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Abstract

Crowd-Powered Conversational Systems (CPCS) are
gaining traction due to their potential utility in a range
of application fields where automated conversational in-
terfaces are still inadequate. Currently, long response
times negatively impact CPCSs, limiting their potential
application as conversational partners. Related research
has focused on developing algorithms for swiftly hir-
ing workers and synchronous crowd coordination tech-
niques to ensure high-quality work. Evaluation stud-
ies typically concern system reaction times and perfor-
mance measurements, but have so far not examined the
effects of extended wait times on users. The goal of
this study, based on time perception models, is to ex-
plore how effective different time fillers are at reducing
the negative impacts of waiting in CPCSs. To this end,
we conducted a rigorous simulation-based between-
subjects (N = 930) study on the Prolific crowdsourcing
platform to assess the influence of different filler types
across three levels of delay (8, 16 & 32s) for Informa-
tion Retrieval (IR) and stress management tasks. Our re-
sults show that asking users to perform secondary tasks
(e.g., microtasks or breathing exercises) while waiting
for longer periods of time helped divert their atten-
tion away from timekeeping, increased their engage-
ment, and resulted in shorter perceived waiting times.
For shorter delays, conversational fillers generated more
intense immersion and contributed to shorten the per-
ception of time.

Introduction
Despite great progress, current artificial intelligence (AI)
and natural language processing techniques are incapable of
dealing with the full complexity of free-form dialogues, of-
ten resulting in conversation breakdowns (Ashktorab et al.
2019). As a solution to AI’s flaws, crowd-powered conversa-
tional systems (CPCS) (Lasecki et al. 2013b; Huang, Chang,
and Bigham 2018) have been proposed. CPCSs are a natural
extension of Wizard of Oz (WoZ) setup (Riek 2012), with
the following key distinctions; a dynamic group of crowd
workers is recruited on-demand to offer responses and vote
for the best ones; workers are motivated to submit responses
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quickly and accurately through a game theoretic reward sys-
tem (Lasecki et al. 2013b). Potentially, CPCSs could be
more robust than current AI in terms of handling interaction
with users in a fluid, multi-turn conversation. A pioneering
example of a CPCS is Chorus (Lasecki et al. 2013b), which
is a text-based conversational agent that assists end-users
in information retrieval tasks by conversing with an online
group of workers in real time. These CPCSs rely (in part or
entirely) on human operation which causes response delays
that are likely to annoy end-users and jeopardize the overall
user experience.

Earlier research in crowd-powered systems has developed
two strategies to achieve fast and reliable answers from the
crowd: on-demand recruitment and synchronous crowds. In
on-demand recruiting, workers’ arrival latency is reduced by
hiring them in advance and engaging them in other micro-
tasks or simply paying them to wait (Bigham et al. 2010;
Bernstein et al. 2011). However, this strategy only helps to
solve the “pre-task” latency, which is the time until a crowd
worker accepts a newly posted task (Haas et al. 2015). An
alternative strategy to reduce the response time is to hire
multiple, synchronous workers simultaneously (Huang et al.
2016; Lasecki et al. 2013a; Abbas et al. 2020a; Lasecki et al.
2013b) and then build coordination schemes to aggregate
answers or utilize first-response strategy to select the first
available answer (Bigham et al. 2010; Abbas et al. 2020a).
However, hiring several workers does not necessarily ensure
a faster response due to a variety of factors, such as poor In-
ternet connection, workers’ slow typing speed, and fatigue.
Another problem is the higher operating budget associated
with hiring multiple workers or paying them for simply wait-
ing (Huang et al. 2016). Furthermore, response delays are
inevitable for some type of tasks, such as Information Re-
trieval (IR) (e.g., Chorus), in which workers have to forge
different information sources on the web to find relevant in-
formation. Evaluation studies in this area have focused pri-
marily on reporting system response times (Lasecki et al.
2013b; Huang et al. 2016; Huang, Chang, and Bigham 2018;
Lasecki et al. 2013a; Huang, Lasecki, and Bigham 2015) and
other performance measures but have yet to explore the ad-
verse effects of long waiting on end-users.

The goal of this study is to mitigate the problem of long
waiting times in CPCS by time fillers; a filler can be any in-
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tervention that helps to divert users’ attention from waiting,
as a result, reducing their perception of elapsed time and/or
the frustration that waiting for a system response may cause.
There is an ample evidence that the subjective sense of wait-
ing is even more crucial than measurable time itself (Hornik
1984; Tognazzini 1993) because non-temporal characteris-
tics of the event may modify the actual duration. As a result,
the advantages of using time fillers that can alter the actual
duration can often be achieved immediately and at no cost
(Harrison, Yeo, and Hudson 2010). Based on time percep-
tion theories, we used seven different types of fillers, divided
into four categories: activity, animation, conversational, and
relaxation fillers. Activity fillers let users to “do something”
while they wait, such as doing secondary tasks or practice
breathing exercises; animation fillers show progress bars or
three-animated dots; conversational fillers include short re-
marks to acknowledge the person about the delay; and fi-
nally, relaxation fillers show nature or urban videos to side-
track users. These fillers were employed in two CPCSs for
IR and stress management tasks with pre-programmed de-
lays of 8, 16, and 32 seconds. We conducted a rigorous
simulation-based between subjects experiment on Prolific
platform, involving 930 unique workers across 48 different
experimental conditions (2 task types x 3 delay levels x 8
filler types including no-filler) to address the following over-
arching research question:

RQ: How do different types of fillers effect a user’s per-
ception of waiting in IR and stress management-based
conversations in the context of a CPCS with response
delays?

Our findings show that:

• When compared to other fillers, a microtask filler that
allowed users to perform simple tasks while waiting re-
sulted in a shorter perceived time, especially in the infor-
mation retrieval tasks.

• Conversational fillers were successful in shifting users’
attention away from waiting, improving engagement, and
making the time seem shorter for short (8s) delays, mind-
ful breathing and microtask were equally useful for mod-
erate (16s) delays, whereas for lengthier delays (32s), mi-
crotask filler was more effective.

• Mindful breathing and progress fillers were found to be
effective in increasing users’ engagement (focused im-
mersion) in both tasks.

• Overall, mindful breathing filler was more enjoyable than
the other fillers.

Background and Related Work
Response Delays in CPCS
Recently, researchers have developed methods to recruit
workers on demand from crowdsourcing platforms and have
created interventions that enable responses in a few sec-
onds, rather than a matter of hours or days as in the past.
Such methods enable researchers to build interactive crowd-
powered systems (Lasecki, Homan, and Bigham 2014).
VizWiz (Bigham et al. 2010) is one of the earliest real-time

crowd-powered system which helps blind users answer vi-
sual questions about their surroundings by sending photos
of objects and audio questions from their phones to crowd
workers.

Regarding CPCS, a pioneering example is Chorus
(Lasecki et al. 2013b), which supports IR tasks. Chorus
lets workers propose responses and vote for one another’s
responses to support a consistent dialogue with end-users.
Field deployments of Chorus show that 25% percent of
the conversations obtained a first answer within 30 seconds
(Huang et al. 2016). Chorus:view (Lasecki et al. 2013a) is a
conversational application, which was built on top of Cho-
rus. Through the use of pictorial questions, it helps visu-
ally impaired users converse with crowd workers about their
environment. In a trial with blind users, Chorus:View was
able to accomplish various tasks with an average response
time of 295s, 351.2s and 182.3s for product detail, infor-
mation finding and navigational tasks, respectively. Evorus
(Huang, Chang, and Bigham 2018) is an automated version
of Chorus that integrates existing chatbots via REST APIs
and learns to select high-quality responses from chatbots
based on past workers’ evaluations of chatbot’s responses.
Guardian (Huang, Lasecki, and Bigham 2015) is a crowd
powered spoken dialogue system that combines web APIs
with crowdsourcing to enhance the scope of open dialogue
systems. In their experiments, the average time required to
receive a response from the Yelp search API was ∼110s.
InstructableCrowd (Huang et al. 2019) is a conversational
system that enables end users to converse with a group of
workers about their requirements for IF-THEN rules. Crowd
workers aid end users by developing IF-THEN rules that are
then executed on their mobile devices. In their experiment,
the average time the system took to create rules was ∼5 min-
utes. Crowd of Oz (CoZ) (Abbas et al. 2020a) crowdsources
conversational tasks to a synchronous group of workers for
social robots. CoZ transcribes user speech and sends it to
crowd workers with Audio-video (AV) feed. The crowd’s
message is then conveyed by Pepper in real time. Their ex-
periment showed response delays of 8.82s, 6.79s, 6.79s and
4.12s with one, two, four and eight workers, respectively.

In summary, while a considerable body of research in
CPCS examines how to reduce the actual system delays or
the workers’ arrival time, little attention has been paid on
how to mitigate the negative effects of extended waiting by
augmenting CPCSs with different filler-interventions. Our
study is aimed at filling this important gap in the literature.

Time Perception Models and Time Fillers
Psychologists have proposed several theoretical models
about how humans estimate time intervals. The attentional
allocation model (Zakay 1989) argues that temporal pro-
cessing requires attentional resources. If more attention is
devoted to time passage while waiting, then the perception
of time is lengthened because it enhances the accumulation
of temporal cues in a cognitive timer mechanism. One way
to reduce the perception of time is to introduce non-temporal
tasks during waiting, which help to draw cognitive process-
ing resources away from timekeeping. As a result, when less
resources are allocated to monitoring time, the accumulation
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of cues in the timer is distrupted, impeding one’s ability to
accurately perceive the time – thus leading to shorter per-
ceived time. In this view, (Agarwal and Karahanna 2000)
introduced the notion of Cognitive Absorption (CA), which
is a state of deep involvement or a holistic experience of a
person with the software. It comprises of five dimensions,
which are firmly linked with the processing of time: tempo-
ral dissociation, focused immersion, heightened enjoyment,
control, and curiosity. For instance, when an external non-
temporal cue is presented to users while waiting, they cannot
accurately register time passage (temporal dissociation), and
their attention is shifted away from timekeeping (focused
immersion), leading to shorter perceived time.

Long waiting times without any feedback can result in
harmful emotions, such as frustration and stress (Schleifer
and Amick III 1989). Therefore, HCI researchers have in-
vestigated the efficacy of different time fillers in situations
when response delays are inevitable. In chatbots, the most
popular strategy to inform that a response is in the mak-
ing, is to make use of typing indicators (e.g., three animated
dots or the message “X is typing”) (Gnewuch et al. 2018).
A closely related strategy is to acknowledge the person with
a short text message (“let me think”) before presenting the
actual answer. These utterances – also known as conver-
sational fillers—have already been shown to moderate the
negative effects of waiting (Shiwa et al. 2008). Furthermore,
progress indicators do not only help to lower the user’s un-
certainty about waiting (Osuna 1985) but also comfort long
waiting times (Harrison, Yeo, and Hudson 2010; Kurusathi-
anpong and Tangmanee 2018); their efficacy has also been
studied for a highly dynamic and roughly estimated duration
(Harrison et al. 2007) – as is the case with nonlinear delays
in CPCS. Furthermore, during a waiting period when peo-
ple cannot switch context to perform other tasks, one can
introduce secondary tasks in those idle times to alleviate the
user’s frustration (Vaish et al. 2014). For instance, when peo-
ple were asked to perform some non-temporal task while
waiting, they perceived the time to be shorter (Hohenstein
et al. 2016). Other researchers have also investigated the ef-
fects of short films about nature and urban settings on time
perceptions; in this view, (Davydenko and Peetz 2017) found
that participants who watched films showing manmade set-
tings perceived the time shorter.

Most of the research in HCI regarding time perceptions
mainly concentrated on the web (Nah 2004), mobile (Wang
et al. 2021) or speech applications (Asthana, Singh, and
Gupta 2015). Within human-chatbot interaction, we are only
aware of one study that explicitly addressed long wait-
ing times through conveying “remaining waiting time” and
“queue status” information when a handover request is made
to a human service representative (Wintersberger, Klotz, and
Riener 2020). Within a CPCS context, the need to study the
effects of time fillers is even more crucial due to the nonlin-
ear and uncertain nature of delays.

Method
We conducted a between-subjects experiment on the Prolific
crowdsourcing platform to study the influence of different
filler types across three levels of delay (8, 16 and 32 s) and

two task types (stress mitigation and IR) on the waiting ex-
perience. Specifically, we compared 48 different conditions:
2 x (task types) × 3 (delay levels) × 8 (filler types). We de-
signed a chatbot for each task type. To better understand
the implications of filler types, we simulated response de-
lays and workers’ responses, as well as restricted users to
just ask prepared questions. The front-end of these bots was
developed using the TickTalkTurk library (Qiu, Gadiraju,
and Bozzon 2020) while the server application was devel-
oped using Flask. The procedures provided in this research
were authorized by the Eindhoven University of Technol-
ogy’s ethics board.

Development of Two Simulated CPCSs
This study focuses on both stress management and informa-
tion retrieval due to the prevalence of these tasks in CPCSs.
For instance, Panoply (Morris 2015) and CoZ (Abbas et al.
2020b) provide on-demand emotional assistance whereas
Chorus (Lasecki et al. 2013b) and Evorus (Huang, Chang,
and Bigham 2018) provide help with IR-related tasks. The
two tasks differ in terms of breadth and depth of focus, dura-
tion, and speed (Grudin and Jacques 2019). We set different
levels of response delays based on a geometric sequence (of
8, 16 and 32s) that was also used in a classic study on user
interface response delays (Butler 1983).

Ustad Bot We created the Ustad bot based on the Roge-
rian principle of active listening (Rogers and Farson 1957)
to simulate stress management tasks with CPCS. It enables
users to chat about their issues without giving specific advice
or solutions for dealing with stress, and it has a set of pre-
pared questions it can ask them. Ustad’s responses were cre-
ated using data from a recent project to construct a comput-
erized motivational interview for stress management (Park
et al. 2019). The dataset contains 220 statements that were
evaluated by therapists using the Motivational Interviewing
Skills Code (MISC) (Miller et al. 2003). Each templated re-
sponse of Ustad was comprised of three short statements; a)
an empathetic response to the user’s problem; b) a high-level
reflection to the user’s problem; c) and a follow-up open
question. To control for confounding factors, such as com-
plexity of user questions and variability in response rates,
we requested participants to role play the fictional character
as precisely as possible when conversing with Ustad. The
fictional character exemplifies an undergraduate university
student who is constantly worried about her school perfor-
mance. We built this character based on a YouTube video
clip1 that depicts a motivational interviewing session be-
tween a client and a counselor.

Talash Bot To simulate IR tasks with CPCS, we built the
Talash bot, which was designed to answer IR queries. To
control the complexity of user input, we provided custom
keyboard options or quick replies that adhered to the cogni-
tive complexity framework’s recommendations (Kelly et al.
2015). We explain further how the Talash bot works in the
Procedure section. The cognitive complexity framework is
based on Bloom’s taxonomy which distinguishes between

1https://bit.ly/2TtvW5x
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Figure 1: In this Figure we depict different filler types that we used. (A-C): This depicts an example of a microtask. While
Ustad (bot) is thinking of an answer, it offers users to solve some microtask in three different categories (Fig. A). Fig. B depicts
an example of a Captcha recognition task while Figure C depicts an example of an image classification task. (D-G) Talash
(bot) initiates a discussion by offering users to choose pre-defined search tasks (Fig. D). After selecting a search task, some
text is automatically generated based on the cognitive complexity framework (Kelly et al. 2015) and displayed in the text field
(omitted from the figure); The user then reads and submits the text. Fig. E depicts an example of a nature filler, Fig. F depicts
an example of a mindful breathing filler and finally, Fig. G represents an example of a progress bar. Other fillers are omitted.

six types of cognitive processes: remember, understand, ap-
ply, analyze, evaluate, and create. These cognitive processes
are ordered based on the amount of effort required to exe-
cute them. For instance, remembering tasks are the simplest
in IR, requiring the user to just identify or recognize a fact
from an information source (e.g., “how many people in the
US are currently living with HIV?”). We adopted simplest
IR tasks because the emphasis was on confronting the nega-
tive users’ waiting experience with filler types; thus, we keep
the complexity of user questions consistent for this study. On
the basis of the dataset of reusable search tasks (Kelly et al.
2015), we chose three distinct remember tasks, one for each
of the three domains: Health, Science & Technology and En-
tertainment. We meticulously created high quality responses
of Talash based on the criteria of appropriateness and help-
fulness (Xu et al. 2017). Full transcripts of a few sample di-
alogues of Ustad and Talash along with other project related
details can be found at this link: https://bit.ly/3DmQcbp

Rationale for Choosing Different Filler Types
Activity Fillers The activity fillers allows end users to
perform some activities when they are waiting for an an-
swer. We included two types of activity fillers: Microtask
filler and mindful breathing filler. Microtask fillers, as the
name implies, enable end users to complete simple micro-
tasks (e.g., image classification) while waiting for responses
from the CPCS. We adopted this idea based on the notion
of low-effort crowdsourcing, which leverages peoples’ pe-
ripheral attention to complete a secondary task that requires
less cognitive demands while they are engaged with the pri-

mary task (Vaish et al. 2014). This notion is quite pertinent
for CPCS where end-users sometimes have to wait a signif-
icant amount of time for an answer from the crowd. Thus,
microtasks can be integrated into such periods of waiting to
elicit relevant crowdsourced data while also acting as a rem-
edy to mitigate the negative consequences of waiting. After
a user enters a response and waits for an answer, the chatbot
requests assistance in addressing some microtasks classified
into three categories: CAPTCHA recognition, image clas-
sification and sentiment analysis (Fig. 1.A-C). The chatbot
only asks this question at the beginning of each new turn and
then it displays related microtasks in succession until an an-
swer is received. For each new turn, the user is allowed to
change type of microtask.

In the mindful breathing fillers, we show different breath-
ing animations at each new turn and ask users to synchro-
nize their breath to the rhythm of these animated breathing
graphics (Fig. 1.F). Although breathing is an unconscious
activity, research shows that if a person consciously controls
his or her breathing, then it helps to curb the effects of stress
(Russo, Santarelli, and O’Rourke 2017), which is very ben-
eficial for the stress mitigation task. Nevertheless, mindful
breathing can be equally useful for IR tasks where precise
time to receive an answer is even more ambiguous, and thus
can cause stress and frustration. When a user enters a re-
sponse in this condition, the chatbot displays the breathing
animation for the duration of the time delay specified.

Relaxation Fillers Relaxation fillers divert users’ atten-
tion away from the wait by playing relaxing movies. They
include two types of videos: nature videos and urban videos.

5



Landscapes, mountains, woods, marine life, animals, and
birds, as well as any other places containing aspects of liv-
ing systems, are included in the nature videos. (Bratman,
Hamilton, and Daily 2012) – Fig. 1.E. A number of studies
have shown that exposure to nature triggers calming effects,
stimulates positive mood and decreases stress (Davydenko
and Peetz 2017; Moreno et al. 2018). Thus, the reason we
included these videos as fillers was to determine whether
a positive mood emerged from watching nature videos can
help to moderate a negative user experience caused by long
waiting in CPCS. In contrast, videos concerning urban or
man-made settings show roads, buildings, bridges, traffic,
and peoples. Recent research has shown that “time feels
faster” when people are exposed to urban settings (Davy-
denko and Peetz 2017). When a user composes and delivers
a response, the chatbot (Ustad or Talash) displays a nature
or urban video for the given time delay. When the chatbot
responds, the video fades out.

Animation Fillers Animation fillers are animated visual
features that help to draw people’s attention and provide aes-
thetic satisfaction. In this category, we chose (a) three ani-
mated ellipses (or three animated dots [...]) and (b) a ribbed
progress bar. The concept of a typing indicator was estab-
lished in human-chatbot conversation to support turn tak-
ing and increase the perceived social presence of chatbots
(Gnewuch et al. 2018). The use of typing indicators ensures
that the response is in the making and thus makes the inter-
action appear more natural with the chatbot (Cameron et al.
2018; Klopfenstein et al. 2017). This is especially true in
CPCS where humans create and curate the response. Typing
indications give users the sense of a real-time chat and can
reduce waiting time.

A ribbed progress bar (Fig. 1.G) has a backward mov-
ing decelerating pattern that gives users the impression that
the bar is moving faster than its actual speed (Harrison,
Yeo, and Hudson 2010; Kurusathianpong and Tangmanee
2018). This type of progress bar has been shown to de-
crease the perceived waiting time when compared to other
types of progress bars (Harrison, Yeo, and Hudson 2010;
Kurusathianpong and Tangmanee 2018). Although the use
of a progress bar is not ideal in scenarios where an exact time
to receive a response is indefinite, researchers have stud-
ied the efficacy of different nonlinear progress bar behaviors
(e.g., acceleration or deceleration) for a highly dynamic and
roughly estimated durations (Harrison et al. 2007). The most
favored nonlinear behavior was found to be the one where a
progress bar was initiated gradually but accelerated towards
the end of an operation to compensate the preliminary ef-
fects of waiting.

Conversational Fillers Conversational fillers or holding
messages are fairly common in human discussions, such
as “hm”, “uh”, or the longer “please give me a moment
to think on what you have said” (Drummond and Hopper
1993). They demonstrate to the interlocutor that she is not
being ignored, and that a response is likely to follow shortly.
We compiled a list of conversational fillers and displayed
them following the user’s response. Conversational fillers
have been successfully employed to mitigate user’s frustra-

tion due to inevitable longer system response time in situ-
ations when actual humans are involved in generating a re-
sponse (Shiwa et al. 2008).

No-Filler In this control condition, we did not show any
filler but the rest of the settings were identical.

Participants
We recruited 931 workers (∼20 for each condition) from the
Prolific.ac crowdsourcing platform. We restricted the exper-
iment to only US and UK workers since our task required
proficiency in English. Out of 930 unique workers, 65%
were female, 33.9% were male, and 0.2% did not disclose
their gender. 77.3% of the workers were from the UK and
the rest were from USA. Their average age was 31.8 years
old (SD=10.5). We estimated and paid £2.0 (£8.00/h) and
£1.25 (£7.50/h) for the stress and IR task, respectively. The
average reward per hour was 9.610 (SD = 1.089) for stress
task and 9.663 (SD = 0.925) for IR task.

Procedure
(1) Consent Upon accepting the task, participants were
asked to read and sign a consent form. This form explained
that the chatbot is powered by hybrid intelligence, which
means that answers are generated by a combination of com-
puter and human input. For ethical reasons (Boden et al.
2017), participants were informed at the end of experiment
that the chatbot’s responses were scripted.

(2) Instructions Workers who read and accepted the con-
sent form were redirected to a detailed instructions page.
Workers from the stress management tasks were presented
with the description of a fictional character that they have to
role-play in the conversation. In case of IR tasks, workers
were presented with instructions about how to interact with
Talash along with the descriptions of the IR tasks.

(3) Conversational Task Workers were directed to the Us-
tad for the stress management task. The Ustad bot initiated
a conversation by greeting users and inviting them to share
their struggles. The user might then discuss their ostensi-
ble problems with Ustad, based on the fictional character’s
description. During the conversational task, workers could
refer to the fictional character’s description for clarification.
After a user sent a response, a filler intervention was pre-
sented until a response was received (Fig. 1.A-D). Finally,
after 4-5 dialogue exchanges, Ustad concluded the discus-
sion with a piece of advice and thanking the users.

The Talash bot initiated the discussion by greeting the
user and allowing them to seek information in three dis-
tinct domains, as previously described (Figure 1.D). Follow-
ing this, users were allowed to select one domain out of the
given three domains (Health, Science & Technology and En-
tertainment). After choosing the domain, the search task was
automatically created and displayed to the users in the text
area based on the dataset provided by (Kelly et al. 2015). Af-
terwards, users could read and send text. Then a filler inter-
vention was shown during a preset delay. The link2 to Ustad
and Talash’s demo videos is given for interested readers.

2https://bit.ly/3xkvl5a
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(4) Exit Surveys Workers were then requested to complete
an exit survey. The measures and hypotheses are discussed
in the next section.

Measures & Hypothesis
Cognitive Absorption Stemming from the seminal flow
literature (Czikszentmihalyi 1990), cognitive absorption
(Agarwal and Karahanna 2000) is a well-grounded and re-
liable theory for understanding “a state of deep involve-
ment with software” (p. 665). This theory has been success-
fully deployed in the past to predict and understand people’s
IT acceptance behaviors (Agarwal and Karahanna 2000). It
comprises of five dimensions: (1) temporal dissociation, (2)
focused attention, (3) heightened enjoyment, (4) control, and
(5) curiosity. Temporal dissociation refers to an individual’s
inability to register the passage of time while interacting
with the software. This dissociation can be achieved with
an external distractor that can distract users from the wait-
ing process and thus impedes their ability to follow the pas-
sage of time. Focused immersion is the experience of total
engagement. If a person performing some activity is fully
immersed with the technology, then the cognitive burden to
accomplish the task is minimized. Thus, if a filler interven-
tion provides some non-temporal cues to users, then less at-
tention is paid to the waiting process and in turn their percep-
tion of time is reduced (Lee, Chen, and Ilie 2012). Height-
ened enjoyment captures the pleasurable aspects of an in-
teraction with the software. When people experience enjoy-
ment in performing an activity, they perceived the waiting
time to be shorter (Lee, Chen, and Ilie 2012; Lee, Chen,
and Hess 2017). Control represents a user’s perception of
being in charge of the interaction. Since CPCS waits are
unpredictable and nonlinear in nature, augmenting CPCSs
with time fillers can help users to feel in control. Curios-
ity is the extent with which the experience arouses an indi-
vidual’s sensory and cognitive curiosity. All constructs were
measured on a seven-point scale (1: “strongly disagree”, 2:
“strongly agree”). The composite reliability coefficients of
the five cognitive absorption dimensions are sufficiently reli-
able ranging from .83 to .93. Based on these considerations,
we form the following hypotheses:

H1: During waiting in a CPCS with a filler, users per-
ceive more temporal dissociation (H1a), focused im-
mersion (H1b), Heightened enjoyment (H1c), control
(H1d) and curiosity (H1e) than a CPCS without a filler.

Furthermore, we hypothesize that allowing users to perform
some non-temporal work, such as exercising mindful breath-
ing or performing microtasks, creates more cognitive ab-
sorption with CPCS as compared to filler types where users
merely observe something on the screen – watching a video
or animation. We can name these fillers as ‘passive’ fillers.
For instance, (Hohenstein et al. 2016) tested the efficacy
of different loading screens on the perceived waiting time.
They found that an interactive animation where users were
asked to “swing the cradle” while waiting resulted in shorter
perceived waiting time and greater satisfaction than passive
animations. Thus, we propose the following:

H2: During waiting in a CPCS with an activity filler,

users perceive more temporal dissociation (H2a), fo-
cused immersion (H2b), Heightened enjoyment (H2c),
control (H2d) and curiosity (H2e) than CPCSs with a
passive filler type.

Perceived Waiting Time (PWT) We measured perceived
waiting time using both an open-ended question and using
cognitive appraisal of the wait. We asked users to give an es-
timate of the total time (in seconds) they had spent waiting
between responding to the system and receiving the bot’s re-
sponse. We measured cognitive appraisal based on the per-
ception of time spent in terms of long or short judgement
(Pruyn and Smidts 1998). It is measured on a five-point scale
(1: ‘very short’ , 5: ‘very long’). It can be expected that a
CPCS with filler intervention will lead to a shorter waiting
time. As a result, we hypothesize that:

H3: During waiting in a CPCS with a filler, users per-
ceive the waiting time shorter than a CPCS without a
filler.

Furthermore, a number of scholars (Lee, Chen, and Ilie
2012; Lee and Chen 2019; Lee, Chen, and Hess 2017) pro-
vided empirical evidence concerning the inverse relationship
between the constructs of cognitive absorption (e.g., tem-
poral dissociation, focused immersion etc. ) and perceived
waiting time. If we are able to find a similar relationship,
then this study can inform a stopping criterion for the upper
limit of an acceptable waiting time when augmenting CPCS
with a particular filler type. Thus, we hypothesize that:

H4: More temporal dissociation (H4a), focused immer-
sion (H4b), Heightened enjoyment (H4c) and control
(H4d) leads to shorter perceived time in CPCS.

Analyses and Results
A three-way MANOVA was run with three independent
variables – filler type, delay, and task type – and depen-
dent variables concerning Perceived Waiting Time (time in
seconds and short/long judgment) and Cognitive Absorp-
tion (five variables). To control for Type-I error inflation
in our multiple comparisons, we use the Bonferroni cor-
rection for family-wise error rate (FWER), at the signif-
icance level of p < .05. We found a statistically signif-
icant interaction effect between filler type and task type
on the combined dependent variables, F (56, 4825.034) =
1.52, p = .008,Wilks′Λ = 0.910, η2p = .013. We
also found a statistically significant interaction effect be-
tween filler type and delay on the combined dependent vari-
ables, F (112, 6287.891) = 1.51, p < .001,Wilks′Λ =
0.830, η2p = .023. Follow up univariate two-way ANOVAs
were run. There was a statistically significant interaction ef-
fect between filler type and task type for focused immersion
score, F (7, 902) = 2.492, p = .015, η2p = .019, and for
cognitive score, F (7, 902) = 4.304, p < .001, η2p = .032.
We also found a statistically significant interaction effect
between filler type and delay for focused immersion score,
F (14, 902) = 2.894, p < .001, η2p = .043, and for tempo-
ral dissociation score, F (14, 902) = 2.244, p = .005, η2p =
.034.
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Ref. Dependent variable Task Type Filler A Filler B Mean A Mean B Mean Difference Std. Error Sig. 95% Confidence Interval

Lower bound Upper bound

Fig.2.B Cognitive IR Microtask

Convo. Filler 1.97 2.61 -.642 .166 .003 -1.16 -.122
Animated ellipses 1.97 2.55 -.583 .167 .014 -1.10 -.061
Progress 1.97 3.03 -1.06 .167 .000 -1.59 -.543
Nature 1.97 2.93 -.960 .168 .000 -1.49 -.433
Mindful breathing 1.97 2.52 -.550 .167 .029 -1.07 -.026
No-filler 1.97 2.82 -.850 .167 .000 -1.37 -.326

Fig.2.C Focused Immersion Stress

Mindful breathing
Nature 4.60 3.20 1.40 .312 .000 .428 2.38
Manmade 4.60 2.46 2.14 .313 .000 1.16 3.12
Microtask 4.60 3.57 1.03 .307 .023 .070 1.99

Convo. Filler Nature 4.28 3.20 1.08 .314 .017 .096 2.07
Manmade 4.28 2.46 1.82 .315 .000 .830 2.81

Microtask Manmade 3.57 2.46 1.11 .310 .010 .140 2.08

Animated ellipses Manmade 4.08 2.46 1.62 .313 .000 .639 2.60

Progress Manmade 4.18 2.46 1.72 .315 .000 .733 2.71

No-filler Nature 4.27 3.20 1.07 .339 .048 .005 2.13
Manmade 4.27 2.46 1.81 .340 .000 .739 2.87

Fig.2.D Focused Immersion IR
Microtask Manmade 4.09 3.01 1.08 .319 .021 .081 2.08

Progress Manmade 4.15 3.01 1.14 .319 .010 .141 2.14

Mindful breathing Manmade 4.17 3.01 1.16 .319 .008 .164 2.16

Table 1: Pairwise comparisons between different filler types across two task types

Next, we examined the simple main effects for filler type
at each level of task type for cognitive and focused immer-
sion scores. There was a statistically significant difference
between different filler types for the IR task on the cogni-
tive score, F (7, 902) = 8.615, p < .001, η2p = .063, but not
for the stress task, F (7, 902) = .292, p = .957, η2p = .002.
Note that low scores corresponding to the cognitive delay
suggest that the response delay was perceived to be shorter.
When compared to other fillers, using a microtask filler re-
sulted in much less perceived delay (Cf. Fig.2.B). The pair-
wise comparisons are listed in Table 1 (1st row). Marginal
means across the two task types for the PWT can be seen in
the Figure 3. In case of microtask filler, the mean PWT score
for 32s condition was only 18.5 and 9.3 for the stress and IR
task, respectively.

Regarding the focused immersion score, we found a sta-
tistically significant difference between different filler types
for the stress task, F (7, 902) = 10.053, p < .001, η2p =
.072, and also for the IR task, F (7, 902) = 3.802, p <
.001, η2p = .029. For the stress task, mindful breathing filler
resulted in greater focused immersion than other fillers (Cf.
Fig.2.C); The pairwise comparisons are listed in Table 1 (2nd

row). In case of the IR task, microtask, progress and mind-
ful breathing fillers caused more focused immersion than
manmade filler (Fig.2.D). Table 1 (3rd row) shows the pair-
wise comparisons. Although, mindful breathing filler cre-
ated more focused immersion, surprisingly, the PWT did not
compress too much for 32s delay; the mean PWT was 25.8
and 35.1 for the stress and IR tasks, respectively (Fig. 3).
Nevertheless, for 16s delay, it helped to reduce the PWT
down to 8.7s in the IR task.

Next, we examined the simple main effects for filler type
at each level of delay for the focused immersion and tempo-
ral dissociation. There was a statistically significant differ-
ence between different filler types for the 8s delay on the fo-
cused immersion, F (7, 902) = 6.427, p < .001, η2p = .048,

for 16s delay, F (7, 902) = 5.852, p < .001, η2p = .043
and for 32s delay on the focused immersion, F (7, 902) =
4.946, p < .001, η2p = .037. Simple comparisons revealed
that for an 8s delay, conversational, animated ellipses and
no-filler were comparatively more effective for focused im-
mersion (Cf. Fig.4.A1). Pairwise comparisons can be seen in
Table 2. Concerning PWT, the marginal means (Fig. 3) re-
vealed that only mindful breathing and no-filler fillers were
able to reduce the PWT time convincingly across two task
types for an 8s delay while animated ellipses and conversa-
tional fillers were effective for IR and stress tasks, respec-
tively. For a 16s delay, conversational filler, progress bar,
mindful breathing filler and microtask filler were compar-
atively more helpful for stimulating focused immersion (Cf.
Fig.4.A2). For pairwise comparisons, see Table 2. For 32s
delay, progress bar, microtask and mindful breathing fillers
created more focused immersion (Cf. Fig.4.A3 & Table 2).

Next, we examined the simple main effects for the filler
type at each level of delay for the temporal dissociation.
There was a statistically significant difference between dif-
ferent filler types for the 8s delay, F (7, 902) = 2.435, p =
.018, η2p = .019, for 16s delay, F (7, 902) = 2.876, p =

.006, η2p = .022 and for 32s delay on the temporal dissoci-
ation, F (7, 902) = 3.779, p < .001, η2p = .028. In the 8s
condition, conversational filler and nature filler caused more
temporal dissociation (Cf. Fig.4.B1 & Table 2). However,
regarding PWT, the conversational filler was only effective
for the stress task (Fig.3). In the 16s condition, microtask
filler and mindful breathing filler instigated more temporal
dissociation while conversational filler created smaller tem-
poral dissociation (Cf. Fig.4.B2 & Table 2). In the 32s condi-
tion, microtask filler caused more temporal dissociation than
other fillers (Cf. Fig.4.B3 & Table 2).

Although, we did not find a difference in the Heightened
Enjoyment (HE) scores across conditions from MANOVA
test, simple three-factorial ANOVA revealed simple main
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Figure 2: (A-B): These figures depict an interaction effect between task type and filler type for the cognitive score (short/long
wait judgement). Results indicate that for an IR task (B), participants in the microtask condition significantly perceived waiting
time to be shorter than other fillers. (C-D): These figures depict an interaction effect between task type and filler type for the
focused immersion scores. In the stress task (C), mindful breathing filler resulted in more focused immersion than other fillers,
while progress, microtask and mindful breathing filler resulted in more focused immersion in the IR task (D). Dark green fillers
(or dark gray in black and white) function substantially better than light green fillers (or light gray in black and white). The
mean scores are represented by black dots on the box plots.

Figure 3: Marginal Means for perceived waiting time across two task types for three levels of delay

effects of Filler type for the heightened enjoyment scores
(F (7, 910) = 6.283, p < .001, η2p = .046). Mindful breath-
ing filler caused more enjoyment than any other fillers. Sim-
ple pairwise comparisons revealed that there was a signif-
icant difference in the mean HE scores between mindful
breathing and conversational, Progress, nature, manmade
and microtask filler – Fig 5.

Regarding H4, a linear regression established that only
the temporal dissociation (H4a) could statistically predict
the perceived waiting time, F (5, 944) = 3.300, p = .006,
which accounted for 1.7% of the explained variability in
perceived waiting time. This relationship was inverse as de-
picted by linear equation (PWT = 19.28 + (−1.68xTD)).
The overview of the results can be seen in Table 3.

Discussion, Implications & Conclusions
The main focus of a majority of prior work relevant to
CPCSs has been to demonstrate their feasibility, while as-
sessment studies have largely concentrated on optimizing
response latency of CPCSs without exploring how lengthy
delays can impact the experience of users. The aim of this

study was to alleviate potentially unpleasant user experi-
ences due to long waits in CPCSs, by employing different
low-cost and freely accessible filler-interventions.

Our findings suggest that using a microtask filler in CPCS,
particularly in task-oriented conversations, can be an effec-
tive way to mitigate the negative effects of waiting. A po-
tential explanation for the effectiveness of microtask fillers
in the IR tasks is their relatively less mentally demanding
nature, when compared to engaging in a multi-turn and con-
tinuous conversation with an agent to relieve stress. As a
result, Talash’s users may have been able to divert their fo-
cus away from the primary task and fully immerse them-
selves in the microtasks while waiting, resulting in a shorter
perceived duration (Zakay 1989). We also found that rhyth-
mic breathing and progress fillers were both beneficial in
engaging users, as observed from the focused immersion
scores across both task types. This could be attributed to
the hedonic appeal of these fillers (Agarwal and Karahanna
2000). The breathing filler however, proved to be ineffective
in reducing the feeling of elapsed time during excessively
lengthy delays in task focused conversations. Thus, when
responses are expected to arrive later in an IR conversation,
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Figure 4: (A1-A3): These figures depict an interaction effect between filler type and delay for the focused immersion scores.
For the 8s condition (A1), conversational, animated ellipses, and no-filler provided more focused immersion than other fillers;
for the 16s condition (A2), conversational, progress, microtask, and mindful breathing provided more focused immersion; and
for the 32s condition (A3), progress, microtask, and mindful breathing provided more focused immersion. (B1-B3): These
figures depict an interaction effect between filler type and delay for the temporal dissociation scores. For the 8s condition (B1),
conversational and nature fillers caused more temporal dissociation than no-filler; for the 16s condition (B2), microtask and
mindful breathing fillers caused more temporal dissociation than conversational filler; and for the 32s condition (B3), microtask
caused more temporal dissociation than other fillers. Dark green fillers (or dark gray in black and white) function substantially
better than light green fillers (or light gray in black and white). The mean scores are represented by black dots on the box plots.

Figure 5: Simple main effects of Filler type for the Height-
ened Enjoyment scores. Mindful breathing filler caused
more enjoyment than other fillers.

such as in complex search tasks, the use of breathing fillers
should be avoided.

This research also suggests that the use of conversational
fillers could be effective in the event of a brief inquiry, when
responses are expected to arrive swiftly from the crowd
(within 8s). This finding is in line with a prior study (Shiwa
et al. 2008) that investigated the usefulness of conversational
fillers in a communication robot controlled by human opera-
tion. When there are moderate delays, such as during a ther-
apeutic conversational task, a breathing filler can help to di-
vert users and reduce their sense of time. For longer delays,
such as in case of complex search tasks, both breathing or
microtask fillers can be more effective. However, using a mi-
crotask filler for a stress task should be handled with caution,

since it can have negative consequences, especially if the
conversational task is cognitively taxing or if a person seek-
ing help is under a lot of stress. To address this, one possi-
ble solution is to include relevant microtasks, such as asking
users to recognize and classify their own stressful situation
as either maladaptive or real (also known as cognitive reap-
praisal (Morris, Schueller, and Picard 2015)), or asking them
to match their own inquiry to a set of predefined intents. In
this way, we can acquire vital crowdsourcing data for model
training to benefit future hybrid intelligent CPCSs, while si-
multaneously diverting users’ attention away from the de-
lay. Additionally, in a stress task, fillers, such as animated
ellipses and conversational fillers, produced similar results
in terms of focused immersion. One reason for this could be
that people opted to watch passive fillers in the stress task
so that they can focus only on alleviating their stress rather
than undertaking secondary tasks. Finally, both man-made
and nature fillers performed worse regarding increasing fo-
cused immersion in both tasks. One possible reason is that
watching movies while waiting in CPCS may be perceived
as a complete distraction and should thus be avoided.

While we studied these fillers in a carefully controlled en-
vironment with fixed delays, they may be equally suitable
for dynamic delays encountered in real-world scenarios. For
example, the anticipated arrival time of a message from a
particular worker can be computationally calculated using
her typing speed, average response time, average response
length, total number of responses, number of her responses
up-voted/accepted by other workers, the complexity of the
user’s inquiry, among other factors (Burlutskiy et al. 2015).
Thus, when the message’s arrival time is short, more tra-
ditional fillers, such as conversational fillers or animated el-
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Ref. Dependent variable Delay Level Filler A Filler B Mean A Mean B Mean Difference Std. Error Sig. 95% Confidence Interval

Lower bound Upper bound
Fi

g.
4.

A
1-

A
3

Fo
cu

se
d

Im
m

er
si

on

8s

Convo. Filler
Nature 4.54 3.26 1.28 .385 .025 .076 2.49
Manmade 4.54 2.70 1.84 .388 .000 .627 3.06
Microtask 4.54 3.31 1.24 .377 .030 .055 2.42

Animated Ellipses
Nature 4.52 3.26 1.26 .378 .025 .076 2.45
Manmade 4.52 2.70 1.82 .381 .000 .627 3.01
Microtask 4.52 3.31 1.22 .370 .030 .055 2.38

No-filler Manmade 4.39 2.70 1.69 .385 .000 .478 2.89

16s

Convo. Filler Manmade 4.16 2.52 1.64 .385 .001 .436 2.85

Progress Manmade 4.23 2.52 1.71 .385 .000 .506 2.92

Microtask Manmade 3.86 2.52 1.34 .385 .015 .133 2.55

Mindful breathing Manmade 4.79 2.52 2.27 .383 .000 1.07 3.47
Nature 4.79 3.55 1.24 .383 .036 .036 2.44

32s

Progress Nature 4.22 2.81 1.41 .386 .008 .203 2.62

Microtask Manmade 4.33 2.99 1.34 .391 .018 .111 2.56
Nature 4.33 2.81 1.52 .383 .002 .318 2.72

Mindful breathing Manmade 4.26 2.99 1.27 .391 .036 .039 2.49
Nature 4.26 2.81 1.45 .383 .005 .245 2.65

Fi
g.

4.
B

1-
B

3

Te
m

po
ra

lD
is

so
ci

at
io

n

8s Convo. Filler No-filler 4.51 3.49 1.02 .320 .044 .013 2.02

Nature No-filler 4.55 3.49 1.06 .318 .026 .059 2.05

16s Microtask Convo. Filler 4.22 3.16 1.06 .318 .025 .064 2.06

Mindful breathing Convo. Filler 4.22 3.16 1.06 .316 .023 .069 2.05

32s Microtask

Convo. Filler 4.01 2.94 1.07 .314 .020 .081 2.05
Progress 4.01 2.68 1.33 .320 .001 .323 2.33
Nature 4.01 2.86 1.16 .318 .008 .158 2.15
No-filler 4.01 2.71 1.30 .320 .001 .299 2.31

Table 2: Pairwise comparisons between different filler types within each delay level

Hypos. Summary Ref.

H1: During waiting in a CPCS with a filler, users perceive more tem-
poral dissociation (H1a), focused immersion (H1b), Heightened enjoy-
ment (H1c), control (H1d) and curiosity (H1e) than a CPCS without a
filler.

H1a, H1b and H1c were supported for different filler types. For both task
types, mindful breathing and progress fillers caused more focused immer-
sion. More pleasure was also induced by the mindful breathing filler.

Fig.2.(C-D)

When considering Focused Immersion (FI) and Temporal Dissociation (TD),
and Perceived Waiting Time (PWT) collectively, H1a and H1b were supported
for different levels of delays. For instance, conversational fillers were effective
for FI, TD and PWT; for 16s delays, microtask, mindful breathing* were
more useful, whilst for 32s delay, microtask filler performed well.

Fig.4.(A1-A3),
Fig.4.(B1-B3)

H2: During waiting in a CPCS with an activity filler, users perceive
more temporal dissociation (H2a), focused immersion (H2b), Height-
ened enjoyment (H2c), control (H2d) and curiosity (H2e) than CPCSs
with a passive filler type.

H2a, H2b and H2c were supported. Considering FI, TD and PWT together,
both mindful breathing and microtask fillers were effective for moderate
(16s) and long delays (32s).

Fig.4 (A2-A3, B2-
B3), Fig.2 (C-D)

H3: During waiting in a CPCS with a filler, users perceive the waiting
time shorter than a CPCS without a filler.

It was partially supported for a microtask filler for IR task. Fig.2.B

H4: More temporal dissociation (H4a), focused immersion (H4b),
Heightened enjoyment (H4c) and control (H4d) leads to shorter per-
ceived time in CPCS.

Only H4a was supported

Table 3: Summary of hypotheses & Findings

lipses can be used. In the event of extended delays, the CPCS
can be augmented with activity fillers to help mitigate the
consequences of prolonged waiting. Additionally, given the
well-established relationship between shorter wait times and
increased satisfaction (Hoxmeier and DiCesare 2000), ser-
vice providers can combine our concept with existing com-
putational techniques (e.g., pre-recruiting, queuing etc.) to
further increase satisfaction.

Limitations & Future Work
A limitation of the study concerns the nature of user
responses. These were restricted to choosing between
template-based utterances rather than actually responding.
While this approach is adopted for reasons of ease of use

in many chatbot applications (Jain et al. 2018), it is also
not universally applicable especially in the cases where a
free form conversation is intended, as is the case in cases
of dealing with stress or other personal problems. Given the
restricted nature of text entry in our experiments, our results
may not easily generalize to cases of extended free form text
input, where perhaps a largely varying time to compose an
input to the system or even the content of the system re-
sponse may influence the expectations of the user regard-
ing the response delay. Future studies could address these
and especially if the type of time-filler selected for differ-
ent cases is considered suitable in different context and for
different types of conversation.
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