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Abstract—Nowadays, the information available to us is in-
creasing every day, generated from different devices and sensors
around us. But, making its use efficient and effective can be hard.
Information Visualization (InfoVis) can help use that information.
In most cases, solutions based on InfoVis presuppose the user’s
total focus. But, in our daily routine, we execute a myriad of tasks
of different complexities, from turning on a switch to cooking a
meal. During those tasks, a visualization could give relevant data,
gathered. On those cases, it’s important that the visualization
did not interfere with the primary task. To visualizations, whose
understanding in not the main aim, but intended to give ancillary
information for another simultaneous task, we call Incidental
Visualizations. In this paper we present a study where we tested
the impact of Incidental Visualizations on primary tasks. We
studied the quality of perceived information by users, how these
visualizations affect the time to realize a primary task and the
cognitive load induced by their presence. Our results tell us that
introducing a visualization in a primary task has a light impact
on it, on the three factors mentioned.

Index Terms—Information Visualization, Incidental Visualiza-
tion, Casual Visualization, User Studies

I. INTRODUCTION

Every day, we have information available to use generated
by smart devices, smart apps, Internet of Things, Big Data, etc.
Besides that, its increasing, even if we do not notice it. To have
such a variety of information can make it hard for us to choose
and filter data to generate useful knowledge, either by the lack
of systems that can treat that data or by the reduced available
time we can use to find out how. InfoVis can help us by having
visualizations that do that job for us. It is a smart idea because
of their capacity of allowing us a better understanding of raw
data using different idioms to show us information. But, we
have cases where visualization understanding is not our main
task. In our daily routine, we execute different primary tasks.
During those tasks, supplying relevant information, gathered,
in the form of a visualization could have advantages. In those
cases, its important the visualization not to interfere too much
with primary tasks. Let’s imagine we are searching a book
on a shelf. Next to it, we have a visualization showing us
the books read in the present year, tagged by category. The
focus is to search for the book, but could it be possible to
perceive the visualization information without losing track of
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what we are doing? Will the visualization distract us and upset
the efficiency of the task? could these visualizations coexist
with our primary tasks? Our investigation shows itself.

We will call these visualizations “Incidental Visualizations”
(IncidentalVis). Incidental, because we perceive it by accident.
We want their perception not to be the focus of a person,
but instead an aim that shows during a task. We have things
in our lives that send information every time, for example a
clock. Our main goal was studying the impact of incidental
visualizations in user’s performance while they realize primary
tasks. With incidental visualizations, the user has to understand
with enough quality the information transmitted during task
execution which means: has to be efficient and effective. Then,
the attention needed to have a good perception should not
disturb too much the focus of the main task, or else we lose
the task being the primary aim. We want these visualizations
to be easy to understand such has the cognitive load does not
increase too much. We can achieve it by making the user do
two things: do the task and understand the visualization.

On the next section we will present studied topics that relate
to ours, inspire us to do future work and present techniques
used nowadays in InfoVis. We noticed that our exploration
of papers did not mention Incidental Visualizations. Then,
we present our preliminary study where we tried to compute
the complexity of eight different idioms. With its results we
chose three idioms, each for one of our three complexities:
easy, medium and hard. Afterwards, we present our first study,
explain first the method used on our main study: what we
tested, how did we do it and what technology we used. In this
study, tested three different complexities of idioms with three
different complexities of tasks so we could then understand
how the results change, which means, how the impact changes.
On the next section, we show our study limitations and how
that motivated us to do another one. Then, we show our
final study where we analyzed eight different idioms and
show the impact changes on every task complexity. Later on,
we make a global discussion of our investigation where we
present a summary of what we made and considerations for
the achievements of our goals.



II. RELATED WORK

Before explaining how we executed our studies, we will
present ideas found in existing papers related to InfoVis. These
ideas either helped us define aspects of our work or they
gave future work for someone to do. There papers present
techniques used nowadays inside InfoVis.

A. Design Dimensions
D. Huang executed a study where the result was a table

with different design dimensions when we are creating vi-
sualizations for personal information [1]. Two of them are
worth mentioning here since our work uses these concepts:
Actionability and Attentional Demand. Actionability is the
degree at which a visualization will guide future actions (we
may or may not use this since we did not test if an incidental
perception could change behavior). Attentional Demand is the
attention a visualization demands from a person (here we have
a more direct relation since we said we want a visualization
not to disturb too much a primary task).

B. Casual Information Visualization
Zachary Pousman, John Stasko and Michael Mateas present

a topic relevant for our research, Casual Information Visualiza-
tion [2]. They refer the work in InfoVis assumes their users
have experience in analyzing problems of specific domains.
In our work, we will want to lighten the information used so
that our users think they need not have earlier knowledge of
something.

C. Information always available
One example with a low level of attention required is the

ShutEye, developed by Jared S. Bauer [3]. We use it to
promote us awareness for activities that contribute for good
habits of sleep. It used a perispherical view on the wallpaper
of a smartphone to supply recommendations for sleep health.

D. Time Flow integrated on data
Data integrated as a flow instead of an independent dedi-

cated tool could generate useful information because we see it
with a different configuration, in this case a temporal layer. A
study made by D. Huang, M. Tory and Lyn Bartram explores
designs integrating data into a digital calendar, hoping to
face two problems: supply a better context to help people
understand personal data and lowering the access barriers
imposed on its access [4]. Humans understand data always
with a context, so finding the best one is important to help
users recognizing and understanding information.

E. Engagement
Engagement with visualizations can be important for them

to be more useful. Ya-Hin Hung and Paul Parsons discuss this
philosophical topic, focusing user engagement [5]. The authors
say a lack of a clean definition of engagement in InfoVis
exists, leading to less research made on guide development
and instruments. The authors explore the role meaning of user
engagement in InfoVis and discuss actual challenges in its
characterization and evaluation.

F. Attention

On engagement shows up a problem present on the ShutEye
mentioned. The authors could not know if it caused the ob-
served changes. S. Haroz and D. Whitney discuss the attention
needed for a visualization to be effective [6].

G. Visualization Placement

There are various ways of placing a visualization. W.
Willett, Y. Jansen and P. Dragicevic executed a relevant study
for this matter [7]. They present two categories of visualiza-
tions: embedded and not embedded. The visualizations not
embedded have data not next to its physical object. These can
be: “situated” and “not situated”. A visualization is “situated”
if we understand it on an external device next to its physical
object the data of the visualization is for, for example, a tablet.
A visualization is “not situated” if we see it on an external
device not next to its physical object, for example, a Desktop
in a different room. If a visualization is “embedded”, then we
perceive the data on its physical object the data is for, either
by virtual reality or physical visualizations. On our study, we
used situated visualizations since we wanted them to coexist
with the primary tasks.

H. Artistic and Ambient Feedback

A method implemented by J. Rodgers and L. Bartram
explored the supply of ambient and artistic feedback integrated
on the environment [8]. The authors believe the subtle use of
these techniques can reduce attention and interaction demands
from visualizations. On their study, they try to make people
know their impact in resources consume, for example water
and electricity. As we do, they wanted to reduce the cognitive
load of visualizations.

I. Reaction to different designs

Jon Froehlich addressed ECO Feedback on an implemented
method as a strategy to encourage and help to build a con-
nection between house activities and resources use [9]. The
author explored designs allowed by data got from water con-
sumption. Essential questions addressed were: how visualize
information? Which designs could have better user reactions?

J. Getting Unnoticed

When something is common, it will get unnoticeable and
this applies to visualizations. Dereek Toker explorers what
elements of visualizations could help at their recognition and
memorability, which implies they will get perceptible [10].

K. Discussion

It applies to notice that there was no mention for Incidental
Visualizations when we were searching papers. Although not
every article helps us at our experimentation design, we tried
to use them as inspiration to ideas and future work. The
topics related were: Design Dimensions, Casual Information
Visualization and Information always available.



(a) Bar Chart (b) Pie Chart

(c) Scatterplot (d) Floating Bars

(e) Slopegraph (f) Histogram

(g) Line Charts (h) Treemap

Figure 1: Idioms used in the preliminary study

III. IDIOM COMPLEXITY

To test the impact of incidental visualization while they
are coexisting with primary tasks, we defined three different
visualization complexities. We did not find literature for this
topic, only studies for which visualizations were better than
others. So, we executed our own study, a preliminary one, to
understand how to tag an idiom with a specific complexity.
But, it was not workable to consider every idiom of InfoVis
(if we can count them) and their variants. We decided on
focusing at idioms for tabular data. For that data we went
to the Portuguese website www.portada.pt which supplies real
tabular datasets. Our chosen idioms were: Scatterplot; Floating
Bars; Slope Graph, Bar Chart; Histogram; Pie Chart; Line
Chart and Treemap.

A. Planning
We decided the tasks for this study should try to be concrete.

Each task was to look at a visualization and give an answer
based on the perceived information. We chose tasks appropri-
ated to each idiom (finding correlations on the Scatterplot,
see tendencies on a Line Chart, etc.) This assured us we
did not introduce another level of complexity by designing
tasks not appropriated. For each visualization the user had to
execute two tasks (answer two questions). We used Munzner
Taxonomy to categorize our tasks. The first one was always of
Locate, meaning users knew what they wanted to find, but not

where and the second one was always of Comparison, which
means the users had to compare between two things to answer.
Each user answered 16 questions, two for each idiom (eight
in total).

The sequence of tests was always random for each user,
avoiding results corruption. Image 1 shows the visualizations
used on our tests. Their titles are in Portuguese because we
made them for Portuguese users. The data for visualizations
were from PORDATA. The topic was always (except for the
histogram) the number of enrollments on different teaching
facilities. Before the start of the study, we explained the
procedures to the users with the purpose of reducing the
learning curve for them. For each idiom, we showed each
question to the user for him to know what to look. At our
signal, we showed the visualization. When the user knew
the answer we stopped the time and hide the visualization.
Everything was the same for the second question.

To measure complexity, we incorporated the ideas of Wei-
dong Huang, Peter Eades and Seok-Hee Hong, by trying to
compute a value [11]. We used three factors on our equation:
FP (Failure Precision); RT (Response Time) and ME (Mental
Effort). The failure precision was the percentage of failed
answers. We measured it by looking at the number of wrong
answers (16 in total) and calculating the percentage. Then
measured the response time by noting the total time a user took
to answer the two questions (20s in total). We calculated the
mental effort at the end through the pen and paper version of
the NASA-TLX [12]. This consists on a form used to measure
cognitive load to understand the effectiveness of a task and
other performance aspects. The factors values mean: the higher
the FP, the higher the number of wrong answers; the higher
the RT, the longer a user took to answer the questions and the
higher the ME, the bigger was the cognitive load.

We used the equation 1, which means that the complexity
of a visualization is the mean of: FP; RT and ME.

C =
FP +RT +ME

3
(1)

We calculated the percentages with the theoretical highest
values for each parameter. These values allowed us to compute
the value of complexity of the worst-case scenario (100% is
the worst). Since only two tasks exist for each visualization,
the highest number of wrong answers is two. With the time
used, we wanted each user to only have ten seconds to look at
the visualization. We chose this time trying to force pressure
at answering, since this study is on the context of incidental
visualization, where we do not want to look for a long period.
So, the highest total time for two questions is 20 seconds, ten
for each. The highest value of the NASA-TLX 600, since the
tool has six questions, and each has a highest value of 100.

B. Results

In this section we will present the results of our study, the
statistic processing and its conclusions.

1) Failure Precision: The highest percentage of wrong
answers occurred with the Scatterplot (32,50%) and the lowest
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Figure 2: Bar Chart that illustrates the number of wrong
answers.

Figure 3: Boxplot of the response time for each idiom

percentage occurred with the Floating Bars (5,00%). We show
the general perspective in image 2.

Our null hypothesis was: the quality of perception is in-
dependent of the idiom of the visualization. To understand
if there were any significant differences between the results
got and since it was a categorical variable, we used the Chi-
Square test. We verified that we could not reject our null
hypothesis with a p-value of 0,072. But, since the value is near
0,05, it could imply a small effect. We applied the Bonferroni
adjustment to our α, and we got the new α, of 0,002. We then
concluded that the quality of perception was independent
of the idioms we used.

2) Response Time: The questions of the Scatterplot took
the longest time to answer (76,50%) and the questions of the
Pie Chart the shortest time (61,50%). We see by these data
that, either the time given was too short, or the questions were
difficult, since the percentages are high. We show the general
perspective in image 3.

Our null hypothesis was: the response time is independent
of the idiom. To understand if there were any significant
differences between the results got we started by using the
Shapiro-Wilk test to see if these were following a normal
distribution. The results did, so we used the parametric test
One-Way ANOVA. We verified that we could not reject our
null hypothesis with a p-value of 0,23. We concluded that the

Figure 4: Boxplot with the cognitive load for each idiom

response time was independent of the idioms we used.
3) Cognitive Load: The highest percentage of cognitive

load was with the Treemap (45,48%) and the lowest percentage
was with the Line Chart (23,60%). We show the general
perspective in image 4.

Our null hypothesis was: the cognitive load is independent
of the idiom. To see if there were any significant differences
between the results got we started by using the Shapiro-
Wilk test to understand if these were following a normal
distribution. For the results of the Pie Chart and the Line Chart,
it did not (p-value of 0,093 and 0,051). So, we used the non-
parametric test Kruskal-Wilis. We verified that we could reject
our null hypothesis with a p-value of 0,23. A post-hoc test
showed significant differences existence between these pairs
of idioms: Scatterplot and Floating Bars; Scatterplot and Line
Chart; Treemap and Bar Chart; Treemap and Floating Bars;
Treemap and Line Chart and Treemap and Slopegraph. We
can conclude that the cognitive load depends, sometimes, of
the idiom used.

4) Complexity Calculation: The goal of this study was
trying to find idioms that could fit our three desired complex-
ities. With those idioms and the three task complexities we
were ready for the next study. With the results for the three
factors it was only missing the complexity calculation of each
idiom with equation 1. As we can see in image 5, the most
complexity idiom was the Scatterplot (50,60%) and the least
one was the Floating Bars (38,60%).

C. Discussion
Two of the factors tested presented results independent of

the idiom used (Failure Precision and Response Time). The
last one showed dependency with a few idioms. Although these
global conclusions look promising and we could talk for what
we learned and its impact, it’s worth mentioning limitations
of this study. In summary, the results were questionable. Not
because the study was not credible, but because a few results
just not made sense. When we calculated confidence intervals
(for α = 0,05), we noticed that the size of each interval
was too wide. In fact, we could say we are not sure if
every complexity is different. For example, if we take out the
Floating Bars and the Line Chart, every idiom could have the



Figure 5: Boxplot of very idiom complexity

complexity value of 40% because this value is inside each
idiom confidence interval. The other strange case was the
independency of the two factors: FP and RT. At a first thought,
changing the idioms should be different. Although these results
could be real, we proceeded with care.

IV. TASK/VISUALIZATION BALANCE

We wanted to test the impact incidental visualizations have
in different tasks. We made the validation of this aim by testing
different circumstances where we changed characteristics of
tasks and visualizations.

A. What did we test?
We needed to understand what happened when a visual-

ization is present during primary tasks execution. First, we
need to know what happens when users executed them without
visualizations. This gave us base values for us to use as
references when comparing with the cases the visualization is
present. With these values got, we then tested different tasks
with growing complexity and in each one of them we tested
eight different idioms.

B. Task Complexity
As said above, we only focused on three complexities for

a task: easy, medium and hard. But, this gave us a challenge.
How to put a task inside one of these categories? We searched
articles that could help us in this matter, but we only found
one. Donald Campbell tell us we only have four categories of
complexity for the tasks [13]. The author starts by describing
which attributes of complexity each task can have. It is
four, which give us 16 different categories for the different
attributes (4 categories x 4 attributes). Never the less, the
author mentions that no combination can be more, or less,
complex than another one. So, what we chose was the category
that fit the most our idea and then we changed the attributes,
increasing difficultness. The category chosen was the “Problem
Tasks”. These have multiple paths to get to a specific goal.
The other types have over one goal, so they were not for our
study. We were not interested in study tasks with over one goal.
We then defined out three complexities where the complexity
grew by adding attributes. Easy Complexity: tasks that have

(a) One of the three Line Charts
used.

(b) One of the three Scatterplots
used.

(c) One of the three Pie Charts
used.

Figure 6: Três dos idiomas usados no estudo.

only one way for we to execute to achieve its goal. Medium
Complexity: tasks that have over one way for we to execute
and each leads to the goal. Hard Complexity: tasks that have
over one way for we to execute, but only one leads to the
pretended goal.

C. Visualization Complexity

From the preliminary study we chose three idioms, one for
each of our complexities (easy, medium and hard). Although
we got questionable results, we made our choices based on
our final values plus extra information got from the users.
For the easy complexity, we chose the Line Chart because
it was the idiom with the lowest complexity (34,28%) and
because every user recognized it from experiences. Aimed at
the medium complexity, we chose the Pie Chart because its
complexity was higher than the Line Chart (38,60%) and every
user recognized it. Used for the hard complexity we chose the
Scatterplot because it had the highest complexity (50,601%)
and, again, every user recognized it.

D. Method

In this study, we tested four factors: perceived quality,
task total time, total time looking at the visualization and
cognitive load. To test the perceived quality, we created two
questions for each visualization. We tried to make them for
each idiom. Just as the preliminary study. This time, we
registered the correct answers because we were not calculating
a complexity, but perception quality. We did not take the data
behind each visualization from a source. Instead, we generated
it at random. We established ranges for each idiom and we
then generated values inside those ranges. The goal was trying
to mitigate complexities hidden in the data. Besides that, we
changed the data between tasks, so that an idiom transmitted
different information from the easy task to the medium and
hard tasks. To control the total time, we noted the task start
time and end time. The third parameter was tricky. We had
none eye tracking technology to help us, so we tried to do



it by hand, knowing beforehand it was difficult. To note the
cognitive load, we used again the NASA-TLX form.

We will have three different complexities of tasks. These
tasks should be primary tasks, which means, they should
simulate real-life scenarios. But, we had trouble defining such
cases for two major reasons. First, to simulate a real scenario
of a primary task, for example turning on a switch, we need
to carry out a prototype in people’s life. Second, incidental
visualizations should coexist during a primary task. If a person
is being tested, we cannot make sure she with do as in a real
case scenario. So, what we did was making our primary tasks
to help us study the important aspects of the investigation
(the impact cause by these visualizations) instead of trying to
simulate a real-life primary task. Our easy complexity task
was: “flip the switch”. The user only needed to enter the
room, flip the switch and leave the room. It’s an easy task
because it only has one way to achieve one goal. Our medium
complexity task was: “from six books, choose two and change
their position and after that, choose another two and change
their position”. This is a medium task because it has different
ways of doing it and each one achieves its goal. Our hard
complexity task was: “from six books, choose one, then open
at a random page such as the number has three digits, then
from a set of pool balls (1 to 15, the white one being the 0)
pick the ones with the same digits as the page and put them
in the box next to them”. This is a hard task because it has
different ways of doing it and only one achieves its goal.

We executed the study with 20 users. With the three task
complexities and the three visualization complexities we had 9
tests per user plus the three tests without visualizations, which
gives us 12 tests in total. Each user executed the 12 tests in
a row. But, for each user, the order of the visualizations, for
each task, was different. This prevented the users to vitiate
the results. A user always vitiates the result of its first test,
because he could be nervous, even if he knows what will
happen and what evaluation he will have. Every test began and
ended at the same physical place. There was no time limit each
test execution. We said the users to do the primary tasks as
efficient as they could to avoid losing too much time looking
at the visualizations. We mention again, that the fact of this
being a simulation, we dealt with the problem of the users
knowing the visualization was part of the study. In real-life
scenarios, incidental visualizations need to blend in in a way
they “disappear” to our perception. So telling the users to focus
on the task was a way to make them simulate that. The method
of each test was: each user was on the physical point with
their back turned to the place where the task happened; then,
he received our signal to start the task, and the time started;
the users executed the task and he tried to understand the
visualization; he then returned to the starting point so that the
time stopped; he answered the two questions and he answered
the questions of the NASA-TLX form.

E. Results
On this section, we will present the results of the study,

every statistic processing made and our conclusions.

Figure 7: Line Chart showing the percentage of correct an-
swers.

Figure 8: Line Chart showing the total task time.

1) Perception Quality vs. Visualization Complexity: As
we can see in image 7, in the easy task the percentage
of correct answers decreased from the easy visualization
to the medium visualization (85,00% to 65,00%) and then
increased in the hard visualization (77,50%). In the medium
task, the percentage increased from the easy visualization
to the medium visualization (77,50% to 80,00%) and then
decreased in the hard visualization (67,50%). In the hard task,
the percentage increased from the easy visualization to the
medium visualization (72,50% to 75,00%) and decreased in
the hard visualization (57,50%).

Our null hypothesis was: the quality of perception is inde-
pendent of the complexity of the visualization. To understand
if there were any significant differences between the results got
and since it was a categorical variable, we used the Chi-Square
test. We verified that we could not reject our null hypothesis,
in every task, with p-values of 0,177, 0,239 and 0,146. We then
concluded that the quality of perception was independent
of the visualization complexity we used.

2) Task Time vs. Visualization Complexity: As we can
see in image 8, in the easy task the time increased from the
no visualization case to the hard visualization (10,80s, 17,02s
to 19,45s) except in the medium visualization (16,94s). In the
medium task, the time increased from the no visualization case
to the hard visualization (12,98s, 17,04s, 20,83 to 23,01s). In



the hard task, the time increased from the no visualization
case to the medium visualization (16,54s, 23,72s to 23,74s)
and then it decreased in the hard visualization (23,72s).

Our null hypothesis was: the time to execute the task is
independent of the visualization complexity (including not
having a visualization). To see if there were any significant
differences between the results got, for the tasks, we started
by using the Shapiro-Wilk test to understand if these were
following a normal distribution. On the tasks medium and
hard, the results did, so we used the parametric test One-
Way ANOVA. At the medium task, the results did not, so we
used the non-parametric test Kruskal-Walis. In the tasks, we
verified we could reject the null hypothesis, with p-values of
0,000003 (easy complexity), 0,0000002 (medium complexity)
and 0,0004 (hard complexity) because they were lower than
0,05. Our post-hoc tests showed, for every task, significant
differences when comparing the case without visualization
with the cases with visualizations. Instead, when we compare
the different visualization complexities, in every task, between
themselves, there were no significant differences. This means,
introducing visualizations on primary tasks had a signifi-
cant impact on the total time, while changing them does
not.

3) Time looking at Visualization vs. Visualization Com-
plexity: As we can see in image 9, in the easy task the
time decreased from the easy visualization to the medium
visualization and then increased in the hard visualization
(8,62s, 7,26s to 10,02s). In the medium task, the time increased
from the easy visualization to the hard visualization (7,47s,
10,96s to 12,65s). In the hard task, the time increased from
the easy visualization to the hard visualization (10,64s, 11,11s
to 11,56s).

Our null hypothesis was: the time looking at a visualization
is independent of the visualization complexity. To understand
if there were any significant differences between the results
got, for the tasks, we started by using the Shapiro-Wilk test
to see if these were following a normal distribution. On
the tasks medium and hard, the results did, so we used the
parametric test One-Way ANOVA. At the medium task, the
results did not, so we used the non-parametric test Kruskal-
Walis. In the tasks easy and hard, we verified we cannot
reject the null hypothesis, with p-values of 0,416 (easy) and
0,824 (hard). With the medium task, we verified we could
reject the null hypothesis, with a p-value of 0,0019 (medium).
Our post-hoc tests showed significant differences absence
only when comparing the medium visualization with the hard
visualization. So, except on the medium task, changing the
visualization complexity did not impact the time looking
at a visualization.

4) Cognitive Load vs. Visualization Complexity: As we
can understand in image 10, in the easy task the percentage of
correct answers increased from the case with no visualization
to the medium visualization (3,79%, 21,88% to 24,42%) and
then decreased in the hard visualization (18,66%). In the
medium task, the percentage increased from the case with
no visualization to the hard visualization (5,10%, 23,46% to

Figure 9: Line Chart showing the total task time.

Figure 10: Line Chart showing the cognitive load.

31,64%), except in the medium visualization (21,08%). In
the hard task, the percentage increased from the case with
no visualization to the hard visualization (6,44%, 24,42%,
31,58%), except in the medium visualization (19,07%).

Our null hypothesis was: the cognitive load of a visualiza-
tion is independent of the visualization complexity (including
not having a visualization). To understand if there were any
significant differences between the results got, for the tasks,
we started by using the Shapiro-Wilk test to see if these were
following a normal distribution. On the tasks easy and hard, the
results did not, so we used the non-parametric test Kruskal-
Walis. At the medium task, the results did, so we used the
parametric test One-Way ANOVA. In the tasks, we verified
we could reject the null hypothesis, with p-values of 0,000002
(easy), 0,0000000002 (medium) and 0,000004 (hard). Our
post-hoc tests showed, for every task, significant differences
when comparing the case without visualization with the cases
with visualizations. Instead, when we compare the different
visualization complexities, in every task, between themselves,
there were no significant differences. This means, introducing
visualizations on primary tasks had a significant impact on
the total time, while changing them does not (again, there two
exceptions we will explain later).



F. Discussion
Our goal was to understand different impacts when dif-

ferent visualization complexities coexisted with different task
complexities. We got interesting results where we could
watch concrete variations of our four factors. But, as in the
preliminary study, we got unexpected results. For example,
the medium complexity visualization (Pie Chart) results were
always above or below expected. On the perceived quality
parameter, the medium visualization had a worse result than
the hard visualization. It made more sense if it was better.
There are other examples of inconsistent values.

After this study and the earlier one, we analyzed our
results with care to understand why did we got inconsistent
values. We concluded we had major limitations. First, we
understood the experimental design of the preliminary study
was too simplistic. To compute a value of complexity for a
visualization maybe requires a stronger planning and more
users. The complexity of the data used could have disturb the
user’s performance. We did not go deep for the data, which
may have induced complexity when it should not have. For
example, the data between different visualization complexities
was never the same. As the data, we did not go deep into
the questions we made. We wanted them to be simple for
each idiom, but we may have added complexity. Then, we
designed the visualizations without prior study. We made them
look normal and proper, but the design changed between
visualization complexities.

Still one major limitation we considered the most impor-
tant, the learning curve. What happens if a person had this
visualization for a long period? Would the results change? We
think they would. Even explaining at the tests beginning what
would happen, it still was insufficient time to learn. What if
the learning time was days, weeks, etc.? Let’s imagine the
clock scenario. We know how to read it, maybe because it’s
on our lives since we were born. What if we had to explain
what a clock was to someone who did not knew it? A study
as this, involving a long use of the visualization, was not on
our reach for this investigation because of time limitations.

With every limitation on our minds, we executed a new
study to draw better conclusions and to have a way of
comparing the study we had. To find a balance between
visualizations complexities and task complexities proved to be
difficult. We maintained the major organization of this study
and only changed things addressing the limitations.

V. IDIOMS VS. TASK COMPLEXITY

Instead of using different visualization complexities, we
returned to eight idioms. We maintained three task complex-
ities. The idioms chosen for our study were: Line Chart 11a;
Pie Chart 11b; Scatterplot 11c; Bar Chart 11d; Treemap 11e;
Floating Bars 11f; Lines 11g and Radial Chart 11h. We chose
them for two reasons: they are common on InfoVis and they
allow us to create simple data for them. To avoid uncontrolled
factors in our study and to help us focus on what was important
to test, we created each visualization with each idiom with
the same principle. Each visualization had only three things:

(a) Line Chart (b) Pie Chart

(c) Scatterplot (d) Bar Chart

(e) Treemap (f) Floating Bars

(g) Lines (h) Radial Chart

Figure 11: Idioms used in the study

the idiom, four data points and one letter next to each point.
The data behind each visualization was the same. We tried
to follow Zachary Pousman, John Stasko and Michael Mateas
by making the transmitted information more casual [2]. The
letters changed between visualizations. This avoided the users
to memorize an order that was the same every time. The main
goal on each visualization was to memorize the four letters (the
user decided the ordering of the letters). The questions made
for each visualization were always for the letters positioning
in terms of value. For example, if the letter A corresponded
to the highest value, then B, then C and then D, then I could
ask “What is the value in position 1?”. Position 1 is always
the highest value, etc. As we said, the tests did not simulate
real-life scenarios because that required us to create something
in the routines of 20 users, which was not workable for us.

We executed the study with 20 users. With the three
complexities of a task and the eight idioms we had 24 tests
per user plus the three tests without visualizations, which gives
us 27 tests in total. Each user executed the 27 tests in a row.
The rest of the experimentation design was the same as the
previous study.

A. Results

On this section, we will present the results of the study,
every statistic processing made and our conclusions.



Figure 12: Bar Chart showing the correct answers percentage
per idiom.

1) Idioms vs. Comprehension: On the easy task, the Scat-
terplot had the highest percentage of correct answers (97,5%)
and the Pie Chart had the lowest (75%). At the medium task,
the Radial Chart had the highest percentage (95%) and the
Pie Chart had the lowest (77,5%). In the hard task, the Radial
Chart had the highest percentage (95%) and the Pie Chart had
the lowest (72,5%). We can see we got good results, showing
it was possible, in every case, executing the primary task and
understand most of what the visualizations transmitted. It is
astute to see that the Pie Chart shows up always as the worst
idiom 12.

Our null hypothesis was: the quality of perception is in-
dependent of the idiom of the visualization. To see if there
were any significant differences between the results got, for
the tasks, and since it was a categorical variable, we used
the Chi-Square test. We verified that we could reject our null
hypothesis with an α of 0,05, on every task, with p-values
of 0,031 (easy complexity task), 0,004 (medium complexity
task) and 0,014 (hard complexity task). Because every value
was lower than 0,05, this means that changing the idiom of
the visualizations impacts the quality of perception. But, we
wanted to understand which idioms were more different on
their results. We applied the Bonferroni adjustment to our α,
and we got the new α of 0,002. We executed the Chi-Square
test to ever combinations of a pair of idioms, in every task, to
see if there was a p-value lower than 0,002, but there was not.
This means that, in every task, there was an impact when
we change the idiom, but we could not know where.

2) Idioms vs. Task Time: On the easy, medium and hard
tasks, the test without a visualization was always the fastest
(3,82s, 7,06s and 9,15s). At the easy task, the test with the
Treemap was the slowest (4,59s). In the medium task, the test
with the Floating Bars was the slowest (9,41s). On the hard
task, the test with the Line Chart was the slowest (14,93s).

Our null hypothesis was: the time to execute the task is
independent of the idiom of the visualization (including not
having a visualization). To see if there were any significant
differences between the results got, for the tasks, we started
by using the Shapiro-Wilk test to see if these were following

Figure 13: Bar Chart showing the total task time per idiom.

Figure 14: Bar Chart showing the cognitive load per idiom.

a normal distribution. On the tasks easy and hard, the results
did, so we used the parametric test One-Way ANOVA. At
the medium task, the results did not, so we used the non-
parametric test Kruskal-Walis. In the tasks, we verified we
could reject the null hypothesis on every task, with p-values
of 0,0004 (easy complexity), 0,02 (medium complexity) and
0,00000002 (hard complexity). Our post-hoc tests showed, for
every task, significant differences when comparing the case
without visualization with each of one. Instead, when we
compare the idioms, in every task, between themselves, no
significant differences show itself. This means, introducing
visualizations on primary tasks had a significant impact
on the primary tasks, while changing them does not.

3) Idioms vs. Cognitve Load: On the easy, medium and
hard tasks, the test with the Pie Chart had always the highest
percentage of cognitive load (26,42%, 28,50%, 33,83%), and
the test without the visualizations had always the lowest
percentage of cognitive load (10% on the tasks). It is astute
to see that the Pie Chart once again shows up always as the
worst idiom.

Our null hypothesis was: the cognitive load felt during the
task is independent of the idiom of the visualization (including
not having a visualization). To see if there were any significant
differences between the results got, for the tasks, we started
by using the Shapiro-Wilk test to see if these were following
a normal distribution. On the tasks, the results did not, so we



used the non-parametric test Kruskal-Walis. On the tasks, we
verified we could reject the null hypothesis, with p-values of
0,00001 (easy complexity), 0,000001 (medium complexity),
00000002 (hard complexity) because they were lower than
0,05. Our post-hoc tests showed, for every task, significant
differences when comparing the case without visualization
with the cases with idioms. Instead, when we compare the
idioms, in every task, between themselves, no significant
differences exist. This means, introducing visualizations on
primary tasks had a significant impact on the cognitive
load of the primary tasks, while changing them does not.

B. Discussion

Even if our study did not simulate a real-life scenario, we
still got good conclusions for the generic impact our incidental
visualization has on users when they execute primary tasks.
The quality of perception was always high. Was always
above 70%, which shows these visualizations can coexist with
primary tasks, by being informative. Although not knowing
which idioms made the bigger differences, we still think the
idiom used matters when we want to increase perception
quality.

The other two factors will have a special note here. For the
time to execute each task. We verified that only impact exists
when we introduce visualizations and not when we change
the idiom on them. Why did this happen? We concluded
that these results make sense. Since we said to the users
the most important thing was to execute the tasks, they
maybe sometimes sacrificed the quality of perception of the
visualization. Now, the cognitive load. The results were the
same as the time parameter. Impact on introduction, but now
on change. Why did this happen? Maybe because we made
our visualization simplistic. Each was similar in color and
in construction, which may have made users sense the same
cognitive load over the different tests.

VI. GLOBAL DISCUSSION

Our main goal was studying the impact of incidental vi-
sualizations in user’s performance while they realize primary
tasks. We achieved it by understating the impact caused by
different visualization in three different tasks and the variations
between idioms. Even if our “Idiom Complexity” study and
our “Task/Visualization Balance” study had limitations, they
allowed us to execute a final one where we reduced those
limitations. We got three major conclusions, each for one of
our three tested factors. We concluded that users can under-
stand the transmitted information while they are executing
a task, since the results were positive. But, the impact on
task efficiency is a light high. Although we do not consider
it problematic, it’s important to be aware its inevitable the
increase of total task time. Besides that, the cognitive load
induced by the visualization has a significant effected on the
user.

Here are our main considerations: the insertion of visu-
alizations during primary tasks disturbs them; changing
our visualizations idiom did not affect tasks performance.

This can mean that tabular data idioms may have the same
impact since they have a similar nature; since the results
were positives, we can consider that our visualizations can
coexist with primary tasks; it’s important to execute a long
study to reduce the learning curve problem in results.

VII. CONCLUSION

Incidental Visualizations still have much to explore. Al-
though the impact of effectiveness is notorious, we still think
they have potential, since the quality of perception was high. In
our study, we focused only in trying to realize the impact they
have on primary tasks of different complexities. We reached to
the conclusion that an impact exists when they are coexisting
with primary tasks. But, with our idioms and experimentation
design we could not know which idioms could work better, at
least for tabular data ones.
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