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Abstract
The purpose of the current study was to test whether an empathetic chatbot, which can
recognize user frustration, would increase the number of words participants use during the
interaction. Different studies have provided solutions on analyzing user emotion and other
studies have provided insights into communication styles that are beneficial for chatbot
interactions, however there is a lack of studies on a combination of matching communication
to user emotion in the context of customer service bots. A software which analyzes
frustration from written text was validated with a pilot study. This software was implemented
into a new chatbot which sends either an agreeable response or mirrors users’ punctuation
style based on the level of frustration. 48 participants (19 male, 11 female, 1 not specified)
with an average age of 23.4 played a frustration inducing game, after which they interacted
either with the empathetic bot or a control bot. Results indicate that participants did not use
more words during an interaction with the empathetic chatbot compared to the control bot,
probably due to a lack of statistical power. Explorative analysis indicates that there is no
difference on the intention to use the bot again, but that frustration was decreased more in
users interacting with the empathetic bot.
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To provide customers with efficient and innovative customer service channels, many
companies nowadays have applied conversational agents to deal with customer’s needs and
wishes (Nordheim, 2018). Conversational agents (also known as chatbots or simply bots) are
natural language interfaces which can respond to customers in real time (Brandtzaeg &
Falstad, 2017). Compared to human agents they bring advantages of not getting tired, being
available 24/7, and talking to a chatbot feels more natural than using a phone app
(Brynjolfsson & McAfee, as cited by Nordheim, 2018). Dealing with (routine) customer
requests means that there is less time and energy available to put into other, more creative
tasks at the workplace. It can also be emotionally exhausting for employees when dealing
with angry or stressful customers (Wang et al., 2013).

Chatbots increase chances of customers expressing honest feelings instead of
responding with social desirability (Brandtzaeg & Falstad, 2017). When customers feel
negatively during customer service interactions this feeling can be transcribed to the whole
company. The study of Picard (2000) shows that customers who receive good support are
more likely to use the services of the company again, even more so than customers who had

no problems in the first place. Good support implies that the service team has been trained in
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active listening and an appropriate use of empathy. Empathy describes the emotional
response to someone’s position. It communicates to the customer that the problem is
understandable and acknowledged (Ickes, 1997). Picard (2000) underlines that these skills
can also be of importance for computer interaction. Therefore, it is important to keep in mind
that customer service agents need to be able to respond to human emotion.

Emotions (or emotional affect) are brief and specific human responses, for example
anger or guilt (Gilovich, Keltner & Nisbett 2012). One type of emotional affect that is often
experienced in the context of computer interaction, is frustration (Picard, 2000; Susskind,
2004). Frustration is defined as an emotional state that results from a need not being fulfilled
(Lawson, as cited by Klein et al., 2002), which can, under circumstances, even lead to
feelings of aggression (Gilovich et al., 2012).

Several studies have dealt with the concept of chatbots and emotion detection.
Regarding emotion detection there is much discussion within the community on
distinguishing between sentiment and emotional affect. Sentiment is defined as a
classification of a positive versus negative valence and describes a general mood of a
sentence. Emotional affect, on the other hand, describes more fine-grained emotions, like
anger or happiness (Krcadinac, Pasquier, Jovanovic and Devedzic, 2013). Most studies focus
on sentiment (e.g. Clavel & Callejas, 2016; Paltoglou, Gobron, Skowron, Thelwall &
Thalmann, 2011; Priyadarshana et al., 2015), but Krcadinac et al., (2013) make the important
point that, while affect and sentiment analysis are closely linked, analyzing emotional affect
can give a more nuanced picture of the consumers’ current state. Sentiment works better to
describe an overall mood, but emotional affect describes feelings in one specific moment. For
example, in a conversation a customer could feel frustrated after the first sentence, but angry
after the second. The overall sentiment would be negative, but emotional affect is more
specific to the individual sentences.

Studies on detection of emotional affect are less common and primarily based on
physical responses. A classic variant is retrieving frustration levels by measuring participants’
heart rate (Scheirer, Fernandez, Klein & Picard, 2002). Scheirer, Fernandez and Picard
(1999) used expression glasses which can measure frustration based on eyebrow movement.
Another option is a pressure mouse which can retrieve frustration from users’ clicking
behavior (Qi, Reynolds & Picard, 2001). These mechanisms might be promising, but they are
not practical in daily communication as customers would first need to be provided with the

tools, and this would add financial costs.



Retrieving frustration from written text would be a more practical solution as
customers would not need any physical tools as the detection can be implemented online.
However, research concerning frustration detection from written text, is limited. IBM
released a program which can detect emotions from written text (Mostafa, Crick, Calderon &
Oatley, 2016). The problem with programs like these is that they are based on online
dictionaries that take context and sarcasm less into account. For example, a sentence like “My
flight is delayed... amazing.”, is meant in a sarcastic manner, however, as the word amazing
has a positive valence, the sentence would be scored as positive (Felbo, Mislove, Sggaard,
Rahwan & Lehmann, 2017).

One of the most promising studies when it comes to emotion detection from written
text is the study of Felbo et al., (2017), in which they used machine learning to analyze over
1246 million tweets. By combining tweets with their corresponding emoticons, they were
able to create a tool (deepmoji) which translates written text into emoticons. Emoticons are
symbolic representations often used in online communication that can be used to classify
emotional contents of text (Felbo et al., 2017). By comparing a great number of tweets with
the emoticon’s users use to support their tweets, a big dataset could be created that combines
written text with emoticons. Instead of relying on definitions from dictionaries, the data is
based on definitions individuals use in real life. The high number of tweets makes the overall
estimation of emotional affect more reliable. In the earlier example (“My flight is delayed...
amazing.”), the sentence would be combined with angry and annoyed emoticons, making the
sarcastic nature of the input more visible.

While these studies provide interesting insights into the analysis of emotional affect of
a conversation, they do not provide a solution on how to respond to the detected frustration.
Different studies underline that demonstrating empathy in customer service interactions is
important as it increases the chance that customers will use the services again (Picard et al.,
2000), and that customers find it important to feel understood and acknowledged (e.g. Xu,
Liu, Guo, Sinha & Akkiraju, 2017). The process behind this phenomenon can be explained
with the Unified Theory of Acceptance and Use of Technology (UTAUT; Venkatesh, Morris,
Davis, & Davis, 2003). According to UTAUT whether someone will use a new technology,
as a chatbot, is predicted by the intention someone has about using the bot, or in other words
whether they plan on choosing the bot as an option. The intention can be increased when
someone feels positively about chatbots, also called positive attitude.

This positive attitude is predicted by the trust someone puts in the message of the
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someone has towards new technologies as chatbots (Araujo, 2018; Cornescu & Adam, 2013).
Trust in this context means that customers find the message trustworthy and reliable. Trust
predicts a positive attitude towards chatbots, which can be increased by creating a personal
connection between human and bot (Gremler et al., 2001). A personal connection is defined
as feeling a strong bond or affiliation towards someone else, often caused by seeing
similarities between oneself and the communication partner (Duck, as cited by Gremler et al.,
2001). Humans have the tendency to ascribe the same attributes to chatbots as to humans.
This means that they interact with a bot in a similar way as they would with a human agent
(Nass, Ishister & Lee, 2000). Following this logic, a personal connection could be created if
consumers identify with the chatbot. Skepticism, on the other hand, should be decreased.
Skepticism, in this context, describes a feeling of resistance towards innovation, a change of
the satisfactory status quo (Araujo, 2018; Cornescu & Adam, 2013).

However, even if these factors are accounted for, intention does not necessarily lead
to behavior. The relationship between intention and behavior often depends on whether the
behavior stems from a conscious process (Sheeran, 2005). Which channel consumers choose
when they have a customer service request is not always a conscious decision (Pieterson &
Van Dijk, 2007). Therefore, it is important to keep automatic processes within consumers in
mind. One automatic process that can influence channel choice is emotional affect. When a
consumer is, for example, frustrated this can influence whether they will choose a chatbot or
not. When negative affect, in this case frustration, is accounted for, the intention could lead to
actual behavior meaning consumers will use the chatbot as an option for simple requests
(Pieterson & Van Dijk, 2007).

Other studies have investigated which communication style used by chatbots
consumers respond to. De Vries, Bakker-Pieper, Konings & Schouten (2011) have shown
that communication style is often linked to personality. One personality trait that seems to be
beneficial in customer service agents is agreeableness. Humans that score high on
agreeableness tend to be less dominant, give in more easily and seem more empathetic
(Herzig, Shmueli-Scheuer, Sandbank & Konopnicki, 2017). Communicating empathy is
especially important within customer service where 40 percent of requests have an emotional
nature (Xu et al.,2017). Herzig et al. (2017) showed that this can work in a chatbot scenario
as well by implementing the communication style of agreeableness into a chatbot with the
help of Natural Language Generation (NLG). NLG is a part of artificial intelligence, where a
targeted communication style can be applied by training the model a big number of responses

(Herzig et al., 2017). In more simple terms, NLG means that a bot can not only analyze text



but automatically produce it. In this study it was not possible to make use of NLG due to a
time restriction and lack of expertise in artificial intelligence. Instead text is produced
manually by a human writing a script.

When consumers do not feel negative affect, the liking principle of Cialdini (2012)
can be a possibility to artificially create a personal connection between user and bot. Cialdini
proposes that humans like others more if they resemble them. This liking principle can be
increased by unconsciously mirroring the non-verbal behavior of the communication partner.
This can increase perceptions of empathy, make someone seem more confident and
persuasive (Pfeifer, lacobini, Mazziotta & Dapretto, 2008; VVan Swol, 2003). However,
during an interaction between a human and a chatbot there is no possibility to observe
nonverbal behavior (Kramer, 2007). Adjustments in communication style can bridge the gap
between this: The consumers’ use of punctuation can be mirrored. Different studies underline
how punctuation can communicate different states and emotions. For example, ending a
sentence with an exclamation mark instead of a period seems more friendly. (Hancock,
Landrigan and Silver, 2007; Gunraj, Drumm-Hewitt, Dashow, Upadhyay & Klin, 2016).
High frustration can therefore be responded to with an agreeable communication style, while
low frustration can be responded to by mirroring interpunction.

To summarize, it can be said that there are multiple studies on frustration detection
(Krcadinac et al., 2013; Scheirer et al., 1999; Scheirer et al., 2002; Qi et al., 2001) and
emotional affect detection from written text (Felbo et al., 2017; Mostafa et al., 2016). Other
studies have proven that being able to understand customer’s emotions is important,
especially in the context of customer service requests (Xu et al., 2017). Communicating
agreeableness (Herzig et al., 2017; De Vries et al., 2011; Xu et al., 2017) and mirroring
behavior can create a connection between human and bot (Cialdini, 2012; Hancock et al.,
2007; Gunraj et al., 2016; Pfeifer et al., 2008; VVan Swol, 2003). However, an important
limitation is that there is no research done on the combination: A chatbot which can detect
frustration and respond in a way that will make consumers choose the chatbot as an option.

Therefore, the question of this study will be: What is the influence of an empathetic
chatbot on choosing the chatbot for simple customer service requests? Empathetic in this
context means that the chatbot can detect the consumer’s level of frustration and match its
communication style accordingly. The target is limited to simple requests as chances are too
low that someone will use a channel that they are not familiar with for more complex
questions (Pieterson & Van Dijk, 2007).



Based on the research question the following hypothesis was set up: Consumers will
repeatedly use the chatbot which detects frustration and changes its communication style
based on the customer’s level of frustration. This will be measured by the average number of
words participants use during an interaction with the chatbot. Due to a time restriction it is
not possible to observe follow-up behavior. Users with a positive affect subconsciously use
more words in online communication (Hancock et al., 2007). When positive affect is
accounted for, chances are higher that someone will use the chatbot again (Sheeran, 2005).
Therefore, it was decided to use number of words as a predictor for future behavior. Next to
this experimental measure, two additional variables will be explored. It is expected that
consumers which interact with the empathetic chatbot will show a decrease of frustration.
The third hypothesis is that participants that interact with the empathetic chatbot will have a
higher intention to use the chatbot again.

In collaboration with Greenhouse Eindhoven a tool was created which can detect the
degree of frustration from written text. This tool is implemented into a chatbot which was
created specifically for this study: Claire the empathetic chatbot. To create a frustrating
scenario, participants will play a frustrating smartphone game. They will be asked to give a
review to Claire the chatbot. Based on the level of frustration in one message, participants
either receive an agreeable response (to high frustration) or their punctuation is mirrored (for
low frustration).

The target group will consist of consumers aged 18 to 35 as chances are higher that
individual in this specific age group will be early adopters when it comes to technology. This
does not necessarily mean that anyone in this age group is an early adopter, however
individuals within this range often grew up with computers and could therefore be more risk-
oriented and curious about new technologies (Williams & Page, 2011). When developing
new technologies chances are higher that they will accept and understand them first
(Brandtzaeg & Falstad, 2017). When proven successful with this group, it can be expanded to
other age groups.

If the chatbot proves to be successful it can n be used to answer simple customer
service requests within companies and organizations. This way employees would have more
time to deal with more important tasks which can increase creativity and motivation (Wang et
al., 2013). It could also be used to detect frustration in the first line of customer service where
questions are being filtered: When customers show a high level of frustration, they could be
connected with an employee that is better at dealing with frustration. Lastly, the chatbot could

deal with immediate questions when there are no employees available. This way companies



can make sure that there is always an option where their consumers can let off steam or be

helped immediately in an empathetic way.

Method
To see whether participants prefer the chatbot which can detect frustration and change
its responses depending on the level of frustration observed in a single message, a frustration
increasing scenario was created, after which they answered questions about the game to a
chatbot. Frustration within the conversation was analyzed by a frustration analysis tool which

was validated with a pilot study.
Pilot (Study 1)

The purpose of the pilot study was to test whether frustration can be correctly
estimated with the frustration analysis tool which was created within Greenhouse. The
hypothesis is that there should be a positive correlation between the frustration scores created

by the frustration analysis tool and the subjective frustration scores of participants.

Participants

In total 22 participants took part in the pilot study. One participant had to be removed
from the dataset for not giving consent and one outlier were removed, leaving 21 participants.
Participants were recruited within Greenhouse (N = 10) as well as from social circles (N =
11). To reach a power of .80 with a small effect size (o = .10), a sample size of 58
participants would have been needed. Because of the time restriction it was decided to go on
with the results nonetheless the low power. It is advised to repeat this test with a higher

number of participants.

Materials and Procedure

Materials consisted of a smartphone game application, a survey, a chatbot and a
frustration analysis tool.

Game. The smartphone version of an already existing game was used
(www.theworlds-hardestgame.com). The game was originally designed to be very hard to
beat, possibly increasing frustration. To mask the purpose of the study, participants were
asked to test a game app and give a review about the game to a chatbot.

Survey. With the help of the survey program Qualtrics (www.qualtrics.com) a survey

was created. The survey consisted of a description of the purpose of the study, an informed

consent form and three closed questions. Based on the study of Klein et al., (2002),
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participants were asked how frustrated they think they got during the game, scored on a 10-
point scale. Two additional questions were asked to mask the real purpose of the study (see
appendix A for pilot survey).

Chatbot and analysis tool. To retrieve textual information from participants a
chatbot was created. A conversation script about the users gaming experience was manually
typed and this was implemented into a chatbot (see appendix C for conversation script). The
bot therefore asked the prepared questions to each participant. This was done in the same way
for every participant, which means everyone received the same questions and responses in the
same order. A frustration analysis tool was used to analyze the textual data that was received
from the chatbot conversation. The tool was created within Greenhouse and was based on the
emotion detection tool deepmoji but translated the emoticons into scores. The concrete
concept behind the tool cannot be elaborated fully here as the focus of this project was on the
psychological and communication processes. The chatbot and analysis tool were not
combined for the pilot due to a lack of time. Instead textual information that was retrieved
from the conversations was manually put into the analysis tool. Lastly participants were
debriefed and asked what they thought the purpose of the study was. No participant

mentioned knowing that the study was about frustration.

Measurement

The input that participants gave during the conversation with the chatbot were
analyzed by the frustration analysis tool which was created by Greenhouse. One outlier was
removed. For each participant average frustration percentages were created which were
converted into decimal scores. The chatbot frustration scores and the subjective frustration of
participants were transferred into SPSS 21. To test whether there is a positive association
between subjective frustration scores and chatbot frustration scores, Pearson correlations

were calculated.
Results pilot study

The one-tailed Pearson correlation indicates that the subjective frustration scores and
the chatbot frustration scores are positively correlated, r(19) = .43, p =.03. The results
suggest that there is a relatively high, positive association between the frustration scores
produced by the analysis tool and the frustration scores participants gave themselves. This

could mean that the frustration tool can recognize frustration on a level that is comparable to



self-reports on frustration. However, as mentioned before these results should be dealt with

carefully due to the small sample size.

Effect study (Study 2)
Participants

In total 53 participants took part in the study. Five participants had to be removed
from the dataset because of technical issues, leaving 48 participants with an average age of
23.4 (SD = 3.1). Out of the remaining 48 participants, 28 were male, 19 were female and 1
did not specify. One part of the participants was recruited within Greenhouse and personal
circles and participated voluntarily (N = 38). The other part was recruited via the online
participation system of Radboud University Nijmegen and was rewarded with course credit
(N =10).

Design

The current study used a between-subject design with type of chatbot (empathetic
Claire vs. control Claire) as a between-subject factor and the subjective frustration score
before the chat as a covariate. The dependent variable was the average number of words
participants used during the interaction. From the script nine questions were chosen. Only
responses to those nine questions were used for analysis. The reason for this is that the first
questions of the script were neutral, control questions, asking participants for their participant
numbers (see appendix C).

Materials and Procedure

The materials for the effect study consisted of a survey, the same smartphone game
used during the pilot study and two chatbots, one used for the experimental group and one
used for the control group.

Survey and game. The survey was created with Qualtrics and looked similar to the
survey used during the pilot. The survey consisted of a description of the study, an informed
consent form, the same three questions about the game used in the pilot (subjective
frustration estimation after the game and the two masking questions). The game was not
implemented into the survey but was played on a smartphone. Participants were asked to play
for exactly five minutes after which they heard a timer and had to stop playing. After the
game participants were asked whether they would use the chatbot again. This intention
measurement was scored in percentages. Next, a follow-up frustration question was asked

and one additional masking question. Besides the intention measurement, all questions were
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scored on a 10-point scale. Lastly, participants filled in demographic information (see
appendix B for effect study survey).

Chatbots. Participants were randomly assigned to one of two groups. Group one
interacted with Claire, the empathetic chatbot; Group two interacted with Claire, the control
chatbot. To make sure a possible effect would not arise from the name of the chatbot, both
chatbots received the same name. The chatbot used for the pilot study was used as a base to
create the control and the experimental chatbots. For the control chatbot, the adjustment was
made that it did not only ask questions (as in the pilot) but also added a standard response to
each answer. In the pilot study the purpose of the chatbot was mainly receiving textual data,
in the effect study the purpose was testing the abilities of the bot during an interaction that is
similar to a customer service interaction Control Claire gives the same responses to each
participant regardless of the emotional affect of the sentence.

The chatbot used for the experimental condition makes a frustration estimation for
each response sent by the participant. Based on the level of frustration, one out of two
responses are chosen. For each sentence a frustration score on a scale from 0 to 10 is created.
The frustration cut-off scores in the tool is by default five as this is the cut-off for the
probability of either high or low frustration. If the score of the response equals 5 or higher,
the chatbot sends a response that was created in an agreeable communication style. To create
agreeable responses the Communication Styles Inventory (CSI) used in the study of Herzig et
al., 2017 was used. Standard responses used for the script of the control chatbot were adjusted
to communicate an agreeable style. One example of an agreeable response would be: I'm
sorry... | wish you had a better experience! | would still like to ask you a couple more
questions if that’s okay? (see appendix C for the complete script).

If a score lower than 5 is detected, a low frustration response is sent. For low
frustration sentences, the same responses used in the control condition are used with one
minor adjustment: For a low frustration response, the chatbot program first analyzes whether
an exclamation mark is used; If an exclamation mark is used, it is copied in the next
following response of the chatbot. When there is no exclamation mark used, the chatbot ends
the response with a period. Any other type of punctuation besides an exclamation mark or a
period could change the syntax of the sentence, thus only exclamation marks are mirrored.
The responses for both chatbots were automated, which means that the rules for responses
were implemented into the code of the chatbot and did not have to be added manually. Lastly
participants were debriefed and asked what they thought the purpose of the study was. No

participant mentioned realizing that the study dealt with frustration.
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Data-analysis

For each participant the number of words used in answering the earlier mentioned set
of nine questions were used. The numbers used in the different sentences were added up for
each participant to receive a total score of words and then inserted into the dataset. A one-
way ANCOVA was conducted with the average number of words as the dependent variable,
type of chatbot as a between-subject factor and subjective frustration score before the chatbot
conversation as a covariate. The covariate was added to control for possible influence by
frustration caused by the game.

To explore whether there is a difference in frustration reduction between the two
conditions a mixed ANOVA was conducted with type of chatbot (empathetic Claire versus
control Claire) as a between-subject factor, time of frustration measurement (before and after
the chat) as a within-subject factor and level of frustration as the dependent variable. To
explore whether participants in the experimental condition rated the chance higher of using
the chatbot again, an independent-samples t-test was conducted with intention as the

dependent variable and type of chatbot as a between-subject factor.
Results effect study

Number of words. To test whether the average number of words used in the
conversation with the chatbots were matched between the two groups, a one-way ANCOVA
was conducted with type of bot (empathetic vs. control) as a between-subject factor, the level
of frustration after the game as a covariate and the average number of words used during the
conversation as the dependent variable. The results of the one-way ANCOVA indicate that
there is no significant effect of level of frustration on the average number of words, F(1, 43)
= .54, p = .47, »?=.01. This means that level of frustration does not predict the number of
words someone uses during the interaction. The main effect of type of bot was not significant
when controlled for level of frustration, F(1, 43) =.01, p =.91, #?=.00. The means between
the two groups are equal (Mempathetic = 117. 88, SDempathetic = 63.58, Mcontrol = 114.48 , SDcontrol
= 61.75). This indicates that there is no difference in the average number of words used
during the interaction between the two conditions when controlled for the level of frustration
of participants. The lack of power (1-p =.05), leads to a number of implications for the

conclusion which can be found in the discussion section.

Frustration decrease. To explore whether there is a difference in frustration decrease

between the two conditions before and after the chat with the bot, a mixed ANOVA was
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conducted. Results indicate that the main effect of time of measurement is significant, F(Z1,
45) = 68.83, p >.001, 2 = .61. Figure 1 illustrates that there seems to be an overall decrease
in frustration for both groups over time. The main effect for type of chatbot is also
significant, F(1, 45) = 4.75, p = .04, »? = .1. This indicates that there seems to be a difference
in frustration decrease between the two conditions. Looking at the interaction effect between
time of measurement and type of chatbot, a significant interaction effect is observed, F(1, 45)
= 5.47,p=.02, 2 =.11. The interaction effect indicates that, although frustration decreased
in both groups, there is a significant difference in frustration decrease for both groups when
controlled for time of measurement. This suggests that both groups seemed to feel less
frustrated after the interaction with the chatbot, but that this effect seems to be stronger for
participants who interacted with the empathetic chatbot (see figure 1). It should be noted that
the post-hoc observed power was not very high (1-p =.63.), possibly due to the small sample
size. This needs to be kept in mind when interpreting the results. See discussion for

implications.

Empathetic

a m Contro

Frustration scaore

Before After

Time of frustration measurement

Figure 1: Frustration scores before and after the chatbot conversation between the empathetic
chatbot and the control chatbot. Standard deviations are represented in the figure by the error
bars attached to each column.

Intention to use the chatbot again. The explorative independent-samples t-test with
type of chatbot (empathetic vs. control) on the intention to use the chatbot again shows that
there is no significant difference between the two conditions, F(1, 45) = .12, p = .89. This
indicates that the intention to use the chatbot again is approximately the same for both the
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empathetic condition (Mempathetic = 63.42, SDempathetic = 20.52) as well as for the control
Condition (Mcontrol = 6248, SDcontroI = 2512)

Discussion

The aim of the current study was to answer the question whether interacting with an
empathetic chatbot can influence the number of words used during that interaction.
Empathetic in this context means that the level of frustration within a sentence can be
automatically estimated after which a response is given that is personalized to the degree of
frustration of that sentence. Furthermore, it was explored whether the empathetic chatbot can
decrease feelings of frustration (hypothesis 2) and whether participants interacting with the
empathetic chatbot would have a higher intention of using the bot again (hypothesis 3).

To test whether frustration within sentences can be correctly estimated by the emotion
analysis tool, a pilot study was set up. With this pilot study it was validated that the
frustration score that the bot creates is in line with participants’ self-reported frustration
scores. It should be noted, that these results should be handled with caution due to the rather
small sample size, due to a shortage of time. Future research could replicate the study to get a
more accurate picture of the analysis tool.

Regarding the first research hypothesis whether participants interacting with the
empathetic chatbot use more words in their responses than participants interacting with the
control chatbot, the results indicate that there is no significant difference between the average
number of words used in the two conditions, when controlled for the level of frustration.
From this it can be concluded that interacting with the empathetic chatbot does not increase
the number of words used during the conversation and that this does not depend on the user’s
level of frustration. This results in different theoretical and methodological implications for
the first research hypothesis.

Looking at the conversations it appears that, in most cases, the chatbot can distinguish
between messages high or respectively low in frustration. When it comes to more vague
sentences, the estimation is not always correct (e.g. | felt as if | could have played longer).
This is, however, based on subjective observations as there was no possibility to see which
emotion participants were really feeling during the conversation. A possible explanation
could be that participants are feeling more sets of emotions, especially due to the
experimental setting (Rosenthal-von der Putten, Krdmer, Hoffmann, Sobieraj & Eimler,

2012). The theory behind the responses sent by the empathetic chatbot is focused solely on
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frustration, which makes it difficult to properly respond to participants when they are feeling
other emotions. It was aimed to control for this factor by creating a frustrating situation but
there can always be individual differences in how individuals interpret a game (Siemer,
Mauss & Gross, 2007).

Another methodological explanation for the results is the lack of power, possible due
to the small sample size. In the current study, despite large efforts, it was not possible to
recruit more participants as the project was limited to a specific time span. The small sample
size results in several consequences for the found results.

Concerning the first hypothesis, the small sample size could be a reason for the
dependent variable to not be very reliable. The dependent variable was inspired by the study
of Hancock et al., (2007), where it was concluded that positive affect and increase in word
use cohere. As subjective measurements are not always reliable, this implicit behavior
measurement was chosen that could give an indication on the long-term use of chatbots
(Hancock et al., 2007, Venkatesh et al., 2013). Hill, Randolph and Farreras (2015) found that
users send 4.29 words on average per message when interacting with a chatbot (this is
opposed to 7.95 words in a human to human conversation). In the current study, the average
number of words used in one message is 13.1 words for the empathetic bot condition and
12.72 words for the control condition. As the average number of words in each message was
not part of the analysis, no concrete conclusions can be drawn. However, it seems as if the
number of words used by participants in the current study is higher on average compared to
their results. This could indicate that interacting with a chatbot in an experimental setting
increased the positive affect for both conditions, demonstrated by the number of words. It
would be interesting for future research to put more emphasis on single messages than on
whole conversations. Instead of analyzing a whole conversation, users’ responses after each
sentence could be measured to see whether an empathetic response directly increases the
number of words in the users’ response.

Looking at the theory we see some differences between the current study and other
research dealing with comparable thematics. In the current study, exclamation marks used in
messages with a low degree of frustration were mirrored by the chatbot. However, when
looking at the different input from conversations, it was observed that exclamation marks
were scarcely used. Looking at combinations of different studies, mirroring users’
punctuation could increase liking, which could increase positive affect (Cialdini, 2012;
Pfeifer et al., 2008, VVan Swol, 2003). In general, mirroring exclamation marks might have

been too subtle to have an effect on participants. An improvement could be to mirror
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punctuation in general, and not limit the mirroring to exclamation marks. It could also be
tested if other - subtle - individual differences in communication style could be copied. For
example, in the current study some participants started sentences with uppercase letters and
others with lowercase letters. It could be interesting to see whether mirroring the participants’
use of letter case could increase positive affect.

Since responses were adjusted for each sentence and not for each participant,
conclusion about results can only be drawn on a combination of high and low frustration
responses. To make this clearer: During the interaction with the chatbot, each participant
received eleven questions about the gaming experience, and responded to them. For example,
participants were asked for their general opinion but also more specific for their opinion on
the music. A participant could have enjoyed the game, but still be frustrated by the music.
The frustration score would be low in the beginning of the interaction but could increase
when answering the question about the music. The current results concerning the average
number of words could mean two things: On the one hand it is possible that users interacting
with the empathetic chatbot did not feel more positively about the interactions. Another
possible explanation is that number of words might not have been representative for feelings
of a positive affect in this study.

In the current study, number of words used during the interaction with the chatbot was
chosen as an indirect measurement of positive affect. When looking at the two conditions it
seems as if there is no difference in positive affect between users interacting with the
empathetic or the chatbot, respectively. This is not in line with results from previous studies.
Herzig et al. (2017) demonstrated that users prefer an agreeable communication style when
interacting with a chatbot. This agreeable communication style should seem more empathetic,
leading to a more positive affect from the user towards the chatbot (Xu et al., 2017). Xu et al.,
(2017) and Klein et al., (2002) showed that an empathetic chatbot is especially wished for
when customers feel highly emotional. In the current study the empathetic chatbot did not
increase the number of words used, which could indicate that positive affect was not higher in
the condition where participants interacted with the empathetic chatbot opposed to the control
bot. However, results of the second hypothesis suggest that there is a stronger decrease in
frustration in the empathetic condition, which is discussed in more detail in the following
paragraph. This does not necessarily suggest that positive affect is high, but it does seem as if
participants feel better after interacting with the empathetic bot. For future research, replacing
the dependent variable of number of words with another behavior measurement, as follow-up

usage of the chatbot, could give more insight into the discrepancies found.
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In anticipation that the dependent variable of number of words might not be
representative enough, it was chosen to explore whether the empathetic chatbot could
decrease the level of frustration users are feeling (hypothesis 2). Looking at the results of this
explorative analysis, we can see that there is a difference in frustration decrease between the
two groups: Participants interacting with the empathetic chatbot have a significantly higher
decrease in frustration levels than participants interacting with the control chatbot. This
indicates that interacting with the empathetic bot can decrease frustration, even when
controlled for time. Again, it should be noted that the power of these results is only
moderately high. More research with higher sample sizes is needed to get more correct
estimations for the population. However, when comparing this to the results of Herzig et al.,
(2017), Xu et al., (2017) and Hancock et al., (2007) it seems like the empathetic chatbot can
make participants feel more positively or relieve frustration to a certain degree. It therefore
seems more plausible that number of words was not representative enough in the current
study.

Lastly, it was explored whether participants interacting with the empathetic chatbot
would have a higher intention to use the chatbot again compared to participants interacting
with the control chatbot (hypothesis 3). The results show that there is no difference between
the intention to use the chatbot again for both conditions. This means that someone
interacting with the empathetic chatbot does not estimate the chance of using the chatbot
higher than someone who interacted with the control bot. The results indicate that intention is
moderately high for both groups. Several possibilities could give more insights into why
intention was moderately high in both conditions, despite the difference in chatbots. One
explanation could be the lack of alternatives. Participants were asked whether they would use
the chatbot again if they had to answer follow-up questions about their gaming experience.
However, it was not stated whether an alternative would be a face to face conversation, a
phone call, a questionnaire or a different chatbot. The uncertainty might have been a reason
for participants to estimate the chance rather high to use the chatbot again, despite what
participants were thinking about that specific chatbot. Literature on uncertainty in the context
of chatbots is limited but Sanglé-Ferriere and VVoyer (2017) investigated the role of
uncertainty and customer service chat interactions with a human agent, where it was
concluded that customers prefer chat when felt risk is high, for example when they want to be
in control over the course of the interaction or do not want to be influenced by a human due
to the distance that chat provides. Even though the mentioned study did not specifically deal

with chatbots, similar feelings might arise when thinking about the option of a chatbot.
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Furthermore, most participants were young and male. Research shows that this particular
group might have a preference for chatbots in general (Wang & Wang, 2010).

Next to the methodological and theoretical alternative explanations for the found
results, the study had some limitations. First, the current study was conducted in an
experimental laboratory setting. In real life situations, individuals might respond differently
to a chatbot. The aim was to make the situation as personally relevant as possible to
participants by letting them play a game and ask for their personal opinions, however
individuals might make different choices in real life settings. Second, as mentioned before,
the current study only focused on frustration as an emotion. Further research is needed to
estimate more complete sets of emotion.

Despite these few limitations the results of this study could be interesting for several
different sectors. First, the frustration analysis tool can be used to receive an objective
alternative to analyze text data as the tool is based on a big dataset. The tool could also be
used in the first line of customer service. When high frustration is detected, a human agent
that is trained in dealing with strong emotions could be connected to the customer. It was also
demonstrated that the empathetic chatbot might be able to decrease frustration. The
empathetic chatbot could therefore be used as an option to add to customer service channels
where customers would receive immediate support and still feel appreciated due to the
empathetic nature of the chatbot. In other sectors, such as health, the chatbot could function
as a way for patients to communicate even when there is no one around but still feel
acknowledged. In general, more research is needed to create a chatbot that will make users
feel understood on an interpersonal level. Future research should focus on the analysis of a
varied set of emotions and the way these can be matched with corresponding personalized
communication styles. This could eventually result in a chatbot that is able to copy the human
concept of empathy. However, ethical remarks need to stay in focus. The goal of the
empathetic chatbot is supporting the daily lives of humans and make them easier, not replace

them.
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Appendix A: Questions from pilot survey

Explanation of the game

| want to know how well playing a desktop game on a smartphone works. For that purpose, |
want to ask you to play a game that | picked out. The game is pretty self-explanatory. When
you finish a level, you can just click on the next one. You have 5 minutes to get as far as you
can. After 5 minutes a timer will ring after which I want to ask you to immediately stop
playing (even if you aren’t finished yet). After the game I would like to hear your opinions on

the game and on the device itself.
Questions about the game

Now that you have finished playing the game, I have a few questions about your experiences
with it.

On a scale from 0 to 10 how well do you think this game works on a smartphone? (0 = Not
good at all;
10 = This is the best way to play it)

On a scale from 0 to 10, how frustrated do you think you got during the game?
(0 = Absolutely not frustrated at all; 10 = The most frustrated | have ever been in my life

playing a game!)

Overall how much fun did you have playing the game?

(0 = No fun at all; 10 = The most fun | have ever had playing a game in my life)
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Appendix B: Questions from effect study survey

Explanation of the game

| want to know how well playing a desktop game on a smartphone works. For that purpose, |
want to ask you to play a game that | picked out. The game is pretty self-explanatory. When
you finish a level, you can just click on the next one. You have 5 minutes to get as far as you
can. After 5 minutes a timer will ring after which I want to ask you to immediately stop
playing (even if you aren’t finished yet). After the game I would like to hear your opinions on

the game and on the device itself.
Questions about the game

Now that you have finished playing the game, I have a few questions about your experiences
with it.

On a scale from 0 to 10 how well do you think this game works on a smartphone? (0 = Not
good at all;
10 = This is the best way to play it)

On a scale from 0 to 10, how frustrated do you think you got during the game?
(0 = Absolutely not frustrated at all; 10 = The most frustrated | have ever been in my life

playing a game!)

Overall how much fun did you have playing the game?

(0 = No fun at all; 10 = The most fun | have ever had playing a game in my life)
Instructions for chatbot

Thank you for filling out the questions! Now we would like to hear your opinion in more
detail, but we want to do that in a more anonymous way. We created a chatbot which is going
to ask you a couple of questions on the game. Imagine this is a regular conversation. There
are no right or wrong answers, we just want to hear your honest opinion. The more

information you provide the better! That helps us getting a varied image.

In the beginning of the interaction the chatbot will ask for the participation number that you
received in the beginning of the study. This way we can make sure that the conversation stays

anonymous.
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Follow-up questions:

Imagine you had to answer some follow up questions on your gaming experience. What are

the chances that you would choose to chat with Claire for that purpose?
(0% = 1 would definitely not choose Claire; 100% = | would most definitely choose Claire)

This is almost the end of the study. Now that you had to give the review, | would like to

know how you are feeling at this particular moment.

On a scale from 0 to 10, how frustrated do you feel at this moment?
(0 = Absolutely not frustrated at all; 10 = The most frustrated I have ever been in my life!)

How happy are you at this moment?

(0 = Not happy at all; 10 = The happiest | have ever been in my life)
Demographic information:

What is your gender?
() Female

() Male

() Other

What is your age?
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Appendix C: Script for chatbot interactions

Responses for the control chatbot, responses for low frustration messages, responses
for high frustration messages. Only sentences in bold are used for analysis.

Hi there! Before we start talking about the game, | was wondering what the
participant number is that you received?

Is participant number your participant number?

If yes, go to question 3.
If no, follow-up question: Enter your participant number please. (repeat question 2)

Great! What did you think of the game in general?

Control response: Okay thanks.

Low frustration response: Okay thanks (+ interpunction)

High frustration response: Oh that sounds somewhat frustrating. I hope it didn’t
bother you too much...

. Can you tell me how the game made you feel? Feel free to add as much detail as
you like.

Control response: Thanks for the general feedback, now let’s talk about the different
parts of the game.

Low frustration response: Thanks for the general feedback, now let’s talk about the
different parts of the game (+ interpunction)

High frustration response: I’m sorry.. [ wish you had a better experience! I would still
like to ask you a couple more questions if that’s okay?

. What did you think about playing it on a phone?

Control Response: Got it.

Low frustration response: Got it (+ interpunction)

High frustration response: Being a bot I can’t really judge, but what you are saying
sounds very plausible.

. What did you think about the music in the game?

Control response: Okay thank you, I have another question.
Low frustration response: Okay thank you, | have another question (+ interpunction)
High frustration response: Yeah that makes sense... It might have been a bold choice.

. What did you think about having to stop after 5 minutes?

Control response: Noted.
Low frustration response: Noted (+ interpunction)
High frustration response: Oh no.. | hope you still enjoyed it a little bit.

How far did you get in the game?
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10.

11.

Control response: Okay.
Low frustration response: Okay (+ interpunction)
High frustration response: Oh well, it’ still quite impressive I would say.

Did you use any strategies in the game? If yes, what were they?

Control response: | guess everyone has different strategies.
Low frustration response: | guess everyone has different strategies (+interpunction)
High frustration response: Hmm... Sounds like a clever move to me.

Would you recommend the game? Why/why not?

Control response: Interesting.

Low frustration response: Interesting (+interpunction)

High frustration response: Hmm interesting. Sounds like you know what you are
talking about.

Is there anything left you would like to say?

Control response: Thank you for all the feedback. Bye bye.

Low frustration response: Thank you for all the feedback (+interpunction). Bye bye.

High frustration response: Thank you for all the responses. Your honest feedback is
going to help a lot! Bye bye.
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