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Visualization in Motion: A Research Agenda and
Two Evaluations

Lijie Yao, Anastasia Bezerianos, Romain Vuillemot, and Petra Isenberg

27 30
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Moving visualization & stationary viewer.  Stationary visualization & moving viewer. Moving visualization & moving viewer.

Fig. 1: Visualization scenarios that involve different types of relative movement between viewers and visualization: (a): 0 A.D. game
characters with attached health meters, (b): an augmented basketball match from the tool Clipper CourtVision. (c): a walkable visualization
of the general organization of scholars at ENAC in Frafcé [V5], [76]. (d): an on-street bar chart that can be driven or walked by created
by theRespect New Haveactivist group. (e): a runner looking at her tness data. (f): a person checking nancial charts on her phone
while walking to a meetingimage permissions are listed in the acknowledgments.

Abstract —We contribute a research agenda for visualization in motion and two experiments to understand how well viewers can read
data from moving visualizations. We de ne visualizations in motion as visual data representations that are used in contexts that exhibit
relative motion between a viewer and an entire visualization. Sports analytics, video games, wearable devices, or data physicalizations
are example contexts that involve different types of relative motion between a viewer and a visualization. To analyze the opportunities and
challenges for designing visualization in motion, we show example scenarios and outline a rst research agenda. Motivated primarily by
the prevalence of and opportunities for visualizations in sports and video games we started to investigate a small aspect of our research
agenda: the impact of two important characteristics of motion—speed and trajectory on a stationary viewer's ability to read data from
moving donut and bar charts. We found that increasing speed and trajectory complexity did negatively affect the accuracy of reading
values from the charts and that bar charts were more negatively impacted. In practice, however, this impact was small: both charts were
still read fairly accurately.

Index Terms —Visualization, visualization in motion, perception, research agenda, movement, motion.

F

1 INTRODUCTION

W ITH the development of computing technology, data visthe effect of relative motion oéntire visualizations in respect to
alizations have moved off paper and onto interactive medeyiewer. Examples of this type of visualization movement exist
offering opportunities for animation and motion. Animation as paih real life scenarios already: player tracking in sports allows
of or between visualization states is frequently used to expressnpanies to embed match-related charts that move with players or
highlights, smooth transitions of data points in timé [6],|[18game equipment such as balls (ee Fig. 1iand Fig. 2); automated
[82], [99], or to morph between different representatidng [1Q}af ¢ tracking allows to embed data next to vehicles moving in a
[28], [37], [74], [78]. In contrast, we are interested in studyingideo stream[[53],[97]; and embedded dynamic representations
have been common for years in video ganjes (Fiy. 1a) to show
character health T1I03], [ID4]. We call visualizations such as these
visualizations in motiomnd de ne them as follows:
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will likely not lead to interesting impact on reading visualizations;
while higher magnitudes of relative motion will lead to a more
measurable impact, depending on the scenario. In our work, we
outline scenarios where we expect that such relative movement
may affect how a viewer experiences and reads a visualization.
Our de nition points to a research space that is much larger than
the previously outlined scenarios. The examples from video games
and sports analytics above include entire visualizations moving
on-screen in front of a seated viewer. Relative motion can, however,

also occur wheq viewers themselvgs are in motloq. For examlq_lpg_ 2: Examples of player video tracking for performance analysis.
many data physicalizations are static and involve viewers MoVing i ic gure, the circle under each player's feet and its motion
along, over, or around them, as can be seen in Fig. 1¢ and t"lstﬁ'are individual representations of the player's current and past

Moreover, ir Fig. T, the scenario involves both a moving viewglgitions as well as his/her team membershifage®, courtesy
and a visualization moving at the same time but independently, &Scootovision [31]

both head and arm exhibit slightly different motion trajectories.
While examples of visualizations in motion already exist, there
currently are no systematic investigations of the research space

itself. In this article, we aim to address this challenge and make pgguipment. Several companies (like Footovisfor] [31] or SportsDy-

contributions towards a broader understanding of how to design ”.“CS [89]) now commercialize tools that embed visualizations
visualizations in motionin particular, we detail example scenariod! videos (e. g| Fig. 1, Fig] 2). Such tools may be u;ed by team
and present a broad research agendavifaralization in motion coac.hes and.players but also non-expert aud|encgs du.rlng replfays or
In addition, to these two broader contributions, we conducted tvggb”ef Sessions on T,V' In.cor?trast to these moving wsugllzatlons,
experiments on a particularly promising visualization in motioﬁeveral static sports visualizations have been developed in research
scenario: moving visualizations and a stationary viewer. As suds well. These tools add statistical analysis visualizations for sports
we tackle a rst small portion of the research agenda. We assess h as taple te,””"s [1_7]’ 1101}, [109]’ socicer [#1,][901, [11.0]’
speed and trajectory complexity affect the reading accuracy of gsketball_[B], [96], cycling [48]’ b_adr_nlnton ['38-"_ [1A2], or tennls_
simple chart types and nd that increasing speed and complexE@Q]' Consistently, here,_ the \_/|su_al|zat|ons stay still; for exa”f‘p'e.' n
of trajectories impacted participants’ performance negatively, b\di{sCommentator [17] visualizations are embedded on static video

in different degrees. Our results are promising rst steps for futuPﬁcreenshots. Motion is visible in cases where users can interact

- : . AT . through zoom, pan, or rotation [69], [1/08], [110], [112], or when
work towards an ultimate design space ¥isualization in motion
gnsp animated traces are replayed in the tools [4], [68], [90], [101].

However, in contrast to our work, this literature does not discuss
2  VISUALIZATION IN MOTION SCENARIOS how to design moving visualizations and most visualizations are

We introduce scenarios and challenges for different types &9t embedded with a data referent.
visualizations in motion —as well as their related work. While Video games are another domain that frequently involves
visualization in motionas a research direction has not beemoving visualizations attached to game entities. Past work on game
systematically explored, past work exists in situations that involvatisualizations has mainly focused on the retrospective analysis of
relative motion between viewer and visualization. We focus giayer cooperation and performance (e.[g., [1]; [32]] [54]). Real-
three types of relative motion between viewer and visualization atithe situated visualizations that move with characters often have the
associated challenges that point to possible research dire@[iongoal of providing situational information that helps players make
quick decisions and perform and cooperate effectively. Bowman
et al. de ned a design space and proposed design patterns for
Vis stationary X visualization in games [12] but did not speci cally discuss the
Vis moving X X design of visualizations in motion.
With the development of arti cial intelligence, recognizing
objects and labeling them in video frames has been the focus
2.1 Moving Visualization, Stationary Viewer of object tracking([59]. In this domain, visualizations are mostly
In this scenario, a stationary viewer sees an entire visualizatisimple rectangles, sometimes with labels and/or a categorical color
move and is required to move their eyes and/or head to possibbge, that visualizes the tracked objects' position, size, and potential
track the visualization in order to read it accurately (dependirigpe. While these are simple visualizations, the technology can
on the complexity of the data and the motion characteristics).be used in the future to embed more complex representations on
is important to recall that our de nition focuses entirevisual- tracked objects.
izations moving, rather than data point animations or morphing, Finally, interaction more broadly can result in visualizations in
for example, where individual parts of visualization have differemhotion when a user applies an interaction like panning, zooming,
motion characteristics such as directions, trajectories, or speedsstating, or changing viewing position to @mtire visualization. In
Moving visualizations for stationary viewers exist in sport$iCl, the impact of these operations has been studied for interactive
analytics, where charts are attached to moving players or gaoser interfaced [41][ [45], more speci cally, in navigating maps
[77]. However, reading visualizations during motion created by
1. While stationary viewers may also experience illusory motion witetain interactions may not always be a primary goal; for example,
stationary visualizations (e. g., stroboscopic motion or the phi phenomenon), . . R
en a viewer scrolls a web page, embedded visualizations would

we exclude this scenario as no relative motion between viewer and visualizatf§h¢ - -
is present. typically be read before or after the scroll interaction. Nevertheless,

\ Viewer stationary  Viewer moving
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a set of glyphs embedded on a map may be read during panningdto ADDITIONAL RELATED WORK

identify locations with certain data characteristics. To complement the related work in the previous section, we present
relevant past work on design considerations for animation in
2.2 Stationary Visualization, Moving Viewer visualization and work related to our two experiments.

In this scenario, a moving viewer focuses on a stationary visualiza-

tion and experiences additional optical ow during self-motion ir8.1  Animation in Visualization

the world. A main consequence of viewer movement is changing t¢hile visualizations in motiomave not received much research

viewing angle and orientation towards the visualization. The effegttention, animated visualizations have been studied more exten-

of this type of motion has been researched sparsely in visualizatigively. Work on animation has often focused on how to animate

for example, in wall-sized display, data physicalization, and AR/VBetween different arrangements of data points [18], [99], changes

research. Past research has looked at moving viewers in fronirpfiata (e. g., graph) topologies or dimensions over time[6], [28],

wall displays, for example as part of basic perception experimenigs zooming into datg [10]/[82], morphing from one representation

[9], as input to change a visualization or its presentation—e. @.another([37], or for changing perspective in 3D sceneks [74], [78].

through proxemic interaction [7]| [43]) [72] or hybrid imagesn general, work on animation in visualization is related to ours

[42]—, or to visualize viewer movemerit [15]. The experiment byhrough the joint interest in motion. Yet, our focus is entire

Bezerianos and Isenbeig [9] is most closely related. It showed yigualizations exhibiting relative motion with the viewer. Real-

difference in the accuracy of moving participants and static ongsrld visualizations in motion have to often deal with additional

standing far from the display wall when performing magnitudgomplexities due to changing context conditions and unpredictable

production trials on simple visual stimuli. However, participantgotion characteristics. In the next section, we discuss some of their

who walked had better accuracy than those who stood closeafsplication contexts and related work in these contexts.

the wall. In a previous study on how people approach and explore

data physicalizations, Taher et &l. [92] provided evidence thab Studying Visualization in Motion

body movement is an important part of both data exploration aéﬂ
|

presentation. The authors pose further research questions regar n\ge . . . N
. o g not been systematically explored in the visualization com-
which extent movement leads to better insights or more accurate

reading due to changes in viewpoints. Thanks to head-moun{ganity’ they have been discussed in psychological studies. The

devices, previous research such [as [95]] [96], which combin‘é’grk most closely related to ours concerns dynamic visual acuity.

sports visualization and AR/VR, provided the possibility for usersy amic V'SU"?" at_:w_ty (DVA) [50.]’ [5I7] describes _the ab'."ty of an

. . observer to discriminate an object when there is relative motion
to move around and observe their previous basketball Shoou{?&ween the observer and the object. In contrast to our work, the
trajectories in a 3D space. : . . Ject. '

visual targets in DVA experiments are often Landolt C, optotypes

) ] o ) ] on Snellen chart, or strings of numbers. In DVA experiments,
2.3 Moving Visualization, Moving Viewer participants are generally asked to identify the orientation of
Both visualization and viewer might also move independently aptotypes or to read the numbers rather than reading magnitude
the same time with relative motion between both. This motion camoportions, as in our case.
range from visualizations on smartwatches worn on the arm during Previous research on DVA [14], [58], [63], [102], in which
a run [Fig. If) to larger changes in motion when visualizations astationary participants were asked to identify the orientation of
projected onto approaching traf c and seen from a moving vehicleandolt Cs moving at different angular velocities, found that with

Arelevant research area for this scenario is wearable and mobilereasing velocity visual acuity decreased. Similar decreases in
visualization (see aldo Sectioh 4) as well as immersive analytiasuity were also found for moving participants judging stationary
Several previous studies on mobile phones have shown that walkiaggets|[35],[[40],/[6]7]. It remains unclear if these results also hold
increased workload and reduced performance in reading {asks [6&],more complex targets such as certain visualizations and more
[81]], [98] and the psychology literature has shown that walking icomplex types of movements such as irregular trajectories.

VR may negatively impact multi-object tracking [94]. As cognitive  In our experiments, we tested how effective stationary viewers
resources need to be similarly shared between navigation avete at reading quantitative values from moving proportion
reading data, it seems reasonable to expect similar negative effeissializations (bar and donut charts) inspired by those seen in
for visualizations in motion. Several research efforts in VR hajlég. 1a and Ib. Our methodology involved a magnitude estimation
focused on the viewer's motion, such as examples illustratedérperiment|[19] performed on a crowdsourcing platform. Our study
Locomotion Vault[[28]. For example, research has shown thatimethodology differs slightly from previous work on crowdsourced
a virtual environment, common motion effects such as walkingerception experiments [22], [36], [49], [84], [85], [100], [113]
can bene t the viewer's spatial memorly [79]. However, impact om that we paid particular attention to control the physical size
reading visualizations in motion still required more dedicated wofknd speed) of the stimuli shown on participants' screens through a
in VR. dedicated screen calibration step.

So far, research on wearable visualization has largely concen-Previous work has compared the two general chart types we
trated on smartwatches [11]], [65], |66]. Much of the past work ditbsted in static scenarios and under different variations. Blascheck et
not speci cally design for or study moving observers. Exceptioral.'s work [11] found that people were slightly faster at comparing
are, for example, Schiewe et al.ls [80] work on visualizationsvo values in smartwatch-sized donut charts than in regular bar
for real-time feedback during running activities. Amini et al. [3Eharts. The related work on pie charts vs. stacked bar charts found
interviewed quanti ed-selfers about their in-situ data analysibat often pie charts outperformed or were en par with stacked bars
activities and showed the variety of reasons people checked thaicording to accuracy [20], [27], [46] but that stacked bar tasks
tness trackers during sports activities. were often completed more quickly [27], [46], [83]. Redmond| [71]

hough motion relationships between viewers and visualizations
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compared proportion visualizations similar to ours and used pies 8peed: Simply said, speed determines how quickly the spatial

a two-segment horizontal bar. Similar to past work, he found thalationship between viewer and visualization changes. While we
pie segments were more accurately estimated than bar segmangsnot aware of studies in visualization that assessed speed for
Simkin & Hastie [83] also tested a proportion judgment task likeisualizations in motion, previous studiés [33], [47] on dynamic
ours and found that pie chart proportions judgments were mdext reading indicate that text moving speed in uenced reading
accurate than those on bar charts but took longer. In summary, toenprehension. We expect effects on reading data visualizations
past body of work comparing pies to bar charts might predictas well, but their extent needs to still be evaluated.

slightly better accuracy for donut charts. Trajectory: For visualizations in motion, the trajectory is the
path along which the spatial relationship between viewer and
4 A RESEARCH AGENDA FOR VISUALIZATIONS IN visualization changes. Trajectories can be more or less regular and
MOTION predictable and be embedded in a plane or 3D space. We expect
As previously mentioned, there is still little work dedicated tct)r_aject_ory_ complexity to |mpac_;t the accuracy of reading moving
X . . ; o . Vvisualizations and future studies should nd ways to test simple
the impact of motion on reading visualizations. Our goal is t0”. . . )
. N . {rajectories (e. g., during panning) and more complex ones (e.g.,
point to new possibilities for research and to show mportagurin tracking of certai ;
factors that need more exploration. In this section, we summarizé g ) g oreer a!n Spor S)j .
important future research in this space related to the scenaffg§eleration: Acceleration describes the rate of change in speed.
introduced iff Section] 2. AS Fig| 1 shows, visualizations in motidﬁlthoqgh .acceleratlon. has not been extensively st.udle.d in the
may be overlaid in 2D, maybe physicalized, or shown in 3isualization communllty, previous research on animation still
virtual worlds, which are drastically different viewing contextdouched on changes in acceleration. Dragicevic et al. [26], for
with varying types of motion. We, therefore, focus our resear@ample, studied different types of pacing for animated transitions
agenda on four broad properties: a) work that studies the in uen@Bd recommended slow-in/slow-out transitions where objects begin
of different characteristics of motion, b) work related to th& move slowly and then increase speed before decelerating close
spatial relationship between the viewer(s) and the visualization(§) the endpoint of the animation. The effect of acceleration, and in
c) future work on the situatedness of the visualization, and Bgticular, unpredictable changes in speed, remains to be explored
technologies for visualization in motion. Some aspects of thel¥ Visualizations in motion.
properties may be interrelated, as our goal is not to provide distid2trection of Motion: Direction of motion refers to where in a
boundaries between properties. Rather, we focus on pointing eefierence space a visualization seems to be moving. Direction of
the base properties that may affect visualization reading and theiotion has been little explored, even for animated visualizations.
research prospects. Of course, their combinations need to be furihéications for a possible effect might come from studies on reading

researched as well. direction. A past eye-tracking study [38], for example, indicated
that reading direction has an in uence on attention and memory.
4.1 Characteristics of Motion Other studies from psychology|[2], [29], [62], [86] also con rmed

In physics, motion is described as the phenomenon in which mt reqding_diret_:tion affects perception. How these effects transfer
object changes its position over time [106] according to a fran® reading visualizations should be further explored.
of reference. To researchisualizations in motionwe, thus, rst
have to consider appropriate reference points. Taking the humgp  spatial Relationship Between Viewer and Vis
viewer as the reference, a visualization can exhibit relative moti
or relative immobility. If we consider a human viewer to be a xe
point of reference (even if the viewer is actually moving), relativ
motion exists if a visualization moves relative to this xed vieweViewing Distance: Let us consider the viewing distance as the
due to a different speed or motion trajectory. If both the human afigear distance between the viewer and the visualization. A change
the visualization do not move or move at the same speed along the/iewing distance varies how the visualization appears on the
same trajectory (e.g., a human reading a stationary visualizatdfwer's retina. Either a change in distance comes with a change
on a moving airplane), there is no relative motion. in position on the retina and/or a change in visualization size. For
Central to our de nition ofvisualization in motionis the example, look &t Fig.]3-Left, a visualization attached to a ying
existence of such relative motion of suf cient magnitude—beyongoccer ball would appear to change in size as the ball moves close
eye saccades or simple head movements that all human viewigrée viewer and might (unless the ball ies directly at the viewer)
would exhibit. IfSecfion]2 we already discussed several reseaP$f0 appear to move through changes in position. How combined
areas in which visualizations often need to be read under relatifg2nges in visualization size and position would affect reading the
motion. The effects of relative motion for the viewer may involvélata is still an open question.
changes in viewing angles, orientations, motion blur, or changiMiewer vs. Visualization Space:A visualization has an inherent
visualization sizes, among others — all of which will be mor®cal coordinate system. Similarly, a viewer of this visualization can
or less pronounced depending on the characteristics of motio@modeled using a local coordinate system that changes with head
Next, we list speci ¢ properties of motion we expect to impact thand/or eye movement. The relationship of these two coordinate
effectiveness of moving visualizations but for which the gravity afystems in a world impacts how a person sees a visualization in their
the impact still needs to be empirically established. A main researefd of view. For example, if Fig. B—Center, a cyclist riding past a
challenge related to motion characteristics includes nding out hovisualization on a static sign will see the visualization at different
well people can track visualizations that are moving very fast anéewing angles as the visualization-to-viewer coordinate system
in unpredictable directions while at the same time trying to readinsformation changes. When, instead, a viewer looks straight at a
and understand the presented data. visualization that moves along their line of sight, the two coordinate

ur next area for future research involves the spatial relationship
groperties to consider when designing visualizations in motion.
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Fig. 3: Left: Changes to the perception of a soccer ball's size and position based on the distance between viewer and visualization
Center: Changes of a moving cyclist's perception of a static map and bar chart based on changes between the viewer and the visualizatiot
space. Right: The same physical motion of a soccer ball will lead to different trajectories on the viewer's retina based on the relationship
of viewer to world space.

systems stay aligned, and viewing angles will not change. In thisualizations around swimming sh to represent their age, sex, or
case, motion effects will be seen through characteristics associatem. When the motion is non-autonomous, the movement is under
with changes in viewing distance. In most cases, however, ttie control of or in uenceable by a human. For example, a player
relationship between the two local coordinate systems will changentrols a moving character with an attached health bar in a video
over time when the viewer tracks a visualization in motion. game. To what extent the autonomy of motion plays a role in how

Viewer vs. World Space: The world a visualization resides inwell visualizations can be tracked and read is still an open problem.
can similarly be de ned with a world-coordinate system. The
relationship between the viewer's coordinate system and the wofRtedictability of Motion: To a viewer, the relative motion of a
coordinate system describes how the viewer looks at a specvisualization may be predictable or not. Predictable motion can
scene. For a single visualization in motion, the viewer-to-worlcbme in the form of: a) motion with naturally predictable properties,
space relationship will affect the perception of motion on thi®r example, the movement trajectory of a swimmer in a swimming
viewer's retina. Let's look at three kinds of views that are importantompetition — each swimmer completes the race in their lane,
the front view, side view, and bird's-eye view. When a soccer ganad audiences understand that the swimmer's trajectory will be
is broadcast, highlighted moments are often given a multi-angle, alpproximately linear; b) movement under the control of the viewer,
around camera repldy. Fig. 3—-Right shows how the same movemfent example, when a viewer zooms, pans, rotates or scrolls a
would be seen from the three different views. From the side vievisualization, they can more easily predict where the visualization
the soccer ball with a situated donut moves from right to left inwill move. Unpredictable motion occurs when the movement does
beautiful arc. However, from the bird's-eye view, the movememot have predictable properties because it does not follow natural
seems to be linear. In the front view, not only is the trajectompotion paths. The same motion can be predictable for one viewer
changed from curved to linear movement, and the soccer movad unpredictable for another. For example, a soccer player can
up and down, but it is accompanied by a change in view distangeedict the ball's movement before kicking it, but for the audience,
as well — the soccer ball becomes bigger and bigger. the ball's movement is unpredictable because it depends on the
Especially in scenarios with moving viewers and stationaplayer's footwork. Previous research from neuroscience pointed out
visualizations, a main research challenge includes nding out hdhat viewers can better predict motion by tracking a moving target
people experience and how effectively they read visualizationbject [87]. However, their visual target was a Gaussian dot. We
under changing viewing angles and potential inherent changeddisf not nd any research explicitly stating that the predictability of
visualization orientation. motion positively or negatively in uences visualization readability.
Thus, it is still hard to tell if the predictability of motion would
impact a visualization's readability.
Contextual Factors: The scenarios outlined 14dnd 2
In our exploration of visualizations in motion, we saw a wid@how a variety of contextual factors that can have an impact on
variety of ways in which visualizations are displayed and related i visualizations in motion are perceived. The examples involve
the environment. In contrast to more standard data representatigggalizations of various backgrounds, in scenarios that potentially
used for analysis in desktop environments, these visualizatiqRgolve noise or viewers with primary tasks such as riding a bike
were displayed with a large number of varying contextual factogs ghting another game character. Especially when reading a
and ways to connect to potential physical or virtual data refereRfgualization is not a primary task, visualization often cannot be
[107]. The in uence of factors such as the ones listed next requif§cused on for longer periods of time. While researchers have
further research attention: studied the glanceability of smartwatch visualizatidng [11], the in-
Autonomy of Motion: Depending on the situation and contexsitu reading of data from visualizations will likely be impacted by
of the visualization, the movement of a visualization may belative motion and require design attention. Data physicalization
outside human control (autonomous). This type of movementseenarios also often include social challenges related to movement
widespread in natural environments, in owing streams, fallingnd contextual factors such as lighting or distractors like noise that
leaves, swimming sh, etc. For example, an aquarium might addight affect how people experience visualizations while moving.

4.3 Situation, Context, and Design
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As such, studying the impact of contextual factors on visualizatioiobile and Wearable Devices:Mobile and wearable devices
in motion will be important. already carry visualizations in motion experienced by moving

Connection to Data Referents:Willet et al. introduced data Viewers, such as in Fig. le apd 1f. Smartwatches, in particular, are
referents as (physical) entities and spaces to which data correspdh8E0Wing market involving many wearers who aim to improve their
We saw many examples of situated visualizations (accordingtgalth and well-being by tracking their data. Again, conducting
the de nition used by Willett et al[[13]) with varying degrees of'esearch on how best to design visualizations under contextual
connection between visualization and what the represented d&g{ors such as the types of movement (running vs. walking) as
referred to. The examples involving visualization over or arourféell as lighting or primary tasks under which these devices are
game charactefs Fig. |1a, players in live sports tracking Fig. £hecked is important.

or tness data shown on wearables Fig] le, include very cloBdysicalizations:Data physicalizations can be constructed from a
connections; while the data physicalization§ in Fig. 1c[and Fig. Yeriety of materials and for a variety of purposes|[44]. We mostly
show abstract data more broadly related to the place they aeav static physicalizations and moving viewers, such as Fjg. 1c
displayed in. Thanks to advances in technology, it is becomimagd1d, and for these scenarios, it would be interesting to explore
easier to embed visualization in certain scenarios such as Iphysicalization properties and how they affect how moving viewers
videos or on wearables that collect data in real-time related ace able to experience the data. In these cases, in particular, the
speci ¢ locations or the wearer|[5], and as such, there is a largewing distance and the spatial relationship between the viewer,
design space to explore for embedded visualizations in motion.physicalization, and the world would be changed with the viewer's

Visualization Design: There is ample evidence that visualizatiofnovement. It might also be an interesting challenge for designers to
choice and design will impact the effectiveness and ef cienc§P™e UP with future moving physicalizations for static observers.
with which data can be read and understood without motighR/VR: Visualizations in motion are particularly common in
These design choices also need to be studied speci cally BR/VR scenarios as soon as viewers are free to move their
visualizations in motion. For example, the representation typgwpoints and positions in a 3D scene. One interesting opportunity
[115], [116], the visualization complexity [19], [93], the decoratiorfor AR/VR is real-time visual feedback. Both Wu et al.'s work on
of the representation [24], [84], [85], the size of the visualizatiodR table tennis skill training [108] and Lin et al's work on AR
[16], or its color selection[[91],[114], may affect how peopwisualization for basketball free-throw trainirig [96] showed that the
perceive a visualization in motion. Nevertheless, there is sorggl-time visual feedback can improve the player's performance. In
limited past research in visualization that involved looking &ome sense visualizations in motion in AR/VR share challenges
effects of motion. Researchers, for example, studied labeling asigh other scenarios, for example, when data representations can
annotation in immersive analytics under motion and speci callye moved around in a 3D scene (data physicalizations or at
factors such as viewing angle chandeg [95]] [60] and spatial locati®éreens) or when data is embedded with objects or devices (mobile
changes [55]/[61] of objects in the environment. As such, there a&8d wearable devices). Many future projects on visualizations in
limited dedicated design guidelines for people who already cre&e@tion in immersive analytics are open to be explored in particular
visualizations in motion in practice. In our recent IEEE VIS postdh relation to immersive experiences with data visualizations.
[117], we made rst steps and collected design considerations fromalvanced Techniques:Apart from the existing and known tech-
a set of 87 example images collected online as well as 110 desigiadogies that involve visualizations in motion, there are a number
elicited during a design workshop. From these, we propose sevesfifuture technologies for which visualizations in motion can help
visualization design characteristics to focus on for future researthproduce promising applications scenarios, suggesting types of
the design of labels, the salience of the design, the distancevisualizations to display on holographic projections, visualizations
objects of interest, and the complexity of the design or shovem or by drones, or visualizations embedded on robofs [52]. Future
data. In addition, several visualization in motion scenarios (objestivanced technologies can help to build visualizations that are
tracking, tness tracking, sports analytics, .. .) involve dynamicallgtybrids of data physicalization and digital representations in 3D
updating data. It is still unclear how updates would be noticed aggaces that could move autonomously (like robots) or can be own
evaluated by viewers under relative motion. (like drones). Understanding how the choice of technology may
affect the perception of visualizations in motion remains an open
research direction.

4.4 Technology

Many of the visualization in motion scenarios outlined abovg5 Summary
depend on available technology such as wearables, AR/\/R’Ilcfrsummary, visualizations in motion are still a wide-open research

fabrication technology. Research on visualizations in motion C@Pace They include opportunities for design as well as for in-
draw from and inspire ?"ai'ab'e technplogy and can perhaps eva%bth empirical research as outlined above. Some inspiration and
shape future technologies. Here, we list a few technologies Wh?‘]rfpotheses for empirical studies can be derived from related work,

research on visualizations in motion is particularly important. but almost no work exists that has looked speci cally at moving
Stationary Screens:Seated viewers may experience visualizationgata representations.

in motion on any type of screen, such a§in Fig. 1a[arjd 1b. Despite

the existing examples in games and sports analytics, we know

relatively little about how visualizations moving across a screen are STUDIES ON VISUALIZATION IN MOTION

perceived by seated viewers. Exploring visualizations in motidvotivated by the wide-open research space and, in particular, the
for general screens can already have a large impact on growpajential of visualization in sports analytics and video games,
and well-established industries and help improve how viewenge chose to explore the stationary viewer+moving visualization
experience data visualization. scenario in more detail. To address the lack of empirical work in this
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TABLE 1: Example stimuli used in our experiments that, if printe¢he inner diameter t6:75 cmand the outer diameter tocm This
without scaling, are shown at the size displayed on participantsj;ing would encircle soccer balls with a diamete0d cmon the
screens. All stimuli images (0%, 18%, 32%, 43%, 58%, 72%, andeen, which was the most frequent soccer ball size according to
83%) are available in the supplementary material. our video analysis. We set the lengthBdr  equal to the average
of the inner and outer perimeters of tbenut  to ensure that
the data resolution is the same, with a widtt0dt5 cm(equaling
to the thickness obonut  slice) and a length 02:36 cm see

72% . In each chart, the target slice was colore-

and the other slice i #C3C1C1 to make the target warmer and
higher chroma and reach an appropriate contrast ratio (4.61) with

. thg white background.
scenario, we began to study three aspects of our research agenda:

two related tacharacteristics of motiontogether with a factor of Choice of Movement SpeedsAmong the 100 data pairs in our
visualization design In particular, we wanted to understand howideo analysis, the min speed w@ig cn¥s, the max spee@?2 cnrs,
accurately people can perceigeantitativeinformation from two and the average speéd:08 cn¥s. We then converted the highest,
different visual representations under motion. We chose to stflest, and average speed to the most popular screen sizes. Detailed

with studying the effects opeedandtrajectory complexity on  calculations can be found in the supplementary material.
representation type as we hypothesized that the readability of

different representations could be highly in uenced by these baﬁ' cres which is approximately the average speed for a 27-inch
characteristics of motion. In both experiments, we used a magnit een and thEast speed a80 cmes which is approximately

estimation task that required people to read a quantitative Vai’ﬂ% fastest speed for 27-inch screens and the average speed on 65-
from a proportion visualization, similar to tasks that would bﬁ‘mh TVs. In our speed experiments, we also includ@dagic
required in our target domains. ' ;

Proportions  Donuts Bars

From these measurements we choseSlaw  speed to be

baseline condition in which the stimulus did not move on the

empirical inyestigations on \{isuglizations in motio.n, we tested the§Ee in the experiment, given olow
simple motion characteristics in controlled settings to be able to
isolate the effects of the tested motion characteristics more cleddfjoice of Movement Trajectories: In our speed experiments,
Next, we discuss the study design criteria shared by tM¢ wanted to isolate the impact of speed and chose a simple
experiments we conducted. We describe the design choices #Hag¢ar ~ horizontal trajectory. In our trajectory experiments,
differed in the individual experiment sections. Documents, originfe addedIrregular trajectories. To extract ecologically
experiment data, code for the statistical analysis, detailed resi@did irregular trajectories, we analyzed data from real 2018/2019
and the link to the studies are available in the sup. materiglemier League championship games. The data was provided
All experiments were pre-registered. Experiment-Speed-Dony: Footovision [[31]—a performance analytic company—using

https://osf.io/lkm3s2/, Experiment-Speed-Bar: https://osf.io/t7488fate-of-the-art video tracking of players. We picked a typical
Experiment-Trajectory-Donut/B&r: https://osf.io/9c4bz/. game between Leeds United and Swansea and chose 7 trajectories

of walking soccer players and 7 trajectories of running soccer
players as seen from a birds-eye-view of the eld using a custom
B _ visual analytics tool[[73]. For each trajectory we calculated 2
We assessed the readability of moving bars and donuts showjagiations: a180° clockwise rotation and a mirror on theaxis.
proportions under two motion characteristics: speed and trajectyg, thus, obtained 21 trajectories per spesidwy , Fast ).

To determine ecologically valid speed values and chart sizes, Weour trajectory experiments, we therefore tested the following
analyzed a Laliga soccer mat¢h [30] in full screen on a 27-inch 4Kconditions:Slow  x Linear & Fast x Linear (as
screen. We selected 100 random start positions from a player kigkour speed experiment but used as baselines in the trajectory
and recorded both the physical and temporal start and end positieRperiments)Slow  x Irregular showing a slowly moving

of the ball relative to the screen. From this data, we calculate@imulus, andrast x Irregular showing a fast moving

the average physical speed of the soccer ball on the screers@aulus. Images and data for all trajectories are available in the
an approximation using a linear trajectory between start and efigbplementary material.

points; and measured the average diameter of the soccer ball.

speed.

5.1 Study Parameters and Variables

Choice of PercentagesWe based our choice of percentages to
Choice of Visualization RepresentationsFrom our online exam- test on prior work. Cleveland & McGill's experiment [19] used 7
ple exploration and design workshop collectipn [111], we collectetistinct proportions: 17.8%, 26.1%, 38.3%, 46.4%, 56.2%, 68.2%,
197 designs in total. We classi ed these 197 designs into 15 genaasd 82.5%. Using a similar methodology, Kong et [al.| [50] used
according to their representations, such as donut charts, bar chéots, percentages (32%, 48%, 58%, and 72%) that account for
pie charts, labels/text, icons, and heatmaps. Among which, jpgrticipants' tendency to answer as factors of 5. We followed their
count the most common were donut charts (34/197) and bar chatwices but added additionally one smaller proportion and one
(23/197). Considering in practice the prevalence of the donut chiatger proportion, leading to our analyzed proportigns (Taple 1):
and the bar chart (see also Fi@. T & Fig. 2), we chose donut a6, 32%, 43%, 58%, 72%, and 83%. We also added 0% as an
bar charts for our experiments. The charts were drawn at the saatiention check. For training trials, we used random percentages
physical size incm for each participant. Fobonut , we set excluding the above 7 experimental proportions.
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Dependent Variables: The key dependent variable analyzed imlisplayed ir-. To proceed to the experimental trials, participants
our studies was accuracy per trial which included the true erread to correctly answer 6 training trials. For each training trial, we
and absolute error of reading a speci c proportion. We did netccepted as correct any answer in the range 40 percentage
analyze answer time as a dependent variable, as the dispdaints. We displayed feedback about their entered answer, the
time was xed at1600 msto ensure we capture the effect ofexact proportion, and their progress in the training. During the
speed rather than stimulus exposure time. We also collecedgerimental trials, we did not provide feedback on correctness.
basic demographic information in a pre-questionnaire, including Each block of experimental trials consisted of 21 trials (7
participants' experience with the type of chart shown (on a 1froportions in a random order per participant x 3 repetitions). We
point Likert item: 1 (novice) to 10 (expert)) and the frequency adsked participants to make a quick estimate. After each block,
playing video games or watching sports on TV (1 (never) to Jfhrticipants rated their con dence in the current condition.

(every day)). After each condition, participants rated the condition e had 3 attention trials per block of experiment trials. These
according to how con dent they felt about the correctness of theifere trials where the proportion was set to 0% and were easy to
answer on a 5-point Likert item (1 (not at all con dent) to 5 (verypot, As the speed experiments had 3 blocks, they included 9 such
con dent)). At the end of the experiment, participants lled out ttention trials, and the trajectory experiments included 12 such
post-questionnaire and rated the dif culty of each condition thqyials in its 4 blocks. Our acceptable range for participants' given

saw from 1 (not dif cult at all) to 10 (very dif cult). answers to these attention check trials \®a%0 percentage points.
Thus we terminated the experiment for participants that failed 6
5.2 Experimental Software and Apparatus attention trials in the speed experiments and 8 in the trajectory

Our experiments were conducted on Prol{¢ [70]. In crowdsource%IXperime!"tS- Pgrticipants were toId. clearly in the ilnstructions that
experiments, screens and pixel sizes may vary for each participg]ﬁ_experlment |ncIudgd attenﬂonl trials and that failure to do them
While we could not control viewing distance from screens, V\;;prrectly would result in the session to not be completed and paid.
implemented a method to ensure at least the same physical display"Ve conducted two speed experiments: onédonut  and
conditions. We controlled a) the movement speed in physical un@8eBar  with 60 participants eack 3 blocks (3 conditions¥ 21

of cmes rather thanpx=s and b) the display size of the charttrials per block = 3780 trials per experiment. Similarly, there were
stimulus incm instead of inpx. Each participant went through atwo trajectory experiments, one per chart type with 60 participants
calibration phase where they held a bank-card-sized card (1ISO/IE&chx 4 blocks (4 conditionsk 21 trials per block = 5040 trials per
7810 ID-1 standard [105]) up to the screen and then adjuste@@eriment. The 21rregular trajectories forSlow  speed
slider until a rectangle displayed on the screen matched the sl another 21rregular trajectories folFast ~ speed were

of the physical card. From the calibration, we were able to infersown in a random order per participant.

conversion ratio betwegox andcm for the screen of every single

participant. Thigox=cm ratio was applied for drawing the stimuli,

calculating the speed, and checking the participants' eligibility. O@r4 Analysis Approach

minimum screen size requirement to draw all stimuli was 13.3-inch

in diagonal 29:4 cmwidth). Participants who met this requiremenwe used interval estimation [25] to int_erpret our results: we report
and had completed the calibration phase were no longer allowd""Plé means and 95% con dence intervals (Cls).We used BCa
to adjust the page or window size. At the beginning of each trigeotstrappmg to construct con dence_lntervals (10,000 |t_erat|ons)
we drew a focus area/point to show where the stimulus would ri compare chart movement speeds in the speed experiments and

appear. After the display of the stimulus, we drew four maskin?j’eeds( trajectories. The Cls of mean differences were adjusted for
images that ashed during a very brief amount of tin@® fns multiple comparisons with Bonferroni correction [39]. To compare

in total [11] [34]). Then, participants typed their answers angonut ~ andBar ~ we used bootstrap con dence interval
submitted them by clicking a button. calculations for two independent samples. We drew inferences from

the graphically-reported point estimates, and interval estimates
[21]: when reading a Cl of mean differences, a CI that does
not overlap with O provides evidence of a difference, which
Participants rst agreed to an online consent form, followegorresponds to statistically signi cant results in traditional p-value
by the screen calibration phase and the pre-questionnaire. Ngsdts. Nonetheless, Cls allow for more subtle interpretations. The
participants read through the experiment and task explanations gfdher from 0 and the tighter the Cl is, the stronger the evidence.
instructions and then completed blocks of trials. After completingo signi cance test was performed, but equivalgntalues can be
the trials, participants lled out the post-questionnaire. At the engbtained from ClI results following Krzywinski and Altman [51].
of each session, participants optionally described their strategigs also report the mean absolute error per proportion for each
and gave comments. condition.

The experimental trials were grouped in several blocks de-
pending on the number of conditions. In the speed experiments,

5.3 Procedure

there were three speed gonditio@se{tic ; Slow , Fa_st ) 55 Participants

resulting in 3 blocks of trials. While the trajectory experiments had

4 blocks since there were 4 speedrajectory conditions$low Per experiment, we recruited 60 valid participants whose approval
x Linear , Fast x Linear , Slow  x Irregular , rate was above 95%; participants could only take part in one of the
Fast x Irregular ). The condition order was randomizedexperiments as per our experiment settings. All participants had
per participant using a Latin square. normal or corrected-to-normal vision and reported having no color

Each block was composed of training and experimental trials. Wsion de ciency. We report the composition of participants and
a trial, participants had to estimate in whole numbers the proportitireir remuneration separately in the section for each experiment.
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TABLE 2: Absolute erroranalysis for Experiment-Speed. Left: Average mean absolute error in percentage points for each chart type.
Middle: Pairwise comparisons for each speed and representation. Right: Differences of mean absolute error across representations. Errc
bars represent 95% Bootstrap con dence intervals (CIs) in black, adjusted for pairwise comparisons with Bonferroni correction (in red).

3.22[2.96, 3.52] 0.17 [-0.10, 0.42]

3.38[3.14, 3.68] 0.84[0.54, 1.48] 0.59 [0.19, 1.00]

4.22[3.83,5.10] 1.00[0.62, 1.87] 1.35[0.92, 1.78]
1.77[0.98, 2.41]

3.81[3.56, 4.12] 0.93[0.60, 1.27]

4.74[4.42, 5.09] 1.25[0.86, 1.68]

5.99 [5.59, 6.48] 2.18[1.77, 2.65]

Absolute error Pairwise differences DifferencesBar Donut

TABLE 3: Experiment-Speed: Con dence in the correctness of
responses per speed and chart type with median (MED), average
(AVG) and standard deviation (SD). 1: Not at all con dent, 5: Very

con dent.
1 2 3 4 5| MED|AG ]| SD
Static 0 2] 9 I'384 1115 4 4.03 | 0.74
0 1 [12 31 [16 4 4.03 | 0.74
Slow 0O 0013 388 [ 9 4 3.93 | 0.61
0| 4715 182 [ 9 4 3.77 | 0.79
Fast 0| 4 19 30 | 7 4 3.67 | 0.77
15 719 [26 | 9 4 3.62 | 0.90

type, and the differences across two representafions.|Fig. 4 includes
the absolute errors split by proportion per speed and chart type. For
true error charts, see the supplementary material.

Speeds\We can see frofn Tablg 2—Left that high speeds did have an

in uence on human readability. Looking at the pairwise differences

(Table 2:Middle), we see evidence theast  speed caused

6 EXPERIMENT-SPEED (DONUT / BAR) RESULTS: gore errors thastatic andSI_ow _ speed cond_itions in poth
onut andBar representations in the respective experiments.

THE EFFECT OF SPEED ON READING ACCURACY But for both chart types in practice the differences were small,

The 60 participants involved iDonut (24 , 35 , 1 around 1-2 percentage points. Faonut , we have no strong

unspeci ed; 19 students) had an average age of 23.45 y8ars ( evidence for a difference betwe&iow speed and baseline

5.36). Participants' familiarity with donut charts whs= 6.10/10, (Static ). participants' average performance Stow  speed

SD = 2.50 and their frequency of watching soccer matches s similar to the baselineSfatic ). However, forBar

TV or play video games wabl = 4.66/10,SD = 3.07. The 60 participants' average performance was clearly betteBtatic

participants involved ilBar (23 , 37 ; 44 students) had an conditions than oslow  ones.

average age of 24.58 yeaiS[y = 5.85). Participants rated theirProportions When looking at absolute errors per proportion for

familiarity with bar charts a#/ = 6.45/10,SD = 2.45) and their Bar Fig. 4: Bottom) we see that participants' absolute errors

frequency of watching soccer matches on TV or playing videended to be higher with increased speed for all proportions. There

games ad/l = 6.65/10,SD= 3.03. may also be a tendency for error to increase in larger proportions.

Since our two experiments on spe@&@bfut ,Bar ) were For Donut : Top), similarly, participants on average

conducted separately, the remuneration was a little different. Tlade more errors undé&ast speed for all proportions. But

average completion time f@onut ~ was17:55min Based on absolute errors were similar undglow  speed andtatic

an earlier pilot (average completion time wh8min), we set condition across proportions with the exception of 83%.

the remuneration t61.80. Given the longer actual duration, we

improved our remuneration accordingly for the second experim

(Bar ). The average time taken to complete tBar

experiment was 1#6 min, and each participant was paid £2.55.[Table 2: Right shows the differences betw@sr  andDonut

across the results from the two experiments. We found some

evidence thatDonut was more accurate thaBar in

all speeds. This evidence is more pronounced-ast and

shows the participants’ mean absolute error per speed, 8@ew . It appears that donut charts can be read slightly more

pairwise differences in absolute error across two speeds per clzdurately than bar charts when in motion.

Fig. 4: Experiment-Speed absolute error resultdfonut  (top)
andBar  (bottom) per proportion.

e .
(9 '2 Speed across Representation

6.1 Speed per Representation
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TABLE 4: Experiment-Speed: Dif culty rating per speed and per
chart type with median (MED), average (AVG) and standard
deviation (SD). 1: Not at all dif cult, 10: Very dif cult.

1 2 3 45 6 7 8 9 10MED|AVG|SD
Static 217180 9 20 20 3] 3 1 1 0] 2 |263|2.02
22021 7,3 1 2 2 1 1 0] 2 |242|187
Slow 6/11f15f 9/ 8 7 1 1 2 0| 3 |3.73|1.93
6/11/13'16. 8 4 1 1 0 O] 3.5/|3.50/157
Fast 1/ 3 70 8 7| 4] 7013 6 4| 6.5 |6.10|2.44
3 3/ 3 8 8 9/10 8 6 2| 6 |587|2.32

6.3 Con dence and Dif culty

exhibits how speed and representation impacted con dence
rating, whilg[Table i illustrates perceived task dif culty.

Con dence: Con dence levels differed only slightly between
speed and representation. The mode for all ratings was 4 (con de
but we see a slight trend for higher answers in 8tatic

condition for bothBar  andDonut proportions from moving charts, with an accuracy that was close
Self-rated Dif culty: Participants’ perceived the task to be morgy 950. Although in high speed3onut ~ was more accurate

Fig. 5: Experiment-Trajectory absolute error resultsBonut
FltSp) andBar  (bottom) per proportion.

dif cult the higher the speed. thanBar , in practice, their differences were small (2 percentage
points). Overall, participants were con dent in their answers, but
6.4 Strategies the self-rated dif culty increased clearly with faster speeds.

In order to understand potential differences between chart types,

we asked participants to voluntarily reveal the strategies thgy EXPERIMENT-TRAJECTORY (DONUT / BAR) RE-
used to read charts under motion. V\/_e_recelved 34 descriptiaf\§; Ts: THE EEFECT OF TRAJECTORY ON READING
from Donut  and 40 fromBar  participants. We excluded 1 CCURACY

description for donut and 6 ones for bar chart that did not describe

strategies and coded the remaining into 6 groups. Compodi¥e recruited 60 new participants per chart type in the trajectory
strategies were coded into multiple groups. Next, we describe egfperiments. FoDonut , the 60 participants (31, 29 ; 35
strategy and how often it was mentioned in the two experiments. Aiudents) were on average 27 years @B ¢ 7.38). Participants
detailed descriptions can be found in the supplementary materiggported just above average familiarity with donut chakts<
Following (13 Donut , 18 Bar ): This strategy involved 6.20/10,SD = .2.59).and frequency of watching soccer matches
simply following the stimuli as it was moving on the screen. ~ ©n TV Or playing video gameg\/( = 6.60/10,SD = 3.09). The
Slicing (13Donut ,5Bar ): Participants divided the moving average completion time wa5:80 min, with a remuneration of

X . - £3.75 per participant. FoBar , the 60 participants (29, 31
chart into slices that they read. Donut participants reported using 36 students) had an average age of 26.38 yeaiBs=(8.44).

quarter slices (25%, 50%, 75%, and 100%) or two halves to ma]l:g%l - . vl X
. : - L . Participants also reported just above average familiarity with bar
estimates, while bar participants divided the bar in halves or in b b J g y

thirds. The strateay was much more common for donuts charts M = 6.78/10,SD= 1.98), and frequency of watching soccer
) 9y ) matches on TV or playing video gaméd € 6.43/10,SD= 3.14).

Quick Judgment (3 Donut , 7 Bar ): Some participants The average completion time wag:57 min with a remuneration
described estimating the value with a quick glance or savingy,fg4 o5 per participant.

snapshot in their mind while ignoring motion.
Fixating (2 Donut , 2Bar ): A few participants stated that . .
they stared at a xed point (the center of the screen in mogt1 Trajectory per Representation

cases) and did not follow the movement of stimuli to make thél@ble $ shows the participants’ mean absolute error per speed
estimation. x trajectory condition, the pairwise differences in absolute error

across two conditions per chart type, and the differences across two

Other (2 Donut , 3Bar ): The strategies coded in this group ati 5 sh the absolut litb "
were diverse and rare. Participants mentioned focusing on ffrgresenta ionp. Fig] 5 shows the absolute errors split by proportion

smaller slice, reading the chart (better) when it moved left to rigm(,ar.condlltlon and (?hart type. For true error charts, see sup. material.
closing one eye, and focusing on the bar end point. Trajectories: Looking at the mean absolute errdrs (Table 5), we
Unclear (1 Donut , 0 Bar ): Strategies that we could not S€€ that the trajectory type did have an impact on reading accuracy.

classify due to unclear and ambiguous descriptions. Looking at pairwise dl_fferen_ce 5: Middle) we h_ave evidence
thatlrregular trajectories caused more errors thanear

ones for bottDonut ~ andBar , in particular aFast  speed.
6.5 Summary We even have weak evidence of trajectories having an impact
In summary, speed had an impact on proportion reading perfon Donut moving at Slow speed, withlrregular
mance, with accuracy decreasing with higher speeds. Howewejectories being less accurate thanear ones, while for
in practice, participants were still able to quite reliably reaBar , we do not have such evidence.



IEEE TVCG SUBMISSION 11

TABLE 5: Absolute erroranalysis for Experiment-Trajectory. Left: Average mean absolute error in percentage points for each chart
type. Middle: Pairwise comparisons for each spgedhjectory condition and representation. Right: Differences of mean absolute error
across representations. Error bars represent 95% Bootstrap con dence intervals (CIs) in black, adjusted for pairwise comparisons with
Bonferroni correction (in red).

3.18[2.91, 3.51] 0.43[0.13, 0.83]

3.61[3.27, 4.11] 0.77[0.40, 1.16]
3.79[3.48, 4.17] 0.61[0.31, 0.94] 1.17[0.69, 1.72]
4.56 [4.19, 4.99] 0.94[0.63, 1.27] 0.92[0.36, 1.48]
1.78[1.20, 2.35]

4.36 [4.00, 4.90] 0.17 [-0.27, 0.59] 1.98[1.31, 2.68]
4.53[4.18, 4.96] 0.96 [0.47, 1.52]
5.57 [5.12, 6.09] 1.21[0.82, 1.59]

6.53[6.02, 7.18] 2.00 [1.54, 2.47)

Absolute error Pairwise differences DifferencesBar Donut

Speeds:As expected, and consistent with the previous ExperimentABLE 6: Experiment-Trajectory: Con dence in the correctness
Speed, for bottDonut andBar , Fast speed led to of responses per condition and per repr_esfentanon with median
more errors irLinear  trajectories andrregular ones as (MED), average (AVG) and standard deviation (SD). 1: Not at all
well. While evidence of a difference between speeds does exgitcult; 10: Very dif cult; SL: slow xlinear, SI: slowx irregular,
we noticed that this difference is again practically very small— FL: fast x linear, FI: fast x irregular.

less than 1 percentage point fbonut  and no more than 2

percentage points fd3ar 1 2 8 4 S5|MED|AG]| SD
Proportions: ForBar , looking at absolute error per proportion g 0 2 [12 (82 [14| 4 | 397 | 076
: bottom), forFast  speed, the degree of estimation error 01 s w159 4 390 | 066
of Irregular trajectories is bigger than that of its baseline si 0 | 3 [l18 [27 [12 4 3.80 | 0.82
(Linear  ones), with the exception of the smallest proportion 0 3719 /34 | 4] 4 3.65 | 0.68
(18%); forSlow  speed, there is no clear difference of estimation FL 0! 8 11 31 [10 4 3.72 | 0.90
error between théregular trajectories and theinear 0 5 [22 128 | 5 4 3.55 | 0.77
ones across proportions. The tendencieBofut  are less clear, o 118 P19 122 110 | 4 353 | 0.98
but we can still tell[(Fig. b: top) that participants' estimates of 1 015 122 120 | 2 3 3.12 | 0.88

Irregular trajectories were consistently more error prone
than its baselinelLinear ones) for all proportions with the
the average con dences were consistently highebonut  than
7.2 Trajectory across Representations onBar , the con dence differences across representation were
[Table B-Right illustrates differences between representations u§Zfémely small. Therefore, we cannot conclude that participants
in the two trajectory experiments. were clearly more con dent in one condition than in another.
Trajectories and speedsWhen comparing the two representations€!-rated Dif culty: Under the same speed, participants rated
directly, there is evidence that participants' answers were alwajgular  trajectories as more dif cult. Under the same
more accurate witonut  than withBar by 1-2 percentage kind of trajectory, participants reported that they fElist

points under the same kind of trajectory. This effect is particulariP€ed trials were more dif cult. Across the two representations,
strong atFast ~ speed. participants ratedBar ~ as more dif cult thanDonut , in

Proportions: For all speeds and trajectories, participants' answepgmcular InFast x Irregular condition.

were consistently more accurate Bonut than onBar

for all proportiong Thgse differences are particularly visible fof 4 Strategies

Irregular trajectories andrast  speed, where differences _ o

reached up to 4.13 percentage points in accuracy for some of Y@ received 41 descriptions froBonut  and 40 fromBar

larger proportions (58%, 72%). The only exceptions are cases (4B@4ticipants. We excluded 4 descriptions for donut and 3 ones
inSlow  x Irregular andFast xLinear  condition) for bar chart that did not describe strategies. We found the same
where the difference between the two charts is extremely sm@iPups of strategies as before and only discuss new variations
(less than 0.1 percentage point). So overall, in the majority of casa@re- TheSlicing strategy was again common (D®nut , 15

Donut  was more accurate by 0.33—4.13 percentage points. Bar ):In addition to the previous slicing descriptions participants
mentioned to use a clock metaphor for dividing the donut and

quarters for bar charts. The remaining strategies were used as
follows: Following: 13 Donut , 13Bar , Quick Judgment:
illustrates how trajectory types, speeds, and representatignsonut , 8Bar |, Fixating: (0 Donut , 1Bar ), and we
impacted con dence, whilg Tablg 7 shows perceived task dif cultgid not collect anyUnclear descriptions this time. Thther (2

Con dence: The mode for all ratings was again 4 (con dent). WeDonut , 2Bar ) strategies used included reading the smaller
see a slight trend for higher ratings in thimear  trajectory and slice, calculating with ngers, or blinking eyes.

7.3 Con dence and Dif culty
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TABLE 7: Experiment-Trajectory: Dif culty rating per condition A nymper of participants mentioned that their task strategy did
and per representation with median (MED), average (AVG) and jnyolve following the whole movement; they brie y glanced or
standard deviation (SD). 1: Not at all dif cult; 10: Very dif cult; focysed on a point and let the visualization pass by before making a
SL: slowx linear, SI: slowx irregular, FL: fast linear, FI: fas  qick judgment. This is interesting behavior as it might mimic how
irregular. people would need to read moving visualizations as a secondary
task. It is promising for future work to study how limited attention

1 23 45 6 7 8 9 10|MED|AVG|SD and shifting focus may affect the performance of a larger number
SL 17718711| 4/ 4 2/ 4 0 O O | 2 |270|176 of participants.
8115721/ 5/ 3 0/ 5 2 1 0] 3 |327/]196 Studies with both stationary participants & moving targets and
S| 9l11/11! 9] 6] 5| 4] 3/ 1 1| 3 |3.85/2.28 moving participants & stationary targets from DVA suggest that
3] 8/18/12] 6/ 5/ 3| 3 1/ 1 | 4 |4.08/201 angular velocity affects visual acuity, in particular for fast velocity.
6/ 41 50120113/ 51 8/ 5/ 2 0o | 5 |4a77/216 While magnitude proportion judgment tasks are more complex,
FL 1/ 47111 5! 7011110 5| 4/ 2 | 6 |5.48[224 our results consistently show similar evidence for performance
4 4 217 218 61141 8 5| 7 633267 differences in our conditions involving motion. For our envisioned
Fl 1 1 2/ 5 1/ 5714717111 3 | 8 |7.12/1.99  scenarios in sports and video games the decrease in performance

we measured might be small or irrelevant in many cases. However,
a difference of 4 percentage points might still make an important
7.5 Summary difference in other scenarios or certain contexts, such as when a

In summary, the regularity of the trajectory had an impact Sgme character is about to run out of health. In addition, it remains
' an open question if motion affects performance to a larger degree

participants' performance in reading moving proportions, th c | isualizati ducti
accuracy decreased with irregular trajectories and higher spe‘é’ggn Viewing more complex visualizations or conducting more

as well. Participants again performed bettelDonut  than on comoplex rfet?]dlrp_g ttastks ¢ tudv is that. due to th demi
Bar , the difference was more pronounced than in the speed ne ot the fimitations ot our study 1S that, dué to the pandemic,

experiments. Nevertheless, the differences still remain small“ff did not have the chance to run a lab study. Even though

practice (less than 2 percentage points on average and less m%ﬁntroduced a callbrat_lon phase to make sure the S“”?”" were
gésplayed at the same size and moved at the same physical speed

5 percentage points in all proportions). Overall, participants we . . .
con dent in their answers for all tasks. The self-reported dif cult n opfferent screens, we still could not control the ghstance between
was higher foriregular trajectories and foFast  speeds. participants and their screen nor the an.g'le qt which they looked at
the screen. We do not know if their position in front of the screen
impacted the results and to what extent it led to noise in our results.
8 EXPERIMENT DISCUSSION AND LIMITATIONS Also, our experiments were conducted on a pure white background
Overall, our results showed that speed and the regularity arfid without important viewing angle changes. As such, our results
trajectories impacted participants' performance. Higher speed aa@ best-case results and performance will likely drop in a real
irregular trajectories generally led to more errors. The irregulacenario with a much more complex context involving movement
trajectories we tested were not predictable by participants which3D space and noisy backgrounds. We imagine that in immersive
likely contributed to their poor performance. Some errors ogcenarios such as AR/VR, the impact of motion factors would be
participants' made can be attributed to rounding errors causedawypli ed with the superposition of spatial properties.
rounding to the nearest 5 (which was always 2 percentage pointsCombined, our experiments evaluated the most basic visualiza-
up or down from the shown magnitude). Yet, in particular for baions in motion, and the results can be useful to hypothesize about
charts, errors were consistently above 4 percentage points as sogract in future scenarios. We found that:
as motion was involved. Our experimental results do not provide
evidence for a linear relationship with the increase in motion speed
nor for the rise of irregularity. To establish if an exact mathematical
relationship exists, future work needs to look at a larger variation of
speeds and irregularities. However, theoretical limits exist beyond
which viewing experiences will be severely impacted by increased
blur from visually tracking objects on sample-and-hold displays; in
addition to limits given by screen refresh rates. It is interesting to
note though, that despite the differences we observed, the overallOur research agenda proposes a set of promising broad research
accuracy remained very high (95% or above) across all conditiodsections forvisualization in motionAs this topic will gain more
We found overall better performance for the donut chart undenportance in Visualization—especially with mobile, wearable, and
motion compared to bar charts, but the practical difference in eriaimersive technologies evolving—new and updated challenges will
between both charts was small—in the range of 1-2 percentageerge. In addition, delving into application scenarios will open
points. Practically, we might be able to ignore such difference new research spaces with dedicated challenges and concrete
and choose a representation that can be more easily embeddedsearch questions related to visualizations in motion. In particular
the desired context of use. We had expected for bar charts tovimializations in AR/VR pose a rich and diverse set of motion-
more impacted than they were, especially for linear trajectories, redated challenges in the context of moving visualizations and
bar charts become compressed in the direction of motion. Whiteoving viewers (se@ Section P.3). Our experiments are most
differences between both charts were small, the exacerbated eftdosely related to AR scenarios where 2D visualizations may
of motion blur on linear trajectories might explain why a fewe embedded in live video streams. However, the motion in
participants commented that the irregular trajectories were easi@D space of both viewers and visualizations in AR/VR pose

Higher speeds lead to more errors.

Irregular trajectories decreased the reading accuracy.
Participants always performed better on donut charts than
on bar charts.

Bar charts under motion had errors consistently above 4
percentage points.

The overall accuracy remained very high.
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challenges that stem from interaction, head movement, andijr
locomotion that are interesting to tackle. However, as with real
world movement, we still do not know much about how hum
perception is affected when both viewer and visualization :I%
moving in immersive scenarios. Regarding our research agenda,
our experiments necessarily explored only a small fraction of the
larger research space. Our ndings cannot be directly transferiél
to more complex scenarios such as 3D or dynamic environments.
However, they can serve both as a foundation for further research
and as an initial proof that reading visualizations under motion
may be practical and possible. 5]

9 CONCLUSIONS [6]

Our research agenda was meant to apply to a broad set of
visualization in motion scenarios and as such covers a small and
wide-ranging set of aspects to consider. In particular, we includgd
characteristics of motigrspatial relationship between viewer and
visualization and factors ofsituation, context, and desigrs

the research space will be explored more, each of the broaggr
scenarios outlined ih_Sectiod 2 deserves their own individual
research agenda and design space. We progissalization in
motionas an umbrella under which the impact of relative motion
on the experience with and perception of visualizations can fsg
discussed and analyzed, hoping that our common vocabulary can
promote such discussions.

Many nascent areas of visualization are impacted and alre
contain visualizations in motion: data physicalization, wearable
visualization, mobile visualization, embedded and situated visual-
ization, for example—are areas that all broadly relate to a vision
for making visualizations more ubiquitous in our daily life. Yet[,
others, such as visualization in virtual worlds, games, or real-time
video analytics, similarly require more dedicated guidance about
how to deal with a relative motion to make effective visualizationd?]
and generate successful experiences that include data displays. Our
research agenda attempts to identify a starting point for questions
related to such usage scenarios. [13]

In our own future stream of work, we plan to focus on situations
with moving visualizations and stationary viewers. Even this
scenario is large and can cover a range of example applicatieg
from the gaming and video tracking analyses already mentioned,
augmented reality visualization for real-time sports, or even yin
drone visualizations. Whether ndings on the impact of relativg1L5
motion can be generalized across such ranges of scenarios will
need to be found out and will require years of research. We hope
that our paper will inspire future work in this vast research space
and that our research results show promise for the effectivenes& &t
visualizations even under motion.
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