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Abstract. The exponential investment increase in chatbots demonstrates their current 
popularity and their strong potential for the future. Despite this high demand, chatbots 
still face the challenge of communicating in a natural, human-like manner, and errors are 
seen as a significant limitation of chatbots, which negatively impact users’ experience. 
Based on the Technology Acceptance Model (TAM), the current pilot study investigates 
to what extent certain properties of chatbots (i.e., mistakes, visual elements, and recom-
mendation explanation) have an impact on users' experience. Participants interacted with 
a chatbot twice, and subsequently completed questionnaires assessing the TAM concepts 
(i.e., Perceived Ease of Use, Perceived Usefulness and Attitude Towards Using), and two 
additional concepts: Enjoyment and Social Presence. In line with previous findings, pre-
liminary results suggest that a chatbot that makes mistakes lead to a more negative user 
experience. Interestingly, correlation analyses reveal that Enjoyment and Social Presence 
relate positively to people's Attitude Towards Using a chatbot. Possible future directions 
are discussed.   
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1. Chatbots and User Experience

Chatbots are computer-based programs that are able to simulate human-human conver-
sation [1]. They are widely popular as a practical application. Nowadays, chatbots have 
several applications, such as customer service, virtual assistants, or even to chat about 
personal topics. Many companies already use chatbots as a tool for their customer con-
tact, and if not yet, they are most probably planning to do so in the future [2]. Chatbots 
can be a useful tool because of their 24/7 availability and their reduction of expenses in 
companies. Especially chatbots used for customer contact are expected to deliver pleas-
ant and valuable experiences to meet customer expectancies [3]. User Experience (UX) 
has become an important concept to consider in software development to help increase 
the usability and acceptance of chatbots. A good UX is a consequence of fulfilling the 
human needs for autonomy, competence, and stimulation through interacting with the 
chatbot [4].   

To improve the user experience, in the current study we introduce three factors that 
were manipulated in the context of a chatbot-based recommendation system, namely: 
chatbot mistakes, visual elements, and recommendation explanation. Focusing on these 
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three factors, the aim of the study was to analyse how these different features impact a 
chatbot’s usability. In particular, we investigate to what extent the mistakes decrease 
and the visual elements and recommendation explanation improve the usability. 

Although chatbots have been in use for a long time, and their quality is improving 
over the years, their performance is still not perfect. In 2020, chatbots still need adjust-
ments and improvements to become the preferred tool for most users [5]. Errors are 
still considered to be a significant limitation of chatbots. For example, they may not 
recognize the user's intention or provide inappropriate answers during a conversation, 
which negatively impacts users' experience and leads to disappointment [6]. The ability 
to provide correct answers is thus essential for chatbots, in particular in the context of 
recommendation systems [7]. Hence, analyzing the effects of such errors would be 
helpful for developers to get people to use their chatbots frequently [8]. By clarifying 
whether certain types of mistakes (e.g., too long pauses, wrong recommendation, disa-
bility to answer a question) have different effects on chatbot use, it would be possible 
to prioritize future chatbot development. 

Visual elements are sources of information in the form of visual representations, 
such as photographs, videos, and animations [9]. The power of using visual information 
together with textual information is to physically represent objects or actions and visu-
alize a scenario, tell a story, or highlight specific information [8,10]. When considering 
chats, emojis and GIFs are two available visual elements that carry emotional infor-
mation, and emoji keyboards make the use of emojis even easier for smartphone users 
[11,12]. 

With the advent of recent machine learning algorithms, the ability to explain indi-
vidual decisions is currently one of the 'hot topics' in Artificial Intelligence. According 
to Teach et al. [13], the ability to explain advice is the most critical quality of a com-
puter-based decision support system. Moreover, the explanation component in expert 
systems is claimed to improve user satisfaction, user acceptance, and perceived quality 
of the system [14]. Research has shown that a chatbot is perceived as more human-like 
when it explains its answer [15].  

The current paper aims to answer the question: Do mistakes, visual elements, and 
explanations affect chatbot usability?  

1.1. Technology Acceptance Model  

In this research, we make use of the Technology Acceptance Model (TAM) as a theo-
retical basis. This model is mainly used to investigate the effect that certain features of 
a system have on users’ intentions, beliefs, and attitudes. The model suggests that two 
factors influence a user’s Attitude Towards Using technology: Perceived Ease of Use 
and Perceived Usefulness [16].  

Perceived Ease of Use is “the degree to which a person believes that using a partic-
ular system would be free of effort” [17]. Perceived Usefulness is “the degree to which 
a person believes that using a particular system would enhance his or her job perfor-
mance” [17]. To optimally benefit from the system, its use should be comfortable and 
effortless. Attitude Towards Using the chatbot is a user’s general impression of the sys-
tem. A system with high Perceived Ease of Use and Perceived Usefulness will lead to 
a more positive Attitude Towards Using the chatbot the system.   
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Next to the TAM, two additional concepts were included in our work: Social Pres-
ence and Enjoyment. The first is an important concept when it comes to trust towards 
technologies. Blau [18] discovered that trust is built within a social environment, and 
therefore a feeling of social presence is necessary to develop trust. When communi-
cating, emotional information shown via facial expression, posture, and non-verbal 
cues contributes to the social presence [19], and enjoyable conversations increase the 
feeling of others being present [20]. Logically, social presence is highest in face-to-face 
communication [21]. Enjoyment is a concept that measures the perceived enjoyment of 
a system apart from any performance consequences that may be anticipated [22]. An 
online system that is enjoyable to use is likely to be used more frequently and has a 
higher probability of being used again [23,24]. Davis et al. [25] mentioned Enjoyment 
as an intrinsic motivator to use technology, while the TAM concepts of Perceived Ease 
of Use and Perceived Usefulness are extrinsic motivators. Enjoyment influences a 
user’s attitude towards using a system and is thus an essential concept for measurement.  

Combining the TAM, Social Presence, and Enjoyment, our conceptual model is de-
picted in Figure 1. X represents a specific feature of the chatbot (i.e., chatbot mistakes 
(1), visual elements (2), recommendation explanation (3)), and HX represents the hy-
pothesis that feature X has an effect on user experience, measured in terms of Perceived 
Ease of Use, Perceived Usefulness, Social Presence, and Enjoyment, respectively. Fur-
thermore, these four aspects of user experience are hypothesized to have an effect on 
the Attitude towards using the chatbot. 

 

Fig. 1. Research Model based on Technology Acceptance Model [17].  

The hypotheses are described below: 
H1a: A chatbot that does not make mistakes is perceived as easier to use than a 

chatbot that makes mistakes.  
H1b: A chatbot that does not make mistakes is perceived as more useful than a chat-

bot that makes mistakes.  
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H1c: A chatbot that does not make mistakes is perceived as having a higher social 
presence than a chatbot that makes mistakes. 

H1d: A chatbot that does not make mistakes is perceived as more enjoyable than a 
chatbot that makes mistakes.  

H2 and H3 are comparable, but they consider Visual Elements and Explanation as 
context variables which are expected to have a positive effect. 

H4: The higher the Perceived Ease of Use of a chatbot, the more positive people's 
attitude toward using it.  

H5: The higher the Perceived Usefulness of a chatbot, the more positive people's 
attitude toward using it.  

H6: The higher the Perceived Social Presence of a chatbot, the more positive peo-
ple's attitude toward using it. 

H7: The higher the Perceived Enjoyment of a chatbot, the more positive people's 
attitude toward using it.  

2. Research Methodology 

The chatbot used for this pilot study is a movie recommendation system, which gave 
recommendations based on a score which was acquired during the dialogue with the 
user’s preferences. Users had some interactions with the chatbot and were asked for 
movie preferences until the chatbot had enough information to give a recommendation. 
The dialog was developed using Dialogflow. The user interface was built with the use 
of the JavaScript library React. This library is beneficial when working with an inter-
active user-interface. Python was used to implement the algorithms for finding the right 
recommendation based on the user's preferences. We used The Movie Database 
(TMDb) API to search for movies that matched the preferences. Users accessed the 
chatbot through a URL address.  

Default chatbot. The default chatbot was developed without any intentional mis-
takes, no visual information, no memory of the previous conversation, and no recom-
mendation explanations. The default conversation has some human-like interaction and 
some interaction contact, and it presents itself as "Chad." All following chatbots were 
developed based on this default conversation, with additional adjustments on the dia-
log. 

Chatbot mistakes. To implement intentional mistakes, adjustments in the back end 
were made. Firstly, the recommendation algorithm in python no longer receives movies 
that satisfy the user’s genre preference. Instead, it receives only movies that do not sat-
isfy this preference. Subsequently, the scores are computed in the same way as they are 
for the original chatbot. However, this time the movie with the worst score is returned 
to the user. This is possible by sorting the movies in ascending order. Note that we 
include the question for the movie’s genre, to demonstrate that the answer is wrong.  

Visual elements. For this feature, emojis were added to the already existing re-
sponses to support a message. Some affirmative responses like ‘okay, good to know’ 
were replaced by GIFs (retrieved from www.giphy.com) that showed that the message 
was understood (e.g., seeing someone nodding in the GIF). Some GIFs were added to 
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the responses to be funny and therefore supposedly making the conversation more en-
joyable. The use of emojis and GIFs was restricted as overusing them can make people 
get bored and give them the feeling that their chat partner tries to hide their real inten-
tions [26].  

Recommendation explanation. The only difference with the default chatbot is that 
when the user receives the movie recommendation, in addition to the movie title, the 
user receives a brief explanation about which information was used by the recommen-
dation engine to give him/her that response. 

The user experience in all conditions is measured by the combination of TAM, So-
cial Presence, and Enjoyment elements, as shown in figure 1. 

2.1. Study Design & Procedure 

Data collection was during 15 days in May of 2020, and it was entirely online. We had 
54 participants in total (59.9% female); 16.8% of them were between 18-20 years, 62% 
between 21-25 years, and 21.2% above 25 years. 60% of the participants had a Bachelor 
degree, 29% had a Master degree, and 11% completed secondary school. They were 
randomly assigned to the 4 between-subjects conditions. Participants either interacted 
with a default chatbot, a chatbot making mistakes (i.e., giving the wrong recommenda-
tion), a chatbot using visuals and gifs, or a chatbot explaining its decisions. All partic-
ipants were recruited through social media networks, that is, through Facebook, using 
the social network of students who helped with data collection, and by posting the ex-
periment on different students’ group pages. They received the instruction to interact 
with the chatbot, receive one movie recommendation, and extract at least two pieces of 
information about the movie that was recommended. They could ask about the movie 
score, cast, synopsis, genre, and duration. They were instructed to use the chatbot twice, 
interacting with it the same way following the conversation as it was presented, with 
the second time being (preferably) one day after the first time to cover for the novelty 
effect (i.e., a positive effect on performance due to the introduction of new technology 
[27]). Each participant interacted with the same chatbot presenting the same conversa-
tion flow. It was not explicitly mentioned to ask for a different movie recommendation 
on the second interaction. Subsequently, to measure the user experience after each in-
teraction, participants completed questionnaires on Attitude Towards Using [28] (5 
items), Perceived Usefulness [28] (5 items) and Perceived Ease of Use [28] (3 items), 
and the additional concepts of Social Presence [29] (4 items) and Enjoyment [30] (3 
items). This pilot had a mixed design, with a chatbot feature (default vs. mistake vs. 
visual vs. explanation) as a between-subjects factor, and time (T1 vs. T2) as a within-
subjects factor (figure 2 provides an overview of the experiment timeline). Figure 3 
shows the layout of each chatbot displayed on a mobile screen.  
 

 
Fig. 2. Experiment timeline. 
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Fig. 3. Chatbot screenshot examples - from left to right - of the dialog for the four conditions 
default, mistakes, visual information, and recommendation explanation, respectively. 

3. Results 

Table 1 shows the means of the measured variables for each chatbot condition.  

Table 1. Mean and standard deviation T2. 

 Default 
(N=16) 

Mistakes 
(N=16) 

Visual 
(N=13) 

Explanation 
(N=9) 

Perceived Ease of Use 4.27 (±0.43) 4.44 (±0.48) 4.00 (±0.56) 4.19 (±0.24) 

Perceived Usefulness 3.50 (±0.78) 2.74 (±1.32) 3.28 (±0.70) 3.49 (±0.79) 

Social Presence 3.47 (±0.75) 3.20 (±0.86) 3.06 (±0.74) 3.44 (±0.39) 

Enjoyment 3.25 (±0.82) 2.94 (±1.12) 2.95 (±0.77) 2.19 (±0.69) 

Attitude Towards Using  3.59 (±0.86) 3.31 (±1.01) 3.46 (±0.72) 3.58 (±0.71) 
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Due to difficulties to link T1 with T2 data1, we decided to only analyse the data of T2. 
We expected that these data were less confounded by novelty of interacting with a chat-
bot. We used one-way ANOVAs on the T2 data, which revealed no significant effects 
for most of the conditions (all p’s > .1), and thus, hypotheses H1a, H1c, H1d, H2, and H3 
could be rejected. However, a marginally significant effect was found when comparing 
the Default chatbot with the chatbot making mistakes on Perceived Usefulness as a 
dependent variable [F(1,30) = 3.96, p = .056]. The default chatbot was considered more 
useful (Mud= 3.5) than the chatbot making mistakes (Muw= 2.74). So, H1b can be con-
ditionally accepted.  

Pearson correlations were calculated to test H4, H5, H6, and H7. We found a mod-
erate positive correlation between Perceived Ease of Use and Attitude Towards Using 
the chatbot [r(134)=.37, p<.01]. There was a high positive correlation between Per-
ceived Usefulness and Attitude Towards Using the chatbot [r(134)=.80, p<.01]. There 
was also a high positive correlation between Social Presence and Attitude Towards 
Using the chatbot [r(134)=.56, p<.01]. Lastly, there was a high positive correlation be-
tween Enjoyment and Attitude Towards Using the chatbot [r(134)=.57, p<.01]. There-
fore, H4, H5, H6, and H7 were accepted. 

4. Discussion 

In this project, we aimed to evaluate the user experience of chatbots by manipulating 
three factors in a movie recommendation system: mistakes, visual elements, and rec-
ommendation explanation. Results suggest that while H1a, H1c, H1d, H2, and H3 were 
rejected, H1b, H4, H5, H6, and H7 were accepted. In other words, the Perceived Useful-
ness scores for the chatbot with mistakes were significantly lower than for the default 
chatbot. Furthermore, strong positive relations between Perceived Ease of Use, Per-
ceived Usefulness, Social Presence, and Attitude Towards Using the chatbot were 
found. Given the low number of participants, and the fact that ANOVAs need more 
participants to be able to generalize findings, the current results have to be interpreted 
with caution and more data is necessary to draw clear conclusions. According to com-
parable studies [5], the current study should have at least 240 people distributed across 
four conditions. With a larger sample, it could therefore be possible that we are able to 
confirm our hypotheses for mistakes and explanation, which currently only show a 
trend in the expected direction.  

Does the mistake level affect chatbot usability? Research has shown that computer 
mistakes (represented as a wrong recommendation in this study) are frustrating to users 
[29]. Despite having a lower Perceived Usefulness score for the mistake chatbot, we 
had a slightly better evaluation for the mistake chatbot on Perceived Ease of Use. This 
can possibly be explained by the fact that the mistake was only in one part of the con-
versation, and thus can be "forgiven" by the user. Future research should investigate 

                                                
1 Participants did not have a user name or number to be able to follow them over the 
two timepoints. We tried to do so using IP address, but this procedure did not guaran-
tee that each address belonged to the same user. 
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other types of mistakes (e.g., misunderstanding of the question, not responding) to be 
able to clarify how chatbot mistakes can further affect the user experience. For example, 
if the mistake involved presenting results that are systematically wrong, such as being 
in the wrong order or category, the output would appear structured to an experienced 
user. While systematic errors are possible to repair, equally disturbing are errors that 
do not make sense and are impossible to interpret by the user. As the interaction mode 
with chatbots leans heavily on the human practice of natural conversations, one would 
expect that this applies particularly to chatbots: usually, users have strong expectations 
about how the interaction should take place. Thus, future chatbot development could 
be prioritized by clarifying whether certain types of mistakes (e.g., too long pauses, 
wrong recommendation, disability to answer a question) have different effects on chat-
bot use. 

Do visual elements and explanations affect chatbot usability? According to the liter-
ature, visual emotional information strengthens a conversation because of its ability to 
express personality and convey humor [17,20,30]. Looking at the means in our study, 
it seems this information had a worse evaluation in most cases compared with the de-
fault chatbot. One of the reasons can be the overuse of this feature in a short dialog like 
in the present study. It would be interesting to see in a future study whether certain 
thresholds can be identified to avoid an overuse of visual elements. The explanation of 
recommendations is a relevant topic in the context of acceptance of technology [31]. 
Looking at the means, we can see a better evaluation when the chatbot gives an expla-
nation. It might be that in other domains, such as medical diagnosis, explanations have 
a higher relevance and lead to stronger effects. To further explore the effect of expla-
nations on chatbot usability, it would therefore be advisable to use another domain 
where more information about the decision process is appreciated.  

An interesting finding of this study is the high correlation of Enjoyment with the 
Attitude Towards Using the chatbot. As reported by Davis et al. [25], Enjoyment is an 
intrinsic motivator for system use, and this is supported by our pilot. Moreover, as we 
expected, the other three concepts (Perceived Ease of Use, Perceived Usefulness, and 
Social Presence) positively correlate with the Attitude Towards Using the chatbot. 
Thus, generally it can be concluded that factors that increase Enjoyment, Perceived 
Ease of Use, Perceived Usefulness, and Social Presence, increase Attitudes towards 
using the Chatbot. Looking at the complete TAM, this could then have a positive influ-
ence on Intention to use the chatbot, and eventually chatbot use.  

In this pilot, we only consider the user experience using the TAM, Social Presence, 
and Enjoyment, but other models would also be interesting to measure the usability, for 
example the UTAUT2 model [34]. Important to note, the relationship among the three 
factors (mistakes, visual information, and explanation) was not tested in the current 
pilot. A larger sample would make it possible to investigate theses possible interactions 
to verify whether and how these factors interact.  

The current pilot is part of a project that analyses the communication features of a 
chatbot that make mistakes. The next step is to improve the conversation and test some 
of these features against two different ‘mistake levels’ of the chatbot (low and high). In 
addition, we plan to increase the sample size to be able to draw firm conclusions. Based 
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on our experiences in this pilot, we will also add qualitative questions to the question-
naire to be able to better understand what people expect from a chatbot conversation 
before and after the interaction. Our pilot provides insights into the role of communi-
cation features in human-chatbot conversation and hopefully inspires future studies to 
investigate how to further improve chatbot interactions.  
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