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Abstract. This study aimed to investigate (1) what errors and con-
versational repair strategies appear during conversations with a real-life
customer service chatbot and (2) how people perceive these errors and
repair strategies in terms of user satisfaction, brand attitude, and trust.
This study involved a corpus study of real-life conversations (N=100)
with a customer service chatbot to investigate which errors and repairs
occurred to inform a follow-up online experiment (N=150) on the per-
ception of these errors and repairs. The experiment employed a 3 (error;
excess of information, unsolvable question, lack of information) by 3 (re-
pair strategy; repeat, options, defer) mixed subject design with the type
of error as between-subjects factor and repair strategy as within-subjects
factor. The results revealed that the repair strategy defer most positively
impacted perceptions of trust and brand attitude, followed by the strat-
egy options, and lastly repeat. In contrast, no significant main effects of
error type nor interaction effects were found on user satisfaction, trust,
and brand attitude. However, the open-ended questions revealed that
there might be a connection between the nature of the customer request
and the repair strategy.

Keywords: Customer service chatbots · Errors · Conversational break-
downs · Repair strategies.

1 Introduction

Since 2020, the use of AI in customer service has increased by 88%, indicating
a growing reliance on chatbots and other automated solutions in the service
industry [33]. Implementing chatbots for customer service purposes allows orga-
nizations to reduce costs and enable faster, more efficient, 24/7 service provision
[10,12,23]. Additionally, when customers perceive the chatbot as helpful and
useful, they also tend to have a positive attitude toward the brand behind the
chatbot [38]. Despite the evolution of chatbots, (customer service) chatbots still
need to learn to operate error-free [1,37]. Errors can be defined as ‘any event that
might have a negative impact on the flow of the interaction, and more in general
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on its quality, potentially resulting in conversation breakdowns’ [34, p.151]. Users
frequently experience conversational breakdowns during interactions with chat-
bots, as the chatbot often struggles to accurately interpret (complex) requests
or understand the intended meaning [9,23,24,29,36]. Conversational breakdowns
may frustrate users, diminishing their trust in chatbots [2,11,37] while also reduc-
ing user satisfaction and willingness to continue using a chatbot [1]. To diminish
the negative effects of conversational breakdowns, organizations can implement
conversational repair strategies in a chatbot [1]. Contrary to repair in human-
human conversations, repair strategies in human-chatbot conversations require
more explicit communication and guidance as the chatbot depends on algorithms
to process the users’ input, which is considered a ‘black box’ for the users [1].

Although users’ preferences for conversational repair strategies are investi-
gated in various studies [1,2,32], few to no studies investigate context-dependent
repair strategies (e.g., if specific errors require specific repairs). Additionally,
Ashktorab et al. [1] investigated context-dependent repair strategies by explor-
ing participants’ favored repair strategies. Nevertheless, their research was solely
guided by communication theory and not by practice. Furthermore, little re-
search has been done on which repair strategies are effective in mitigating users’
loss of trust and dissatisfaction [35], but knowledge is lacking on which repair
strategies are most suitable for specific errors.

The aim of the current study is therefore twofold. First, we aim to discover
which errors and conversational repair strategies occur in conversations with a
real chatbot in customer service. A corpus study will address the following re-
search question (RQ1): What errors and conversational repair strategies occur
during conversations with a customer service chatbot? Second, we aim to in-
vestigate the effectiveness of the repair strategy in relation to the error types
that can occur in a chatbot conversation on both perceptions of the chatbot and
perceptions of the organization behind the chatbot. An experimental study will
answer the second research question (RQ2): To what extent do the type of error
and conversational repair strategy used by a customer service chatbot affect user
satisfaction, trust in the chatbot, and brand attitude?

2 Theoretical framework

Errors & breakdowns. Customer service chatbots still face challenges in achiev-
ing error-free interactions with customers. It is quite common to encounter these
errors as chatbots experience difficulties in understanding natural human lan-
guage [32], potentially leading to conversational breakdowns [34]. When a con-
versational breakdown occurs, the user’s input is either misinterpreted or not
interpreted at all [3]. Conversely, customers face challenges in coping with the
chatbot’s responses [6], resulting in customer frustration [13] and a decrease in
overall customer satisfaction [23]. Therefore, it is crucial to prevent errors and
possible subsequent breakdowns. Consequently, due to the chatbots’ limited un-
derstanding, deploying them with the right repair strategies becomes imperative
to ensure effective communication and user satisfaction.
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Previous research has attempted to categorize different kinds of errors oc-
curring in both human-human and human-chatbot interaction. For example,
Sanguinetti et al. [34] developed an annotation scheme to detect the presence
of errors during conversations with the chatbot of an Italian telecommunication
service provider. Their annotation scheme was inspired by the Gricean maxims
[14], dividing error classes in quantity (insufficient or excess of information),
relation (irrelevant response), manner (ill-formed messages), and generic (non-
cooperative stance customer) [34].

Similarly, the work of Reinkemeier and Gnewuch [32] focused on text-based
dialogue systems in a specific domain (in their case insurance). Their primary
aim was to identify the causes of breakdowns by clustering messages before a
breakdown occurs. Their cluster analysis led to the identification of four distinct
breakdown types. First, elaborated messages encompass messages characterized
by excessive verbiage or those that extend beyond a single sentence (i.e., ‘I
received my monthly invoice but it is higher than usual. I don’t understand
why? Do you know why? And, also can you send my the specific details because I
don’t understand’). Next, specific messages consist of highly detailed queries that
often fall outside the chatbot’s operational scope (i.e., ‘Which route can I take
to Amsterdam to secure the most economical train ticket?’). Subsequently, brief
messages comprise words familiar to the chatbot (i.e., greetings, insults), yet they
lack the necessary context for a comprehensive response (i.e., ‘Hello. Train card’).
Lastly, cryptic messages involve the use of unknown words or concise queries
riddled with grammatical errors or typos (i.e., ‘I want to end my subrsrcption’),
presenting challenges for the chatbot’s comprehension. The latter two breakdown
types can be classified as the Gricean maxim Manner, whereas the former two
can be related to Quantity and Relation.

There have also been attempts to create taxonomies of errors for open-domain
conversational systems [17,16] but little is known about which errors appear in
other service contexts. Study 1 therefore aims to investigate which error types oc-
cur in Dutch human-chatbot conversations between travellers and the customer
service chatbot of a public transportation organization. Furthermore, since re-
search shows that conversational errors occur in no less than 38 percent of chat-
bot conversations [22], the study will also examine which strategies the chatbot
uses to repair the conversation.

Repair strategies. Similar to the categorization of errors, previous research has
made efforts to categorize repair strategies. Both Benner et al.[2] and Asktorab
et al. [1] examined previous research and formulated a comprehensive set of
categories for repair strategies applicable in chatbot communication (Table 1).

Additionally, Ashktorab et al. [1] conducted an experiment by using simu-
lated customer service interactions. The findings of their study revealed a pref-
erence among participants for the options and defer strategies. The options
strategy was deemed efficient, as it necessitated less effort in terms of question
reformulation or typing. Participants viewed this strategy positively due to the
chatbot’s proactive display of initiative, leading them to perceive the chatbot
as more intelligent. On the other hand, the defer strategy was only preferred
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with unsuccessful outcomes. Participants found that this strategy increased the
likelihood of their issues being resolved by a human agent [1].

Numerous studies underscore the significance of employing effective recovery
strategies, as not all strategies yield successful outcomes for customers [1,32].
For instance, Dippold [7] used conversation analysis to examine repair strategies
customers used when the chatbot answered their question incorrectly or did
not answer their question at all. Interestingly, the most commonly used repair
strategies in the examined corpus were not necessarily the most effective repair
strategies. This shows that in addition to improving chatbot repair strategies,
users also need guidelines on handling the chatbot’s comprehension problems.

However, even with the existing research [1,7] investigating user repair strate-
gies in interactions with task-oriented (customer service) chatbots, questions
linger regarding the applicability of these findings to real-world scenarios. This
uncertainty stems from the fact that the data was collected through experi-
ments conducted in simulated settings. On the other hand, Reinkemeier and
Gnewuch [32] did explore error types in actual customer service dialogues but
faced limitations due to scarce labeled training data and limited generalizability
to other industries. Finally, prior research solely focused on user repair strate-
gies [1,2], neglecting the underlying context. Therefore, to bridge this gap, our
study extends previous research to another industry, analyzing customer service
interactions comprehensively, including both the analysis of errors and repair
strategies. Additionally, our study examines the effectiveness of common combi-
nations with regard to different repair strategies following different error types
and their impact on customer perception.

In summary, the current study examines to what extent errors and repair
strategies occur during conversations with a customer service chatbot (Study
1), and how participants perceive them in interaction with a customer service
chatbot (Study 2). The interplay of error types and repair strategies will be
assessed on chatbot metrics (user satisfaction, trust) and organizational out-
comes (brand attitude). User satisfaction is commonly used to evaluate chat-
bots [28]. It is, however, a difficult-to-define concept [15,27]. According to Hsiao
and Chen [18], user satisfaction is based on comparing the expected and ac-
tual performance. Thus, the customer will be satisfied if expectations are met.
Consequently, user satisfaction is affected by negative emotions that users expe-
rience and predicts customers’ intention to continue to use a product or service
[1,11,22,25]. Research by Chiou and Droge [4] also demonstrated that customer
loyalty and retention are heavily influenced by user satisfaction. Therefore, it is
essential for companies to keep user satisfaction high. Similarly, several studies
indicated that trust is negatively affected by the negative emotions users en-
counter after exposure to conversational breakdowns [11,22]. In the context of
chatbots, trust can be defined as ‘the customer is willing to rely on the chatbot’s
actions’ [31]. The occurrence of the breakdown disconfirms the trustee’s posi-
tive expectations resulting in their trust being damaged [35]. While the study of
Ashktorab et al. [1] points out that some repair strategies (i.e., repeat) appear
less intelligent and therefore result in less trust, the current knowledge regarding
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users’ trust after the appearance of a repair strategy, is limited [9]. Additionally,
since customers’ perceptions of the chatbot could also impact their evaluations
of the brand behind the chatbot [38], the current study will also examine the
influence of error types and repair strategies on brand attitude. Brand attitude is
the overall evaluation summary of judgement to any brand-related information
[21]. Pavone et al. [30] demonstrated that when customers interact with a cus-
tomer service chatbot, they blame the organization for negative outcomes (e.g.,
frustration and annoyance). However, they do not blame the organization when
interacting with human customer service employees [30]. This highlights the im-
portance of measuring brand attitude after the chatbot used a conversational
repair strategy next to the chatbot metrics user satisfaction and trust.

3 Study 1

3.1 Method

In order to bridge the knowledge gap in which error tags and repair strategies
(most frequently) occur in human-chatbot conversations in customer service, we
conducted a thematic analysis on a dataset comprising real-world human-chatbot
conversations (N=100) between customers and the customer service chatbot of
a public transportation organization. All conversations took place from January
to June 2021 and were in Dutch. The conversations were pseudo-anonymized
and shared with the researchers who took a sample of 100 conversations. The
corpus consisted of conversations between the chatbot and the customer, as well
as handover conversations in which the chatbot transferred the conversation to
the human agent. However, messages sent after a redirection to a human service
employee were not analyzed. Furthermore, conversations for training purposes
were excluded from the dataset. Since there were conversations in which the cus-
tomer left directly after the chatbot greeting, a corpus was compiled consisting
of conversations with at least two messages from the customer service chatbot
and two from the customer (either free input or a button, as the chatbot inter-
face contained both an open text field and buttons). The thematic analysis was
carried out by one of the authors and followed a deductive approach, utilizing
created codebooks. The codebook on errors was based on a previous study by
Sanguinetti et al. [34]; the codebook regarding the repair strategies was based on
multiple studies [1,2,8] (see also Table 1)1. Codes were given on message level,
meaning that one conversation could have multiple codes. A category was either
absent (0) or present (1).

3.2 Results and Conclusion

First, the 100 conversations were labeled based on topic: 41% of the conversa-
tions regarded subscriptions and 25% concerned refunds. More topics included:
questions about bicycles (4%), travel information (6%), invoices (7%), and other

1 Codebook can be found on OSF: https://osf.io/s7rqp/
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less common topics (12%). With regard to the occurrence of errors, it appeared
that part of the 43.24% were not related to the content of the conversation but
rather to technical limitations (for example wrongly recognizing the language
of a message). Furthermore, in 11.71% the (possible) error type could not be
identified because a part of the sentence contained privacy-sensitive information
and was thus filtered. Table 2 shows that six different content-related errors oc-
curred in the data. The error tag excess of information occurred most frequently,
meaning that the customer fed the chatbot with too much (detailed) informa-
tion that prevented the chatbot from answering [34]. It is worth noting that the
repair strategies in this corpus are design choices made by the developers of this
chatbot. Results might vary when different data sets are used.

Table 2. Error frequencies

Error tag Frequency % % in [34] Example (* is filtered)

Content-related
Ill-formed (Manner) 10 9.01 13.09 Did not use last 0 *
Excess of information
(Quantity)

19 17.12 11.52 *, yesterday I bought together
with a friend a youth card for
today. Unfortunately the aunt *,
the friend *, experienced symp-
toms and had to test. She did not
have *, yet, so unfortunately we
cannot travel today... Is it possi-
ble to change the date * the youth
ticket, so we can use it tomorrow?
(if the aunt has a negative *, test
back)*

Lack of information
(Quantity)

7 6.31 1.05 Not enough

Ignoring question
(Relation)

4 3.6 20.94 Goodmorning, I see that the chat
function has changed.

Non-understandable
(Manner)

7 6.31 5.24 Js

Non-cooperativity
(Generic)

3 2.7 8.90 Unfortunate for you

Not content-related
No error or (techni-
cal) chatbot error

48 43.24 - -

Non-identifiable error
(filtered)

13 11.71 - -

Total 111 100%

A conversational breakdown occurred in 69 out of 100 conversations. In those
69 conversations, 117 repair strategies were employed. This means that one con-



8 A. Braggaar et al.

versation can contain multiple repairs. The results are presented in Table 3 (note
that one message may contain multiple different strategies). The chatbot most
frequently used the repair strategy defer (48.71%), meaning that the chatbot
cannot resolve the customer query, redirecting the customer to a human cus-
tomer service employee [1] avoiding a conversational breakdown. The second
most frequently used strategy was repeat (26.50%), the chatbot recognizes and
explicitly indicates a conversational breakdown and initiates repair by asking
the customer to repeat and/or rephrase their initial prompt [1,2,8]. It can thus
be concluded that excess of information was the most common content-related
error type in the chatbot conversations, and defer the most used repair strategy.

Table 3. Repair frequencies

Repair strategy Frequency % Example

Repeat 31 26.50 Unfortunately, I don’t understand
what you mean. Do you want to repeat
the question in different words? Tip: I
understand short and concise questions
the best.

Apologetic behaviour 8 6.84 Sorry, I believe I cannot help you yet.
Shall I redirect you to my colleague?

Top response 13 11.11 If I understand correctly you want to
know something about the bicycle stor-
age. What is your question about?

Options 8 6.84 If I understand correctly, you have
a question about your subscription. I
cannot help you with that but my col-
league is happy to help. Would you like
to temporary stop your subscription to
save costs due to Covid-19? Click on
the button below.

Defer 57 48.71 Sorry, I believe I cannot help you yet.
Shall I redirect you to my colleague?

Total 117 100%

4 Study 2

In order to investigate the effectiveness of repair strategies in relation to indi-
vidual error types, we conducted an experimental study.

The findings of Study 1 and the literature were used to define and opera-
tionalize the error types and repair strategies in the study. Criteria for selection
were the frequency in which the error types and repair strategies occured, as
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well as their suitability to implement them in a fictitious chatbot conversation
that participants would observe (rather than actually having a conversation with
the chatbot). Subsequently, not all error types and repair strategies were usable
for this purpose. For example, although the error tag ill-formed appeared quite
common in the chatbot conversations analyzed in Study 1, this error type was
not selected since it is a complex error that is not easily simulated in a controlled
experiment. Similarly, the repair strategy top response was the third most used
strategy, but it was not incorporated in the experiment since it requires the
customer to initiate the repair which is not possible in our experimental set-up.

With regard to the error types, we selected the frequently found error-tag ex-
cess of information and the error lack of information from Study 1. Furthermore,
the third error type that was incorporated in the experiment was an unsolvable
question. This error is derived from the literature on why chatbots fail, which
describes the importance for customers to understand the chatbot’s capabilities,
for example, the subjects the chatbot can help with [19].

Reasoning towards hypotheses of the impact of the different error types, it
seems that the three error types differ in users’ expectations on the chatbot’s
capabilities with regard to intent recognition as well as the topics the chatbot
is trained on. The error type unsolvable question shows that the user’s topic
simply is not present in the chatbot’s training data. Since users generally know
that chatbots are currently only trained on a limited number of topics, it can be
reasoned that the occurrence of this error tag is less detrimental to the user’s
satisfaction, trust, and brand attitude compared to the error tags lack of in-
formation and excess of information. In contrast, the error-tag excess of infor-
mation indicates that users assume that the digital communication partner is
able to understand lengthy messages, showing users’ high expectations of the
chatbot’s intent recognition capabilities. In addition, since the user put quite
an effort into typing the lengthy message that subsequently leads to an error,
it can be reasoned that the occurrence of such an error is most detrimental to
the user’s satisfaction, chatbot trust, and brand attitude compared to the other
error types. This leads to Hypothesis 1: Users’ assessment of (a) satisfaction,
(b) trust, and (c) brand attitude will be most negative after the occurrence of
the error tag excess of information, followed by lack of information, and lastly
unsolvable question.

Regarding repairs, we selected the strategies defer, repeat, and options based
on their appearance in Study 1. Also from a theoretical perspective, it is interest-
ing to compare the effectiveness of these strategies, because the repair strategies
seem to differ in their helpfulness in solving the misunderstanding. After all, if
a chatbot only repeats the previous message in case of a misunderstanding, it
is unclear to users how they can avoid the misunderstanding from happening
again. In contrast, the repair strategy options is more helpful because this strat-
egy shows the user explicitly the topics that the chatbot is trained on, which
diminishes the occurrence of a second misunderstanding. Lastly, the repair strat-
egy defer can be considered as most helpful since it is known that users prefer
human assistance to handle their requests instead of a chatbot [1].
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A comparison between these three strategies on users’ satisfaction, trust, and
brand attitude has not been investigated before. However, there are some studies
that partly point in our expected direction that the repair strategy repeat will
strongly impact users’ perceptions of a chatbot. Previous research has shown
that employing this repair strategy tends to diminish the perceived intelligence
of chatbots, potentially resulting in reduced trust when contrasted with the
options strategy, where the chatbot independently presents potential outcomes
[1]. Moreover, Pavone et al. [30] found that customers blame organizations for
negative outcomes, which could therefore also be expected for perceptions of
brand attitude. These findings indicate that at least the detrimental effects of
the repeat strategy are reasonable. This results in Hypothesis 2: The usage
of the repeat repair strategy is most detrimental to users’ (a) satisfaction, (b)
trust, and (c) brand attitude, followed by the strategy option, and lastly defer.

Lastly, the implementation of both error types and repair strategies in one
study allows us to investigate whether and how these factors interact. Particu-
larly, it can be expected that the adoption of a repair strategy in response to
the error excess of information could differently impact user perceptions. After
all, it is reasonable that in the case of complex questions, customers prefer talk-
ing to a human employee rather than a chatbot, as complex questions are most
likely solved by them [1]. We therefore assume that the strategy defer has a
more positive effect on user satisfaction compared to the other repair strategies.
Similarly, customers do not blame the organization for negative outcomes when
interacting with human service employees [30] which could also apply to users’
brand attitudes when exposed to the defer strategy after an excess of informa-
tion error. Finally, even though the chatbot is not able to solve the question
in the case of defer, it acknowledges the breakdown and redirects the customer.
This might have a positive effect on trust as the chatbot is seen as honest and
trustworthy indicating its capabilities [9]. In conclusion, it can be argued that
an interaction effect can occur between the error types and repair strategies on
the dependent variables. This leads to Hypothesis 3: After the error excess of
information, the repair strategy defer will have a more positive effect on (a) user
satisfaction, (b) trust, and (c) brand attitude, compared to the strategies repeat
and options.

4.1 Method

Design. An online experiment was conducted with a 3 (error) x 3 (repair strat-
egy) mixed design. Error type served as a between-subjects factor and repair
strategy as a within-subjects factor. Participants were randomly assigned to ei-
ther one of the three between-subject conditions. After each error scenario, they
assessed the dependent variables user satisfaction, trust, and brand attitude in
an online questionnaire on the survey platform Qualtrics.

Participants. Initially, 184 participants were recruited through convenience sam-
pling. All participants had to be 18 years or older and speak Dutch as the materi-
als and questionnaire were also in Dutch. Ultimately, 150 people fully completed

www.qualtrics.com
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the questionnaire (50 participants per between-subjects group). Of these par-
ticipants, 64.7% were women (N=97), and 35.5% were men (N=53). Their age
ranged from 18 to 70 (M = 33.56, SD = 15.07). 31.3% of the participants com-
pleted their master’s degree (or were enrolled in a program at the university
level), 20% bachelor’s, 28.7% in higher professional education (HBO), 3.3% in
HBO masters, 12% in intermediate vocational education (MBO) and 4.7% high
school or lower.

Finally, 88.7% of the participants indicated familiarity with chatbot tech-
nologies, 67.4% indicated using chatbots frequently, and 44.6% indicated that
their previous experiences with customer service chatbots were generally posi-
tive. A Chi-squared test revealed that the three between-subjects conditions did
not differ in the distribution of gender (χ2 (2) = 3.74, p = .155) and educational
level (χ2 (10) = 8.43, p = .587). However, a one-way ANOVA with Bonferroni
correction showed that age (F (2,147) = 3.543, p = .031) was not evenly dis-
tributed between the conditions since participants in condition three were on
average younger (M = 29.04, SD = 12.72) than participants in conditions one
(M = 35.34, SD = 15.48) and two (M = 36.30, SD = 16.03). Because of this a
priori difference, we ran all analyses both with and without age as a covariate.

Stimuli. Nine conditions were designed in which one error type and one repair
strategy occurred in a customer chatbot conversation. Since the repair strategy
served as a within-subjects variable, three different scenarios were created in
which the experimental manipulations were applied. Scenario one contained a
conversation where a customer wanted to cancel a subscription. In this scenario,
the error type excess of information was shown. Scenario two concerned a cus-
tomer requesting a refund, and the error type unsolvable question appeared. Sce-
nario three showed a customer question about an invoice; this scenario contained
the error type lack of information. The designs were similar and the messages
were structured the same. The experimental materials were shown by means of
screenshots of (fictional) chatbot conversations and designed with Canva.

Measurements and Procedure. User satisfaction was measured on a 7-point scale
with measures from a scale by Chung et al. [5]. The items have been partially
modified to fit this study, all items can be found on OSF. Furthermore, all three
included items have been modified to focus specifically on satisfaction with the
repair strategies used by the chatbot rather than referring to the chatbot itself.
For example: ‘I am satisfied with the service agent’ is adapted to ‘I am satisfied
with the repair strategy used by the chatbot.’ Trust was measured with a 7-
point scale adapted from [20] and consisted of four items (e.g. ‘I believe that
this chatbot is honest.’) The variable brand attitude was measured with five
items on a 7-point scale adapted from [26] (e.g. ‘The brand is sympathetic.’)
All scale reliabilities were good (satifaction α ≥ .813, trust α ≥ .796, and brand
attitude α ≥ .874). Finally, participants were also asked to rank the three repair
strategies based on their preference, followed by an open-ended question on why
they chose this specific ranking.

www.canva.com
https://osf.io/s7rqp/
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Demographic information was collected (age, gender, level of education) and
two statements from Ashktorab et al. [1] were added about previous experiences
with customer service chatbots: ‘I am familiar with chatbot technologies’ and ‘I
use customer service chatbots frequently.’ Lastly, participants had to assess on a
7-point Likert scale the following statement: ‘In general, my previous experiences
with customer service chatbots have been positive’.

The experiment started with a brief introduction stating the purpose of the
experiment, the approximate duration of the survey (approx. 10 minutes), and
information about rights and privacy. All participants had to sign consent to
start the experiment. At the start of the experiment, the key terms conversational
breakdown, repair strategy, and error were explained.

4.2 Results

Mixed ANOVAs with repeated measures were performed for every dependent
variable: user satisfaction, brand attitude, and trust. The descriptive statistics
are shown in Table 4.

Table 4. Descriptive statistics for error types and repair strategies in Study 2

User satisfaction Brand attitude Trust

M SD M SD M SD

Excess of information 5.64 0.84 5.25 0.84 5.22 0.89
Unsolvable question 5.73 0.63 5.16 0.84 5.34 0.85
Lack of information 5.48 0.78 5.13 0.75 5.30 0.69

Repeat 5.51 1.07 4.81 1.07 5.02 0.99
Options 5.61 1.08 5.12 1.04 5.28 0.96
Defer 5.73 1.10 5.62 1.00 5.57 1.09

User satisfaction. The mixed ANOVA revealed no main effect of error type on
user satisfaction (F (2,147) = 1.43, p=.242, partial η2 = .02). Since H1a stated
that user satisfaction would be most negative after excess of information, fol-
lowed by lack of information and lastly unsolvable question, H1a can be rejected.
Additionally, no statistically significant main effect of repair strategy on user
satisfaction was found (F (1.83, 269.122) = 2.08, p=.131, partial η2 = .14, with
Greenhouse-Geisser correction), resulting in H2a being rejected since the results
were not significant. Finally, there was no significant interaction effect between
error type and repair strategy on user satisfaction (F (3.662,269.122) = .797, p =
.518, η2 = .01, with Greenhouse-Geisser correction). Since hypothesis 3a stated
that the repair strategy defer had a more positive effect on user satisfaction
after the error excess of information occurs compared to the strategies repeat
and options, H3a is not supported by the data as well.
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Trust. No significant differences between the error types were found on trust(F (2,
147) = .26, p=.773, partial η2 = .04), which disproves H1b. However, the mixed
ANOVA did show a main effect of repair strategy on trust (F (1.689, 248.327)
= 20.737, p < .001, partial η2 = .12 (medium effect), with Greenhouse-Geisser
correction). The strategy defer scored highest on trust perceptions (‘options’:
Mdif=.292, p = .002; ‘repeat’: Mdif=.553, p =<.001). Furthermore, the strat-
egy options was assessed higher than the strategy repeat (Mdif=.262, p =<
.001). Thus, in accordance to H2b, participants’ trust in chatbots was lowest
when the repair strategy repeat was used and highest when defer was used.2

Finally, there was no significant interaction effect between error type and re-
pair strategy on trust (F (3.379,248.327) = 1.554, p < .196, partial η2=.02, with
Greenhouse-Geisser correction). Since H3b stated that defer has a more positive
effect on trust after excess of information compared to repeat and options, this
conclusion cannot be drawn on the basis of our findings.

Brand attitude. With regard to the dependent variable brand attitude, no main
effect of error type was found on brand attitude (F (2,147) = .317, p=.728, par-
tial η2 = .04). H1c can therefore be rejected. In contrast, the mixed ANOVA
did show a statistically significant main effect of repair strategy on brand at-
titude (F (1.730,254.330) = 38.844, p=< .001, partial η2 = .21 (large effect),
with Greenhouse-Geisser correction). Post-hoc comparisons with Bonferroni cor-
rection revealed that participants’ brand attitude was highest when the repair
strategy defer was used, compared to options (Mdif = .495, p< .001) and repeat
(Mdif = .805, p< .001). Moreover, the mean score for options was higher than
the mean score for repeat (Mdif = .311, p< .001). Since H2c stated that brand
attitude would be lowest when the chatbot uses repair strategy repeat compared
to options and defer, H2c is supported by the data. Finally, no statistically
significant interaction effect appeared between error type and repair strategy
on brand attitude (F (3.460, 254.330)) = .377, p=.798, partial η2 = .01, with
Greenhouse-Geisser correction). Since H3c stated that defer would have a more
positive effect on brand attitude after excess of information, H3c was rejected.

Ranking. Since all participants were exposed to the within variable repair strat-
egy, we also asked them to rank the three repair strategies on preference. Figure
1 shows that the strategies options and defer were equally ranked first (by 42%
and 41.33% of the participants respectively). The repair strategy repeat was only
ranked first by 16.67% of the participants, as opposed to 54.67% who ranked the
strategy third. This implies that the repair strategies options and defer were
considered best compared to repeat.

2 This finding should be interpreted with caution since the additional mixed ANOVA
revealed that this main effect disappeared when age was included as covari-
ate (F (1.694, 247.268) = .984, p = .364, partial η2 = .007 (small effect), with
Greenhouse-Geisser correction).
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Fig. 1. Participants preferred repair strategies

Thematic analysis. A the-
matic analysis with an induc-
tive approach was performed
to analyze the results of the
open-ended questions. Partic-
ipants indicated that the re-
pair strategy repeat was inef-
fective and annoying. It was
mentioned that not all users
could easily rephrase their
questions and that there is
a possibility of ending up in
an endless cycle of rephras-
ing questions with the chat-

bot asking to rephrase again. On the other hand, participants also highlighted
the positive aspects of the strategy repeat, such as that it could provide faster
answers instead of being redirected to a human employee (i.e., defer). Regard-
ing the repair strategy defer, it was frequently mentioned that redirecting to a
human customer service employee can be slow and that this is one of the major
disadvantages of this repair strategy. Participants indicated that when using a
chatbot, it is preferred that the request is resolved quickly. However, when deal-
ing with complex questions, participants preferred defer since they had more
trust in the human employee to resolve the request. Some participants stated
that they strongly preferred talking to a person over a chatbot because they
found interacting with a human agent to be more customer-friendly. Partici-
pants also shed light on the strategy options. They indicated that this strategy
is easy and fast. However, participants also mentioned the negative aspects of
this repair strategy. They stated that there are limited options which can mean
that the correct answer is not listed or that the listed options do not fully match
the customer’s request.

5 Discussion

This research aimed to investigate errors and conversational repair strategies
in customer service chatbot interactions and their impact on user satisfaction,
trust, and brand attitude. Study 1 analyzed chatbot conversations from a real
customer service context in public transportation, identifying six content-related
error types corresponding with the error tags as described in previous literature
[34]. The most common content-related error types that appeared in the sample
were excess of information and ill-formed. Although Sanguinetti et al. [34] found
the error ignoring question most often, other patterns in Table 2 were similar.
Consistent with repair strategies mentioned in previous literature [1,2,8] this
corpus study’s findings revealed five repair strategies used for repairing conver-
sational breakdowns, with the defer and repeat strategy emerging as the most
commonly used repair strategies.
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Study 2 focused by means of an experiment on users’ perceptions regarding
three of these errors and three repair strategies. The findings revealed no sig-
nificant difference in user satisfaction, trust, and brand attitude between error
types. However, there was a significant difference in the participants’ perception
of repair strategies regarding brand attitude and trust. In accordance with our
expectations, the defer strategy scored highest on both measures followed by
the options strategy and lastly the repeat repair strategy.

Similarly, the ranking of the repair strategies showed participants’ preference
for the defer and options repair strategies over the repeat strategy, revealing a
discrepancy between the organization’s actual usage of repair strategies (as ob-
served in Study 1) and participants’ expressed preferences (as observed in Study
2). Specifically, next to the repair strategy defer, Study 1 demonstrated that
the organization employed the repair strategy repeat frequently during customer
interactions while the strategy options was least used. This contrast could be
attributed to several factors. Firstly, the organization’s choice of repair strat-
egy might have been driven by operational considerations, system limitations,
or default settings in their chatbot implementation. After all, redirecting cus-
tomers to a human employee (i.e., defer) or simply repeating the initial message
(i.e., repeat) are easier to implement in a chatbot conversation than showing the
bandwidth of the chatbot that needs to be checked after every chatbot update
(i.e., options). Second, participants in Study 2 might have perceived defer and
options as more effective and user-friendly based on their individual experiences
and/or preferences (i.e., personalization and prompt resolution). Nevertheless,
this finding underscores the importance of incorporating user feedback to meet
customer expectations and preferences.

Surprisingly, the study’s findings did not support all our expectations. No ev-
idence was found for the hypothesis that user satisfaction would be lowest when
the chatbot employs the repair strategy repeat, followed by options, and subse-
quently defer. On the contrary, the current study’s findings reported an increase
in user satisfaction regardless of the repair strategy used. This finding might be
due to the fact that all three screenshots of fictional conversations, containing
both an error type and a repair strategy, showed resolved customer requests. This
could have led participants to believe all strategies would work equally effectively,
explaining the lack of differences observed. Furthermore, contrary to our third
hypothesis, the results indicate no significant interaction between error type and
repair strategy in relation to user satisfaction, trust, and brand attitude. These
findings suggest that different types of errors do not necessitate specific repair
strategies, and any repair strategy can be equally effective regardless of the er-
ror type. Nonetheless, it remains crucial to select appropriate repair strategies
to prevent or mitigate the negative consequences of conversational breakdowns
[1]; unfortunately, the current study did not include a control condition in which
no repair strategy was shown to investigate the added value of the presence of a
repair strategy compared to its absence in a chatbot conversation. Furthermore,
further research is desired to examine the interplay between chatbot errors and
repair strategies. After all, our study only examined a selection of the potential
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errors and repair strategies. A follow-up study could not only examine the inter-
play between other error types and repairs but also the realism of the materials
can be improved by enabling participants to interact with a real chatbot instead
of observing screenshots to imitate a true chatbot experience for participants.

Finally, another limitation of the study concerns the generalizability of the
findings. Both studies focused on the public transportation industry; the cor-
pus study even only contained chatbot conversations of one specific organization
which hampers the representativeness of the identified errors and repair strate-
gies. Also, convenience sampling was used for the recruitment of participants in
the online experiment, and the average age of the participants differed per group.
The ecological validity of the findings can be enhanced by involving true cus-
tomers of an organization in the study, for example by means of A-B-tests on the
organization’s website or within their test panel. This way, not only customers’
perceptions of the chatbot and the organization can be investigated after the
occurrence of an error and repair strategy, but also their true behaviors within
the chatbot conversation by content analyzing the chatlogs afterwards.

6 Conclusion

This study contributes valuable insights for optimizing customer service chatbots
by selecting appropriate repair strategies after the occurrence of an error. The
content analysis revealed that six different content-related error types can oc-
cur and that organizations can include five different repair strategies in chatbot
conversations. The results of the online experiment imply that users’ percep-
tions of trust and brand attitude can be influenced most positively by the repair
strategy defer, followed by options, and lastly repeat, regardless of the error
type that occurred. These findings confirm that a user’s experience with a cus-
tomer service chatbot not only impacts chatbot metrics but also organizational
outcomes [38]. In addition, the analysis of the open-ended questions regarding
participants’ preferences for specific repair strategies revealed a clear inclination
towards defer when dealing with complex inquiries, despite its potentially slower
process. It can therefore be assumed that there is a connection between the na-
ture of customer requests and the effectiveness of defer as a repair strategy for
addressing complex issues and delivering satisfactory solutions. By recognizing
this relationship, organizations can optimize their customer service chatbots to
better handle intricate queries, ultimately enhancing user satisfaction and trust.
After all, since chatbots are still not able to handle all customer requests and
chatbot breakdowns remain a fact of life, knowledge of how these errors can
be repaired by chatbots can ensure that customers will nevertheless leave their
chatbot conversations with a positive experience.
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