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ABSTRACT 
The popularity of task-oriented chatbots is constantly growing, 
but smooth conversational progress with them remains profoundly 
challenging. In recent years, researchers have argued that chatbot 
systems should include guidance for users on how to converse with 
them. Nevertheless, empirical evidence about what to place in such 
guidance, and when to deliver it, has been lacking. Using a mixed-
methods approach that integrates results from a between-subjects 
experiment and a refection session, this paper compares the ef-
fectiveness of eight combinations of two guidance types (example-
based and rule-based) at four guidance timings (service-onboarding, 
task-intro, after-failure, and upon-request), as measured by users’ 
task performance, improvement on subsequent tasks, and subjec-
tive experience. It establishes that each guidance type and timing 
has particular strengths and weaknesses, thus that each type/timing 
combination has a unique impact on performance metrics, learning 
outcomes, and user experience. On that basis, it presents guidance-
design recommendations for future task-oriented chatbots. 
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1 INTRODUCTION 
In recent years, there has been tremendous growth in the use of 
chatbot applications on text-based messaging platforms. In 2018, 
more than 300,000 chatbots were live on Facebook Messenger, and 
were commonly used to transact business [6] in multiple domains 
[28]. Task-oriented chatbots, in particular, are aimed at helping their 
users perform domain-specifc tasks, and can be important tools 
for saving time on repetitive tasks [71]. Perhaps for these reasons, 
"efciency" has been identifed as the most important motivation 
for chatbot use [7–9, 23]. Nevertheless, making efcient progress 
in conversations with chatbots remains a fundamental challenge 
for their users: obstacles to conversation commonly arise from 
the chatbot expressing uncertainty about users’ intentions (con-
versation breakdown; true or false negative) or misunderstanding 
users’ messages (false positive), and providing unexpected messages 
[4, 24, 44, 48]. 

While some obstacles arise from the fact that chatbots’ tech-
nical capability to understand natural language is still evolving, 
research has suggested that it sometimes results from people’s over-
estimation or other misunderstanding of their chatbot’s capability 
[37, 38, 44, 48, 55]. To reduce such gaps in understanding, various 
scholars have recommended providing specifc guidance on how to 
interact with a system [33, 38, 61]. Yet, regarding when to provide 
it, there has been inconsistent suggestions. For instance, whereas 
some researchers have highlighted that preventing users from expe-
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users [38, 40, 72]. To date, there appear to have been no empirical 
investigations of the impacts of diferent timings of conversational 
guidance for chatbot users. Thus, it is unclear how the diverse rival 
timings recommended so far would actually be most helpful to 
users using task-oriented chatbots. 

There has also been scant attention to what kind of guidance 
should be ofered at these various guidance-delivery time-points. 
Example-based guidance, for example, has frequently been recom-
mended or adopted in various kinds of intelligent user interface 
[10, 38, 40, 72]. While examples can explain complex concepts easily, 
however, they do not readily indicate the limits of bots’ capability. 
Yet, rules can explicitly state limits of a system’s capability, but 
meanwhile have been found to require a steeper learning curve 
[20, 65]. Given these diferent characteristics, the question of which 
type of guidance is more suitable to provide at particular points in 
time is a potentially complex issue. 

The present study aims to fll these research gaps. Specifcally, 
our objective is to shed light on which of eight combinations of two 
guidance types (Example-based and Rule-based) and four timings 
(Service-onboarding, Task-intro, Upon-request, and After-failure) 
yield better user performance and subjective experience. Accord-
ingly, we developed chatbots equipped with one of the eight possible 
combinations of guidance types and timings, in the expectation that 
they would allow us to answer the following research questions: 

• RQ1. Which combination of guidance type and timing en-
ables users to a) complete their tasks more efciently, b) 
make better conversational progress, and c) improve their 
performance during subsequent chatbot use? 

• RQ2. What are users’ subjective experiences of each of these 
combinations? 

In addition, to facilitate the design of future task-oriented chat-
bots, we asked a third research question: 

• RQ3. What are users’ desired characteristics for the com-
bination of a chatbot-conversation guidance type and its 
timing? 

To answer these questions, we used a two-phase mixed-methods 
approach, which was a mixture of an experiment and refection 
sessions that allowed us to obtain quantitative results to answer 
RQ1, and qualitative results to answer RQ2 and RQ3. This paper 
makes four main contributions to the literature as follows: 

• It identifes overall patterns of task performance and im-
provement by chatbot-conversation guidance type, includ-
ing that example-based guidance yields better initial task 
performance but poor task-on-task improvement, and that 
rule-based guidance yields weak initial task performance but 
more improvement. 

• It reveals overall patterns of task performance among guid-
ance timings, including that providing guidance as soon as 
a task is introduced generally yields good performance in 
overall tasks, and that providing it upon request generally 
yields poor performance in the case of initial tasks. 

• It ascertains that specifc guidance type/timing combinations 
that lead to particularly high and low task performance and 
improvement, e.g., showing rules after failure is associated 
with excellent performance; showing examples upon request, 

with strong improvement; and showing examples at service 
onboarding, with weak improvement. 

• It provides qualitative insights into the performance and im-
provement of the eight guidance type/timing combinations. 

Based on these fndings, the paper provides design recommen-
dations for the guidance-provision features of future task-oriented 
chatbots. 

2 RELATED WORK 

2.1 Guidance Timing 
Helping users recognize, diagnose, and recover from errors has 
long been viewed as an important heuristic for building good us-
ability [3, 46, 59]. Investigations of how to repair conversational 
breakdowns has been studied in recent years. [4, 24, 77]. Ashk-
torab et al. [4] looked at eight repair strategies, and reported that 
people preferred a chatbot to provide its guesses as to what they 
had meant. However, conversation breakdowns, or non-progresses, 
referred to as users not making conversation progress[48], which 
include misunderstandings [24, 44, 48], may already harm users’ 
conversational experience [39, 70] and may lead to conversation 
abandonment [38, 48]. 

Numerous researchers have recommended managing users’ ex-
pectations by progressively issuing them clear guidance about AI 
capability and functionality [3, 15, 21, 33, 35, 38, 48, 52, 56, 58]. 
Some have focused on the timing of such guidance, and others, on 
the format for expressing it. 

In terms of timing, some researchers have recommended that 
guidance be provided at the start of the interaction. For example, 
Amershi et al. [3], in their guidelines for human-AI interaction, 
suggested that an AI system should state its capabilities and func-
tionalities at the initial stage of the interaction. Similarly, Jain et 
al. [38] interviewed 16 frst-time users of several chatbots about 
areas that stood in need of improvement. As well as after a failure 
occurred, their participants said that they wanted to access informa-
tion on the chatbots’ capability and functionality either explicitly 
at the start of the interaction, or on demand at any time, in the form 
of examples. Unfortunately, neither Amershi et al. nor Jain et al. 
clearly explained when they deemed interactions to have started, 
or when the “initial” part of an interaction ended. 

Nielsen [59], on the other hand, recommended that an interface 
guidance should always be accessible to users; and Langevin et al. 
[46] likewise suggested that chatbot systems should guide users by 
clarifying their capabilities throughout an interaction. Yet, proactive 
guidance may be unexpected, annoying and/or distracting [12, 14, 
62], so providing users with guidance upon request might be more 
in line with their expectations [22]. 

However, while the research reviewed above has usefully re-
vealed perceptual aspects of users’ guidance-timing preferences, 
the question of whether catering to such preferences would yield 
empirically better communicative outcomes remains unanswered, 
despite a high proportion of chatbots use being outcome-focused 
[7, 9, 23]. 

One study highly relevant to the present one focused on VUIs 
[40], where a Wizard of Oz experiment was conducted to com-
pare task performance and user satisfaction across three conditions: 
proactive guidance, reactive guidance, and a no-guidance baseline. 
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Their participants were asked to complete a food-ordering task 
three times, once for each experimental condition. The researchers 
found no signifcant diference between these two guidance tim-
ings in terms of task performance. In their interviews, however, the 
participants commented that when using a VUI for the frst time, 
proactive guidance would help them, but that over the long term, 
they would prefer on-demand guidance. Complementing this prior 
work, our study examines three timings for proactive guidance, and 
it suggests that each combination of a guidance type and a guidance 
timing has specifc efects on users’ progress in chatbot communi-
cation, which have not previously been identifed or discussed in 
the chatbot literature. 

2.2 Guidance Types 
Prior research has indicated that people tend to converse with 
chatbots using their existing mental models of communication 
[37, 38, 44, 48, 55]. This means that they may regard a conversa-
tional user interface as anything from a human-like agent that can 
understand natural languages, to a system only capable of deal-
ing with a series of predetermined commands and syntax [2, 19]. 
Accordingly, we conducted a broad review of the literature not 
only on example-based and rule-based instructions, but also in 
the spheres of syntax and language learning, including work on 
computer programming and query formulations for information-
retrieval (IR) systems, even where it was not explicitly related to 
the use of chatbots. 

Taking example-based instructions frst, a considerable number 
of studies have shown that providing explicit problem-solution 
examples generates worked-example efects [66, 67], which help 
people acquire skills by decreasing their cognitive load. However, 
the positive impact of example-based learning depends on how 
well learners generate their own explanations of why the example 
works, and generalize such understanding to other problems they 
later face [68]. The quality of this generalization process has been 
found to be rooted in individuals’ pre-existing problem-solving 
ability [16, 63]. Therefore, various researchers have argued that 
providing specifc principles-based guidance (similar to rule-based 
guidance) is as important as providing examples [5, 64, 65, 69]. 

In the specifc case of English writing acquisition, Kyun et al. [45] 
demonstrated that students who were exposed to worked examples 
learned signifcantly more than those who were exposed to no 
guidance. Similarly, Ellis [20] found that examples helped second-
language (L2) learners achieve competence faster than rules did. 
Yet, the same study reported that explicitly stating rules facilitated 
these learners’ broad understanding of the language and thus, their 
grammar performance; and recommended that both examples and 
rules be used in L2 learning contexts. Similar to these results, our 
study also showed that rule-based guidance generally led to more 
improvement in task performance. 

Examples and rules have both been highlighted as efective scaf-
folding for learning IR (e.g., [76]). Halttunen [30, 31] used both 
examples and query-formulation cues for this purpose, and found 
that providing feedback alongside such guidance could help stu-
dents learn and query more efectively than a traditional IR learning 
environment, in which the tutor was the only source of instruction. 

In programming-related research, programming by example is 
a powerful paradigm that alleviates the complexity of learning by 
demonstrating actions concretely [13, 34, 57]. Researchers have also 
found that, when learning an application programming interface 
(API), programmers adopting either a concept-oriented or a code-
oriented learning strategy would like to read information about 
parameters [49]; and documentation serves as a good reference 
both for why programming issues happen and how to address them 
[53]. Example-based and rule-based guidance are both prevalent in 
such documentation currently. 

These two broad types of guidance have also been explored in re-
search on human interaction with intelligent systems. For example, 
Waa et al. [74] compared rule-based and example-based explana-
tions of an Explainable AI system that generated explanations for 
decision support systems (DSS), and found that while the example-
based ones were better at encouraging people’s compliance with 
the system’s advice, rule-based explanations helped the partici-
pants more accurately identify decisive issues in DSS’s feedback 
messages. Similarly, Stumpf et al. [73] showed that regarding feed-
back of an E-mail spam flter system, rule-based feedback was more 
understandable than, and preferred by users over, similarity-based 
feedback, which is being comparable to example-based guidance) . 

However, despite the large body of evidence that rule-based 
guidance is as valuable as example-based guidance, various kinds 
of intelligent user interfaces continue to recommend or incorporate 
example-based guidance only (e.g., [10, 38, 40, 72]). 

Research investigating the efects of diferent combinations of 
guidance type and timing to help users of task-oriented chatbot has 
hitherto been rare to nonexistent. This mixed-methods study flls 
that gap by investigating the efectiveness of eight combinations 
of guidance timing and type in assisting the users of task-oriented 
chatbots to communicate with them smoothly, as measured by 
task-execution performance, the promotion of learning, and users’ 
subjective experience. 

3 METHODS 

3.1 Chatbot and Tasks 
Our target tasks were based on two dimensions: task context and 
complexity. We designed two contexts, one related to arranging 
travel and the other to movie booking, both of which have been 
extensively used in prior chatbot research [4, 38, 47, 50]. For each 
context, we developed chatbots that handled tasks at three levels of 
complexity, based on Campbell’s proposition [11] that the more re-
quirements the task involves, the higher its complexity. Specifcally, 
the low-, medium-, and high-complexity tasks required four, six, 
and eight pieces of information to accomplish, respectively. The 
detailed task requirements can be seen in supplementary materials. 

The chatbots in this study were built on IBM Watson platform 
1. We developed versions of the movie and travel chatbots specifc 
to each of nine guidance conditions, i.e., eight combinations of 
guidance type and guidance timing, plus a control group that re-
ceived no guidance. Our conversation-design process was based on 
a synthesis of the guidance ofered by multiple chatbot platforms 
[26, 29, 36, 54]. We gathered candidate travel and movie tasks from 

1https://www.ibm.com/watson 

https://www.ibm.com/watson
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(a) (b) (c) (d) 

Figure 1: English translation of example dialogue snippets in medium-complexity tasks with chatbot guidance: (a) the movie 
chatbot with rule-based guidance and service-onboarding timing; (b) the movie chatbot with rule-based guidance and task-intro 
timing; (c) the travel chatbot with example-based guidance and after-failure timing; (d) the travel chatbot with example-based 
guidance and upon-request timing. 

websites that ofer these services and identifed the information 
that completing such tasks would require. Then, we generated sam-
ple dialogues for each task, diagrammed the conversation fows, 
and iterated the conversation-fow design and content with several 
pilot participants. In building our language-understanding model, 
we brainstormed 20 training phrases that had varying formats and 
contained varying numbers of entities. In addition, the chatbot was 
designed to allow the user to enter multiple pieces of information 
in one utterance, in their own desired order. It was also designed to 
recognize users’ intent to break of communication, and to provide 
options for them to exit the conversation fow when that happened. 

3.2 Study Design and Chatbot Guidance 
This study’s four selected guidance timings and two guidance types 
(see Figure 1) were based on the foregoing review of the relevant 
literature. Each is defned below. 

Guidance Timings 

• Service-onboarding (ONB): The user receives the guidance 
along with a brief introduction to the chatbot at the start of 
the service. 

• Task-intro (TASK): The user receives the guidance at the 
start of any task, irrespective of whether s/he has used the 
same chatbot system before. 

• After-failure (FAIL): The user receives the guidance after the 
chatbot indicates that it does not recognize his/her intent. 

• Upon-request (REQ): The user receives the guidance after 
requesting it, either by clicking a “Help” button or via their 
own typed utterance. 

Guidance Types 

• Example-based (EXMP): The user receives an example of an 
utterance that can be understood by the chatbot, with an 
average length of between 39 and 68 Chinese characters 2. 

• Rule-based (RL): The user receives between one and four 
rules of syntax and format, depending on the task, in a bullet-
pointed format and a random order. All rules were decided 
based on the natural language processing limitations of IBM 
Watson, as carefully checked by the research team. These 
rules consisted of reminders to avoid using abbreviations, 
specifc formats for dates and times, and the preferred order 
of requested information (e.g., departure city frst, in the case 
of airline-ticket requests). 

The above guidance types and timings resulted in eight possible 
guidance type/timing combinations (i.e., 2 types x 4 timings), each of 
which is abbreviated in the remainder of this paper using a "timing-
type" format (i.e., ONB-EXMP, ONB-RL, TASK-EXMP, TASK-RL, 
FAIL-EXMP, FAIL-RL, REQ-EXMP, and REQ-RL). Moreover, we 
examined one condition in which participants received no guidance, 
resulting in nine experimental conditions in total. 

3.3 Participants 
A total of 126 people, 63 male and 63 female, aged between 20 and 
45 (M=26), participated in the study. They were recruited via the 
main social-media platforms in Taiwan, including PTT, Dcard, and 
Facebook groups. All participants provided their demographic in-
formation and familiarity with chatbots[4] when answering our 
2Each task had its own unique example. However, in the service-onboarding timing 
condition, all three examples of the tasks they might perform using that chatbot were 
simultaneously presented, rather than (as in the other three timing conditions) just 
the example of the one task they were trying to execute at that moment. 
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online sign-up questionnaire. Taking together self-reported prior 
chatbot usage experience, i.e. 0 or 1, and familiarity with chatbots, 
i.e. 1 to 5 on a fve-point Likert scale, half (n=63) reported high 
familiarity with chatbots, and the remaining reported low famil-
iarity. Participants’ backgrounds were balanced when they were 
assigned to the nine conditions, via a semi-randomization approach 
[27]. Each participant received NT$300 (approximately US$11) as 
compensation for their participation. 

3.4 Study Procedure 
The study took place face-to-face in a laboratory environment, with 
each participant attending alone (Figure 2). 

3.4.1 Phase 1: Between-subjects Experiment. First, they were in-
formed about the study process and signed a consent form, which 
included permission for audio and screen recording during the en-
tire study. They were next asked to perform a warm-up task to 
familiarize themselves with the keyboard they would be using and 
the experimental environment. In the warm-up task, they were 
given a task script (similar to those for the actual experimental 
tasks), which asked them to reserve a table in a restaurant, and 
then to converse with a conversation agent in a blank document. 
As well as keyboard familiarization, this allowed us to observe how 
each participant talked to a conversational user interface. 

Next, the Phase 1 between-subjects experiment was executed 
on a desktop computer. The host frst informed the participants 
that they should treat the chatbot as they would do in any casual 
setting, and that therefore, they could abandon a task when/if they 
decided they did not want to use a chatbot to complete it. Then, the 
participants took part in two trials. In the frst trial, the participants 
performed a total of six closed-ended tasks, three (of three diferent 
complexity levels) on one movie chatbot, and the other three (also 
of three diferent complexity levels) on one travel chatbot. The 
order of the context and of the complexity were partially counter-
balanced, following Gravetter et al.[27]. During a given person’s 
conversations, the chatbot provided just one of the eight guidance 
combinations to assist them in accomplishing their tasks (or no 
guidance, in the case of the control group). 

After the frst trial was fnished, the participants took a fve-
minute break. Then, in the second trial, they performed the same 

(a) (b) 

Figure 2: The laboratory set up: (a) a participant interacting 
with the chatbot via a desktop computer; (b) a participant 
looking at printed screenshots of the conversational context 
of each guidance combination, and arranging them based on 
his preferences. 

number and kinds of tasks, with slight variations in the task de-
scriptions and requested information, with the same guidance 
type/timing combination of chatbot guidance as before. The pur-
pose of this was to examine whether they could successfully ac-
complish similar tasks based on what they had learned in the frst 
trial. 

After fnishing both trials, the participants flled out an online 
questionnaire, in which they rated their satisfaction with the guid-
ance [33] on fve-point Likert scales. The phase 1 took 30–40 min-
utes. Then, they moved on to Phase 2, the refection study. 

3.4.2 Phase 2: Reflection Study. The purpose of the refection study 
was to capture the participants’ perceptions, attitudes, preferences, 
and concerns about each guidance combination. It started with 10-
to 15-minute semi-structured individual interviews, in which the 
participants were asked to review their conversation histories with 
the chatbot and walk us through their thoughts. Next, we showed 
them the eight guidance modalities that they had not been exposed 
to in Phase 1, and had them rank all nine in order of personal prefer-
ence. Then, we carefully probed their rationales for these rankings. 
Lastly, the participants were asked to refect on the combinations 
and modify their rankings if they felt it necessary. Throughout, we 
also asked them about their desired/ideal characteristics for chatbot 
guidance. This ranking process took 20–30 minutes. 

3.5 Measures 
3.5.1 Performance Metrics. In Phase 1, we recorded three perfor-
mance metrics: task success, task-completion time, and number of 
non-progress events (following Li et al. [48]). Additionally, given 
that learnability is an important aspect of usability of an interactive 
system [60] and one that has previously been used for assessing 
whether a conversational user interface allows users to achieve 
successful interaction [52], we also measured learnability of the 
chatbot. Specifcally, for each metric, we measured individual par-
ticipants’ improvement between the two sets of trials, as a proxy 
for system learnability [1]. 

A participant was defned as having succeeded in a task only 
if all three of the following criteria were met: 1) the task was not 
abandoned, 2) all task requests were fulflled, and 3) the number of 
non-progress events was less than four. We set three as the upper 
limit of non-progress events based on prior conversation analysis by 
Li et al. [48], which established that this was the typical maximum 
number of such events a user could tolerate without them leading 
to service abandonment. Efciency was measured based on task-
execution time. Non-progress events were counted following Li et 
al.’s [48] defnition, i.e., when the participants became aware that 
the chatbot could not recognize or had mis-recognized their intent. 
However, it should be noted that efciency and non-progress events 
were only measured for tasks that were successfully completed. 

3.5.2 Post-Study Scales. The participants rated their satisfaction 
with the guidance they had received on fve-point Likert scales 
translated into Mandarin from the Explanation Satisfaction Scale 
[33]. Due to our research purpose, this research focused on under-
standability, feelings of satisfaction, and the perceived usefulness 
of the guidance/timing combinations. 
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Table 1: Regression table for fxed efects (df=727). The group with the lowest number of successes (in this case, the Control 
group) was coded as the reference group. *p<.05, **p<.01, ***p<.001 

Trial1 Trial2 

Guidance Estimates SD Z p Estimates SD Z p 

(Intercept) 
REQ-EXMP 
Upon-request Rule 
FAIL-EXMP 
FAIL-RL 
ONB-EXMP 
ONB-EXMP 
TASK-EXMP 
TASK-RL 

1.386 
0.455 
0.697 
0.855 
1.098 
0.861 
0.208 
1.795 
0.656 

0.486 
0.609 
0.627 
0.651 
0.686 
0.648 
0.579 
0.849 
0.624 

3.971 
0.747 
1.111 
1.314 
1.600 
1.328 
0.359 
2.114 
1.053 

0.004 ** 
0.455 
0.267 
0.189 
0.110 
0.184 
0.720 
0.034 * 
0.293 

2.354 
0.845 
2.152 
0.348 
0.149 
2.119 
1.116 
1.063 
0.716 

1.095 
0.863 
1.205 
0.780 
0.772 
1.206 
0.897 
0.881 
0.828 

2.149 
0.979 
1.787 
0.446 
0.193 
1.756 
1.244 
1.207 
0.864 

0.032 * 
0.328 
0.074 
0.656 
0.847 
0.079 
0.214 
0.228 
0.388 

Task order 0.164 0.086 1.912 0.056 0.000 0.101 0.005 0.993 

3.6 Data Cleaning and Analysis 
We obtained the aforementioned performance metrics via data cod-
ing of screen-recordings and chat logs. Specifcally, three coders 
coded a sample comprising 2% of the full dataset and discussed 
and revised the coding protocol until consensus was reached. Then, 
another 2% of the full dataset was used as a pilot test of the coding 
schema’s reliability, and the same iterative process of discussing 
and resolving disagreements completed again. After that, the coders 
tested their revised codes with a sample comprising 10% of the re-
maining 96% of the data. Lastly, the coders divided the fnal 108 
participants’ data into three equal groups of 36 and coded them inde-
pendently. The code book covered both categorical and continuous 
attributes. Krippendorf’s Alpha [32, 43, 51] was used to guaran-
tee the reliability of the categorical attributes, which included 1) 
whether the participant gave up, 2) whether s/he completed all task 
requirements, and 3) whether his/her data should be removed, such 
as because the study instructions were not followed, or because 
there was no chatbot output due to Internet instability. The Krip-
pendorf’s Alpha value for “gave up” was .71, for the “requirements 
complete” was .91, and for “data removed” was .71, all of which 
were comfortably above the reliability threshold of 0.67 [42]. 

We ensured the reliability of the continuous attributes, task 
time and number of non-progress events, by calculating intraclass 
correlation coefcients (ICCs) [41], using a single-rater, consistency, 
two-way mixed model with three raters across the test dataset. The 
ICC value we obtained for task time was .93, and for the number 
of non-progress events was .94, suggesting that reliability of these 
continuous attribute codes was excellent. 

Because they met the criteria for our code “data removed”, 35 
tasks were eliminated from the complete set of 1,512. A further 
95 were then removed because they failed to meet the criteria for 
our code “task success”, leaving a pool of 1,382 tasks for efciency 
analysis. 

Since each participant performed 12 tasks in the experiment, we 
used mixed-regression models to analyze the performance metrics 
to take random efects into account for individual diferences. We 
also took account of the impact of task order. To examine the exper-
imental manipulations’ infuence on task time and the number of 

non-progress events, we used linear regression. As task-completion 
time is not normally distributed, we took the logarithm of raw task-
completion time and transformed it into a log-normal distribution 
to enable linear regression [18]. And for task success, which was a 
binary metric, logistic regression was used. As for the post-study 
questionnaire, since each participant only contributed one sample 
point, we used one-way analysis of variance (ANOVA) to analyze 
the satisfaction scores. Finally, for the guidance type/timing combi-
nation rankings, we conducted Friedman test [25] and Wilcoxon 
signed-rank tests [75] as post hoc tests. 

For qualitative analysis, we adopted the afnity diagramming 
[17]. This process yielded high-level themes relating to how guid-
ance types and guidance timing afected the participants’ behaviors 
and perceptions, and to the impact of use context. 

4 QUANTITATIVE RESULTS 
Our study design made it likely that, in some tasks, the partic-
ipant would not see any guidance: i.e., because s/he did not re-
quest any guidance in the upon-request timing condition, or did 
not encounter failure that triggered a guidance in the after-failure 
timing condition. Sometimes, however, participants failed to no-
tice guidance that appeared, or saw it but chose not to read it. 
By group, the percentages of the participants who self-reported 
seeing guidance that appeared were 100% for Task-intro/Example 
and Service-onboarding/Example; 92.9% for Task-intro/Rule; 85.7% 
for Service-onboarding/Rule; 71.4% for Upon-request/Example and 
Upon-request/Rule; 57.1% for After-failure/Example; and just 35.7% 
for After-failure/Rule. These distributions should be borne in mind 
when interpreting some of the task-performance results. 

4.1 Task Success 
The TASK-EXMP group successfully completed most tasks on av-
erage (M=5.79, SD=0.43), and the control group, the least (M=5.00, 
SD=1.47). We ran logistic regression on task success in Trail 1, and 
most guidance combinations did not difer signifcantly from each 
other, the sole exception being the TASK-EXMP group and the 
control group (Z=2.11, p=0.034). In Trial 2, none of the pairwise 
comparisons revealed signifcant diferences (Table 1). 
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Figure 3: (a) Boxplot of the task-completion times for each task in Trial 1 (orange) and Trial 2 (peach). Numbers represent 
the medians for each guidance/timing combination; (b) Boxplot of the participants’ improvement in task-completion times. 
Numbers represent the median for each guidance/timing combination. 

4.2 Task-completion Time 
4.2.1 Task-completion Time in Trial 1. Task execution time was the 
average time a participant spent on each successfully completed 
task. On average in Trial 1, this was 79.8 seconds (SD=48.8) over-
all, 57.2 seconds (SD=38) for the low-complexity tasks, and 120.2 
seconds (SD=63.1) for the complex ones. Interestingly, as shown 
in Figure 3a, most tasks with example-based guidance took the 
participants less time to complete in Trial 1 than their rule-based 
counterparts did. The only exception was the FAIL timing, in which 
those who received rules rather than examples completed the task 
an average of 7.6 seconds faster. We speculate that the generally 
higher efciency of the example-based groups was due to many par-
ticipants in those groups copied-and-pasted the example provided 
in their own tasks. The FAIL-RL group, as well as being markedly 
faster than its FAIL-EXMP counterpart, was the fastest group over-
all, with its participants completed task signifcantly faster than 
the REQ-RL (t(112.06)=3.10, p=0.002), REQ-EXMP (t(118.03)=2.43, 
p=0.022) and TASK-RL groups (t(112.40)=2.31, p=0.022) completed 
theirs. In part, this was because in 146 of their 154 successful tasks, 
the FAIL-RL participants did not encounter any conversation error 
that triggered guidance. The average task-completion time of these 
successful tasks was 58.7 seconds (SD=31.6), whereas for those in 
which at least one conversational error happened, it was 140.1 sec-
onds (SD=99.9), i.e., more than twice as long. Moreover, 64.3% of 
the participants in the FAIL-RL group never saw guidance during 
any of their 12 tasks. The fact that these participants did not spend 
any time reading guidance could explain why their group had the 
highest overall efciency. 

Among the example-based groups, participants in TASK-EXMP 
and ONB-EXMP spent signifcantly less time completing their 
tasks than those in the REQ-RL group (TASK-EXMP vs. REQ-RL: 
t(113.42)=2.45, p=0.016; ONB-EXMP vs. REQ-RL: t(113.08)=2.18, 

p=0.031). This suggests that showing participants an example be-
fore they interacted with the chatbot enabled them to complete 
tasks more efciently, probably because they could apply the pro-
vided example earlier in the task process. 

4.2.2 Task-completion Time in Trial 2. As shown in Figure 3b, par-
ticipants in all guidance type/timing groups improved their task-
completion times between Trial 1 and Trial 2. The average im-
provement was 17.3 seconds (SD=8). On average, in Trail 2, the 
participants spent 63.6 seconds (SD=35.1) completing each task, 
ranging from 47.3 seconds for the least complex ones (SD=19.7) to 
90.3 seconds for the most complex ones (SD=41). 

As well as this overall improvement, the participants’ perfor-
mance in Trial 2 showed a dramatic change in group-specifc trends, 
as compared to Trial 1. Specifcally, we found that the participants 

Table 2: Mean and Standard Deviation of the Task Completion 
Time per task. 

Trial1 Trial2 Overall 

Guidance Mean SD Mean SD Mean SD 

Control 84.77 55.72 68.18 40.25 76.24 48.93 
FAIL-EXMP 77.62 51.91 68.50 38.43 73.09 45.79 
FAIL-RL 68.11 35.61 51.54 25.70 60.15 32.23 
ONB-EXMP 75.87 45.97 71.06 42.83 73.45 44.34 
ONB-RL 80.03 42.62 56.70 23.35 67.82 36.84 
TASK-EXMP 69.93 35.96 58.67 26.74 64.30 32.09 
TASK-RL 84.70 50.13 60.46 23.50 72.50 40.80 
REQ-EXMP 88.43 58.89 66.49 37.39 77.15 50.08 
REQ-RL 91.12 56.05 70.02 43.02 80.18 50.67 

https://t(113.08)=2.18
https://t(113.42)=2.45
https://t(112.40)=2.31
https://t(118.03)=2.43
https://t(112.06)=3.10
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Table 3: Regression table for fxed efects. The group that took the longest to complete the task (here, the Upon-request/Rule 
group) was coded as the reference group. *p<.05, **p<.01, ***p<.001 

Trial1 Trial2 

Guidance Estimates SD df Z p Estimates SD df Z p 

(Intercept) 
REQ-EXMP 
Control 
FAIL-EXMP 
FAIL-RL 
ONB-EXMP 
ONB-RL 
TASK-EXMP 
TASK-RL 

1.973 
-0.023 
-0.035 
-0.075 
-0.114 
-0.08 
-0.045 
-0.102 
-0.029 

0.031 
0.038 
0.038 
0.037 
0.037 
0.037 
0.038 
0.037 
0.037 

206.193 
120.323 
118.931 
114.986 
112.059 
113.078 
119.747 
111.114 
114.725 

64.274 
-0.594 
-0.927 
-2.022 
-3.095 
-2.179 
-1.196 
-2.777 
-0.783 

0.000 *** 
0.554 
0.356 
0.046 * 
0.002 ** 
0.031 * 
0.234 
0.006** 
0.435 

1.917 
-0.018 
-0.117 
-0.008 
-0.004 
-0.003 
-0.078 
-0.057 
-0.034 

0.049 
0.039 
0.039 
0.039 
0.039 
0.038 
0.038 
0.038 
0.038 

588.100 
110.590 
115.416 
113.999 
110.725 
110.055 
110.903 
109.684 
111.785 

39.363 
-0.471 
-2.998 
-0.205 
-0.102 
-0.073 
-2.041 
-1.498 
-0.881 

0.000 *** 
0.639 
0.919 
0.838 
0.003 ** 
0.942 
0.044 * 
0.137 
0.380 

Task order -0.02 0.005 572.924 -4.366 0.000 *** -0.014 0.004 586.162 -3.188 0.002 ** 

in example-based guidance groups did not improve their task-
completion times as their counterparts in the rule-based groups did, 
with the REQ groups being the only exception. This implies that 
example-based guidance allowed users to perform tasks efciently 
from the start, but did not substantially help them learn how to use 
the chatbot. In contrast, particularly large improvements were made 
by the members of the ONB-RL, TASK-RL, and REQ-RL groups; 
and in comparisons against the ONB-EXMP group in particular, 
these diferences were statistically signifcant (ONB-RL vs. ONB-
EXMP: t(117)=-2.57, p=0.012; TASK-RL vs. ONB-EXMP: t(117)=-
2.751, p=0.007; REQ-RL vs. ONB-EXMP: t(117)=-2.932, p=0.004). 

It should be noted here that our statistical analysis of improve-
ment was conducted on a participant level (i.e. whether a given 
individual’s task completion time improved in Trial 2 as compared 
to Trial 1) rather than on a task level. This was because there was 
no one-to-one correspondence between tasks: the order of the tasks 
was randomly assigned, and some participants successfully accom-
plished fewer tasks in Trial 1 than in Trial 2. Probably because 
this level change shrank the sample size, we did not see as many 
improvement results that reached the .05 signifcance level. Yet, we 
regard some improvements as noteworthy, even where no statisti-
cal signifcance was found. For example, participants had markedly 
more improvement in REQ-EXMP than in other example-based 
groups. This implies that showing examples when requested might 
yield better learning outcomes than showing examples at other 
times. Likewise, the least improvement was among members of 
the ONB-EXMP group. As seen in Figure 3b, more than half the 
participants in that group spent more time on Trial 2 than on Trial 
1. ONB-EXMP was also the only group for which average improve-
ment was negative. 

4.3 Number of Encountered Non-progress 
4.3.1 Number of Non-progress Events, Trial 1. The overall trend in 
non-progress was similar to that of task-completion time. Partici-
pants on average encountered 0.25 non-progress events per task 
(SD=0.61), ranging from 0.17 on the least complex tasks (SD=0.51) 
to 0.38 for the most complex ones (SD=0.72). As Figure 4a shows, 
most of the eight guidance groups encountered signifcantly fewer 

non-progress events than the control group in Trial 1, the excep-
tions being the REQ groups, which, as mentioned in the previous 
section, were also two of the worst-performing groups in terms 
of task-completion time. Both TASK groups and the ONB-EXMP 
group encountered the fewest non-progress events, and signif-
cantly fewer than the control group (TASK-EXMP: t(113.83)=-3.68, 
p<0.001; TASK-RL: t(117.38)=-3.25, p=0.002; ONB-EXMP: t(115.77)=-
3.19, p=0.002). Participants in both REQ-EXMP and REQ-RL also en-
countered relatively more non-progress events, with REQ-RL group 
encountered signifcantly fewer than TASK-EXMP(t(112.89)=-2.139, 
p=0.011). 

4.3.2 Number of Non-progress Events, Trial 2. Despite the partic-
ipants having had relatively few conversational failures in either 
trial, we still observed change in the number of non-progress events 
between trials. The overall trend remained similar to that of task-
completion time. Whereas participants in all rule-based guidance 
groups encountered fewer non-progress events in Trial 2 than in 
Trial 1 (ONB-RL: M=-0.03, SD=0.40; TASK-RL: M=-0.06, SD=0.23; 
REQ-RL: M=-0.21, SD=0.40; FAIL-RL: M=-0.07, SD=0.21), partic-
ipants in three of the four example-based guidance groups did 

Table 4: Mean and Standard Deviation of Number of Encoun-
tered Non-progress per task. 

Trial1 Trial2 Overall 

Guidance Mean SD Mean SD Mean SD 

Control 0.54 0.94 0.3 0.66 0.42 0.82 
FAIL-EXMP 0.27 0.64 0.39 0.80 0.33 0.73 
FAIL-RL 0.19 0.53 0.11 0.41 0.15 0.48 
ONB-EXMP 0.18 0.45 0.40 0.69 0.29 0.59 
ONB-RL 0.28 0.59 0.27 0.63 0.27 0.61 
TASK-EXMP 0.12 0.46 0.16 0.54 0.14 0.50 
TASK-RL 0.17 0.41 0.12 0.39 0.14 0.40 
REQ-EXMP 0.34 0.70 0.15 0.49 0.25 0.62 
REQ-RL 0.40 0.75 0.22 0.59 0.31 0.67 

https://t(115.77
https://t(117.38)=-3.25
https://t(113.83)=-3.68
https://t(117)=-2.57
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Table 5: Regression table for fxed efects. The group that encountered the most non-progress events in a single task (i.e., the 
Control group in the case of Trial 1, and the After-failure/Example group for Trial 2) was coded as the reference group. *p<.05, 
**p<.01, ***p<.001. 

Trial1 Trial2 

Guidance Estimates SD df Z p Estimates SD df Z p 

(Intercept) 
Control 
FAIL-EXMP 
FAIL-RL 
ONB-EXMP 
ONB-RL 
TASK-EXMP 
TASK-RL 
REQ-EXMP 
REQ-RL 

0.508 
-

-0.267 
-0.351 
-0.363 
-0.26 
-0.418 
-0.372 
-0.196 
-0.131 

0.096 
-

0.115 
0.114 
0.114 
0.116 
0.114 
0.115 
0.117 
0.115 

212.5 
-

117.623 
114.791 
115.768 
112.231 
113.83 
117.379 
112.781 
117.039 

5.272 
-

-2.33 
-3.079 
-3.184 
-2.237 
-3.678 
-3.238 
-1.675 
-1.144 

0.000 *** 
-

0.026 * 
0.003 ** 
0.002 ** 
0.027 * 
0.000 *** 
0.002 ** 
0.097 
0.255 

0.530 
-0.102 

-
-0.291 
0.007 
-0.134 
-0.236 
-0.286 
-0.250 
-0.181 

0.144 
0.113 
-

0.114 
0.112 
0.112 
0.112 
0.112 
0.114 
0.111 

603.203 
120.022 

-
114.872 
114.365 
115.238 
116.192 
114.093 
114.718 
112.348 

0.677 
-0.896 

-
-2.557 
0.061 
-1.198 
-2.116 
-2.541 
-2.192 
-1.630 

0.000 *** 
0.372 
-

0.012 * 
0.951 
0.233 
0.036 * 
0.012 * 
0.030 * 
0.106 

Task order 0.009 0.014 571.239 0.644 0.520 -0.014 0.013 0.000 -1.086 0.278 

(a) (b) 

Figure 4: (a) Bar chart of the non-progress events encountered in each task, by trial. The numbers represent the means for each 
combination. A bar chart instead of a boxplot was used here because in the majority of tasks, the number of non-progress 
events was zero; (b) Bar chart of improvement in non-progress events. Numbers represent the mean for each guidance/timing 
combination. 

not show as much improvement, or even experienced more non-
progress in Trial 2 than in Trial 1 (ONB-EXMP: M=+0.22, SD=0.29 
, TASK-EXMP: M=+0.04, SD=0.24; REQ-EXMP: M=-0.30, SD=0.40; 
FAIL-EXMP: M=+0.14, SD=0.51). In particular, the ONB-EXMP 
group encountered the largest increase in non-progress events 
in Trial 2. This performance was signifcantly worse than that of 
the REQ-RL group (t(117)=3.24, p=0.002), the REQ-EXMP group 
(t(117)=3.28, p=0.001), the FAIL-RL group(t(117)=2.41, p=0.018) and 
the control group (t(117)=3.34, p=0.001). The increase in non-progress 
encountered by the FAIL-EXMP group was also signifcantly larger 

than that in the REQ-RL group (t(117)=2.45, p=0.016), the REQ-
EXMP group (t(117)=2.48, p=0.014) and the control group (t(117)=2.54, 
p=0.012). 

These results suggest that presenting example-based guidance 
after failure and at service onboarding may not help the participants 
learn how to use the chatbot efectively. 

In contrast, both REQ groups showed a distinct trend of improve-
ment, as they also had in terms of task-completion time; that is, 
they encountered signifcantly fewer non-progress events in Trial 
2 than in Trial 1. This again suggests that showing guidance after 
the user requested it improved their subsequent performance. In 
particular, showing examples upon request was associated with the 

https://t(117)=2.54
https://t(117)=2.48
https://t(117)=2.45
https://t(117)=3.34
https://group(t(117)=2.41
https://t(117)=3.28
https://t(117)=3.24
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Table 6: Guidance/timing combinations’ preference ranking scores and relative frequencies of being ranked in the top-three 
and bottom-three preferred combinations. Higher rank scores represent greater preference 

Scenario Median Mean SD 
Relative frequency of 
top-three placement 

Relative frequency of bottom-three 
placement 

TASK-EXMP 8 7.33 1.81 71.43% 5.56% 
REQ-EXMP 6 6.10 1.99 43.65% 10.32% 
TASK-RL 6 5.94 2.22 44.44% 19.05% 
ONB-EXMP 5 5.33 2.44 41.27% 27.78% 
REQ-EL 5 5.25 2.04 31.75% 23.81% 
ONB-RL 5 4.94 2.17 23.02% 25.40% 
FAIL-EXMP 3 4.32 2.32 22.22% 51.59% 
FAIL-RL 3 3.93 2.12 15.08% 51.59% 
Control 1 1.87 2.08 7.14% 84.92% 

largest improvement among the example-based guidance groups, 
and this improvement was signifcantly larger than that of both 
the FAIL-EXMP group (t(117)=-2.54, p=0.012) and the ONB-EXMP 
group (t(117)=-3.33, p=0.001). REQ-RL participants also achieved 
substantial improvement, which was also signifcantly larger than 
that of the FAIL-EXMP group (t(117)=-2.45, p=0.016) and the ONB-
EXMP group (t(117)=-3.24, p=0.002). It should also be noted that the 
REQ groups’ improvement did not equate to substantially better 
performance than the EXMP groups in Trial 2, because the for-
mer encountered relatively more non-progress events in Trial 1. In 
other words, their more marked improvement merely led them to 
converge to a similar level of non-progress as the EXMP groups 
by the end of the experiment. The control-group members also 
made large improvements, but likewise, this did not lead to no-
tably high performance in Trial 2, due to their initially high level 
of non-progress. 

Overall, the TASK-EXMP, TASK-RL, and FAIL-RL remained the 
top-performing groups as measured by fewest non-progress. 

4.4 Rankings 
The participants’ rankings of their ideal combination of guidance 
type and timing were quite diverse. Each combination, and the 
control group, had its advocates, and all of the nine were ranked 
in the top three and in the bottom three by at least one partici-
pant. However, there was still a relatively clear pattern in their 
preferences. 

We computed the preference score for each guidance type/timing 
combination from all participants by assigning nine points to each 
person’s favorite, and one point to his/her least favorite. The aver-
age scores of all combinations are shown in Table 6. The table also 
shows the frequency with which each combination was placed in 
participants’ top-three and bottom-three positions. A Friedman test 
[25] indicated that diferences among the rankings were statistically 
signifcant (�2(8)=320.188, p<.001). Post hoc pairwise comparison 
was conducted using Wilcoxon signed-rank tests [75] with Bonfer-
roni correction 

The Wilcoxon tests showed that TASK-EXMP was unarguably 
the most-favored guidance type/timing combination. As well as be-
ing the highest overall, its score was signifcantly higher than those 
of all the other combinations (TASK-EXMP vs. TASK-RL: Z=4.91, 

p<.001; vs. REQ-EXAMP: Z=5.53, p<.001; vs. REQ-RL: Z= 6.132, 
p<.001; vs. ONB-EXAMP: Z=6.905, p<.001; vs. ONB-RL: Z=7.02, 
p<.001; vs. FAIL-EXAMP: Z=7.76, p<.001; vs. FAIL-RL: Z=7.71, 
p<.001; vs. Control: Z= 9.37, p<.001). The frequency with which 
TASK-EXMP was placed in the top three was also overwhelming: 
nearly 28% greater than the next highest contender, REQ-EXAMP. 

The least preferred combinations were ONB-RL (M=4.94, SD=2.17), 
FAIL-EXMP (M=4.32, SD=2.32), and FAIL-RL (M=3.93, SD=2.12), 
all of which scored only better than the control group (Control vs. 
ONB-RL: Z= - 7.755, p<.001; vs. FAIL-EXMP: Z= -7.265, p<.001; vs. 
FAIL-RL: Z= -7.01, p<.001). The two FAIL groups were both ranked 
in the bottom three by nearly half of the participants. FAIL-RL – 
which had enabled the participants to complete tasks more ef-
ciently than any other guidance/timing combination – was only 
ranked in the top three 15% of the time, and received the lowest 
ranking overall. 

Another pattern was that the example-based guidance combina-
tions received signifcantly higher preference rankings than their 
rule-based counterparts only at the TASK and REQ timings (TASK: 
Z=4.905, p<.001; REQ: Z=3.33, p<.001). Example-based guidance at 
the ONB and FAIL timings, on the other hand, received preference 
rankings similar to their rule-based counterparts (ONB: Z=1.281, 
p=.20; FAIL: Z=1.745, p=.081). The fact that ONB-EXMP and FAIL-
EXMP were not more favored than their rule-based counterparts 
resonated with their poorer performance in helping participants 
learn the chatbot, as described in the previous sections. Finally, 
within a given guidance type, the participants generally liked re-
ceiving guidance at the TASK timing the most, and at FAIL the 
least. 

4.5 Satisfaction 
Only those participants who had seen guidance completed the 
Explanation Satisfaction Scale. ANOVA showed signifcant main 
efects of guidance type/timing combination on understandabil-
ity (F (7)=3.21, p=.005) and usefulness (F (7)=2.39, p=.029). Tukey 
post-hoc testing revealed that TASK-EXMP was rated signifcantly 
higher than ONB-RL for understandability (4.86±0.4 vs. 3.67±1.1, 
p=.03<.05). For usefulness, REQ-EXMP was rated signifcantly more 
useful than the FAIL-RL (4.9±0.3 vs. 3.4±1.3, p=.048<.05). We did 

https://p=.048<.05
https://p=.03<.05
https://F(7)=2.39
https://F(7)=3.21
https://t(117)=-3.24
https://t(117)=-2.45
https://t(117)=-3.33
https://t(117)=-2.54
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not observe any statistically signifcant diferences in satisfaction 
ratings. 

5 QUALITATIVE FINDINGS 
Below, we present the qualitative data related to task efciency frst, 
followed by those on learning how to use the chatbot; the specifcs 
of guidance/timing combinations; and other desired characteristics 
of guidance. 

5.1 Task Efciency 
Most participants expressed concern about efciency. Some said 
that they would rather use other alternatives if a task-oriented 
chatbot did not allow them to efciently complete the task. As P44 
put it, “If I feel like using it does not make me more efcient, then I 
rather book the tickets via a website.” Participants tended to conceive 
of efciency in three aspects: time, physical efort, and cognitive 
efort. The frst refers to spending less time on completing the tasks; 
the second, to typing as few words or performing as few actions as 
possible; and the third, to using fewer mental resources to process 
or think about how to complete the tasks. The participants wanted 
to complete the tasks in as few turns as possible to save time, such 
as by “providing all relevant information in one message” (P17), so 
that they could “use the minimum number of conversations [i.e., 
conversational turns] in the shortest time to get the information” they 
wanted (P23). As P79 noted, “The [example] guidance just showed 
me how to put all information like date, location, and my task in one 
sentence, so that I didn’t need to fgure this out for myself.” To these 
participants, “If one message would sufce, I’d just use one” (P25). 

In terms of physical efciency, 28.6% (16/56) participants who 
received the example-based guidance tended to copy-and-paste the 
entire example, and then change only the key details, so that they 
would have to type fewer words and thus avoid feeling “tired” (P46). 
Some participants mentioned that this copy-and-pasting strategy 
also reduced their cognitive efort in processing how to compose a 
message, resulting in better cognitive efciency. P15, for instance, 
said: “I just needed to change 12/1 to 10/10, which did not cause me 
any burden because I didn’t have to think; it’s like editing a template”. 
The common use of this strategy underlay the participants’ dislike 
of examples presented at service-onboarding, because that timing 
meant they needed to “keep scrolling up” (P37) to access the guid-
ance. P36 specifed that service-onboarding examples were inferior 
to those that appeared upon request, saying of the latter: “I can 
immediately see them when I open them, and I just copy them.” 

Several participants also mentioned that examples were easier 
to understand and absorb because, as compared to rules, they were 
more “colloquial” (P20, P22, P34). In contrast, rules were regarded 
as demanding comprehension and transformation into one’s own 
words, which was “more troublesome” (P116). 

Despite the efciency gains generally associated with the copy-
and-paste method, several participants said that it made them inat-
tentive, occasionally resulting in more time being spent on repairing 
their conversations, because they had “missed some information and 
had to start over” (P116). On the other hand, some participants pre-
ferred processing less text, and thus preferred rule-based guidance. 
As P92 noted, “I still think examples look ‘blah-blah’. I don’t want 

to read them unless I can’t type anything myself.” In contrast, rule-
based guidance was deemed cleaner and more organized, and made 
some participants feel “less impatient and irritated” (P97). 

5.2 Improvement in Performance 
Learning how to use the chatbot was also something that many 
participants said they cared about. Example-based and rule-based 
guidance each played a distinctive role in helping them with such 
learning. 

Regarding example-based guidance, participants mentioned that 
they were not sure how to interact with the chatbot at frst. There-
fore, example-based guidance served as a good point of reference 
for message framing, fow, and elements. This helped them under-
stand “what a message should be like” (P94), “what to put in the 
message frst” (P14), and “what information is needed” (P65). As 
P52 said, examples “let me understand how [the chatbot] works, so 
that I have a clearer and concrete picture. After knowing this, I just 
need to follow the rules”. P89 also explained that concise rules might 
not be sufciently specifc about the wording, terms, and format 
possibilities that users would wonder about: “Like searching for 
seats in a certain period, it only mentions the format for times, but 
does not mention other time-related keywords that you should use 
in the message.” P23 likewise said he hesitated about whether to 
use commas or spaces to separate statements, because this was not 
mentioned in the rules. In short, despite their specifcity, examples 
demonstrated how a message should be built and what elements 
are essential to it. 

On the other hands, the participants perceived the rule-based 
guidance as allowing them to learn how to “quickly modify their 
expressions” (P67) and save time that they might otherwise have 
spent dithering “among the many formats” that could be used. As 
P92 said, “having this rule helps [. . .] I will not be wondering ‘How I 
should put this to allow the chatbot to recognize it?’” Similarly, P9 
explained, “It’s easy to mix up date and number, or some special rules 
which you may not know in advance. Indicating where I might make 
a mistake saves me a lot of trouble.” 

More importantly, many participants mentioned having to pro-
cess and make sense of rules, and then think about how to compose 
a message on their own, which they did not need to do when guid-
ance was example-based. As P15 commented, “I need to comprehend 
the rules frst and then convert them into sentences. It’s not like us-
ing my own way to say it, but making sense of the rules and then 
producing what [the chatbot] needs.” Similarly, P95 said: “Examples 
are more like scenarios, which are easier to understand. But rules are 
something you have to digest”. Despite requiring more time and 
efort initially, such processes over time enabled participants to 
communicate with chatbots more smoothly than their counterparts 
who tended to copy example-based guidance. 

Participants often mentioned that rules-based guidance is more 
helpful in the long run, because rules would be more applicable 
than examples across disparate tasks and even diferent chatbots, 
assuming that they shared similar, if not entirely identical, under-
lying mechanisms for understanding language. For example, P79 
explained, “Rules are more generalizable and universal. It works for 
looking up times, movie tickets, and so on.” P23 also commented: “ 
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[Rules-based guidance] lets me customize my messages, and is there-
fore much better than giving me a specifc example.” 

Finally, when guidance was provided upon request rather than 
upfront, many participants were inclined to explore the chatbot’s 
capabilities by composing messages on their own frst, instead of 
requesting examples or rules right away. P61 provided an explana-
tion for this exploratory approach.: “It’s like you buy a new vacuum 
and you don’t want to check the manual but try it frst. [. . .] It’s 
probably because I was confdent in myself using [this chatbot].” 
Possibly due to such preferences for and/or confdence in a trial-
and-error approach, the participants took longer time to complete 
tasks with upon-request guidance. However, possibly also due to 
this exploration process, participants had great improvements in 
task performance. 

5.3 Diferent Feelings and Perceptions about 
Guidance at Diferent Timings 

Finally, echoing our quantitative results about how specifc guid-
ance/timing combinations had diferential efects on task perfor-
mance and improvement, our qualitative results show that the 
participants had feelings and perceptions that were unique to each 
such combination. 

5.3.1 Rules-based Guidance Seen as Reminders, vs. a Manual, vs. 
Maxims. Several participants noted that rules-based guidance pre-
sented after conversational failures served more as a reminder or 
an error message, indicating where the message might have gone 
wrong, as opposed to guidance presented upfront, which served 
more as a manual for how to use the system (P124). P15 commented, 
“it’s nice when the chatbot tells me [its] rule after I make a mistake, 
as I feel like I’m being advised by the chatbot so I know how to move 
on.” However, among those participants who perceived after-failure 
rules as error messages, some reported negative feelings such as 
frustration and worry. P52 said, “It made me think of the red warn-
ing text box [. . .], and made me feel kind of frustrated and caught 
of-guard”. Similarly, it made P70 “feel quite alarmed,” as well as 
that the chatbot was “somewhat pushy”. 

On the other hand, rules-based guidance presented at service 
onboarding made some participants feel that the rules were maxims 
(P120) that they must obey when using the service. When they 
perceived the rules as communication maxims or orders to obey, 
participants tended to regard them as infexible, as well as somewhat 
“impolite” (P124). As a service is supposed to encourage more usage, 
but rules at onboarding were perceived as having the opposite 
efect: i.e., discouraging use unless the rules were followed (P18), or 
the user passed a test (P91). As P18 put it, “I’ve not even started using 
it yet! It made me feel that the chatbot might have strict limits, and 
would give me errors if I typed something.” P91 powerfully critiqued 
the service-onboarding timing as not like interaction, “but more 
like taking a test, and you need to pass a lot of them to get its help”, 
which was “very troublesome.” 

5.3.2 Example-based Guidance Seen as Template, vs. Sign of a Dif-
ferent Mentality, vs. Visual Cluter. Examples were generally seen as 
templates that could be adapted to users’ own tasks, or reference ma-
terials about how sentences can be composed to be understood by 
the chatbot. As P96 noted, “Examples should be provided at the very 

beginning, so people can have a template, or like an easy guidebook 
to follow, especially for the kids or elderly”. Nonetheless, participants 
reacted to examples diferently when they perceived it as arriving 
late, i.e., after failures. Specifcally, many participants did not feel 
that seeing examples after failure helped them to recognize their 
conversational mistakes, because they were "not specifc enough" 
(P25). Some even felt that they were being tricked or mocked: as 
P39 put it, “I feel like I am being played by the chatbot; [...] I’m taking 
lots of turns to interact with it, and then it tells me that I can say 
everything in one sentence. Why didn’t it tell me earlier, then?” 

Seeing examples only after they had strived to construct sen-
tences in their own ways, but failed to make the chatbot understand 
them, made some participants realize that they were talking to 
“someone” with a diferent mentality. As P23 explained, “When I 
found out that it failed to understand my message then told me how 
a message should look, I was thinking ‘Your message was actually 
not as good as mine’ [. . . ] I’d be a little annoyed when it showed 
me something that should have failed but worked. [. . .] Then you 
realize that you’re not its audience; the way you talk to it is not the 
way it is intended to be used.” P104 also complained, “Must I type 
exactly the same as yours [i.e., the example] to make you get my 
meaning?”). Interestingly, when examples were presented upfront, 
the participants did not challenge the logic in the same examples, or 
regard them with distaste or suspicion, but instead, tended to adopt 
them wholesale. Therefore, their negative feelings were probably 
provoked by a sense that after-failure examples negated or devalued 
messages they had expended considerable efort in crafting. 

Despite generally preferring that examples be presented earlier, 
the participants thought it important that they not be presented so 
early as to become irrelevant. When seeing example-based guid-
ance presented at service-onboarding, many participants perceived 
the examples as visual clutter and simply skipped over them, char-
acterizing them as excessively long and wordy (P125), not pertinent 
(P116), trivial (92), and/or like “spam text” (P39). As P26 commented, 
“Whenever I see a lot of text while onboarding I would rather skip 
it. It applies to all these examples at onboarding. They take up a lot 
of space, and even occupy half the screen if you use your phone”. 
As a result, most participants said they wished examples would 
be ofered when they “really need them when performing the task” 
(P17). 

6 DISCUSSION 
Our mixed-methods study has yielded rich results regarding the 
empirical efects of eight guidance type/timing combinations, and 
also how users reacted subjectively to the characteristics of specifc 
combinations. Below, we discuss these fndings and their implica-
tions. 

6.1 A Mismatch between Task Performance and 
User Experience 

Our results show that presenting rules after failures, and present-
ing examples at the introduction of a task, allowed participants 
to accomplish their tasks the quickest. However, our participants’ 
perceptions of these guidance type/timing combinations difered 
considerably. Specifcally, the main advantages of presenting exam-
ples at task-intro were 1) allowing the participants to quickly start 
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their task by adapting the provided examples to their own needs, 
and 2) informing them in a timely manner about how they could 
integrate all the requests into a single message. Seeing examples 
at this point in the communication process aided their understand-
ing of the structure of messages that the chatbot could deal with, 
and applying the examples saved them the time they would oth-
erwise have spent guessing about this; and thus, they spent less 
time on their tasks. Probably due to these benefts, the TASK-EXMP 
combination received the highest satisfaction scores. 

In contrast, rule-based guidance provided after a conversational 
failure allowed participants to perform their tasks quickest, but 
they nevertheless placed it last in their preference rankings, sug-
gesting that the participants did not perceive themselves as having 
been helped by this guidance, because they would not see this guid-
ance until they encountered a conversational breakdown. Some 
participants also mentioned that seeing rules after failures was 
like seeing error messages, perhaps another reason for this guid-
ance type/timing combination being disfavored. These contrasts 
between TASK-EXMP and FAIL-RL indicate more generally that 
guidance features that lead to great performance do not neces-
sarily lead to pleasant user experiences. Future chatbot designers 
may wish to consider including both these combinations, especially 
since helping users recognize, diagnose, and recover from errors 
is a widely acknowledged heuristic to help them accomplish their 
tasks [46, 59]. 

6.2 Examples Warranted a Good Start, whereas 
Rules Promoted Understanding 

Our results show that, in Trial 1, when example-based guidance was 
provided early – i.e., either at task-intro or service-onboarding – the 
participants performed better than when rule-based guidance was 
provided at those time-points. As discussed above, this was because 
examples were more concrete to be adapted to the tasks. Examples 
were also considered more likely to contain specifc details needed 
when composing a message, many of which were not included 
in the rules. Nevertheless, participants’ performance, whether in 
terms of task-completion time or number of non-progress events, 
did not improve between trials in most example-based guidance 
groups. We observed that this was because many participants just 
lightly modifed the examples, without thinking about the chatbot’s 
underlying mechanisms, or how such mechanisms impacted how 
users’ messages ought to be written, therefore they did not beneft 
from the worked-example efect [68]. 

In contrast, rule-based guidance led participants to take more 
time to execute tasks initially. However, probably due to repeated 
rehearsals of this higher level of processing, members of most rule-
based guidance groups displayed signifcant improvement in their 
tasks in Trial 2. Indeed, some of the rule-based groups, despite 
having had inferior performance to the example-based groups with 
the same timings in Trial 1, performed better than them in Trial 2. 

While multiple prior studies of intelligent user interfaces have 
recommended adopting examples as guidance content [10, 38, 40, 
72], our results suggest that showing examples upfront may prompt 
chatbot users to simply adapt the examples to their immediate 
needs, rather than truly processing them as guidance. While this 
approach can boost their time efciency, at least in the short term, 

it does not necessarily help them to develop a mental model of 
the chatbot and its capabilities. The distinct advantages of these 
two types of guidance have been mentioned in other felds, such as 
language learning [20], and our results show that these distinctions 
also hold when it comes to guiding people’s communication with 
task-oriented chatbots. 

6.3 The Timing of Providing Examples Matters 
Our results also confrm the importance of guidance timing. While 
Jain [38] recommended that examples should be provided during 
every phase of chatbot interaction, our quantitative results indicate 
that example-based guidance delivered at diferent timings led to 
diferent task-efciency and varying degrees of task-to-task im-
provement. In particular, we found that examples received during 
service onboarding were widely misperceived as not pertinent, and 
thus were not read carefully. Probably for this reason, the ONB-
EXMP group improved the least between trials of any group, and 
its number of non-progress events actually increased from one 
trial to the next. Moreover, when attempting to apply examples to 
tasks, participants in the ONB condition found it inconvenient to 
repeatedly scroll up to the guidance. Therefore, while some prior 
work [3, 38] concluded that guidance should be placed at the initial 
stage of interaction, the present study specifcally clarifes that the 
example-based guidance would be better provided at the introduc-
tion of the task and not at service-onboarding. 

Among the example-guidance groups, in contrast, the most 
between-trial improvement was seen when the guidance was pro-
vided upon request. This was because the participants could best 
absorb this type of guidance when they actually needed assistance. 
Some also seemed to pride themselves on exploring the chatbot’s ca-
pabilities without any guidance for as long as possible – an approach 
that naturally reduced the incidence of the copy-and-paste strategy 
discussed above. Such strategy enabled the participants to make 
sense of the mechanism of the chatbot, via the worked-example 
efect [66–68]. This seems to contradict the fndings of Kirschthaler 
et al. [40], who compared the efectiveness of proactive and reactive 
guidance on VUIs and reported no signifcant diference between 
the two. However, they did not distinguish example-based from 
rule-based guidance, or have their participants undertake a series 
of diferent tasks. 

Finally, presenting example-based guidance after failure resulted 
in worse performance and less improvement. This result is un-
derstandable, since one main advantage of examples is serving as 
templates for users’ own messages to the chatbot, and not showing 
examples until after failure negates this advantage. It also led some 
participants to feel “played” by the chatbot, which could have fed 
FAIL-EXMP into receiving one of the worst ranking outcomes. 

All in all, these results suggest that the timing of the provision of 
example-based guidance is crucial not only to users’ performance 
but also to their subjective experience of chatbot use. 

6.4 Implications for Chatbot Guidance Design 
Our results have three key high-level implications. First, there was 
no clear “winner” in either the guidance type or timing. Instead, 
it is clear that choices of both type and timing should depend on 
the purpose of the guidance: chiefy, facilitating task execution vs. 
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promoting learning. Second, despite there being no “best” guidance 
type or timing, there were specifc combinations that we would rec-
ommend against practitioners adopting: notably, showing example-
based guidance at service-onboarding and after-failure. However, 
there may be specifc cases in which even these combinations would 
be highly suitable, but which were simply not covered by our study. 
Third, in line with our study’s original purpose, it is indeed ben-
efcial to leverage the strengths of both example- and rule-based 
guidance at specifc timings, tailored to chatbot designers’ various 
needs. 

One example of such tailoring is as follows. A chatbot provider 
can decide whether to make example-based guidance visible upon 
request, or visible at all times. Although the former requires an 
extra step by the user, it will encourage more exploration of the 
chatbot’s capability, and thus promote learning among those users 
who want to explore. Importantly, for users who may have a need 
to accomplish a particular task as soon as possible, making the guid-
ance button available at all times is important. It should be noted, 
however, that users may tend to neglect such buttons; thus, we 
recommend that the text introducing each task explicitly indicate 
where the user can access examples. More advanced systems could 
detect the device in use and the user’s recent transportation activ-
ity3 to determine whether the user would be efciency-oriented or 
exploration-oriented at any given time-point. To accelerate task exe-
cution, such chatbots could even proactively shift to example-based 
guidance when they detect that the user is on the go. 

It might also be desirable for example-based and rule-based guid-
ance to be integrated together: e.g., each with its own button, located 
side by side, or in successive paragraphs, such as by listing rules 
frst and then showing an example of how to compose a message 
using them. If the chatbot is complex and involves a number of 
rules, these should be presented progressively – e.g., with more 
detailed/advanced rules provided only upon further request – to 
avoid overwhelming the user. 

Even in such a setup, however, we would recommend that a 
concise subset of key rules, perhaps in the form of a list of “common 
mistakes”, be provided at task introduction in place of a long list 
of rules. It might even be worthwhile to list the most crucial rules 
as early as service-onboarding, but only if they are generalizable 
to multiple tasks; otherwise, users are likely to perceive them as 
visual clutter, and only skim or even ignore them. Whenever the 
conversation fails, the chatbot should provide rule-based guidance, 
framed as a reminder of where messages are most likely to go 
wrong. If the purpose is to help users efciently accomplish tasks, 
we suggest the chatbot also provide likely options for users to 
proceed, following Ashktorab et al.’s [4] recommendation. 

To sum up, this set of recommendations is based on an as-
sumption that guidance should serve not only to facilitate the 
immediate task at hand, but also to help build mental models 
of the chatbot to support the user’s completion of subsequent 
tasks. Diferent kinds of task-oriented chatbots will inevitably be 
used in diferent contexts, with some being more likely to be used 
on-the-go and on the phone, and others in static, desktop set-
tings. Thus, it is important that practitioners take context of use 
into account when determining whether guidance should be more 

3e.g., via the physical-activity sensors available from both Android and iOS 

efciency-directed or learning-directed. However, we would argue 
that learning-directed guidance is more scalable and sustainable, 
given that service providers may, at any time, expand their task sets 
or develop additional chatbots for delivering specifc services. Em-
powering users to better understand the mechanisms underlying 
their chatbots will also make the former less reliant on examples 
when performing such new tasks, and working with such new 
chatbots. In the long run, as more conversational user interfaces be-
come available, the better users understand them, the less common 
non-progress events will be. Thus, a good combination of guidance 
types and timings is likely to make a positive contribution to all 
chatbot services, not just the one that provides it. 

7 LIMITATIONS AND FUTURE WORK 
The current paper is subject to the following limitations. First, it was 
a lab-based study, in which the participants were using the chatbots 
under conditions moderated by the researchers. Thus, they might 
not have not been using these systems as naturally as they would in 
real life. Second, in the refection phase, participants generated their 
rankings after seeing example conversations of the other combina-
tions, rather than actually using them. It is likely that their rankings 
would have difered at least somewhat if they had used them in the 
experiment. Third, despite our high-complexity tasks involving the 
entry of eight pieces of information, most participants managed to 
accomplish most tasks without encountering many conversational 
failures. Thus, the high efciency we report for the after-failure 
timing might be an overestimate. Future research could usefully 
seek to replicate this study with more difcult and complex tasks. 
Fourth, the design tasks were limited to scenarios in two domains: 
movies and fights. As such, our fndings may not be generalizable 
to other application areas (e.g., business, insurance, or support). 
Fifth, each participant only undertook two trials in total. Therefore, 
we cannot make claims about the participants’ longer-term learning 
outcomes. Sixth, we did not explore the efectiveness of diferent 
content for the two types of guidance, and recommend that future 
research do so. Seventh, our participant pool was young-skewing 
and mostly urban, and thus the results may not be generalizable to 
dissimilar populations of chatbot users and potential chatbot users; 
and the sample size for each condition was relatively small (i.e., 
14), so future researchers should consider a larger sample size. Last 
but not least, a few of our results were not supported by statistical 
signifcance, and thus our conclusions about them can only be ten-
tative. Because this lack of signifcance might have been because of 
sample size, we mentioned all trends we deemed to be noteworthy 
to avoid type II (false-negative) error. Nevertheless, future research 
will be needed to validate any such conclusions. 

8 CONCLUSION 
Task-oriented chatbots have been increasingly popular in recent 
years, especially as complements to existing channels such as mo-
bile apps and websites. As the chronic problem of human-chatbot 
conversational failures is unlikely to be resolved in the near future, 
or easily, it is vital to understand how this emerging medium can 
better support users task accomplishment. Our mixed-methods in-
vestigation of the impact of guidance types and timings on user 
communication with task-oriented chatbots was not only able to 
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identify patterns in the efectiveness of guidance type/timing pair-
ings, but why these patterns were present. This, in turn, enabled 
us to generate a set of design recommendations for task-oriented 
chatbots. While we anticipate that those recommendations can 
beneft chatbot practitioners, we concede that – as the frst study 
of its kind – it is merely a starting point; and we encourage future 
researchers to validate the efectiveness of the proposed designs in 
real-life settings. 
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