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ABSTRACT
We present the results of two studies for an experimental setup that
offers a tradeoff between time and result quality, and gives participants a visualisation of the expected quality of results in an optional
sidebar before they begin their task. We investigate the effects of
the type of visualisation we show to participants of a crowdsourced
survey, and find that the type of visualisation presented had no
significant effects on their perceptions of quality, but observed that
there was value in offering a visualisation versus none at all. We
also performed a pilot study that fixes the visualisation type and
manipulates the estimation of future quality such that it conveys
either an accurate estimate of quality, an overestimate, or an underestimate of quality. The results of clickstream and gaze tracking
data analysis point towards potential effects on usage and attention
to the optional sidebar, suggesting the utility of a full-scale study.
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1

INTRODUCTION

In the past decade, the concept of algorithmic sensemaking [18] has
become a topic of increased research, particularly in the context
of recommender systems [16]. Particularly, it has gained increased
salience especially as algorithms have increasingly encroached on
our interactions with computer systems. Previously, relatively “unsophisticated” users of shopping sites, content streaming services,
and social networking services are exposed to the output of sophisticated and often opaque ranking and filtering algorithms. Not only
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is this a factor in terms of misaligned incentives between companies
and individuals when used for product recommendation, but in the
context of search and social media, there is also a risk of reinforcing
bias and promoting misinformation. With the stakes increasing and
the number of users exposed to sophisticated algorithms growing,
there is value in helping users to form better mental models of the
systems they use.
For designers of systems, there is also a very practical benefit of
incorporating this idea. Explanations of output can build trust in
recommender systems [14] and can be more persuasive, increasing
the effectiveness of a system [8]. A study by Yeomans et al. [18]
demonstrated the people are less averse to using a recommender
system when an explanation is included. Even as experts increasingly use machine learning and artificial intelligence to assist them
in decision-making, explanations have also been explored in conjunction with other classes of algorithms such as classification [13]
and clustering [12].
A concept related to algorithmic sensemaking is that of operational transparency [5]. Buell and Norton [5] introduced this concept to motivate the illusion of labour, where a system may present
a signal such as a spinner or progress bar to indicate that work
more work is being performed on the backend of a system than is
actually being performed. Although this kind of deception is not
necessary, experiments by the authors show that merely presenting
this illusion of labour increases the perceived value of a system.
In a study by Tsekouras et al. [17], it was further shown that for
product recommendation agents, users’ perceived quality of the
agent increased when the perceived user effort decreases and the
perceived agent effort increases. In the interest of applying such
benefits to search, we incorporated these principles into a system
that we designed, which revolves around search with an interface
that gives users the option of using a sidebar on the result page of a
conventional Web search engine. In our setup, the sidebar presents
additional, high-quality results that are relevant to the task that
participants are currently focused on. Unlike the static main results
for a query, the sidebar results are updated progressively over time
as the system ‘works harder’ to find better results, throughout the
duration of the task. We incorporated operational transparency
into our system design by presenting feedback on how the sidebar
is dynamically working to deliver these results. We believe that,
in addition to other benefits, this signal will engender trust and
encourage the use of our optional sidebar.
With this said, our primary concern in this particular paper is
with users’ perceptions of the expectation of quality of the results
in the sidebar, and how their behaviours change as a result. To that
end, our aim was to present users with a visualisation reflecting
the sidebar’s future expected performance over the course of a
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search task, and to observe their choices of whether to wait for
results in the sidebar, or to be more proactive and put in the immediate effort of finding results on their own. We will begin by
presenting the results of a crowdsourced study to evaluate different
types of visualisations in Section 2, and then show the results of a
pilot experiment in Section 3 that uses one type of visualisation to
investigate clickstream and eyetracking data.

2

COMPARISON OF VISUALIZATION TYPES
FOR ESTIMATED RESULT QUALITY

Before performing our user study, we sought to determine the
effectiveness of various visualisation methods for conveying information on the state of the system, which incorporates an asynchronous ‘slow’ search process that continues to work in the background [6, 15]. In particular we focus on the system’s estimate of
the quality of the search results and how this quality is likely to
evolve over time. For this, we employ a Bayesian framework that
estimates a user’s belief that 1. the system will provide better documents in its sidebar than on the main search page (probability of
a ‘win’), and 2. the expected utility of the better results (expected
value given a ‘win’).
We conducted an online experiment with Amazon Mechanical
Turk. In our setup, we presented an interactive HTML mockup of
our interface with search results and sidebar. A screenshot of the
interface can be seen in Figure 1.
In the description of the task, we told participants that they must
read a brief tutorial with a screenshot that introduces a description
of the sidebar and what it enables (namely, that it finds better
results in the background during a search task and that the results
are automatically updated over time). We recorded whether a user
viewed the tutorial, which serves as a proxy for whether they read
the instructions. Participants were paid 8 cents for completing the
questionnaire.
We randomly showed each user one of the following choices of
visualization in the sidebar:
(1) No visualization/information – we give the following explanation in place of the visualisation: “The quality of the
results below will automatically improve over time. You may
wait longer for better results.”
(2) Numeric point estimates of success (see Figure 2)
(3) A CDF bar plot of success (see Figure 3)
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Figure 3: A cumulative bar chart showing the improvement in
ranking effectiveness over time, with the same time as shown
in the point estimate (five minutes; Figure 2) highlighted in
orange.
improvement (%)

Figure 1: A screenshot of our Mechanical Turk questionnaire

improvement (%)

Figure 2: Point estimates of ranking effectiveness at a particular time in the future (five minutes).
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Figure 4: A cumulative dot plot showing the improvement
in ranking effectiveness over time, with the same time as
shown in the point estimate (five minutes; Figure 2) highlighted in orange. The dots are discrete, countable, and serve
as frequency framing.

(4) A CDF dot plot of success (see Figure 4)
In the main search page, we highlight what we consider “good”
and “very good” results. We also present highlighted good results
in the sidebar. The results and relevance judgements are simulated
and fixed.
We then asked the participant:
• How likely is it that you will be able to find better results five
minutes from now? The participant is expected to read the
information from the visualisation to answer this question
correctly.
• Just by looking at the results, are the links in the sidebar worth
exploring now?
• Assuming you had to wait for one additional minute for better
results in the sidebar, would you?
• Assuming you had to wait for two additional minutes for better
results in the sidebar, would you?
• Assuming you had to wait for five additional minutes for better
results in the sidebar, would you?
• How often do you perform searches online? Daily? Weekly?
Monthly? Less often?
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Figure 5: Of 265 users who saw the tutorial, most accurately
estimated the likelihood of better results (60%) regardless
of visualization type. Users who saw the text description
reported more accurately than others.

• In general, how confident are you in your ability to find the
information you need from a Web search engine? (Select a value
from a range of 1: Not at all confident, to 5: Very confident)

2.1

Results

We performed multiple runs of our crowdsourcing experiment,
with a total of 800 participants taking part. On average, 0.4 of our
participants viewed our brief tutorial on the interface, which is the
condition we use to filter out inattentive users who presumably did
not read the instructions.
2.1.1 Effect of Visualization Type. One of our primary questions
of this survey involved the effect of the type of visualization we
presented to users. Is there a difference between users exposed
to a particular visualization in their willingness to wait and their
estimates of the parameters of the system? We investigate these
below.
In our first run of the experiment, we fixed the parameters that
we showed to participants to be constant: 60 percent for the likelihood of getting better results in five minutes. We would therefore
expect that users, in giving their response to this confirmatory
question, would give this estimate or a number close to it. This was
indeed the case, as can be seen in Figure 5. In order of the visualisations where users where correct most often, the text description
performed the best, then the bar plot, and finally the dot plot.
When asked about their willingness to wait one minute for better
results, we found that those with a visualization were slightly more
likely to wait than those with no visualization or feedback, but this
difference was not statistically significant (𝜒 2 = 2.86, 𝑝 = 0.41).
When asked about waiting five minutes, we found that users without a visualization were much less likely to wait than those with a
visualization (𝜒 2 = 18.56, 𝑝 = 0.0003). This suggests that conveying
the expected benefit of the system has value over not conveying this

Likelihood of a Win

Figure 6: Heatmap of the proportion of users who indicated
that they would be willing to wait one minute for better results when presented with a particular likelihood of a win
(i.e., better results), and the value given a win. The combination of a low likelihood and value results in the lowest
proportion (0.67, lower left) who were willing to wait. The
next lowest proportion (0.74) was seen at the lowest likelihood (10-30%), and a medium value given a win (40-60%).
information at all. However, we did not see a statistically significant
difference in how we conveyed this information.
2.1.2 Effect of Varying Parameters. In our previous section, we
presented findings based on static parameters. However, we were
also interested in the effect of varying the parameters: the probability of a win and the value given a win. For each participant, we
randomly chose a value for each of the parameters as a number
between 10% and 90%. Because there was no significant effect on
visualization type, we stuck to showing a text description of these
two parameters (Figure 2).
For ease of analysis, we binned each of these parameters into bins
of 10-30%, 40-60%, and 70-90%. We show the proportion of users
willing to wait one minute based on the parameters in Figure 6.
From this plot, it would seem that showing a lower likelihood of
a win and value given a win result in users showing less interest
in waiting. Performing a Chi-square test however, we found that
there was no significant difference between our parameter values
(𝜒 2 = 3.03, 𝑝 = 0.55) in a willingness to wait one minute. Similarly,
there was not a significant difference (𝜒 2 = 4.61, 𝑝 = 0.33) in a
willingness to wait five minutes.
2.1.3 Summary of Findings. We began by looking at the effects of
different types of visualisations on the willingness of crowdsourced
workers to wait on better results, if the visualisations presented
the probability seeing better results in the sidebar as well as the expected value of the better results. The expectation was that showing
the uncertainty of these aspects over time provides a more suitable
basis for decision making about the future. In this vein, a study by
Kay et al. [10] found that users trust measurements more when they
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are provided with information about uncertainty, and Kay et al. [9]
showed that frequency framing – a method of discretising a probability distribution to emphasise particular outcomes rather than
the distributions themselves, made them easier to reason about. We
found however that there was no difference in visualization type
for users making their decisions for their willingness to wait. We
nonetheless carried over the dotplot-style of visualisation into the
user study, which we will focus on next.

3

ESTIMATES OF QUALITY

We performed the following user study-style experiment, which
repurposed the use of a sidebar on a conventional search tool (i.e., a
Google-style Web search). The system’s sidebar acts as an assistive
agent to provide better results for some measure than the main
results in some circumstances.
Inspired by Pastor-Bernier et al. [11], we formulated our experiment design in terms of revealed preference theory, which provides
the means for determining if the decisions made by agents are such
that they seem to be maximizing some underlying utility function.
We are interested in looking at users’ revealed preferences when
exposed to our sidebar that is capable of providing better results;
when does he or she prefer one “system” versus the other?
With our optional component, the sidebar, preference is reflected
in the choice between searching or waiting. These are activities
with potentially different components: searching may correspond
to 1. browsing the results of one’s current query, or 2. continuing
one’s task with another query. Similarly, waiting may correspond
to either 1. doing nothing (i.e., no interaction with the system), or 2.
browsing our set of “slow” results in the sidebar. We hence specify
what it means to search or wait to the participants of our study in
a brief tutorial preceding their use of the system.

3.1

Method

We performed a pilot for an in-lab experiment to understand user
indifference and tradeoffs between risk and value. In this pilot, we
provided users with a choice between spending time and effort
searching on their own and time spent waiting for better results
from an asynchronous system in a sidebar. Our pilot consisted of six
graduate students within our department, none of whom specialise
in information retrieval.
The system’s design was conveyed to users to indicate that the
main search interface was akin to a typical Web search system, using the same algorithms and giving a similar expectation in quality.
However, the sidebar results were intended to be more volatile, and
as such may give much better or much worse results. We controlled
the production of results in both cases, and associated the characteristics of the simulated results with the user’s selection. Therefore,
we could potentially see the effect of variance on preference. We
give users a visualization that conveys this variance in a way similar
to that shown in Figure 7.
This visualisation reflects the sidebar’s expected performance
during the course of the user’s entire task. Because of our primary
interest in decision making, we separate concerns of generating
results in the sidebar from showing results in the sidebar, and
assume that we have a system with enough spare resources to
run the necessary background processing to find the documents to

Figure 7: An example of the distribution(s) shown on the time
selection screen. One dot is meant to represent a 1% chance
of a document with the colour corresponding to its relevance
(no better than without the sidebar, good, and very good)
being shown in the sidebar. Documents that are expected to
be seen after the task completion time of six minutes are
coloured red to signify that they are late.

Figure 8: The slider that participants use to signify how much
time they would like to spend searching on their own in
comparison to using the sidebar.

populate the sidebar even if the sidebar is never used. The benefit
is that the implications of the visualisation is easily conveyed, and
users can make an informed decision of when it is worthwhile to
pay the cost of looking at or interacting with the sidebar.
Before users begin a task, we ask them to choose along a slider
the time they would like to spend searching vs. the time they would
like to spend waiting. They are able to choose a time from zero
(none of the time on the task) to six minutes (all of the time on the
task) of time they would like to spend searching.
To assist in decision making, the visualisation is updated as the
sidebar is adjusted to reflect the changes in when “late” results
arrive in relation to the time they would have left to complete the
task. By having this cut-off point in the visualisation, a user will be
able to readily see if enough “good” or “very good” documents will
be expected to pop up in the sidebar before time runs out to make
its usage worthwhile.
They are then presented with a search screen, on which they are
reminded of their task and can enter their query. When they are
brought to the search engine results page (SERP), they can refine
their query, explore results on the left of the screen, or use the
sidebar on the right if it is activated. Figure 10 shows the parts of
SERP interface labelled along with the sidebar. The results on the
left are retrieved using Google’s Custom Search API and shows up
to 50 results matching the query. The sidebar on the right shows
up to five results which were pre-selected by one of the authors to
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(a) 2 minutes is selected

(b) 3 minutes is selected

(c) 4 minutes is selected

Figure 9: Variations of the dotplot visualisation are shown
when the time preference slider is adjusted.
Figure 11: The sidebar, activated for use. The results arrive
and are populated in reverse order starting with the lowest ranked. In this figure, the lowest three ranked have been
found and are shown; the top two results have not yet arrived.
Animations in the form of a spinning indicator beside the title (“Working harder on...”) and throbbers in the unfilled slots
of the results provide a degree of operational transparency
to show that more results are coming.

Figure 10: Parts of the search engine results page. Labelled
are the sidebar with partially-filled results, task, and buttons
to save and unsave results for later.

partially answer the question given in the task. Results that may
show up in the sidebar are excluded from the main search results
on the left.
When the sidebar is activated, either manually by the user or
automatically as time elapses during the task, five results will be
populated dynamically over time starting from the lowest position
at 5. This is shown in Figure 11.
The user is able to save pages for later using the star button
on the right of each result, which can be revised when they are
entering their answer to the question asked for their task.
For this study, we separate users into one of three conditions
randomly for the duration of the study based on the estimate of
future sidebar quality we present in the visualisation:

• Accurate: A condition in which the visualisation is meant to
reflect the relative likelihood of the sidebar displaying “good”
or “very good” documents
• Underestimate: The visualisation’s relative likelhood of “good”
and “very good” documents are downweighted, and the likelihood of “no better” documents are increased
• Overestimate: The visualisation’s relative likelihood of “good”
and “very good” documents are increased, and the likelihood
of “no better” documents are decreased.
The effects of the underestimate and overestimate conditions are
as a form of deception, which is meant to be reminiscent of the
type of benevolent deception described in [4]. In this case, a robot
therapist gives stroke patients feedback based on the amount of
force they exert which is less than the actual amount applied. This
helps patents overcome their limits. In this context, the overestimate
condition is meant to encourage participants to use the sidebar more
than they might with a more accurate representation. In [1], the
authors outline different forms of benevolent deception and their
intended benefits – one reason that fits our use is to increase users’
comfort with the interface. In a sense this is self-serving because as
experimenters it is also to our benefit that users interact with the
system. However, for the task and its difficulty, it is indeed more
helpful for users to have the assistance of the sidebar, as we expect
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it will lead to better task performance and thus a higher payout
for participants. To overestimate performance, we consider the
proportion of “very good”, “good”, and “no better” documents that
will appear in the sidebar and re-weights the proportions so that
participants will expect to see many more “very good” documents
than the others by applying the following formula:
𝜆 𝑤 (𝑘)
𝑤 (𝑘) = Í𝐾 𝑘
𝜆 𝑤 (𝑘)
𝑘=1 𝑘
where 𝑤 is the proportions for each of the document types that
will be shown in the sidebar (“very good”, “good”, and “no better”),
𝐾 is the number of types of documents (three, in this case, for “very
good”, “good”, and “no better”), and 𝜆𝑘 is the factor we want to
re-weigh the proportions by (0.7 for “very good”, 0.2 for “good”,
and 0.1 for “no better”).
In comparison, the underestimate condition serves as somewhat
of a manipulation check – if participants are encouraged to use the
sidebar with an overestimate, we would expect participants to be
similarly discouraged from using the sidebar when performance
is underestimated. Similar to the process taken in the overestimate
condition, we apply the same to the proportions of “very good”,
“good”, and “no better” documents that are represented in the dotplot
visualisation, flipping the 𝜆𝑘 factors so that they become 0.1 for
“very good”, 0.2 for “good”, and 0.7 for “no better”.
We compared the users’ interaction and gaze behaviours to determine if these conditions had the intended effect on user choice.
We randomly exposed each user to only a single treatment condition, leading to a between-subjects design. Because of our interest
in investigating user adjustment to the system (the sidebar and its
characteristics), we kept the major aspects of the system constant
for a user to be able to observe how their behaviour changes as
they continue using the system.
The study procedure was structured as follows:
(1) Background Questionnaire. Participants complete a questionnaire that gathers information about their education level,
online search experience, and confidence in their search
ability.
(2) Tutorial. Participants are given a primer on the system’s
functionality, how to use the interface, and how to read the
visualisation. Participants must complete a test task that does
not affect their final performance, but that requires them to
use functionality such as searching and saving web pages.
(3) Task completion. Users complete six tasks in succession, where
before each task they are shown the visualisation in Figure 7
and select how much time they would like to spend searching
before being able to use the sidebar (Figure 8).
(4) Post-task Questionnaire. After each task, the participant gives
their answer to the task prompt and fills in survey questions
on their experience completing the task with or without the
sidebar.
Background and Pre-task Questionnaire. To gather information about user demographics and search expertise, we asked users
the following questions before the they are exposed to the system
tutorial:
• How would you describe your English language fluency?

•
•
•

•

– Non-native English speaker with a near-native understanding of English
– Non-native English speaker with a very good understanding of English
– Non-native English speaker with a good understanding of
English
– Non-native English speaker with a limited understanding
of English
What is the highest degree or level of schooling that you
have completed?
How often do you perform searches online? (Select the most
specific frequency)
On average, when you perform a search online, how often
have you not been able to find what you were looking for?
(1: Very rarely; 5: Very often)
If you needed to perform an online search, how confident
are you that you could... (1: Not at all confident; 5: Very
confident)
– Find the information you need?
– Find pages or articles similar in quality to those obtained
by a professional searcher?
– Create a query that would return every useful page?
– Create a query that would return only a few very useful
pages?

Some of these questions were informed by prior work on eliciting
and measuring search experience and expertise [2, 3].
After viewing the tutorial and selecting a task, users are asked
the following each questions between task selection and performing
the task:
•
•
•
•
•

How familiar are you with the subject that you selected?
How relevant is this subject to your life?
How much are you personally interested in this subject?
How often have you searched for something similar before?
How much effort do you think it would take you to find an
answer to this question?
• How quickly do you think it would take you to find enough
relevant pages to answer this task’s question?

Post-task Questionnaire. After users completed each task, we
provided them with a questionnaire to fill out to not only enter their
answers for the task and to give their selection of helpful pages for
arriving at their answer, but also to evaluate their performance and
experience with the task.
As has been noted, we asked participants about their estimate
of effort as well as time for the task before they perform the task.
Post-task, we then asked participants to re-evaluate their estimate:
whether it was about right, too optimistic, or too pessimistic. If
their estimate was an underestimate, we then asked how much
time they would need to fully complete the task. We think that
it is worthwhile to ask about their time estimates because time
estimates are a less-biased metric for ascertaining subjective task
difficulty than asking users directly [7]. We do still ask users for
their estimate of effort however, both as a failsafe and to verify the
relationship between the two. We note that we are aware of the
difference in method between that in [7] and our own – whereas
Czerwinski et al. look at duration estimates of tasks, we asked users
to estimate task completion time directly. In order to capture this
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Figure 12: Number of Sidebar Clicks Per Task. Error bars
show the standard deviation.

Figure 13: Number of Clicks in the Main Ranking Per Task.
Error bars show the standard deviation.

element of subjective time duration, we also asked users who used
the full six minutes if they were surprised when they ran out of
time.
Data Collection. We used our interaction log data to compute
a list of features to characterize search behaviour, including task
time and performance, query features such as character and word
length, interaction features such as clicks and scrolling as a proxy
for reading, eye-tracking data to characterise interface element
gaze (i.e., focus on the sidebar, progress bar, etc.), and relevance
features such as precision. When performing our experiment, we
controlled the system and results in such a way that we could
simulate the interaction needed to arrive at the best results, so we
could compare these simulated results to actual user behaviour
during the progression of the experiment.

condition that underestimates quality than in the condition that
overestimates quality, it gets fewer clicks in the main results. This
relationship between the rankings follows the expected inverse
relationship if we assume that attention spent on one means less
attention spent on the other, but we would expect the main ranking
to receive more attention when users are shown an underestimate of
sidebar effectiveness. This could perhaps mean that the visualisation
is having the opposite effect rather than the one intended.
Oddly enough, Figure 13 also shows users in the “accurate” condition making one click per task, which tended to be the first result.
Query Behaviour. We compared the number of queries issued
per task by each user, as seen in Figure 14. We see a similar phenomenon here as with the number of main ranking clicks per task
(Figure 13) – users in the “accurate” condition have the lowest degree of interaction, while the “overestimate” condition shows the
highest degree of interaction. Here, users in the “accurate” condition
issued approximately 3.9 queries per task, those in the overestimate
condition issued approximately 6.6, and those in the underestimate
condition issued approximately 4.7.
Gaze Behaviour. We show heatmaps for the gaze data we collected on the results pages by condition in Figure 15. We limited
the gaze data to the area within the sidebar for the plot to more
easily compare the level of attention the sidebar received between
conditions. The “accurate” condition shows the strongest degree of
attention paid to the sidebar in terms of visual fixations, while the
“overestimate” condition shows the weakest. Performing a set of
pairwise chi-square tests with Holm correction, we find that these
proportions are not equally likely as we would expect by chance:
“accurate” differs from “overestimate” and “underestimate” at the
𝑝 < 0.05 level, and “overestimate” is also significantly different
from “underestimate” at the 𝑝 < 0.05 level.
If we compare the number of sidebar clicks (Figure 12) to the
visual attention the sidebar received, we see that the “accurate”
and “underestimate” conditions do show more clicks in the sidebar
than the “overestimate” condition, which lines up proportionally to
the amount of visual attention for “accurate” and “underestimate”
compared to “overestimate”. This may hint at less attention being

3.2

Results

We use this section to analyse users’ interactions with the system
depending on whether they were given a visualisation that accurately portrayed an estimate of future quality, gave an overestimate
of quality, or an underestimate of quality. We first turn our attention
to the amount of effort that users expend in completing their tasks,
which we may operationalise as the number of clicks and queries
submitted.
Click Behaviour. We show the average number of times that a
user clicks a result in the sidebar per task in Figure 12. We see that
users in the condition for an “overestimate” of future sidebar result
quality for our pilot tended to click the sidebar the least, whereas
users in the “underestimate” condition tended to click the sidebar
the most. This goes counter to what we would have expected – that
is, users in the condition that underestimates quality clicking the
least and users in the condition that overestimates quality clicking
the most. This is not a particularly large difference, but it could
point towards a more general trend.
We also looked at the number of clicks in the main result ranking,
as shown in Figure 13. We see here that the result is flipped from
that in the sidebar between the “underestimate” and “overestimate”
conditions; whereas the sidebar gets more clicks for users in the
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Figure 14: Number of Queries Issued Per Task. Error bars
show the standard deviation. Users in the condition that
accurately estimates quality issued the fewest queries (approximately 3.9 per task) whereas users in the condition that
overestimates quality issued the most (approximately 6.6 per
task) with the largest standard deviation.

accurate
overestimate
underestimate

Figure 15: Eye gaze heatmaps limited to the area within the
sidebar. The sidebar receives more fixations in the “accurate”
and “underestimate” conditions than the “overestimate” condition, with the “accurate” condition receiving the most.
paid generally to the sidebar in the “overestimate quality” condition compared to the others. The number of clicks remains sparse
however, and the exact nature of the differences may be better left
to a larger-scale full experiment.
Post-Task Questionnaires. We now turn towards the results of
our post-task questionnaires, which were completed by participants

accurate

overestimate

underestimate

Figure 16: Average Responses to a subset of post-task questions on a Likert scale from 1 to 5. Users in the “overestimate”
condition tended to agree more than other conditions that
they found the information they were looking for, that they
felt productive, and that the sidebar gave better results than
they could find on their own.
after every task, in order to glean users’ perceptions of the system
in addition to their behaviours.
Figure 16 shows the responses to the following questions: “I was
able to satisfactorily find the information I needed” (“Found Information” in the figure), “I felt that my time was spent productively,
and that I made substantial progress while doing this task” (“Felt
Productive”), and “I think the sidebar in fact gave me better results
than I could find on my own” (“Sidebar Better”). We see that users in
the “overestimate” condition seemed to agree with these statements
more than other conditions, though this effect is relatively small.
In Figure 17, we plot the responses to two questions we asked in
the post-task questionnaire about their expectations of the sidebar:
“How likely do you think the sidebar was to give you a good result
based on what you saw?” (“Estimated Probability of Success” in
the figure), and “When you saw a result in the sidebar that you
thought was good, how good do you think that result was on average?” (“Estimated Value”). We offered options ranging from “very
likely” to “very unlikely” for the estimated probability of success,
and “very good” to “very bad” for the estimated value. These were
converted to a scale of 1–5 for the figure. Although the questions
were phrased to elicit impressions of the sidebar based on their
experience using it, there does seem to be an effect related to the experimental condition: users in the “overestimate” condition indeed
thought that the sidebar would have given better results than those
in the other conditions, and users in the “underestimate” condition
had the lowest expectations.

4

DISCUSSION & CONCLUSIONS

We began our work by looking at the effects of different types of
visualisations on the willingness of crowdsourced workers to wait
on better results, if the visualisations presented the probability seeing better results in the sidebar as well as the expected value of
the better results. Although there were no significant differences

Visualisation to Aid Decision-Making
for Time-Quality Tradeoffs In Search
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potential distribution of outcomes over time that is either accurate,
an overestimate of quality or an underestimate of quality. These
results of indicate potential effects of the perception of quality on
query behaviour, click behaviour, and attention to the sidebar when
measured via eye tracking, as well as subjective opinions through
post-task surveys. This work shows the value of user perceptions of
quality in use, and also points towards larger full-scale studies on
perceptions of the expected quality one might get from the future
use of an optional component of a search system.
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Figure 17: Average Responses to estimates of expected sidebar
effectiveness during post-task questionnaire. Responses were
converted to a scale from 1–5. Users in the “overestimate”
condition had higher expectations for the sidebar than the
other conditions. Users in the “underestimate” condition had
the lowest.

between visualisation types, we maintained the direction of frequency framing our pilot study with a quantile dotplot that showed
how likely the sidebar was to surface results of varying degrees of
quality at a given point in the future. One aspect that we did not
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time. The preliminary results from the pilot indicate that giving
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but point to a subjective effect of deception applied to operational
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time, when we also present an indicator of the quality of results that
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