they had to choose, they would pick the informational bot. These themes imply 

that people who generally do not trust chatbots to do things for them prefer the informational 

type of chatbot, because it gives them the opportunity to decide for themselves how to proceed. 

This effect is supported by the numerical results that showed that propensity to trust technology 

has a positive correlation on trust and a negative one on perceived risk. It is therefore likely 

that those who do not trust technology are more risk-averse and less trusting when it comes to 

chatbots, leading to them preferring to be in control and thus choosing the informational chatbot. 
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People who preferred the transactional chatbot, on the other hand, motivated their choice 

through positivity. Half (18/34) of the responses spoke of the importance of getting something 

actually done with the chatbot, often also mentioning the benefit of completing their task in 

one place – described by one respondent as a “one-stop shop”. 

“Makes it easier if you get the job done immediately without having to 

wander around some other page” 

Related to both themes, as demonstrated by the quote above, respondents also appreciated that 

the interaction with the transactional bot was fast. Some of the comments pointed out the 

expedience of having a chatbot handle a task compared to waiting for help from human 

customer service: “-- actions, especially simple ones, would be handy to outsource to a bot so 

you don’t need to queue in customer service with them.” Some specifically mentioned that a 

combination of informationality and transactionality would be the best for overall more 

efficient customer service. These motivations show that people who prefer transactional bots 

may have a willingness to let someone else take care of their customer service needs, as 

opposed to the apprehensive people preferring informational bots. 

Comparing the respondents’ motivations to the Nordheim et al. (2019) model of trust, those 

who chose the informational example seemed to focus mainly on the risk factor. The 

motivations for the transactional chatbot, on the other hand, correspond to the responsiveness 

and expertise factors of the model. It is therefore likely that opinions of transactionality are 

influenced by user-related factors such as the propensity to trust technology highlighted by 

Nordheim et al. This trust in technology possibly consists of general aversion to risk and the 

willingness to hand over control, as those were identified from the themes of the open answers. 

These factors may also be separate from trust in technology and need to be researched further.  

6.3 MRQ: Effects of transactionality on trust 

The main findings of this study answer the main research question of how transactionality 

affects the trust of chatbot users. Based on the different perceptions of the two examples as 

discussed earlier, the results confirm that transactionality does have an effect on trust. However, 

they also reveal the insufficient assumptions regarding of the factors of trust in the second 

hypothesis (H2). 

H2 assumed that transactional chatbots would be rated with lower trust because of the risk they 

introduce. However, the general level of trustworthiness (S1-2) was roughly the same for both 
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chatbot examples and their differences were statistically nonsignificant. Only S3 showed 

significant results alike the hypothesis; almost one in four (23.4%) respondents agreed that the 

transactional example made them suspicious, whereas only half as many (12.3%) said the same 

of the informational one. 

At the same time, the expectations of increased risk were correct. Both of the risk-measuring 

items showed that respondents felt higher risk from the transactional example compared to the 

informational one, and the t-tests confirmed this to be statistically significant. Reflecting this, 

the most common theme when respondents mentioned the transactional example was about its 

information security and operational concerns. However, based on these results, it cannot be 

said that these are factors that affect all transactional type chatbots. It may be that fixing the 

identification method to be according to the respondents’ expectations would reveal other risk-

increasing factors that were not noticed due to the overwhelming concern over privacy. The 

privacy risks may also only affect this particular example and mitigating them would simply 

decrease the risk. 

Nevertheless, one of the themes that emerged from the respondents’ commentary was the want 

to take action self because of distrust in the chatbot. If a chatbot user feels like they are not 

sufficiently in control when solving an issue, it may increase the perceived risk of the situation. 

This is an aspect that is likely to be present in other transactional chatbots as well and is 

unrelated to identification, which suggests that transactionality introduces a factor of risk that 

affects trust in the chatbot. 

On the other hand, the transactional example was also perceived to have more expertise and be 

more capable of helping the customer than the informational one. Both in the results of this 

study and the one by Nordheim et al. (2019), expertise was the factor with the strongest positive 

influence on trust, whereas risk had the strongest negative effect, which could explain why the 

transactional chatbot was agreed to be trustworthy almost as often as the informational one.  

In conclusion, even though transactionality increased the perceived risks of the example 

chatbot, it also made the chatbot seem comparatively as useful – in other words, capable of 

helping. This increased expertise-based trust therefore seemed to balance out the risk-based 

distrust, leading to a similar level of overall trust as the informational example. Therefore, it is 

reasonable to assume that the trust in other transactional chatbots could also be affected by the 

ratio of perceived usefulness to risks of using them. 
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6.4 Relevance of the research 

Trust in customer service chatbots had been researched on two occasions by the same set of 

authors (Følstad et al., 2018; Nordheim et al., 2019), and the distinction between informational 

and transactional chatbots had been mentioned briefly in two papers (Kucherbaev et al., 2018; 

L. Xu et al., 2019). This study is to my knowledge the first to examine the two in the same 

context. 

The results of this study confirm that people tend to think of chatbots as capable of only 

answering simple questions (Adam et al., 2020; McTear et al., 2016), and their image of a 

typical chatbot also corresponds with the definition of an informational chatbot (Kucherbaev 

et al., 2018; L. Xu et al., 2019). Additionally, this research verifies yet again the CASA 

paradigm (Nass et al., 1994) and shows that chatbots have a social presence. 

The combination of social presence with the expectations of chatbots may explain why 

respondents were apprehensive about chatbots in their preliminary comments and evaluation 

of the informational example. Human-appearing chatbots that do not provide human-like 

service can cause frustration (Ciechanowski et al., 2019; Gnewuch et al., 2017), and when users 

recognize that they are talking to a robot, the chatbot’s social presence may feel inappropriate 

to them (Hassanein & Head, 2005). If the respondents have experienced such disappointments 

with chatbots, their personality and mood are likely to affect future encounters as well 

(Lombard & Ditton, 1997; Nass & Moon, 2000) – in this case one such encounter being with 

the study’s informational example. 

Furthermore, respondents were suspicious of the transactional example performing actions 

correctly. This is an example of needing to be in control to mitigate risk (Corritore et al., 2003) 

and to ensure the chatbot acts according to expectations (Gefen & Straub, 2003). In some 

respondents, it may also be a sign of their propensity to distrust people and machines in general 

(Cheung & Lee, 2001; Jian et al., 2000; McKnight et al., 2011). 

Respondents were also concerned with the potential risks of the identification method in the 

transactional example. This is in line with earlier studies; users want sufficient anonymity to 

protect their privacy in online transactions (Friedman et al., 2000), and they also need to trust 

that the vendor will not mishandle their data (Corritore et al., 2003; Gefen & Straub, 2003). 

Følstad et al. (2018) had determined that perceptions of security, privacy and risks affect trust 

in chatbots, and Nordheim et al. (2019) further learnt that having to provide personal or 
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sensitive information were common reasons for potential distrust – the most common theme 

for this study as well. 

The results of this study also agree with the prior finding that chatbots are valued if they are 

useful and improve productivity (Brandtzæg & Følstad, 2017). The respondents were pleased 

with the transactional example for seeming useful; they appreciated the fact that the whole 

interaction could be completed only using the chatbot, which is the literal definition of a 

transactional chatbot (L. Xu et al., 2019). This may explain why the transactional example was 

rated higher in expertise than the informational one. 

It is noteworthy that Nordheim et al. (2019) defined risk to be an environment-related factor 

and expertise as a chatbot-related one in their model. However, transactionality is a factor of 

the chatbot that introduces both expertise and risk into a customer service interaction. Therefore, 

it cannot be placed in the trust model as a category of factors nor an independent factor, but 

instead it falls between the two as a mediator, as illustrated by Figure 8. The connections from 

chatbot-related and environmental-related categories to their factors expertise and 

responsiveness and risk remain, because the factors are also affected by aspects unrelated to 

transactionality. 

On the other hand, chatbot users may not perceive transactionality to be solely a chatbot-related 

factor, but also a feature of the environment. In that case, transactionality would appear as an 

external attribute that consists of both chatbot- and environment-related factors, thus affecting 

expertise and responsiveness and risk (Figure 9). 

Figure 8: Updated model of trust in customer service chatbots with transactionality 
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In practice, the respondents’ comments act as insight for the future development of customer 

service chatbots. They indicate that transactionality is appreciated, but the respondents had 

concerns about information security and their levels of readiness to use transactional chatbots. 

These findings were especially important for the ongoing development of the Elisa chatbot, 

showing that it is worthwhile to pursue transactionality, but we need to pay attention to making 

the bot’s capabilities apparent to the customers as well as mitigating their security concerns for 

example by looking into strong identification methods. Prioritizing these factors may help with 

the goals of improving the customer service experience as well as efficiency, once customers 

are able to complete their tasks and comfortable with the chatbot. Additionally, the results of 

this study can act as guidelines for other chatbot projects as well. If chatbot developers are 

aware of the relationship of the factors contributing to trust, they can evaluate their 

development process and prioritize features that support trust. 

6.5 Evaluation of the study 

This section discusses both the challenges and benefits of the study. It addresses the choices of 

data gathering and analysis methods, as well as the validity of the results and their 

interpretations. 

6.5.1 Method and sample 

The selection of the survey as the research method was affected by the COVID-19 pandemic. 

For the purposes of gathering information of users’ perceptions of the informational and 

transactional chatbot types, it would have been useful to observe them interacting with the Elisa 

chatbot while talking through the experience and document their reactions to both types of use 

cases in the moment. The participants could also have been interviewed about their experience, 

Figure 9: Alternative updated model of trust in customer service chatbots 
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eliciting insights with personalized questions based on the observations. However, the 

pandemic made it difficult to organize in-person experiments and remote user-testing 

techniques were still under development during the data gathering of this study, so it was 

necessary to choose another method. 

The survey was chosen because of the possibility of using the Elisa Raati platform to reach a 

larger sample remotely than could have been included in the study if it had been done as 

interviews. The platform had already well-established practices and ways to select the 

appropriate customer segment, which was beneficial for getting a relevant sample. There was 

also prior evidence of Raati members being eager to answer open-ended questions, which 

applied to this study as well. Over one third of all potential respondents gave meaningful 

answers to the five open-ended items of the survey, which mitigated the loss of interview 

possibilities. Although the answers were most likely shorter than oral answers would have been 

and there was no possibility of follow-up questions, the survey was able to gather more 

responses than would have been feasible with interviews in the six-month scope of this study. 

A majority of the respondents reported that they tend to trust new technology, which may have 

skewed the results towards the representing the opinions of early adopters. The bias in the 

sample is probably caused by the way the survey was distributed. Because Elisa Raati promotes 

itself as a platform for influencing the development of Elisa’s services, it may attract more 

people who are interested in technology and its advancements than those who are not as 

enthusiastic. On the other hand, Raati members can participate in raffles if they are active on 

the platform, so these monetary incentives might have caused less technology-oriented users 

to join and be included in this sample as well. 

The drawback of the survey was having no way to enable natural discovery of the features of 

the chatbot, because the actual chatbot could not be integrated into the survey tool and it was 

not beneficial to direct the respondents out of the tool to use the chatbot without observing 

them. However, this limited environment made it possible to unify the interactions with the 

chatbot for everyone. Having the examples be videos of specific use cases ensured that every 

respondent experienced the same dialogue and the transaction was a success, which meant that 

the differences in responses were because of opinions and not unforeseen issues with the bot. 

Also, videos made it possible for respondents to replay and pause the interaction, which may 

have been beneficial for those who were unfamiliar with chatbots, and the survey format gave 

the respondents the chance to take their time when answering. 



 49 

6.5.2 Content validity 

It would also have been good to validate the survey instrument thoroughly. Although it was 

based on the survey by Nordheim et al. (2019) which they had validated, there were several 

changes that would have required a re-evaluation (Kitchenham & Pfleeger, 2002). For the 

purposes of this study, it was sufficient that the people working with Elisa Raati who have 

experience of creating surveys pre-tested and evaluated the survey before it was sent out. 

Although the goal of this study was to observe how transactionality affects trust in customer 

service chatbots in general, both the survey platform and the sample were very Elisa-centric 

with focus on only one chatbot. While it would have been good to include several chatbots 

from different vendors for better generalizability and avoiding skewed results, focusing on this 

one example of a specific vendor gave a good opportunity to ensure that the differences in 

opinion were truly dependent on the transactionality of the examples and not on other external 

factors. This also provided the company the practical benefit of receiving feedback on their 

customer service chatbot. 

On the other hand, using videos of actual use cases of the existing Elisa customer service 

chatbot also meant that the informational and transactional examples were of different issues, 

as there was only one type of implementation for each use case. This likely made the responses 

between the examples less comparable, because respondents may have focused on the 

differences of the tasks instead of the method of handling it. It is unknown if the order of the 

examples affected the results, but the survey platform did not allow randomizing the order in 

which sections were shown. 

6.5.3 Survey items 

As for the survey items themselves, there could have been more measures for each of the 

variables for a comprehensive comparison and evaluation of the chatbot examples as well as 

the applicability of the Nordheim et al. (2019) model of trust. However, the survey did include 

multiple items for the variables that Nordheim et al. had identified as the most essential factors 

of trust, and these variables were prominent in both the closed- and open-ended responses. The 

number of items was also limited because most of them had to be repeated for both examples 

and too many items could have led to respondent fatigue. 

In retrospect, there could have been more items for comparison if some of the sections that 

were nonessential to this survey had been dropped. However, these other sections and items 
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were included for the interests of the company, which had benefits outside this study. The items 

evaluating the reputation of the chatbot context were not significant because the examples were 

of the same chatbot, but they were important for establishing that reputation does have an effect 

on trust. 

Additionally, there were two places at the end of the survey that could have provided insightful 

data. Firstly, it would have been interesting to add an open-ended item after asking if the two 

examples were perceived to be different from one another. This could have acted as supporting 

evidence for the conclusions that transactional chatbots are perceivably different and provided 

reasons as to why that is. Secondly, when respondents were asked which type of chatbot they 

would prefer to use, they had to choose one. It could have been useful to include the option of 

neither, because some respondents exhibited a strong dislike towards chatbots, and they may 

have arbitrarily picked one option. Interestingly, those who specifically mentioned that they 

would not want to use a chatbot chose the informational bot as their preference. This may be 

because it was the first option of the two, but it may also be a genuine choice. Comparably, 

some respondents also expressed that they would like both of the chatbot types, and they chose 

the transactional bot. Nevertheless, having a third choice would have eliminated the need for 

guessing. 

6.5.4 Analysis 

The quality and validity of the results of this study are affected by the data analysis. The 

analysis methods were chosen after the data were gathered by examining other studies with 

similar types of data. Although it would have been best to consider how to analyze the data 

before gathering it, my inexperience and time constraints led to this order. 

The analysis methods may seem unsuitable, as the data are the categorical Likert type and 

parametric methods usually used for continuous data were used. However, the methods were 

chosen based on other studies, especially Nordheim et al. (2019) who had also collected Likert 

data and used multiple regression analysis and an independent samples t-test to them. 

Additionally, parametrical analyses for Likert-type data have been determined to produce valid 

results (Norman, 2010). The Likert scale made it challenging to interpret the implications of 

the results of the numerical analyses, especially as neither the independent samples nor paired 

samples t-test showed differences that would have corresponded to a full step on the scale. 

Nevertheless, they indicate that transactionality affects trust, which motivates further research 

on the topic. 
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One of the fascinating research possibilities of this study was the opportunity to include 

respondents who had not used chatbots. Although an interesting respondent group, there were 

only 23 non-users of chatbots compared to 101 users. This large discrepancy in the group sizes 

made the independent samples t-test imbalanced, and the validity of the test results is uncertain 

(Kent State University Libraries, 2020b). Additionally, the correlation between trust and 

chatbot use for informational chatbots accounted for less than a full Likert-scale step, which 

makes it difficult to consider the actual effects of the relationship of the variables. The Chi-

square test meant for categorical data would have been more appropriate, but the small sample 

size made it unsuitable even after the response groups had been merged into fewer and larger 

groups. Further research is needed to examine the relationship between chatbot use and 

perceptions of them. 

Similarly, the measures for the most significant variables consisted of only two or three items 

each. This was enough to conduct numerical analysis; however, a larger set of questions is 

needed to properly confirm correlation between the variables. Nevertheless, the results of this 

study were in line with those of Nordheim et al. (2019), indicating that their model applies in 

this context as well. However, it is unsurprising that this study produced similar results as 

Nordheim et al., as they both used essentially the same measures. 

The qualitative analysis, on the other hand, would benefit from additional researchers. The 

open-ended responses were read, coded and categorized by a single person, which introduces 

the risk of researcher bias. The reliability of the codes and interpretations would improve if 

another person did their own analysis of the data, especially if they were not aware of the results 

of the Likert responses. 

The qualitative and quantitative findings did support each other, but it is possible that 

knowledge of the qualitative results affected the interpretations of the quantitative data. 

Additionally, the open-ended answers were bound to show similar results as the Likert items, 

because the same people responded to both. However, the open answers acted as explanatory 

sources for the numerical responses; having two data sources made it possible to compare the 

analyses to each other and ensure that there were no clashing observations due to erroneous 

analyses. 
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6.6 Future research 

In this section, I present three topics that would benefit from further research. They relate to 

the main observations of this study: changes to the model of trust due to transactionality, the 

possible effects of familiarity with the chatbot medium and information security concerns. 

6.6.1 Model of trust in chatbots 

This study was based on the initial model of trust in customer service chatbots by Nordheim et 

al. (2019). The results indicate that the model is applicable in the context of the chatbot 

examples and suggest that transactionality has an effect on trust through expertise and risk. 

Transactionality can be placed in between the existing building blocks of the model or before 

them, which creates a need to confirm whether it is a separate factor entirely or if it is just a 

manifestation of the existing factors of trust. The fluidity of transactionality could also form a 

fourth category in the model of trust, consisting of both chatbot- and environment-related 

factors likely related to interactions with systems outside the chatbot. Such interactions are the 

basis of for example online commerce, and one possible direction customer service chatbots 

can develop is sales. 

Further research should also be done on multiple chatbots to find out how transactionality 

appears in contexts different from that of this study and examine how the relationship between 

expertise and risk appears in them. These different contexts could also extend beyond customer 

service to test how the model of trust applies to them. More focus should also be put on the 

other factors affecting trust that were not examined in this study; especially the perceptions of 

the chatbot’s affiliated brand could not be studied in this context and need to be researched. 

Because transactional chatbots are still an emerging technology, in practice it is important to 

give users the option to do the action themselves in self-service if possible. This still introduces 

them to the chatbot and leads them to the relevant information for getting their issue solved, 

without leaving them answerless or frustrated because they are apprehensive or suspicious of 

chatbots. Furthermore, new technologies may introduce biases towards certain user groups 

(Følstad & Brandtzæg, 2017). It is therefore important to be careful of creating inequality 

between customers, especially if it is found that there is a real difference between the types of 

people who prefer informational chatbots over transactional ones. 
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6.6.2 Familiarity with the chatbot medium and trust 

Comparing the open answers to respondents’ experiences of chatbots and their opinions 

regarding the informational example showed signs that the stereotypical chatbot in people’s 

minds is the informational type. Informational chatbots being the norm also appeared as a 

possibility when comparing perceived trust between respondents who had used chatbots before 

and those who had not. The results indicated that users may trust informational bots more on 

average than non-users, whereas trust in the transactional chatbot was rated similarly between 

both groups. This could indicate that familiarity with using a type of chatbot affects trust in 

that type positively. However, the results of the analysis in this study were not unequivocal and 

the non-user group was small, so this topic needs further research. 

If the assumption that informational chatbots are regarded as the stereotype of a chatbot is true, 

chatbot users would not have encountered many transactional type bots, which means they 

would be as familiar with them as non-users and lead to similar ratings of trust in the two 

groups. Chatbot users would, however, be familiar with informational chatbots, forming higher 

trust in them than non-users. This difference may be explained by social presence, which has 

been found to be affected by familiarity (Lombard & Ditton, 1997), and in turn affects trust 

(Chattaraman et al., 2012; Hassanein & Head, 2005). If that is the case, then some experienced 

chatbot users might show signs of lower trust as a consequence of social presence decreasing 

when familiarity turns into routine (Lombard & Ditton, 1997). However, familiarity may also 

affect other factors of trust highlighted in the Nordheim et al. (2019) model and therefore have 

a more complex effect on overall trust in chatbots. As chatbots are a new technology, 

researching this further may require some time for them to become better established in 

everyday life. 

6.6.3 Security, privacy and ethical concerns 

The main theme that arose from the transactional chatbot example was concern about 

information security, and other studies have also identified that security and privacy are 

important to chatbot users (Følstad & Brandtzæg, 2017; Følstad et al., 2018). This is something 

that needs to be looked into both in research and practice, because transferring information and 

identifying the parties of an interaction are inherent parts of transactionality. The targets of a 

transaction need to be known before it can be determined which actions can be taken; a system 

cannot change a person’s roaming settings if it does not know which subscription it should be 

handling. 
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Despite being suspicious of the transactional bot’s information security, the respondents rated 

its trustworthiness approximately at the same level as the informational one. However, the 

indications of strong suspicion in the answers imply that insufficient information security and 

privacy are an obstacle to the adoption of transactional chatbots as a new technology. These 

aspects have been identified to be important for chatbot acceptance and adherence to the advice 

and suggestions the chatbot gives (Følstad & Brandtzæg, 2017; Følstad et al., 2018; Ischen et 

al., 2020). 

In contrast to distrust arising from intentional malicious use of personal data from the chatbot 

provider’s side (Friedman et al., 2000; Gefen & Straub, 2003), the respondents of this survey 

were more concerned about accidental leaks or security breaches by some third party. It may 

be that they were not worried because the chatbot is provided by Elisa and they trust the 

company, but people nowadays may be more aware of suspicious online activity in general and 

know to avoid untrustworthy chatbot sources. The respondents may therefore be confident that 

their own actions will not harm them and are instead worried because cannot control how their 

information is handled. 

However, there is also the possible ethical concern of transactional chatbot users being 

persuaded into giving up their information or taking an action. The social presence of chatbots 

can make users susceptible to suggestions (Adam et al., 2020; Følstad & Brandtzæg, 2017; K. 

Xu & Lombard, 2017), and they are more likely to accept erroneous suggestions from human-

like chatbots than traditional websites (Hildebrand & Bergner, 2019). Chatbot users may not 

be consciously aware of this, so it would be worthwhile to research the power of the persuading 

effect when opposed by the conscious avoidance of giving up personal information. 

From a practical point of view, it is invaluable for Elisa to gather responses of the current state 

of their chatbot so that it can be developed to user needs. However, the respondents’ strong 

reaction to the information security of the transactional example raises the question of what 

other general observations or opinions may have been left unsaid. If the example had had the 

chatbot automatically read the user’s subscription information because they were logged in to 

the self-service portal, the most common reaction could have been something that did not get 

mentioned at all in this study. For future research on transactional chatbots, it is important to 

explore other identification methods so that the opinions of transactionality and privacy can be 

separated. For practical applications of transactional chatbots, it is crucial to implement secure 

identification and give clear feedback of what is happening. 
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7 Conclusion 

This study found that trust in customer service chatbots is affected by the type of interaction. 

Users considered the transactional chatbot example as more capable of serving customers than 

the traditional informational one, but they also expected a greater chance of the interaction 

going wrong. These factors had opposite effects on the ratings of trust: increased perceived 

capability also increased trust, whereas the risk of things going wrong decreased it, so the 

overall level of trust was similar for both examples. This implies that trust in transactional 

customer service chatbots is affected by the ratio of perceived risks and potential benefits from 

using the bot. 

From a practical standpoint, this study discovered that users would appreciate transactionality 

in customer service chatbots. However, it is necessary for chatbot developers to keep in mind 

that their users may not yet be ready to hand over all control of transactions to a robot, so they 

should be prepared to accommodate those users. Information security also raised significant 

concerns in the respondents, so developers should take related factors like identification 

methods into account when developing transactional features. 

Trust in chatbots is a recent research topic with only two studies on how it is formed in customer 

service. The categorization of chatbots based on their type of interaction is even rarer and has 

been mentioned briefly as a part of two studies as well. However, technology keeps developing, 

and chatbots are becoming increasingly commonplace in homes, online commerce and 

customer service. Based on this study, there is evidence that transactionality offers the expertise 

and efficiency that people wish from customer service, but it also makes customers hesitant to 

use the chatbot. These results present a basis for cultivating the next steps in both research and 

practice. 
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Appendices 

Appendix 1: Likert scale items 

 

Item English translation 

Variable in 

Nordheim et 

al. (2019) Sources 

Uskon että tämä chatbotti on 

luotettava 

I believe this chatbot is 

trustworthy Trust 

(Corritore et al., 2005; 

Müller et al., 2019) 

Uskon, että tämä chatbotti 

käyttäytyisi etujeni 

mukaisesti 

I believe this chatbot would 

act in my interest Trust 

(Chattaraman et al., 2012; 

Corritore et al., 2005; 

Müller et al., 2019) 

Tämä chatbotti epäilyttää 

minua 

I’m suspicious of this 

chatbot Trust (Jian et al., 2000) 

Chatbotti on asiantunteva The chatbot has expertise Expertise 

(Corritore et al., 2005; 

Mayer et al., 1995; Müller 

et al., 2019) 

Uskon, että saisin asiani 

hoidettua tämän chatbotin 

avulla 

I believe that I would be 

able to do my tasks with the 

help of this chatbot Expertise 

(Corritore et al., 2005; 

Davis, 1989; Müller et al., 

2019) 

Keskustelu chatbotin kanssa 

oli selkeä ja ymmärrettävä 

The conversation with the 

chatbot was clear and 

understandable Ease of use 

(Corritore et al., 2005; 

Davis, 1989) 

Chatbotin käytös ei 

yllättänyt minua 

The chatbot's behavior did 

not surprise me Predictability 

(Corritore et al., 2005; 

Mayer et al., 1995) 

Chatbotti vaikuttaa 

luonnolliselta The chatbot seems natural 

Human-

likeness (Ho & MacDorman, 2010) 

Mielestäni on turvallista 

puhua tälle chatbotille 

I think it is safe to talk to 

this chatbot Risk (Corritore et al., 2005) 

Tunnen että tämän chatbotin 

kanssa keskusteluun sisältyy 

riskejä 

I feel there is risk involved 

in talking to this chatbot Risk 

(Chattaraman et al., 2012; 

Cheung & Lee, 2001; 

Corritore et al., 2005) 

Chatbotin edustamalla 

brändillä on hyvä maine 

The brand represented by 

the chatbot has a good 

reputation Reputation 

(Corritore et al., 2005; 

Jarvenpaa et al., 1999) 

Chatbotin edustamaa 

brändiä arvostetaan 

The brand represented by 

the chatbot is 

respected/valued Reputation 

(Corritore et al., 2005; 

Jarvenpaa et al., 1999) 

Tyypillisesti suhtaudun 

uuteen teknologiaan 

luottavaisesti 

I am typically trustful 

towards new technology 

Propensity to 

trust 

technology 

(Cheung & Lee, 2001; 

McKnight et al., 2011) 

Luotan useimmiten uuteen 

teknologiaan, vaikkei 

luottamukselle olisikaan 

selviä perusteita 

I usually trust new 

technology, even when there 

are no clear grounds for 

trust 

Propensity to 

trust 

technology 

(Cheung & Lee, 2001; 

McKnight et al., 2011) 

Minun on helppo luottaa 

uuteen teknologiaan 

It is easy for me to trust new 

technology 

Propensity to 

trust 

technology 

(Cheung & Lee, 2001; 

McKnight et al., 2011) 

Chatbotit ovat hyödyllisiä  Chatbots are useful - Self-composed 

Chatbotit ovat hauskoja  Chatbots are fun - Self-composed 

Esimerkkien chatbotit olivat 

keskenään erilaiset 

The example chatbots were 

different from each other - Self-composed 
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Appendix 2: Initial survey items 

Variable Nordheim et al. (2019) Original 

Trust 

I experience this chatbot as trustworthy 

I believe this website is trustworthy (Corritore et 

al., 2005) 

I do not think this chatbot will act in a 

way that is disadvantageous for me 

I believe this website will not act in a way that 

harms me (Corritore et al., 2005) 

I’m suspicious of this chatbot 

I am suspicious of the system’s intent, action, or 

outputs (Jian et al., 2000) 

The chatbot appears deceptive The system is deceptive (Jian et al., 2000) 

I trust this chatbot I trust this website (Corritore et al., 2005) 

Expertise I experienced to get my question 

answered (Nordheim et al., 2019) 

The chatbot appears knowledgeable 

The website content reflects mastery of knowledge 

(Corritore et al., 2005) 

The content of the chatbot reflects 

expertise 

The website content reflects expertise (Corritore et 

al., 2005) 

I feel very confident about the 

chatbot’s competence 

I feel very confident about top management’s skills 

(Mayer et al., 1995) 

The chatbot is well equipped for the 

task it is set to do 

Top management is very capable of performing its 

job (Mayer et al., 1995) 

Predictability 

The chatbot behaves predictably 

The website content is what I expected (Corritore 

et al., 2005) 

There were no surprises in how the 

chatbot answered me 

There were no surprises in how the website 

responded to my actions (Corritore et al., 2005) 

The chatbot behaved as predicted 

The website is what I anticipated (Corritore et al., 

2005) 

I think it is predictable that the chatbot 

has the type of content is does 

I find it predictable that the website has the type of 

content it does (Corritore et al., 2005) 

The content of the chatbot was as 

expected 

The website content is predictable (Corritore et al., 

2005) 

Human-

likeness 
The chatbot is natural Fake–Natural (Ho & MacDorman, 2010) 

The chatbot is humanlike 

Machinelike–Humanlike (Ho & MacDorman, 

2010) 

The chatbot is realistic Artificial–Lifelike (Ho & MacDorman, 2010) 

The chatbot is present 

Unconscious–Conscious (Ho & MacDorman, 

2010) 

The chatbot is authentic Artificial–Lifelike (Ho & MacDorman, 2010) 

Ease of use 
It was easy for me to learn how to use 

this chatbot 

Learning to operate this website was easy for me 

(Corritore et al., 2005) 

The chatbot is easy to use 

I found the website easy to use (Corritore et al., 

2005) 

My dialogue with the chatbot was clear 

and understandable 

My interaction with chart-master would be clear 

and understandable (Davis, 1989)  

Risk 
I feel vulnerable when I interact with 

this chatbot 

I feel vulnerable when I interact with this website 

(Corritore et al., 2005) 
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Variable Nordheim et al. (2019) Original 

I think there could be negative 

consequences when using this chatbot 

I believe that there could be negative consequences 

from using this website (Corritore et al., 2005) 

I feel it is unsafe to talk to this chatbot 

I feel it is unsafe to interact with this website 

(Corritore et al., 2005) 

I feel I must be cautious when I use 

this chatbot 

I feel I must be cautious when using this website 

(Corritore et al., 2005) 

I feel there is risk involved in talking to 

this chatbot 

It is risky to interact with this website (Corritore et 

al., 2005) 

Reputation 
The chatbot is well known by others This store is well known (Jarvenpaa et al., 1999) 

The chatbot has a good reputation 

The website is highly regarded (Corritore et al., 

2005) 

The chatbot is respected by others The website is respected (Corritore et al., 2005) 

I have heard others talking positively 

about this chatbot 

The website has a good reputation (Corritore et al., 

2005) 

Propensity to 

trust 

technology 

My typical approach is to trust new 

technology 

My typical approach is to trust new technologies 

until they prove to me that I should not trust them 

(McKnight et al., 2011) 

I generally trust new technology until it 

gives me a reason not to 

I usually trust a technology until it gives me a 

reason not to trust it (McKnight et al., 2011) 

Even under doubt, I will choose to trust 

new technology 

I generally give a technology the benefit of the 

doubt when I first use it (McKnight et al., 2011) 

It is easy for me to trust new 

technology 

It is easy for me to trust a person/thing (Cheung & 

Lee, 2001) 

My tendency to trust new technology is 

high 

My tendency to trust a person/thing is high 

(Cheung & Lee, 2001) 
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Appendix 3: Survey outline 

Luottaisitko tähän chatbottiin? 

Chatbotti tarkoittaa tekoälyä käyttävää robottia, jonka kanssa voi keskustella kirjoittamalla 

viestejä. Chatbotteja käytetään huviin ja hyötyyn esimerkiksi pikaviestimissä kuten 

Whatsappissa ja Messengerissä. Elisalla on oma chatbotti, esa_pekka, joka neuvoo ja hoitaa 

asioita asiakaspalvelun verkkosivuilla. 

Tässä kyselyssä näet kaksi esimerkkiä chatbotista asiakaspalvelussa. Kysymme molemmista 

esimerkeistä samat kysymykset, joten älä ihmettele kysymysten toistoa. Lisäksi kysymme 

joitain yleisiä kysymyksiä chatboteista. Pyrimme rakentamaan esa_pekasta Suomen parhaan 

chatbotin, joten odotamme vastauksiasi innolla! 

Yleisesti: 

1. Olen käyttänyt chatbotteja 

a. Olet saattanut myös esimerkiksi pelata pelejä tai selvittää veroasioita chatbotin 

kanssa. 

i. Kyllä 

ii. Ei 

2. Jos vastasi Kyllä: 

a. Mihin olet käyttänyt chatbotteja? 

i. Valitse kaikki sopivat vaihtoehdot. Jos listasta puuttuu jokin 

käyttötarkoitus, voit myös lisätä sen itse. 

1. Asiakaspalveluun 

2. Pelaamiseen 

3. Ostoksien tekoon 

4. Ajanvaraukseen palveluihin, esim. kampaaja 

5. Työssä, esim. ohjelmistokehityksessä 

6. Yleisen tiedon hakuun, esim. säätiedot 

7. Asiatiedon hakuun, esim. terveystiedot tai maahanmuutto 

8. Muu, mikä? 

b. Kerro vielä jostain kokemuksesta chatbottien kanssa 

i. Kerro parilla lauseella jostain mieleesi jääneestä kokemuksesta bottien 

kanssa. Kokemus voi olla positiivinen tai negatiivinen. 

3. Jos vastasi Ei: 

a. Mistä syistä et ole käyttänyt chatbotteja? 

i. Valitse listalta kaikki syyt, joiden vuoksi et ole käyttänyt chatbotteja 

1. En ole törmännyt niihin 

2. Botit eivät osaa vastata oikein 

3. En halua keskustella robotin kanssa 

4. En luota chatbotteihin 

5. En käytä digitaalisia palveluita 

6. Minulla ei ole ollut aihetta siihen 

7. Muu syy, mikä? 
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Likert 1-5 (täysin eri – täysin samaa mieltä) 

4. Chatbotit ovat hyödyllisiä  

5. Chatbotit ovat hauskoja  

6. Tyypillisesti suhtaudun uuteen teknologiaan luottavaisesti 

7. Luotan useimmiten uuteen teknologiaan, vaikkei luottamukselle olisikaan selviä 

perusteita  

8. Minun on helppo luottaa uuteen teknologiaan 

9. Mielipide chatboteista (Avoin) 

a. Jos haluat, voit vielä kertoa lisää ajatuksistasi. 

 

Esimerkki 1: 

Näet seuraavaksi esimerkin yhdestä keskustelusta asiakaspalvelun chatbotin kanssa. Tämän 

sivun kysymykset koskevat mielipidettäsi esimerkin chatbotista. 

VIDEO 1 

Likert 1-5 (täysin eri – täysin samaa mieltä) 

10. Uskon että tämä chatbotti on luotettava 

11. En usko, että tämä chatbotti käyttäytyisi etujeni vastaisesti 

12. Tämä chatbotti epäilyttää minua 

13. Chatbotti on asiantunteva 

14. Keskustelu chatbotin kanssa oli selkeä ja ymmärrettävä 

15. Uskon, että saisin asiani hoidettua tämän chatbotin avulla 

16. Chatbotin käytös ei yllättänyt minua 

17. Chatbotti vaikuttaa luonnolliselta 

18. Mielestäni on turvallista puhua tälle chatbotille 

19. Tunnen että tämän chatbotin kanssa keskusteluun sisältyy riskejä 

 

20. Kerro mielipiteesi tästä chatbotista (Avoin) 

a. Kerro halutessasi lisää siitä, minkälaisia ajatuksia tai tunteita esimerkin 

chatbotti herätti sinussa 

 

Esimerkki 2: 

Näet seuraavaksi toisen esimerkin keskustelusta chatbotin kanssa. Animaatiosta on sumennettu 

puhelinnumero ja syntymäaika henkilötietojen suojaamiseksi. 

Tästä esimerkistä kysytään samat kysymykset kuin edellisestä. 

VIDEO 2 

Samat kysymykset kuin yllä 
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Yhteiskysymykset: 

Näit äsken kaksi esimerkkiä chatbot-toteutuksista. Seuraavat kysymykset koskevat molempia 

esimerkkejä. 

Mitä mieltä olet seuraavista väittämistä? 

Likert 1-5 (täysin eri – täysin samaa mieltä) 

32. Esimerkkien chatbotit olivat keskenään erilaiset 

33. Chatbotin edustamalla brändillä on hyvä maine 

34. Chatbotin edustamaa brändiä arvostetaan 

 

35. Kumman esimerkin kaltaisen botin kanssa asioisit mieluiten? 

a. Esimerkki 1 - Kysymyksiin vastaava chatbotti 

b. Esimerkki 2 - Toimenpiteitä tekevä chatbotti 

36. Perustele halutessasi vielä valintaasi (Avoin) 
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Appendix 4: Chatbot use and disuse 
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Appendix 5: Chatbot comparison by item 
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Appendix 6: Responses to Likert-scale items for chatbot comparison 

Item N 

Fully 

disagree % 

Slightly 

disagree % 

Neither agree 

nor disagree % 

Slightly 

agree % 

Fully 

agree % 

I_S1 124 6.5 8.1 30.6 28.2 26.6 

I_S2 124 7.3 10.5 29.0 32.3 21.0 

I_RS3* 122 4.1 8.2 19.7 25.4 42.6 

I_S4 123 8.9 13.8 41.5 23.6 12.2 

I_S5 124 17.7 12.9 28.2 27.4 13.7 

I_S6 123 9.8 3.3 18.7 37.4 30.9 

I_S7 123 5.7 9.8 15.4 35.0 34.1 

I_S8 124 20.2 16.1 24.2 24.2 15.3 

I_RS9* 123 18.7 34.1 30.1 8.9 8.1 

I_S10 123 35.8 26.0 26.0 8.1 4.1 

T_S1 124 5.6 11.3 32.3 30.6 20.2 

T_S2 124 6.5 11.3 23.4 33.9 25.0 

T_RS3* 124 8.1 15.3 26.6 18.5 31.5 

T_S4 124 8.1 8.9 23.4 38.7 21.0 

T_S5 124 8.9 10.5 22.6 32.3 25.8 

T_S6 124 7.3 4.8 14.5 44.4 29.0 

T_S7 122 4.9 10.7 23.0 32.8 28.7 

T_S8 124 16.9 13.7 32.3 25.0 12.1 

T_RS9* 122 23.8 23.0 27.0 13.9 12.3 

T_S10 123 28.5 18.7 27.6 15.4 9.8 

*Reversed item 

The mode answer is highlighted for each item. 
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