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ABSTRACT

Error messages are frequent in interactions with Conversational User Interfaces (CUI). Smart speakers
respond to about every third user request with an error message. Errors can heavily affect user
experience (UX) in interaction with CUIL. However, there is limited research on how error responses
should be formulated. In this paper, we present a system to study how people classify different
categories (acknowledgement of user sentiment, acknowledgement of error and apology) of error
messages, and evaluate peoples’ preference of error responses with clear categories. The results
indicate that if an error response has only one element (i.e. neutral acknowledgement of error, apology
or sentiment), responses that acknowledge errors neutrally are preferred by participants. Moreover, we
find that when interviewed, participants like error messages to include an apology, an explanation of
what went wrong, and a suggestion how to fix the problem in addition to a neutral acknowledgement
of an error. Our study has two main contributions: (1) our results inform about the design of error
messages and (2) we present a framework for error response categorization and validation.

Keywords conversational user interface - error response - user experience

1 Introduction

1.1 Background

The number of people using voice assistants is increasing [41]. While the market growth of smartphones is predicted to
be at around six percent in 2021 [26]], the compound annual growth rate (CAGR) of smart speakers exceeds 30% [16]]
and is predicted to remain at that level until the year 2023 [24}/41]]. The market of chatbots has also been growing [20]
and is expected to grow at a CAGR of more than 27% [23,25]. CUI are used widely and interaction design for CUI
is gaining attention (see for example [33]]). Researchers and designers are working on improving usability and user
experience of CUI. The design of error responses is an important factor regarding user experience, because of its heavy
influence on user satisfaction [[15]]. Even though CUI have improved rapidly over the past few years [22]], errors still
inevitably occur. For instance, a study testing 4,942 queries with five smart speakers suggested that even the smartest
speaker still couldn’t understand over 20 percent of the queries [10]], which makes well-designed error messages of
CUI relevant. However, even when a computer is the source of negative emotions, it can also help alleviate them [[17].
Therefore, it is sensible to design error responses in a CUI conscientiously.
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CUI communicate with users via conversation [33]. Issues in conversations, like misunderstandings, are communicated
differently than errors by computers. Typical technical error messages by computers include “Error”, “Out of memory”
and “404 not found”. In human-human conversations, issues are resolved for example by apologies, that contain
multiple components [21]]. Conversational style can make interactions with computers more human-like [1}2]. However,
some researchers argue that CUI are in danger of trying to be too human [8]]. Thus we investigate user preferences for
error messages in our work.

1.2 Related Studies

Several studies have been conducted on error responses in human-computer interaction (HCI). For Graphical User
Interfaces (GUI) with the traditional interaction form “windows, icons, menus, pointer” (WIMP), a study from Akgun
et al. [1]] shows that the use of apologetic statements makes participants feel more comfortable, respected and more
sensitive about their feelings compared to non-apologetic responses. Tzeng [42] carried out a similar study and the
result of the study supported the conclusion that computer apologies can help in creating more desirable experiences.
Another study conducted by Park et al. [31]] explored users’ affective states and perceptions towards three different types
of error messages in computer interfaces: apologetic, non-apologetic and neutral. The results of this study indicate that
users considered the apologetic system as more usable and appealing compared to the neutral or non-apologetic system.
Akgun et al. [2] conducted an experiment to explore the effect of apologetic error messages and mood states on users’
moods and their self-appraisals of performance. The study indicates that the contents of apology messages can affect
users’ self-appraisals of their performance. When computers use the strategy of “Take on responsibility” and “Offer of
repair” this is more effective than “An explanation or account”. These results are consistent with those from Lewicki et
al. [21]], which suggests that apologies with more components are more effective than those with fewer components.
Moreover, certain components such as “Offer of repair” are more important than other components, and the most
important component according to Lewicki et al. is “An acknowledgement of responsibility” [21]. Although the authors
study GUI, their methods and procedures for experimental design are valuable for our study. In summary, studies in
related fields defined different categories for error messages [2,/21]], and researchers used different measurements to
evaluate UX, including users’ affective response and users’ self-appraisals of their performance. Results of these studies
suggest users prefer error responses that give emotional support [1L[34] and include apologetic elements.

1.3 Research Questions

When studying error responses, it is common to categorize them. Previous studies assume error categories without
validating if users perceive error messages to be part of these categories. However, the notion of categories of error
messages is helpful, because it enables us to make comparisons across different categories to find a better solution for
users. In our study, we empirically confirm the validity of categories with user judgments.

Our study focuses on users’ perceptions and preferences of different categories of error responses and we investigate
the following questions:

1. In a categorization by survey, how do users categorize error messages?
2. Which error response categories are preferred by users?

3. How do users want error responses to be designed?

We present our work in three stages: (1) We examine whether error responses belong to one of these three categories:
acknowledgement of user sentiment, apology for error, acknowledgement of error. (2) We investigate users’ preference
for those error categories. (3) We conduct interviews with users and ask them what kind of error messages they prefer.

2 Method

For the first research question, we designed a categorization survey, which asked participants to categorize different
error responses into three categories. For the second research question, we conducted a sorting survey to investigate
participants’ preferences for different categories of error responses. For the third research question, we interviewed
participants about the content of error responses they prefer to hear when an error happens. Figure [T shows a schematic
overview of our study.

All participants signed a declaration of consent according to the European Union’s General Data Protection Regulation
(GDPR) before taking part in the experiments.
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Figure 1: Visualization of our experimental design. We first created candidates for error responses. Then we presented
the candidates to participants and asked them to assign them to one of three categories. We selected only candidates
that were assigned by a majority of participants to the same category (for more information on our criteria for including
response candidates, please refer to Section[2.1)). We then conducted a second survey (see Section[2.2)) in which we
asked participants to rank error response candidates according to their preference. Finally, we conducted interviews
with users of speech assistance systems, asking them how they want error responses to be designed. (Icons made by
Freepik from www.flatiom.com)

2.1 Categorization Survey

We empirically confirmed the validity of assigning error responses to one of the three categories (acknowledgement of
user sentiment, acknowledgement of error and apology) by asking participants to select the best fitting category for
each error response candidate.

2.1.1 Response Candidate Generation

Other HCI researchers have applied apologetic strategies from HHI to HCI design [2]. We do this too and apply
components of effective apology in HHI [21] to the generation of candidate error responses. According to Park et
al. [31]], systems that use apologetic error responses are perceived as more usable than systems that do not apologize
and are neutral. Hence we decided to include the categories of apology and neutral acknowledgement in our study.
Moreover, neutral error responses are commonly used in GUIs when they show for example “system error”, or “404 not
found”. As neutral error responses are common in HCI, we investigate them as the second category of responses.

The third category of error responses was acknowledging user sentiment. Automatic emotion recognition is investigated
by other HCI researchers [[360] and applied in industry [5]]. One reason may be that computers that respond to users’
negative emotions may alleviate frustration [311[34]. Thus we included the category “Acknowledging user sentiment” in
our study.

We cover three categories of error responses in our study:

1. Acknowledging user sentiment in response to errors
2. Apologizing for errors

3. Acknowledging errors

Acknowledging user sentiment (abbreviated as: “Sentiment””) means that the system response indicates empathy to
users’ emotions or feelings. Candidate responses include “Are you alright?” and “I know how you feel”. The category
“Apologizing for errors” (shortened to :“Apology”) includes candidate responses like “T am sorry” or “Sorry”. The
category “Acknowledging errors” (shortened to: “Neutral”) represents a neutral attitude like in “system error”. For
each category, we generated candidates that belong to the category based on our perception: for the “Acknowledging
user sentiment” category, we generated 15 candidates, for the category of “Apologizing for errors” we came up with
18 responses and for the category “Acknowledging errors” we created 11 candidates. In total we thus presented 44
error response candidates to participants. The candidate list was proofread and edited by all authors, still generation of
response candidate is subjective.
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2.1.2 Participants

The study required participants’ fluency in English since the survey was in English. Besides good understanding of
English, there was no other requirement for the participants. We did not ask participants to provide demographic
information for this survey, as we attempt to minimize the collection of sensitive data as part of our institute‘s privacy
policy. Essentially, we weighed the collection of sensitive information like gender and age with expected effects of
these demographic variables on our dependent variable: perception of categories. We expected people’s gender and age
to not affect their perception of error response categories; therefore, we decided not to collect demographic information
for this survey. We designed and distributed the internal survey within our institute and received 61 responses in total.

2.1.3 Survey Design

We used a hermeneutic approach [32] for validating assignments of categories to error responses. This means we first
generated candidates for each of the three categories, then we presented those candidate error responses to participants.
We designed the survey with Limesurvey (https://www.limesurvey.org/) and participants were able to access it
online. At the beginning of the survey, the task was explained in writing to the participants, along with the definition of
each category. We designed the survey using multiple-choice items, and we asked participants to choose one option for
each question. Each category was displayed as an option for participants to choose from. We asked them which of
the three categories they chose as most fitting for every candidate. Then we analyzed the categorization responses and
selected only those responses that belong clearly to one category as rated by the users. This process redefines which
error responses we consider to be members of a category.

2.1.4 Data Analysis

We filtered error response candidates based on the agreement of participants about assigning responses to a certain
category. To show that participants agree on categorization, we required evidence that a majority of them categorize
a response in a similar way [37]]. Therefore, we use Krippendorff’s alpha («), a metric that measures inter-rater
agreement [4}[37]]. In our study, the term “rater” refers to participants who took part in the categorization survey. Alpha
(o) is given by:

D,
—1_=° 1
@ D, M

Where D, is the disagreement observed and D, is the expected disagreement. Expected agreement refers to how much
agreement one expects by chance. For example, if two raters were to assign items to two categories, we expect them to
agree in 50% of cases by chance. The smaller the observed disagreement (D,,), the higher the agreement among raters.
Researchers generally consider o > 0.8 to signify high agreement, and 0.8 > « > 0.667 to allow tentative conclusions
of inter-rater agreement [[19].

2.2 Sorting Survey

The categorization study, described in Section [2.1] resulted in error responses that showed at least a tentative agreement
between raters. We used error responses selected in the categorization survey as basis for our sorting study. The results
of the sorting study indicate participants’ preference towards error response categories. Additionally, the sorting study
allows the ranking of individual error responses.

2.2.1 Survey Setup

The sorting survey was designed to consist of two steps. First, participants were asked to choose their preferred five out
of nine error responses. In the second step, participants were asked to rank these five responses. Miller’s theory [28]]
says that the number of items people can hold in their short-term memory is seven plus or minus two. We assume that
effective ranking requires participants to remember items, which is why we asked participants to rank no more than five
items. We decided to present nine items in the first step, so that we can present three error responses from each category
for every participant. The survey was internal and conducted within our institute, and we collected 91 responses. For
this survey, we also weighed privacy considerations as well as scientific value and we decided to collect demographic
information as we believe that preferences may be affected by age or gender. Of the 91 participants, 58 of them are
male and 32 of them are female. 13 of the participants are between 18 and 24 years old, the majority of participants, 60
in total, is between 25 and 39 years old and 17 participants belong to the age group ranging from 40 to 59 years. One
participant did not provide their age and gender.
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2.2.2 Method of Analysis

Each participant ranked responses from 1% to 5 place according to their preference. We converted rankings to points
in our analysis: Ist place is converted to 5 points, 2 place to 4 points, 3™ place to 3 points, 4™ place to 2 points and 5"
place is assigned 1 point. When a response is not chosen to be in the top five (out of nine) the response earns no points.
Equation[2] shows the formula for calculating the sum of points Pk, for a response across participants.
5
Poum =Y (0" (6 —1)) )

1

Here n’ refers to the number of times a response is ranked on place 7, where 5 > ¢ > 1. For instance, if a response was
chosen by one participant only and then ranked first, its sum of points would be: 5 points x 1 time = 5.

Also, we define D, as the number of times a response was displayed, i.e. presented to a participant. We randomized
error responses using the “random order” function in Limesurvey which converges to equal presentation probabilities
for all items over all trials. We randomly selected three responses from each category, thus nine responses in total
were displayed to each participant. Hence the number of times a response was displayed to participants may vary.
Moreover, we define C; as the number of times a response was chosen by participants as one of the top five out of
nine displayed responses. By considering D, and C; we avoid misinterpreting total points P, that may be interpreted
differently relative to D; and C. In our analyses we consider three metrics: (1) Percentage of times a response was
chosen Cy, = %, (2) Preference relative to times a response was displayed D), = D% and (3) Preference relative to

times a response was chosen C, = C%.

We used Mann-Whitney U to test for significant differences in preference between error categories. Mann-Whitney U
test is a non-parametric test that does not require normal distribution of data [29]. Because there were two comparisons
of each category for each metric, we used the Bonferroni-Holm procedure [|14] to correct for multiple comparisons.

2.3 Interviews

We interviewed 30 people asking them “If there is an error when interacting with a voice user interface, what kind of
error message would you like to hear?” The recruitment was both internal and external, twenty males and ten females
were interviewed. 28 of the interviewees are between 18 and 39 years old and two participants are between 40 and 59
years old. With the interviews, we aim to generate insights from a qualitative perspective. We recorded interviews using
a Zoom H1 Handy Recorder and took notes during the interview. Recordings were transcribed by both the experimenter
and Google Cloud Speech-to-Text to avoid potential transcribing errors. We analyzed interview data using content
analysis, which involves systematically coding data to discover patterns [[11]]. One of the author generated a first draft of
the content analysis book. The categories and rules in this draft were then reviewed and amended by another co-author.
We did not conduct the content analysis multiple times with independent raters.

The coding of qualitative data involves two stages. Firstly, the experimenter separates qualitative material into
units, secondly, category-sets are established that represent patterns in the data and can be used to establish a theory
afterward [12L[38]]. Our procedure involved three stages: (1) We identified answers that contain some expressions, which
were brought up repeatedly during the interview. (2) We categorized answers according to those expressions. (3) We
named the categories. The data collected from each participant was labeled and assigned to several categories according
to our best judgment.

3 Results

3.1 Categorization Survey

Exemplary, Table [1|shows a part of the results of the categorization survey. All error response candidates as well as
the results of the categorization survey for each candidate are provided online|[44]. In the data, agreement for error
responses varies from 1 to —0.0081, where 1 is perfect agreement across participants and values around O indicate that
raters agreed at chance level.

Among the 44 error response candidates, 16 of them had an « greater than 0.8, which is considered to indicate high
agreement [18]]. Only one response from the category “apologizing for errors” was above the threshold of o = 0.8,
ie. “I'm sorry”. When we set the cutoff o to 0.68, which indicates tentative agreement, this resulted in at least
four candidates for each error response category. Following this criterion (o = 0.68), eight responses from category
“Sentiment”, nine responses from the “Neutral” category and four responses from the category “Apology” are qualified
as sufficiently clear.
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Error Messages «  Category
Currently I am not able to process your request. 1 Neutral
You seem to be upset. 0.951 Sentiment
System error. 0.951 Neutral
An error has occurred. 0.951 Neutral
Are you alright? 0.903  Sentiment

Table 1: Top five error responses with the highest inter-rater agreement c.
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Figure 2: Boxplots for the result of the sorting survey under different criteria with value of median, upper and lower
quartiles. Different colors represent different categories of predefined error messages, and three panels represent the
result from different metrics: (a) Preference of times a response was chosen (Cy). (b) Preference relative to times a
response was displayed (D),). (c) Percentage of times a response was chosen (C}). The legend on the right refers to all
three panels. The demonstration of significance of difference across three categories are as followed: 0.005<p<0.025: *,
0.0005<p<0.005: **, p<0.0005: ***,

3.2 Sorting Survey

In the sorting survey, participants were asked to choose five out of nine error responses they liked most, and then rank
these five responses.

In Figure [2] we present results of participants’ preferences for the three error response categories (Neutral, Sentiment,
Apology) using the three metrics described in the related methods section (2.2.2): (1) Percentage of times a response
was chosen Cy, (2) preference relative to times a response was displayed D), and (3) preference relative to times a
response was chosen C),. The higher the value of a metric, the higher participants’ preference of an error response
category. Figure 2] shows that after Bonferroni correction, two of the three metrics (preference relative to times a
response was displayed D), and percentage of times a response was chosen Cy,) indicate significant differences between
sentiment and non-sentiment categories of error responses. The metric preference relative to times a response was
chosen C), showed no significant difference between categories.

3.3 Interviews

As shown in Table[2] our content analysis of interviews identified three categories of responses. Our interviewees wanted
error messages to (1) explain the reason for the problem, (2) apologize for the error and (3) provide suggestions or
guidance. The number in brackets in Table2]indicates the number of times those elements are mentioned by participants.
Participants were able to mention more than one element, which is why the number of mentions exceeds the number
of participants (n = 30). The element “Explain the reason for the problem” was requested most frequently, being
mentioned 16 times. The second most frequently requested element of error responses was suggestions and guidance by
the system, which was mentioned eleven times. Descriptions included “I don’t know what to do” or “Perhaps tell me
what to do”. Moreover, participants expressed that they want the system to be more polite and apologize. This was
mentioned five times, which suggests that participants like error messages to include an apology.
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Initial keywords Modified category Number of mentions

Specify the error
Tell me the problem Explain the reason for the problem 16
More detail

Kind response
Be polite Apologize for the error 5
Sorry, ...

Could you repeat that again?
Please try again Provide suggestion or guidance 11
Indicate the state

Table 2: Content analysis of the question “If there is an error, what kind of error messages do you like to hear?”. The
column Initial keywords displays the keywords we used for our content analysis. The column Number of mentions
indicates the number of times those elements were mentioned by participants.

4 Discussion

4.1 In a categorization by survey, how do users categorize error messages?

Results of the categorization survey show that participants agree most on categorizing error responses from either the
neutral or the sentiment category. In contrast, most error response candidates from the apology group show relatively low
agreement (below an « of 0.8). A reason for this may be that an expression of apology can mean more in human-human
interaction than just an apology. For instance, “I’m sorry” can be perceived to express regret [21]], but can also be used
to show empathy [39]]. Moreover, some participants may have perceived simple apologetic responses as default answers
of system failure. This might be due to websites showing apologetic messages when something goes wrong and users
learning to expect this response as a neutral acknowledgement of an error. Another interpretation of an apology can
be expressing empathy. In fact, 7 out of 61 participants considered “Sorry” as either neutral or acknowledging user
sentiment.

The response “I promise I will figure it out” had the lowest agreement score of all responses, with a = -0.0081. 24
participants considered it as neutral, 18 participants thought it indicated sentiment and 19 participants categorized it as
apology. This might be explained by “promise” being an expression which is usually used in human conversations
[3,40] and can be interpreted in various ways [35]]. The sentence can be understood as a way to express regret, a
commitment [35] to take on responsibility or an indirect indication that there was an error.

4.2 Which error response categories are preferred by users?

To the best of our knowledge, there are no published methods for analyzing a two-stage sorting experiment as conducted
by us. Thus we decided for three measures (Cy,, C), and D,,) to measure preference for error response categories in our
set-up. We designed the metrics in such a way as to avoid bias caused by single-criterion measurement. The criteria
percentage of chosen (Co;) and preference of displayed (D)) show significant differences between the sentiment group
and the other two groups. However, the criterion preference of chosen (C),) shows no significant difference between
categories. One possible explanation is that those three criteria measure different aspects of participants’ preferences.
Both Cy and D), show a similar pattern of results: non-sentimental responses are preferred over-sentimental responses.
Hence both C'y, and D,, seem to measure a similar construct. In contrast, the criterion preference of chosen (C),) shows
different results, finding no difference between categories. This may be explained by how C,, is computed. Similarly to
D,, C), takes into account ranking of the short-listed top five response. Contrary to D, however ranking scores are
analyzed relative to the number of times responses were short-listed, rather than displayed. This means, that once a
participant short-listed a response there was no significant difference between their preferences. This suggests that error
responses belonging to the sentiment category were rarely short-listed which is why Co; and D,, scores are lower for
this category than for the other two categories. However, when participants short-listed error responses that included
sentiment, they tended to like them just as much as neutral or apologetic responses. C'y, and D), seem to measure how
many people like a category and C', measures how much people like a category. That means this criterion (C,) may be
sensitive to identify small groups of users with special preferences.

The results on preferences for error response categories show the tendency that if an error response has only one element
(neutral acknowledgement of error, apology or sentiment), responses that acknowledge neutrally that an error happened
are preferred by participants. Therefore, we suggest to use error responses with neutral content for default design.



A PREPRINT - MAY 24, 2020

4.3 How do users want error responses to be designed?

In the sorting study, we explored participants’ preferences of error responses containing one element. However, error
messages may can contain more than one element and the multitude of elements may improve the user’s experience of
error messages. We interviewed participants and asked them what elements they expect in an error messages, and three
response elements were brought up repeatedly: explaining the reason for the error, providing guidance and apologizing
for the error. Our sorting survey indicates no significant difference in preferences for neutral and apologetic messages,
which validates that apologetic elements are perceived as important for error responses by users. Unlike the sorting
survey, the interview question encouraged participants to come up with elements for error messages themselves, rather
than choosing from predefined ones. The interviews suggest that users prefer error responses of CUIs with apologetic
elements, explanations of reasons for the error and suggestions or guidance by the system. Note that “explanation of
reasons” contains “neutral acknowledgement of errors”, and adds an explanation to it.

Our results suggest that participants express different preferences when asked in a survey and an interview. In the
survey, participants reported preferences for neutral error messages, with one element only, while in the interviews error
messages were preferred that included several elements, including apologies and guidance. One explanation is that in
the survey, participants were limited in their responses and could select only between three groups of single-element
responses. In contrast, in the interview we asked about preferences in an open question. Participants were able to
provide feedback more freely, naming error response elements that were not covered in the survey (e.g. guidance), and
expressing preferences for error messages with multiple elements.

4.4 Limitations

44.1 Candidate generation

Researchers suggest that an inter-rater agreement of o > 0.8 is acceptable [30,37]. Applying this threshold to the
category “Apology” rendered only one candidate out of 15 acceptable. As a single error response is not sufficient to
represent a complete category, we decided to include a total of four error responses from the category “Apology”. For
this we included error responses with o = 0.8 and we set the cutoff to a = 0.68. Hence the error responses that we
included with an 0.8 > o > 0.68 may not be sufficiently representative for the category. This problem can be solved in
future work by generating more candidates for each category. Additionally, our results suggest that users disagree in
their perception of apologetic elements and it will be interesting to further study the perception of “Apology” in error
messages. Our interviews show that users want to get apologies for errors, and our categorization study demonstrates
that even a seemingly clear apology in the form of “Sorry” is perceived by many people as a neutral acknowledgement
or sentiment rather than as an apology. This raises the question of how a system should apologize to users in a way that
they perceive it as an apology.

4.4.2 Biased sample of participants

Our two surveys were distributed within a research institute, and employees there are mostly engineers. Engineers
may show the tendency to be more rational and realistic than other professions [7,/13]], which may cause biased results.
For example, engineers tend to make decisions based on logic, fact, and data versus feelings [43]], therefore neutral
responses which indicate the error may be preferred more by engineers than non-engineers. Furthermore, rationality
of engineers may cause bias when rating emotional contents. To eliminate this possible bias, a wider range of people
should be surveyed.

4.4.3 Lack of demographic information

We followed the principle of data reduction and data economy for privacy reasons. Therefore we decided to not collect
certain demographic information in the categorization study, because we we have no indication that people’s perception
of categories might be influenced by their gender and age. However, to the best of our knowledge, there is no research
showing that people’s perception of error response categories is not affected by age and gender and thus this assumption
is a limitation of our work.

4.4.4 Content analysis

For the content analysis two authors compiled the code book. The content analysis, however, was conducted by one
rater only. This may limit the validity of our analysis [9].
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4.5 Future Work

Our current work is based on surveys and interviews and we suggest validation of our results, for example by replicating
this work with a more diverse sample of participants, specificially a less engineer-biased sample of participants.
Moreover, the validated error responses from our study can be used to investigate error responses in real interactions
with CUI in future research, for instance using a Wizard-of-Oz approach [6]]. Our work does not replace analyses of
real interactions, but can act as an entry into more in-depth analysis of error responses in CUIL.

In our study, we explored the content of error responses, but we did not investigate how error response should be
communicated. For example, error messages can be communicated using visual and auditory stimuli. We believe that
how an error is communicated is at least as important as what is communicated [27]]. Thus, future research should
investigate how errors should be communicated by CUIs.

Our study indicates that a small group of users exists that likes error responses with sentimental elements. We did
not probe the validity of this finding or explore why people have this preference. Thus investigating preferences of
sentimental elements in error responses requires further research.
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