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Abstract Small-scale visualizations can augment text, show information on mobile devices, or geo-
graphical information on a map. In such situations, there is often not enough space to show complex data
with approaches like juxtaposed visualizations. To alleviate this issue, we propose the use of animated
transitions between several small-scale visualizations. We discuss design considerations for animated
transitions between small-scale visualizations and differences to normal-sized visualizations. Further, we
present the results of two online studies on the effectiveness of those animated transitions to convey
information and attribute relations, as well as the mental load of following the animated transitions. As a
result, we found that animated transitions between visualizations are understandable in small scale, but
performance depends on the specific task and the type of operation carried out with the animated transition.

Keywords Animated transitions � Small-scale visualizations � Empirical study

1 Introduction

Small-scale visualizations are common in a number of application scenarios, but have a limited ability to
show all characteristics of complex multidimensional data. For example, text can be augmented with small-
scale visualizations, also referred to as word-scale visualizations, to support understanding of data in the
text. Tufte (2006) first introduced word-scale visualizations as sparklines showing stock data , but
they can be other types of visualizations, such as a scatter plot or a box plot . There can be
several word-scale visualizations in a text to show different aspects of the underlying data, like temporal
differences or levels of detail. However, space is limited, because the visualization-to-text ratio should not
exceed a certain level to not disturb the reading flow.

Other use cases include map visualizations showing geography-related data (Schumann and Tominski
2011), like covid cases, election results, or trending twitter contributions (Bosch et al. 2013). Symbols,
glyphs, and small statistical graphics are common means to convey data values for locations or regions.
Here, visualization space is limited as well, because multiple graphics have to fit on the map while still
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making it possible to annotate a place or region with enough spatial precision. Further, people nowadays
also use small-scale visualizations on small displays of mobile devices like phones, tablets, or smartwatches,
with design challenges of limited screen space, computational power, and interaction possibilities (Chittaro
2006; Horak et al. 2021; Neshati et al. 2019). Boundaries of size in the definitions of large-scale, normal-
sized and small-scale visualizations are fluid. For the purpose of this work, we assume visualizations that are
at most three lines of text in height, and without axis marks and gridlines, to be small-scale visualizations.

In these scenarios, visualizing complex or multidimensional data are challenging due to the small scale
of the visualizations. Only a limited amount of data attributes can be shown in one visualization. We
approach a solution to this problem by proposing to transition between visualizations, with the goal of
improving comprehension of the multidimensional data. Animated transitions offer the possibility to browse
the data even when little visualization space is available. The animation aims to help understand the relation
of data between the visualizations and to counteract change-blindness.

We contribute design considerations for animated transitions between small-scale visualizations (see
Fig. 1), in contrast to normal-sized ones. With two online studies and two pilot studies, we compare
animated transitions between small-scale visualizations to those between normal-sized ones and show their
potential to improve analysts’ understanding of the data.

This article is an extension of our previous publication (Huth et al. 2022). We dug deeper into the data of
the first study, repeated parts of the first study with a modified animated transition, and performed a follow-
up study that we describe in Sect. 4.

2 Related work

In the following, we discuss the relevant related work including application scenarios of small-scale
visualizations, studies on animated transitions, the design of animated transitions, and recommender
systems.

2.1 Application scenarios

Researchers have examined small-scale visualizations in a multitude of settings. Word-scale visualizations
are used, for example, to increase the understanding of eye-tracking study results (Beck et al. 2015), to
augment scientific texts (Beck and Weiskopf 2017), for better clarity of software code and code quality
(Hoffswell et al. 2018), or to highlight discussion diversity in social media (Huth et al. 2021). For map
visualizations, Jakobsen and Hornbæk (2013) studied benefits and drawbacks of small-scale, normal-sized,
and large-scale visualizations, and found that a larger display size does not improve task performance.
Chittaro (2006) gave an overview of the challenges of designing visualizations for mobile small-screen
devices, such as limited screen space and computational power, as well as differences in interaction pos-
sibilities, while Neshati et al. (2019) similarly discussed design challenges for data visualizations on small
smartwatch screens. Horak et al. (2021) described the design space of responsive visualizations, focusing on
mobile devices. We consider these studies and the design space when designing our small-scale
visualizations.

Fig. 1 Two animation sequences in small-scale visualizations of a car dataset (Auto MPG 1993). a Filtering by cars with four
cylinders in a scatter plot that shows range by horsepower. b Aggregating the acceleration by number of cylinders to median
acceleration for each cylinder number
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2.2 Studies on animated transitions

The use of animated transitions between (normal-sized) visualizations to help with data comprehension
proved effective in several studies. Comparing small multiples to animated transitions, Archambault et al.
(2011) conducted a study on animated graphs versus their small multiples versions. They found that,
although with small multiples the participants answered faster for graph comprehension tasks, they also had
a higher error rate than with animated graphs for tasks of determining changes in the graph structures. In a
study, Peña-Araya et al. (2020) compared the effectiveness of small multiples, animation, and glyphs, for
visualizing geographic propagation. They found that with small multiples, participants answered quickest,
and animation yielded the highest confidence in participants’ answers, although overall performance
depended on the tasks. A study by Brehmer et al. (2020) compared finding trends in small multiples of
scatter plots versus their animated versions, on mobile phones. They found that with small multiples, people
performed the tasks faster, but with less confidence than with the animated versions, while accuracy was
task dependent. Overall, most studies found that with animation it takes people slightly more time to
perform a task than without, while the error rate is slightly lower, and participants generally prefer ani-
mations over the alternatives. Thus far, it remains an open question whether similar results hold for small-
scale visualizations, although we have first results from the study in our previous paper (Huth et al. 2022).

2.3 Animated transition design

Several previous works describe the design space of animated transitions for normal-sized visualizations,
and study the effectiveness of animated transitions for tasks like exploration, comparison, or summarizing.
For example, Heer and Robertson (2007) introduced theoretical groundwork and a taxonomy for transitions
between charts, as well as design principles. They performed a study and found that animated transitions
help with graphical perception. Kim et al. (2019) described a design space of animations for showing data
aggregation. They complemented their work with a study of different animation types and found that
animations help people to understand the aggregation better, although sometimes increasing the required
time to solve a task. For high dimensional data, Elmqvist et al. (2008) presented an interactive navigation
approach between scatter plots of multidimensional data, in a scatter plot matrix, as a dice rolling animation.
The animation can be used to explore multidimensional datasets by moving through the scatter plot matrix.
Wang and Mueller (2018) introduced a system that supports exploration of high dimensional data by
transitioning between scatter plot visualizations of 3-dimensional subspaces of the data, supported by a trail
map of consistent thumbnail previews. What has not been investigated yet is how animated transitions can
be designed for small-scale visualizations and how well people understand the small-scale transitions,
without helpful features such as labels or axes.

2.4 Recommender systems

From the design space of animated transitions between normal-sized visualizations stem recommender
systems for animation sequences. For example, Graph Scape by Kim et al. (2017) maps out transitions
between charts as a graph, with costs assigned to each transition, based on the mental effort to follow the
transition. The authors determined the cost values through studies and refined them over the years and
during the development of their recommender system Gemini (Kim and Heer 2021, 2021). Data Animator
by Thompson et al. (2021) is a similar system that uses the Data Illustrator (Liu et al. 2018) framework,
while Shi et al. (2019) use reinforcement learning to suggest chart sequences based on analysts’ tasks.
However, thus far, there are no animation sequence recommender systems that consider the unique chal-
lenges that come with creating animations on a smaller scale. As a first step, we need to better understand
the effectiveness of animated transitions between small-scale visualizations.

2.5 Summary

There are multiple research gaps that exist in the field of animated transitions between small-scale visu-
alizations, which our paper can only partly address. In our previous work (Huth et al. 2022) and in this
extension, we report on first insights. In addition, we provide basic design considerations and test perfor-
mance with two online studies.
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3 Design considerations

Visualizations consist of marks, including points, lines, areas, or even volumes, which have attributes such
as position, size, shape, orientation, hue, saturation, and many others, as well as labels, legends, axes, and
gridlines (Munzner 2014). Due to the limited space, in small-scale visualizations, labels, axes, gridlines, and
legends are often omitted and are inferred from the context of the visualization. In the following, we discuss
design considerations specific to small-scale visualizations.

3.1 Chart types

Not all visualization types are suitable for small-scale visualizations with limited pixel space, for example,
Latif and Beck (2018) describe visualization types applicable as word-scale visualizations. Visual clutter
needs to be avoided, and chart types that use position to encode information are harder to read when small.
Small-scale visualizations typically do not contain more than two attributes of a dataset, such as a bar
chart that shows the average horsepower by number of cylinders of a collection of cars, or a line
chart showing the average horsepower of new cars over time. We, therefore, focus on analyzing animated
transitions between suitable visualization types. We consider those to be bar charts , grouped or
stacked bar charts (if the number of categories is small), line charts , area charts , box plots

, and scatter plots . What data types are applicable is closely correlated with the chart types. In
our analysis, we focus on multidimensional data. Other typical visualizations for multidimensional data are,
for example, parallel coordinate plots or scatter plot matrices. However, they are not suited for our case
because essential visualization elements quickly become unidentifiable on a small scale.

3.2 Animated transitions

Chalbi et al. (2020), Heer and Robertson (2007), Horak et al. (2021) and Kim et al. (2017) described types
of changes to the key elements of a visualization, that occur separately or in combination with each other
when animating a visualization. The changes performed in an animation can be split into subsequent steps.
Each step is called a keyframe.

In an axis re-scaling operation, the maximum or minimum axis values are changed. This entails a change
in position of the marks. When performing a panning or zooming operation, the viewpoint changes and with
it the axis scale and the position of the marks. Changing how the underlying data is filtered involves adding
or removing marks and may require re-scaling the axes before or after the change of the mark, to account for
new maximum and minimum data values. The data re-ordering operation involves altering the position of
the marks and axis labels. A modification of the encoding of the data, for example, from bars to points, is
usually done because of data aggregation or an adjustment of the level of detail, and entails an axis change.
When changing one of the data attributes that are visualized, an axis has to be changed accordingly.
Whereas, changing the level of detail of the visualized data might entail a color change for some of the
marks. Another class of animated transitions are timesteps, in detail analyzed by Archambault et al. (2011)
and Brehmer et al. (2020). In a timestep, typically only the marks change, while leaving the axis scaling
intact to ensure comparability.

When designing animated transitions for visualizations, it is important to preserve an analysts’ mental
model of the data. Guidelines for normal-sized visualizations include that during animation, the relation
between the marks and axes should remain meaningful, that is, marks should not be reassigned to a different
semantic. For example, when re-scaling an axis, the marks should move to their new position along with the
axis instead of delayed in the next keyframe. Further, one should avoid ambiguity in marks and occlusions
of the marks, as well as make use of staging with keyframes to ease the understanding of transitions with
changes to multiple visualization elements. All these guidelines hold for small-scale animated transitions as
well. A factor that works in favor of small-scale animated transitions is that all marks are in focus of the
viewer, and none in their peripheral vision as in normal-sized visualizations, making small-scale mark
movement easier to follow.

In normal-sized visualizations, changes to the marks or axes can be grouped and played simultaneously,
which in small-scale might require too much mental effort to follow. In contrast to normal-sized visual-
izations, in small-scale visualizations the axes often are omitted, which increases the mental effort for an
analyst to follow an animation that involves changes to an axis. When the only change is a re-scaling of the
axis, the axis change is still understandable in how the marks move because of the law of common fate. For
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all changes affecting an axis, it might be beneficial to temporarily show that axis while slightly decreasing
the size of the other visualization elements, in case it is not possible to temporarily enlarge the whole
visualization.

Some operation types require many changes to the marks and data attributes; therefore, the animation
needs a larger number of intermediate keyframes and more time, which might lead to problems with the
mental map the viewer has of the data. For example, when the initial visualization is a bar chart that shows
aggregated data and a plotted data attribute is changed, if the bars are simply changed to show the data for
the new attribute, it can be difficult for analysts to make the connection between the corresponding marks.
Such an operation type requires intermediate steps displaying the path of the marks throughout the tran-
sition, for example, by changing the mark type to show the un-aggregated data.

Some consideration is required for scenarios, in which there are multiple small-scale visualizations of the
same type on the screen, for example, on a map, and analysts transition one of them. The question is,
whether the other visualizations should transition accordingly. If they do, it would put a high mental load on
the viewer, who can only focus on one visualization at a time. We, therefore, recommend using the animated
transition in only one visualization at a time, even though in that case the inconsistency of visualization
types might be perceived as somewhat confusing.

3.3 Aiding the understanding of an animated transition

An option to ease the mental load of following animated transitions between small-scale visualizations is to
enlarge the visualization temporarily and add axes and labels. In this normal-sized version, the animation is
played and due to the additional information it is presumable easier to follow. After the animation finishes,
the visualization is re-sized back to its small-scale version. For designing a larger version of a visualization,
insights from responsive visualization research (Hoffswell et al. 2020; Kim et al. 2021a, b) can be
employed. However, on a smartphone or smartwatch, it might not be feasible to increase the size of the
visualization momentarily because of screen size limitations. An alternative could be to show axes and
labels temporarily to support understanding of the transition. Although this decreases the space left for the
marks, it could still be a good solution.

Another possibility to help analysts better understand the animated transition is to split it into more
keyframes than a normal-sized one, such that there is only one change type at a time. Examples for this
keyframe by keyframe change can be seen in Fig. 1. When performing the animated transition operations
attribute change or sorting, marks often overlap, increasing the difficulty of following specific marks
through the transition. We, therefore, recommend enabling analysts to highlight marks they want to observe,
for example, with a color or shape different to the rest of the marks.

3.4 Animation duration

When choosing the duration of an animation, there is a tradeoff between being slow and having to repeat the
animation. The duration of the animated transition should be neither too long nor too short to avoid both
waiting time and unnecessary replay. In previous work, Heer and Robertson (2007) as well as Robertson
et al. (2002) recommended a duration of one second for each animated transition stage. With an increased
number of keyframes for small-scale visualizations, taking one second between each pair of keyframes may
lead to long overall animation durations and disengagement. Because of the decreased complexity of each
animated transition keyframe but presumably increased mental load due to the smaller size of the visual-
ization, we propose to use the same animation duration for small-scale visualizations compared to normal-
sized visualizations.

3.5 Visual cues

For the existence of more visualizations that can be transitioned to, there should be visual cues for the
analyst. Some of the possible clickable visual cues are dots below the chart, arrows left and right of the
chart, a ‘shadow cards’ effect, or a preview on mouseover, as demonstrated in Fig. 2. On touchscreens,
swiping is also an option to trigger the animated transition, and on smartphones and smartwatches, the
preferred option due to the limited screen size. There are benefits and drawbacks to each of these visual
cues, for example, if there are more than two visualizations, with dots, it is possible to transition between
two not ‘neighboring’ charts, and the animated transition has to use more keyframes and is presumably
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harder to understand. A preview on mouseover blocks other options for mouseover effects, and shadow
cards or dots might be too small to target with a mouse pointer. For our studies, we decided to use arrows.

4 Evaluation

To assess the mental load for people following animated transitions between small-scale visualizations, as
well as whether they could read the visualizations well and understand their information, we performed two
online studies. In the first online study, we investigated filter, sort, and attribute change operations as
animated transition changes (Huth et al. 2022). In the second online study, we focused on the aggregate
operations minimum, maximum, median, average, sum, and count. We also performed two smaller pilot
studies to find suitable parameters for the study conditions. We have approval from the university’s ethics
board for the project this research is part of and all studies within the project.

We want to answer the research question whether animated transitions between small-scale visualiza-
tions are the same as those between normal-sized ones. We aim to compare accuracy and task completion
time, animated transition play count, perceived difficulty and confidence in answers, general satisfaction
with the animated transitions, as well as testing which type of transitioning between small-scale visual-
izations performs best. All visualizations are based on a car data set (Auto MPG 1993). We designed the
animated transitions with the help of Gemini (Kim and Heer 2021, 2021), using an animation speed of 1s per
keyframe. We manually fine-tuned the animated transitions in D3.js (Bostock 2012), following our design
considerations. Example videos of the stimuli can be found in our OSF wiki (OSF 2022).

4.1 Stimuli

Small-scale visualizations in settings like those we described earlier always exist in context. Information on
the plotted data attributes is inferred from this context, explicitly via text labels, or implicitly by, for
example, previous steps an analyst took. We, therefore, added describing text below the visualization to
state which data attributes in which range are shown on the x- and y-axis.

We aim to keep confounding factors like visual literacy low, so for our online studies we chose the basic
chart types scatter plot, line chart, and bar chart, to transition between for viewing multiple data attributes.
Common data transformations between these chart types in animated transitions are aggregate, filter, sort,
and attribute change (Chalbi et al. 2020; Heer and Robertson 2007; Kim et al. 2017; Qu and Hullman
2018). Of all possible combinations listed in Table 1, we chose those that are semantically reasonable and
most commonly used. Filter, sort, and attribute change make most sense within the same visualization type.
Changing the plotted data attribute in scatter plots is often used for exploring multidimensional data
(Elmqvist et al. 2008; Wang and Mueller 2018). The operation type aggregation can be further subdivided
into, for example, binning, averaging, aggregating to median, minimum or maximum. Because of these many
subcategories, we carried out two separate online studies for the different types of operations.

For our first online study, we investigated filter, sort, and attribute change operations. In the second
online study, we focused on aggregate operations. The latter include aggregating to minimum, maximum,
median, average, sum, count, standard deviation, and inter-quartile-range, according to the taxonomy of
Kim et al. (2019). Aggregating to average was part of some stimuli in the first online study, with bar and line
chart attribute change, but is worth looking at in isolation. We decided to omit the aggregate operations
standard deviation and inter-quartile-range, because we cannot assume that an online study audience is
familiar with these operations. For temporal data, aggregation to line charts is often used, but to keep the
complexity of the study design low we decided to aggregate to bar charts for operations that collect points,

Fig. 2 Visual cues for possible transitions between visualizations
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that is, average, sum, count, and to scatter plots for operations that select points, that is, minimum, maximum,
median. For designing the animated transitions for aggregations between normal-sized visualizations, we
used the versions that performed best in the paper by Kim et al. (2019), and for the small-scale visual-
izations, we adapted them according to our design considerations.

The small-scale visualizations had a height of 2 lines of text and an aspect ratio of 2:1. The normal-sized
versions were 7 times larger (Fig. 3). An example of the difference in the animation sequence between
small-scale and normal-sized visualizations is shown in Fig. 4. Between small-scale visualizations, only one
type of change to the marks is performed per keyframe. Between normal-sized visualizations, changes are
presumably easier to follow and thus combined into multiple changes per keyframe.

Table 1 Possible transition operations between visualization types in our online studies. Marked red are those that make little
sense semantically, blue those we used in our first online study, teal those we used in the second online study, and orange
those we decided not to use

bar chart scatter plot line chart

bar chart

aggregate
filter
sort

attr change

aggregate
filter
sort

attr change

aggregate
filter
sort

attr change

scatter plot

aggregate
filter
sort

attr change

aggregate
filter
sort

attr change

aggregate
filter
sort

attr change

line chart

aggregate
filter
sort

attr change

aggregate
filter
sort

attr change

aggregate
filter
sort

attr change

Fig. 3 Size comparison of visualizations used in the studies, a small-scale visualization (left) and its normal-sized equivalent
(right)
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4.2 Tasks

We asked participants to perform three types of tasks.
(T1) Object Tracking. The first task was to follow a mark from the initial visualization and determine its

position in the second visualization. In the visualization participants saw first, one mark was highlighted
with a red outline in the bar charts and colored entirely in red in the line charts and scatter plots. During the
animated transition, the highlight was removed, and participants were given three answer options of marks
highlighted with different colors in the second visualization. Although for aggregate operations this task
becomes almost trivial—solving it requires to merely focus on the x-value of the highlighted mark —we
kept it for comparability to the first online study.

(T2) Operation Identification. The second task type was semantic. Here, we asked how the data changed
from the initial to the end visualization. For example, whether the data were filtered, sorted, or an attribute
changed in the first online study, and in the second online study, which type of aggregate operation was
performed. In the second online study, for comparability of both studies, we grouped answer options into
sets of three, depending on the chart type, that is, aggregating to points representing the minimum, maximum,
median, or to bars representing the average, sum, or count.

(T3) Data Exploration. The last task type was about data exploration. We used only the attribute change
operation and asked questions about attributes of a specific data group, that could only be answered when
connecting the data properties of both visualizations. For example, when the attribute on the y-axis changed
from y1 to y2, we asked whether low values of y1 correspond to high or low values of y2 and x. Because the
second online study did not include attribute change operations, Task T3 was omitted in that study.

With Tasks T1 and T2, we tested the general understandability of animated transitions between small-
scale visualizations. With Task T3, we tested whether they are suited to explore multiple data attributes. We
did not randomize the order of the task categories, because Task T1 also served a role to familiarize
participants with the semantics of the animation operations, and Task T3 is a more complicated task.

4.3 Study process

After participants read and agreed to the consent form, we asked them to scale their browser window to
match a given frame on the screen to approximately credit card size. This was to achieve a similar size of the
visualizations for all participants. Then, we asked demographic questions, introduced the chart types scatter
plot, bar chart, and line chart, and asked about participants’ experience with these chart types, as well as
with animation in visualizations.

We gave participants a training task before the main part of both studies, with all question types on the
same page, to introduce the tasks of the studies. The data for the training task contained a subset of 12 items

Fig. 4 Example of axis re-scaling and mark change animations between a small-scale and b normal-sized visualizations
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from the dataset. The operation in the animated transition for the training task was filtering data in a scatter
plot in the first online study, and aggregation to the median in the second online study.

In between tasks, we asked participants to rate the difficulty of answering the questions and the confi-
dence in their answers. To gauge whether the participants used the visualizations or just the accompanying
textual context to solve the tasks, we asked whether they focused mostly on the visualizations, the
accompanying text, or both. Further, we asked about participants’ previous experience with visualizations
and animation, their satisfaction with the animated transitions in general and the animation speed in
particular, as well as whether they leaned closer to the screen during the study.

In the main part, for Task T1, each participant saw 3 stimuli per operation type, and between each block
the qualitative rating questions. We randomized the order in which participants saw the stimuli within each
operation type, as well as the order of the transition types, to account for learning effects during study
participation. For Task T2, each participant saw 3 stimuli per transition type, in random order over all
operation types and stimuli, and after that again the qualitative questions. For Task T3 in the first online
study, each participant saw 3 stimuli of the operation type attribute change for all chart types. In each of the
study conditions, we had a total of 51 stimuli per participant in the first online study and 36 stimuli per
participant in the second online study. The respective question for each stimulus was shown on the same
page, and it was possible to trigger the animated transitions to switch back and forth between the visual-
izations without limitations.

4.4 Conditions

We compare the following versions of animated transitions between the visualizations.

(C1) Baseline condition—animated transitions between normal-sized visualizations.
(C2) Transitioning between small-scale visualizations without animation—participants can switch

between small-scale visualizations, the initial visualization is sliding out and is replaced by the
second one.

(C3) Animated transitions between small-scale visualizations.
(C4) Animated transitions between temporarily enlarged small-scale visualizations—the small-scale

visualization is scaled to normal size, the same animation sequence as for C1 plays, and the
visualization scales back to a small-scale one afterward.

(C5) The same condition as described in C4, but with a 2s pause between re-scaling and animated
transition.

First pilot study We tested the concept and technical setup of our first online study with five local
participants with a computer science background and some visualization experience. Our main goal was
to collect qualitative feedback on the study tasks, the understandability of the instructions, and the time
needed to complete the study. We also let some participants compare stimuli between multiple conditions.
In this pilot study, C2 performed poorly for solving our tasks, especially Task T1, indicating that
animation in the transitions is needed to understand the relation between the data in the visualizations.
We, therefore, decided to omit this condition in the online studies.
Second pilot study In the qualitative feedback of the first online study, participants rated the animated
transition speed of condition C4 as too fast. We presume that viewers need more time to familiarize
themselves with the enlarged visualizations before the actual animated transition starts, which is
consistent with the performance results of the other study conditions. We, therefore, added C5 after
evaluating the first online study and re-ran the study with just this condition. For finding a suitable pause
duration, we ran a pilot study with 16 participants from our lab. We used the same stimuli as for Task T1
in the initial study, tested pause durations of 1 to 5 seconds (within-subject) and asked whether the pause
was too long or short on a 5-point Likert scale. In the responses, the rating shifted from the pause being
perceived as too short to being too long between 1s and 2s (Fig. 5). We decided on a 2s pause duration for
C5, taking into account that the participants of the pilot study were visualization experts and the
participants of the online study might need a slightly longer pause.
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5 Study results

We performed the studies as between-subjects online studies on the platform Prolific [42] with 37 partic-
ipants per condition. The first online study initially had 111 participants with conditions C1, C3, and C4, and
later additional 37 participants with condition C5, leading to a total of 148 participants for the first online
study. In the second online study, we recruited 111 participants with conditions C1, C3, and C5, again 37 per
condition. We rejected the results of 27 participants (17 in the first and 10 in the second online study) who
used a mobile phone for the study or did not click the arrow to view the animated transition for more than
25% of the stimuli.

Of the 148 participants in the first online study, 70 identified as female, 73 as male, and 5
otherwise or chose not to disclose . Eighty-eight participants were younger than 25, 41 partici-
pants were between 25 and 34, and 19 were older than 34 . In the second online study, partici-
pants were slightly older. Fifty-five of the 111 participants were younger than 25, 44 were
between 25 and 34 , and 12 were older than 34 . The gender distribution was similar to that of the
first online study, with 55 participants identifying as female, 54 as male, and 2 otherwise or N/A .
In both studies, approximately 80% of the participants stated they were at least somewhat familiar with
the visualizations, but only 28% stated that they have at least some experience with animation in
visualizations.

For some stimuli, participants answered the question without viewing the animation. In the first online
study, this happened 204 times out of 7548 total stimuli over all participants (2:7%). The majority of those,
182 times (2:4%), occurred in the data exploration Task T3. One participant remarked that with some
general knowledge about car properties, it was possible to answer Task T3 by only reading the question and
the answer options, without looking at the visualizations. Because Task T3 was the last question set, fatigue
might also play a role. In the second online study, for all participants, there were only 25 occurrences out of
3996 total stimuli (0:6%) for which the question was answered without triggering the animated transition.
Because such behavior does not reflect the study task, we excluded the few individual stimuli in the analysis
for which participants did not view the animated transition.

Some participants do not complete online studies without taking breaks. In our response time analysis,
we account for this by excluding outlier response times. We follow the definitions and recommendations of
Berger and Kiefer (2021), and define outliers as response times that are above the median plus two standard
deviations, separate for each task type and participant. This results in removing 671 out of 11544 response
times (5:8%).

5.1 Analysis method

In the following analysis, we calculate average values and 95% Bootstrap confidence intervals, which means
that we have 95% confidence that the population mean is contained within the interval. We used BCa
bootstrapping to create the confidence intervals (5000 bootstrap iterations).

We also do pairwise comparisons between the study conditions, using Bootstrap CI calculations for two
independent samples. In these pairwise comparisons, we perform Bonferroni corrections (Higgins 2004) to
counteract the family-wise error rate. We separate each task and each performance measure, i.e., completion
time, play count, accuracy, and each of the qualitative ratings, into a different family. We also separate the
first and the second online study into different families, because participants saw different stimuli in each of
the studies. In the comparative analysis of operation types in the animated transitions, the types filter,
attribute change, and sort, were within-subject in the first online study, and the types minimum, maximum,

1s 2s 3s 4s 5s

Fig. 5 For the second pilot study, histogram of ratings (�2 is too short, 2 is too long) for the pause durations between re-
scaling the visualization and playing the animated transition
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median, average, sum, and count, were within-subject in the second online study. For Tasks T1 and T2, there
are

num conditionsðnum conditions�1Þ
2

� ðnum operation typesþ 1 overallÞ pairwise comparisons for each
quantitative performance measure, in the first online study these are 4�3

2
� ð3þ 1Þ ¼ 24, and in the second

online study 3�2
2
� ð6þ 1Þ ¼ 21 pairwise comparisons. For Task T3, we only have the attribute change

operation type, and thus only
num conditionsðnum conditions�1Þ

2
¼ 4�3

2
¼ 6 pairwise comparisons per quantitative

performance measure. For the qualitative performance measures, we do not split by operation type and thus
have 6 pairwise comparisons for the first, and 3 pairwise comparisons for the second online study each.

To interpret the confidence interval of a pairwise difference, we inspect that if the interval does not
overlap with 0, then there is evidence of a difference in that pair, equivalent to a result that is shown to be
statistically significant using p-value tests. The strength of the evidence increases with the distance of the
interval moving away from 0 and the confidence range becoming narrower. The Krzywinski and Altman
(2013) approach can be used to determine equivalent p-values. Our analysis follows recommendations in the
literature (Besançon and Dragicevic 2017, 2019; Cockburn et al. 2020; Cumming 2013; Dragicevic 2016),
i.e., we show confidence intervals and report evidence and tendencies for differences between conditions.

The exact numbers depicted in the charts, R scripts for the calculations, and more statistical graphics can
be found in our OSF wiki (OSF 2022).

5.2 Task T1: object tracking

Completion time In Fig. 6, we show the average time that participants needed to answer the question for
each stimulus in Task T1. We show the average value and the 95% confidence interval, as well as Bonferroni
corrected pairwise differences between the conditions. In both online studies, participants in all conditions
needed a similar amount of time for each stimulus, with a tendency that participants with condition C5
needed more time than those with condition C4 in the first online study. When we consider task completion
time separately for each type of operation that is performed in the animated transition (Fig. 7), there, too, are
only small differences between conditions. For filtering data and attribute change, there is a tendency that
participants with condition C5 needed longer than those with condition C4, and for attribute change a
tendency that participants with condition C1 needed more time than those with C4. operation, participants
with C1 needed more time in T1 than for those that showed sorting, aggregation to maximum or average.
Participants with C5 needed the most time for the attribute change, aggregation to median, and count
operation types. In task category T2, participants with condition C1 took the longest to recognize average,
sum, and count aggregations, and participants with C5 were quickest in recognizing the sort operation type
but needed more time for sum and count than for most other operation types. For participants with C3, the
task completion times for the different operation types are closer together, there is evidence only that
aggregation to sum takes longer to recognize than the sort, filter, and maximum operation types.

Play count To answer the question for each stimulus, participants needed to view the animated transition at least
once, but sometimes they viewed it multiple times as shown in Fig. 8. There is no evidence of a difference between
the conditions. In Fig. 9, we show the average number of animated transitions triggered per stimulus split up by
operation type. Between conditions, we see the largest differences for sorting, for which there is evidence that
participants with C3 triggered the transition more often than those in conditions C4 and C5, and a tendency for a
higher play count of participants with conditionC3 than that of participants withC1. For the aggregation tomedian
operation type, there isweakevidence that participantswith conditionC3played theanimated transitionsmoreoften
than those with condition C1. For aggregation tomedian and to average, there is a tendency that participants with

first online study second online study

Fig. 6 Task T1 completion time in seconds per stimulus, average with 95% bootstrap confidence intervals (left chart,
respectively). Pairwise differences between the study conditions (right chart, respectively), with red lines indicating the
Bonferroni corrections for 24 and 21 pairwise comparisons in the first and the second online study, respectively
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conditionC3 triggered the animated transitionsmore often than thosewith conditionC5, and forfilteringmore often
than participants with condition C1. There is a tendency that for attribute change, participants with condition C1
played the animated transitionsmoreoften than thosewith conditionC4, and for aggregation to sum,moreoften than
participants with condition C5.

Accuracy We show a comparison of the average error rates of the participants’ answers in Fig. 10. In the
first online study, there is strong evidence of a difference between condition C3 in comparison to C1, C4, as
well as C5, in the percentage of wrong answers. While participants with conditions C1, C4 and C5
performed similarly with a 10% error rate, those with condition C3 performed worse with 28% incorrect
answers on average. In the second online study, participants with condition C1 gave almost no incorrect
answers in Task T1, resulting in weak evidence of a difference between C1 and C3, and a tendency for a
difference between C1 and C5.

We show a comparison of error rates between operation types in Fig. 11. For the filtering, attribute
change, and sorting operations of the first online study, there is evidence that participants with condition C3
had a higher error rate than those with the other conditions. The evidence is strong for the difference
between conditions C3 and C1 for filtering, between conditions C3 and C4 for attribute change, and
between conditions C3 and C5 for sorting. For aggregation to minimum, median, and average, there is
evidence that participants with condition C3 had a higher error rate than those with condition C1, and weak
evidence that participants with condition C5 had a higher error rate than those with condition C1. For
aggregation to maximum, there is weak evidence for a lower error rate of participants with condition C1 than
of participants with conditions C3 and C5. For aggregation to sum and median, there is a tendency that

filter attribute change sort

minimum maximum median

average sum count

Fig. 7 Task T1 completion time in seconds per stimulus, comparison between operation types, with condition 1 ,
condition 3, condition 4, and condition 5. Pairwise differences between the conditions (right chart, respectively),
with red lines indicating the Bonferroni corrections for 24 and 21 pairwise comparisons in the first and the second online study,
respectively

first online study second online study

Fig. 8 Task T1 play count per stimulus, average with 95% bootstrap confidence intervals (left chart). Pairwise differences
between the study conditions (right chart), with red lines indicating the Bonferroni corrections for 24 and 21 pairwise
comparisons in the first and the second online study, respectively
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filter attribute change sort

minimum maximum median

average sum count

Fig. 9 Task T1 play count per stimulus, comparison between operation types, with condition 1, condition 3,
condition 4, and condition 5. Pairwise differences between the conditions (right chart, respectively), with red lines
indicating the Bonferroni corrections for 24 and 21 pairwise comparisons in the first and the second online study, respectively

first online study second online study

5

Fig. 10 Task T1 error rate in percent, average with 95% bootstrap confidence intervals (left chart). Pairwise differences
between the study conditions (right chart), with red lines indicating the Bonferroni corrections for 24 and 21 pairwise
comparisons in the first and the second online study, respectively

filter attribute change sort

minimum maximum median

average sum count

Fig. 11 Task T1 error rate in percent, comparison between operation types, with condition 1, condition 3,
condition 4, and condition 5. Pairwise differences between the conditions (right chart), with red lines indicating the
Bonferroni corrections for 24 and 21 pairwise comparisons in the first and the second online study, respectively

Studies and design considerations for animated transitions... 1433



participants with condition C1 had a lower error rate than those with condition C3, and for aggregation to
count and median, a lower error rate than those with condition C5. or maximum, all transition types had a
higher error rate than those with the other conditions. For the sorting transition type, the error rate of C3
differs most from the other conditions, which might be due to unavoidable overlap of data marks during the
animation and missing axis labels. In Task T1, within the operations of the first online study, and within the
aggregate operations, there are similar error rate patterns.

Note that the results in Fig. 11 deviate slightly from those reported in our previous paper (Huth et al. 2022).
This is due to a mistake in our analysis of the study results for comparing error rates between operation types for
Task T1, which did slightly change some of our reported error rates but not the overall trend.

Qualitative results To estimate mental load, we asked participants to report their perceived difficulty in
connecting the content of the visualizations with the help of the animated transitions (Fig. 12). The difficulty
of the first online study was rated similarly by participants with all conditions, with a tendency toward a
higher difficulty rating by participants with condition C3 than by those with conditions C1 and C4. In the
first online study, there is evidence that participants with condition C3 were less confident in their answers
than those with condition C1, and strong evidence for participants with condition C3 being less confident
than those with condition C4. Also in the first online study, there is a tendency for a higher confidence rating
by participants with condition C4 than by those with condition C5, and that participants with condition C5
rated their confidence higher than those with condition C3. In the second online study, there is strong
evidence that participants with condition C3 rated the task more difficult and were less confident in their
answers than participants with the other conditions.

The object tracking task T1 was answered by the participants by mostly focusing on the visualizations
and not on the data context that was given by the text label. With condition C3, there were less participants
that stated they focused mostly on the visualization than with the other conditions.

5.3 Task T2: operation identification

Completion time In Task T2, there is weak evidence that for the first online study operation type, participants with
conditionC1 answered the questions faster than participants in conditionsC3 andC5 (Fig. 13). There is a tendency
that for thefilteroperation type, participantswith conditionC1were faster than thosewith conditionsC3andC5. For
attribute change, there is evidence that participants with condition C1 were faster than those with condition C5,
strong evidence that participants with condition C1 were faster than those with condition C3, and a tendency that

difficulty
first online study

confidence
first online study

focus
first online study

difficulty
second online study

confidence
second online study

focus second
online study

Fig. 12 For Task T1, (left) rated difficulty of connecting the data between the visualizations through the animated transitions (0
is low, 4 is high difficulty), (middle) rated confidence that the given answers are correct (0 is low, 4 is high confidence), and
(right) percentage of what participants stated they focused most on to solve the tasks—the visualizations (light shade),
accompanying text (dark shade), or both (medium shade), for condition 1, condition 3, condition 4, and
condition 5. Shown are averages with 95% bootstrap confidence intervals (left chart), and pairwise differences between the
study conditions (right chart), with red lines indicating the Bonferroni corrections for 6 and 3 pairwise comparisons in the first
and the second online study, respectively
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participantswith conditionC4were faster than thosewith conditionC3 but neededmore time than participantswith
condition C1 (Fig. 14). For aggregation to minimum, there is a tendency that participants with condition C1 were
quicker than those with condition C3. For aggregation to maximum, there is a tendency that participants with
condition C5 needed more time than those with condition C3.

Play count There is weak evidence that for Task T2, participants with condition C5 triggered the animations
less often than those with C1 in the first online study (Fig. 15). There is a tendency that participants with
condition C5 repeated the animated transitions less often than those with condition C3, and a tendency that
participants with C1 had a higher play count than those with C4. In the second online study, there is
evidence that participants with condition C3 viewed the transitions more often than those with condition C5,
and strong evidence that participants with C1 had a higher play count than those with C5.

For filtering, participants with condition C1 had a higher play count than those with the other conditions. For
the sort operation type, there is evidence that participants with condition C3 had a higher play count than
those with condition C5. For filtering, and aggregation to minimum, median, and count, there is evidence, for
average there is strong evidence, for sum weak evidence, and for attribute change, sort, and maximum a
tendency, that participants with condition C1 played the animated transitions more often than those with
condition C5 more often than those with conditions C3 and C5 (Fig. 16). There is a tendency that partic-
ipants with condition C1 had a higher play count than those with C3 for filtering and aggregation to average,
and a higher play count than participants with C4 for filtering. Participants with condition C3 had a higher
play count than those with C5 for sort and aggregation to minimum with evidence, to median with weak
evidence, and to maximum, average, sum and count with a tendency. For sorting, there is a tendency that
participants with condition C3 had a higher play count than those with condition C4.

Accuracy For Task T2, participants with C3 answered the least correct with evidence of a difference to
conditions C1 and C5, which in the second online study is strong evidence for C1 and weak evidence for C5
(Fig. 17). In Fig. 18, we see that participants with condition C3 had a higher error rate than those with
condition C1 for aggregation to minimum and average with strong evidence, for attribute change, sort, and
sum with evidence, for aggregation to median with weak evidence, and for filtering with a tendency. For
attribute change, there is a tendency that participants with condition C3 had a higher error rate than those
with C4. or count, and (except for C1) for attribute change, and aggregation to min or average there is
higher error rate than for the other operation types For filtering, sorting, and aggregation to minimum, there
is evidence, and for attribute change and aggregation to median, average, and sum there is a tendency, that
participants with condition C5 had a lower error rate than those with condition C3. There is a tendency that
participants with condition C5 had a higher error rate than those with C1 for aggregation to sum, and a lower
error rate than participants with C4 for filtering. and filtering operation types, participants with condition C3
had a higher error rate than those with conditions C1 and C5, and for aggregation to sum, participants with
condition C1 gave more correct answers than participants with condition C3 and C5.

Qualitative results In the first online study, there is evidence that participants with condition C3 rated the
difficulty of Task T2 higher and the confidence in their answers lower than participants with conditions C1
and C5, and a tendency toward a difference between C3 and C4 for both difficulty and confidence (Fig. 19).
In the second online study, there is evidence that participants with condition C3 rated difficulty higher and
weak evidence that they rated their confidence lower than participants with condition C1, and a tendency for
a difference of C3 to C5.

first online study second online study

Fig. 13 Task T2 completion time in seconds per stimulus, average with 95% bootstrap confidence intervals (left chart,
respectively). Pairwise differences between the study conditions (right chart), with red lines indicating the Bonferroni
corrections for 24 and 21 pairwise comparisons in the first and the second online study, respectively
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In the first online study, participants stated they mostly focused on the visualization and accompanying
text to solve the tasks. In the second online study, a similar number of participants focused on the visu-
alization as those that focused on the visualization and accompanying text.

5.4 Task T3: data exploration

Completion time In Task T3, there is no evidence for differences between conditions in completion time, but a
tendency that participants with condition C3 needed more time to solve the task than those with condition C5
(Fig. 20).

Play count There is evidence that participants with condition C4 had a higher play count than those with
conditions C1 and strong evidence of a difference to C3. There is also evidence that participants with
condition C5 repeated the animated transitions more often than those with C3.

Accuracy There is no evidence for differences between conditions regarding error rate.

Qualitative results There is evidence that participants with condition C1 were more confident in their
answers than participants with condition C5 and a tendency that they rated the difficulty lower than those
with conditions C4 and C5. There is a tendency that participants with condition C4 rated their confidence
higher that those with C5. For the data exploration task T3, participants mostly relied on the textual content
in combination with the visualizations (Fig. 21).

filter attribute change sort

minimum maximum median

average sum count

Fig. 14 Task T2 completion time in seconds per stimulus, comparison between operation types, with condition 1,
condition 3, condition 4, and condition 5. Pairwise differences between the conditions (right chart, respectively),
with red lines indicating the Bonferroni corrections for 24 and 21 pairwise comparisons in the first and the second online study,
respectively

first online study second online study

Fig. 15 Task T2 play count per stimulus, average with 95% bootstrap confidence intervals (left chart). Pairwise differences
between the study conditions (right chart), with red lines indicating the Bonferroni corrections for 24 and 21 pairwise
comparisons in the first and the second online study, respectively
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filter attribute change sort

minimum maximum median

average sum count

Fig. 16 Task T2 play count per stimulus, comparison between operation types, with condition 1, condition 3,
condition 4, and condition 5. Pairwise differences between the study conditions (right chart), with red lines indicating
the Bonferroni corrections for 24 and 21 pairwise comparisons in the first and the second online study, respectively

first online study second online study

Fig. 17 Task T2 error rate in percent, average with 95% bootstrap confidence intervals (left chart). Pairwise differences
between the study conditions (right chart), with red lines indicating the Bonferroni corrections for 6 and 3 pairwise
comparisons in the first and the second online study, respectively

filter attribute change sort

minimum maximum median

average sum count

Fig. 18 Task T2 error rate in percent, comparison between operation types, with condition 1, condition 3,
condition 4, and condition 5. Pairwise differences between the conditions (right chart), with red lines indicating the
Bonferroni corrections for 24 and 21 pairwise comparisons in the first and the second online study, respectively
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first online study

confidence
first online study
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first online study
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second online study

focus second
online study

Fig. 19 For Task T2, (left) rated difficulty of connecting the data between the visualizations through the animated transitions (0
is low, 4 is high difficulty), (middle) rated confidence that the given answers are correct (0 is low, 4 is high confidence), and
(right) percentage of what participants stated they focused most on to solve the tasks—the visualizations (light shade),
accompanying text (dark shade), or both (medium shade). With condition 1, condition 3, condition 4, and
condition 5, shown are averages with 95% bootstrap confidence intervals (left chart), and pairwise differences between the
study conditions (right chart), with red lines indicating the Bonferroni corrections for 24 and 21 pairwise comparisons in the
first and the second online study, respectively

completion time play count error rate

Fig. 20 For Task T3, completion time in seconds, play count, and error rates in percent, with condition 1, condition 3 ,
condition 4, and condition 5. Shown are averages and 95% bootstrap confidence intervals (left chart, respectively).
Pairwise differences between the study conditions (right chart, respectively), with red lines indicating the Bonferroni
corrections for 6 pairwise comparisons

difficulty confidence focus

Fig. 21 For Task T3, (left) rated difficulty of connecting the data between the visualizations through the animated transitions (0
is low, 4 is high difficulty), (middle) rated confidence that the given answers are correct (0 is low, 4 is high confidence), and
(right) percentage of what participants stated they focused most on to solve the tasks—the visualizations (light shade),
accompanying text (dark shade), or both (medium shade). With condition 1, condition 3, condition 4, and
condition 5, shown are averages with 95% bootstrap confidence intervals (left chart), and pairwise differences between the
study conditions (right chart), with red lines indicating the Bonferroni corrections for 6 pairwise comparisons
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5.5 Other qualitative results

We show answers to the general rating questions in Fig. 22. Participants with condition C1 rated the general
satisfaction with the animated transitions highest in both online studies, with weak evidence for a difference
to condition C4 in the first online study, a tendency toward a difference to C3 and C5 in the first online
study, and with evidence of a difference to condition C3 in the second online study. In the first online study,
participants with conditions C4 and C5 rated the animation speed as slightly too fast, with strong evidence of
a difference to the better rating by participants with conditions C1 and C3. Similarly, in the second online
study, there is strong evidence that participants with condition C5 rated the animation speed as too fast
compared to participants with C3, and evidence that it was rated as too fast compared to C1. Overall, most
participants reported that they sometimes or often leaned closer to the screen. In the first online study, there
is a tendency toward a difference between conditions C1 and C5. In the second online study, there is weak
evidence that participants with condition C3 leaned toward the screen more often than participants in
condition C1.

Some participants reported strategies for solving the tasks. Strategies for the object tracking Task T1
include using their hands and trying to orient the marks’ value on the axes. One participant reported going
back and forth between the visualizations to help make the data connection. Participants also reported that
the accompanying text helped in understanding the visualizations and the animated transitions. In the second
online study, for Task T1 participants reported concentrating on the x-values, and for Task T2 trying to learn
the distinctions between the animation sequences. As general feedback, some participants stated that they
found the tasks challenging, others wrote that completing the study was fun. Some participants with
condition C5 would have preferred if the visualization stayed in normal size after the animated transition,
instead of re-scaling back to small-scale.

6 Discussion

In the following, we discuss our findings and the limitations of the online studies.

6.1 Findings

Due to their form factor and the absence of describing features such as axes or legends, small-scale
visualizations can be harder to interpret than normal-sized visualizations. We thus expected participants
with C1, the animated transitions between normal-sized visualizations, to perform better than those with
conditions C3 and C5, the animated transitions between small-scale visualizations, and wanted to investigate

first online study
satisfaction with

the animated transitions

first online study
animation speed

rating

first online study
leaned closer

to screen

second online study
satisfaction with

the animated transitions

second online study
animation speed

rating

second online study
leaned closer

to screen

Fig. 22 Rated satisfaction with the animated transitions (left) from low (0) to high satisfaction (4). (middle) Animation speed
from too slow (- 2) to too fast (2), and (right) how often participants reported leaning closer to the screen from never (0) to
always (3) With condition 1, condition 3, condition 4, and condition 5, with red lines indicating the Bonferroni
corrections for 6 and 3 pairwise comparisons in the first and the second online study, respectively
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how much the performance differs. We saw evidence for a higher error rate for C3 than for the other
conditions in about 55% of the cases in our comparative analysis, for both online studies. Especially for the
sort operation type, participants with condition C3 had a high error rate, which might be due to unavoidable
overlap of marks during the animation and missing axis labels. For participants with condition C5, there is
evidence of a higher error rate than for participants with C1 in only 10% of our comparisons. Regarding task
completion time and the number of times, the animated transition was triggered, and the results show no
clear advantage of one condition over another.

We assumed that for the aggregate operations, Task T1 would be easy, which was confirmed by the
quantitative and qualitative study results. In Task T1 in the second online study, and in the data exploration
Task T3, participants with condition C3 perform only slightly worse than those with the other conditions,
indicating that animated transitions between small-scale visualizations are suitable for those tasks in par-
ticular. T3 was challenging for participants with all conditions; they needed the most time and had the
highest error rate, compared to the other tasks. Of the aggregation types, sum and count had the worst
performance, for participants with all conditions. In the qualitative feedback, condition C3 was rated as
slightly more difficult than the other conditions for Tasks T1 and T2 in both online studies, and confidence in
answers was lower than for the other conditions.

As for animation speed, we saw that participants rated condition C4 as too fast, even when adding a
pause between re-sizing and data animation (C5). In most of our metrics, C5 performed slightly better than
C4. Overall, even between small-scale visualizations, animation in the transitions can be beneficial, com-
pared to small-scale transitions without animation in condition C2, which we had to omit from the online
study because some tasks were not reasonably solvable. When temporarily re-sizing a small-scale visual-
ization, we recommend to pause after the re-size and play the animated transition only with another
interaction by the analyst. One of the participants in the first pilot study remarked that it would be helpful to
control the speed of the animation and pause it, for example, with a pause button or a slider like the one used
by Archambault et al. (2011), or to customize the animation speed.

Depending on the application scenario, it might be beneficial to keep the currently focused on visual-
ization at normal size. For example, for word-scale visualizations in a text, the text position can adapt to
different visualization sizes, or the visualization can cover the text temporarily. Geographical features are
briefly obscured by a temporarily enlarged visualization on maps, which is acceptable because analysts are
focused on the visualization itself. On a mobile device, however, the visualization might take up a too large
portion of the screen.

Finally, we recommend using as much screen space as possible for animated transitions, but have shown
that animation between small-scale visualizations can still be effective for helping understand the relation of
data between the visualizations. In usage scenarios for which it is not feasible to temporarily enlarge the
small-scale visualization for the animated transition, the performance is still acceptable. There is evidence of
a difference of condition C3 to the other conditions, but mostly there are only small differences. Although
error rates tended to be higher, participants did not need more time for task completion for animated
transitions between small-scale visualizations, compared to normal-sized ones. For normal-sized animated
transitions participants rated task difficulty, confidence in their answers, as well as satisfaction with the
animation, only slightly better than for small-scale animated transitions.

We found no correlation of task performance with any of the demographic data, visualization or ani-
mation experience, indicating that our results hold for casual as well as expert analytics usage scenarios.

6.2 Limitations

We chose the basic chart types bar chart, line chart, and scatter plot for our online studies because
participants were a broad audience from the Prolific platform and not visualization experts, and could not be
presumed to be familiar with more complex chart types. It would be interesting to extend the analysis to
other chart types. There was overplotting in the scatter plots that were shown in our studies, which is even
worse in small scale.

Further, the distribution of participants in our online studies was not representative of the general
population. We had a balanced gender distribution, but did not balance other factors, such as cultural
background or age. Expertise with the dataset we used, or with cars in general, may also be a confounding
factor. Another limitation is the format of online studies (Borgo et al. 2018). In contrast to lab studies,
observing nuances in participants’ behavior, or making sure they are not distracted, is not possible. We
cannot be sure that participants answered the subjective questions truthfully. We also had limited control
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over their screen size and resolution, or the stability of their internet connection and browser performance
without lags. Although we instructed participants to zoom the study page to a given size and logged zoom
interactions, there were no means of making sure they actually did. Participants have an incentive to
complete the online studies fast because they are paid a set sum for participating, but they may not always be
motivated to provide accurate answers.

It is worth noting that some of the animations in C1 are 2s shorter than those in C3, because in C3 we use
more keyframes (except for attribute change in scatter plots, sorting, and aggregation to maximum, sum, and
count). In C4, the visualization is re-sized before the animated transition starts, making it 2s longer com-
pared to C1, and C5 is 6s longer than C1 and 4s longer than C4 because of the pause between re-sizing and
the animation of the data change. These differences influenced the response time results and were beyond
participants’ control.

In the introduction, we posed application scenarios for the animated transitions, but in our online studies,
we examined a more general setting. Although technically the results are applicable in other situations, it
remains to be verified that the study’s findings apply to our application scenarios.

7 Future work

Recommender systems and automation attempts like Data Animator (Thompson et al. 2021) and Gemini 2
(Kim and Heer 2021), with mental load cost based on Graph Scape (Kim et al. 2017), help to design
animated transitions. However, these mental load costs were determined for normal-sized visualizations and
might differ for other visualization sizes, as previous studies have shown (Bezerianos and Isenberg 2012;
Blascheck and Isenberg 2021). It thus remains to adapt the mental load cost graph to small-scale visual-
izations. Additionally, finding a good animation duration requires more investigation.

Further, steps toward the direction of small-scale equivalents to interactive visualizations and visual
analytics systems need to be explored. In our scenario, there is no interaction possibility with the visual-
izations themselves. Goffin et al. (2020) describe a design space of interactions with word-scale visual-
izations, but focus on manipulation of the whole visualization, not its data. Whereas showing data attribute
values on mouseover on a mark is the simplest interaction, it is worth investigating how typical interaction
with data in normal-sized visualizations translates to small-scale visualizations and how interaction on one
of the small-scale visualizations can be persisted through to the visualizations not visible at that time.
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Besançon L, Dragicevic P (2017) The Significant Difference between p-values and confidence intervals. In: In Proceedings of
the Conference on l’Interaction Homme-Machine, pp. 53–62. https://doi.org/10.5220/0010328501330143
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