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Abstract. Making spatial comparisons in visualizations with multiple
views is often difficult (e.g., comparing locations is difficult across small
multiples, and overlay techniques quickly become cluttered). To improve
multi-view spatial comparisons, we developed Shadow Marks – visual
marks that are replicated across all views – that provide a common spa-
tial reference frame at the location where a comparison needs to be made.
We evaluated Shadow Marks through three crowdsourced studies that ex-
plored different visual-analytics tasks. Study results show that Shadow
Marks consistently led to more accurate answers than either a small-
multiples grid or an overlay. Shadow Marks also required less effort and
were strongly preferred, showing that user-controlled spatial reference
frames can improve multiple-view comparison.
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1 Introduction

Many visual analytics tasks involve making spatial comparisons across multi-
ple similar views – for example, comparing movement paths in videos of novice
and expert golfers, looking for outliers in related scatterplots, or assessing visual
features in time-lapse images of crop trials. A common approach to showing mul-
tiple views involves juxtaposition, including techniques such as small-multiples
displays [7], scatterplot matrices [22], trellis views [5], or side-by-side views [21,
42]. However, it can be difficult to compare specific locations across several views:
for example, in a grid of videos showing plant growth under different conditions,
the user might need to determine which plants is tallest, and even if all the
videos have the same size and perspective, height comparisons can be difficult
because there is no common reference frame.

A few techniques have been considered for this problem, but none provide
a comprehensive solution. For example, videos sometimes include a physical
ruler or grid sheet – but fine-grained comparisons are still difficult if the grid
is not in the exact location of the comparison. Multiple views can be placed
in the same spatial reference frame (e.g., overlays [13], split-screen views [1], or
‘shine-through’ representations [35, 63]), but overlay approaches quickly become
cluttered with more than two views. Brushing, where a highlighted data point is
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marked in all views, only allows comparison of the same data point across views;
tasks that involve different data points for each view (e.g., finding the largest
outlier in a scatterplot matrix) cannot be solved with brushing.

To improve spatial comparisons across multiple views, we developed Shadow
Marks, which let the user add a common spatial reference frame to a set of
views. Shadow marks are visual features that are duplicated in all views; there
are different types of marks that can be used for different kinds of comparisons,
including points, lines, shapes, and a replicated-cursor tool. The user can place
a Shadow Mark at the location that is most important for making a fine-grained
comparison: e.g., to compare outliers in a set of scatterplots, the user can place
a horizontal reference line at one plot’s outlier; the line appears in all the videos,
and so can be used to compare other outliers to the mark.

Although techniques similar to Shadow Marks have been seen in a few lim-
ited contexts [66, 29, 8, 37], they are not implemented in the vast majority of
multi-view visualization systems, and the basic idea of user-controlled local ref-
erence frames for comparison tasks has never been evaluated. Therefore, we car-
ried out crowdsourced studies (N=101) with three different spatial comparison
tasks: plant growth extent, baseball video registration, and scatterplot outliers.
The studies compared Shadow Marks to two other methods that are the current
standard for multiple-view visualization: a small-multiples grid, and an inter-
active overlay. The study accuracy and completion time as well as subjective
measures about perceived effort, user experience, and preference.

The studies provide strong evidence that Shadow Marks can improve perfor-
mance and experience in spatial visual-comparison tasks. First, participants were
more accurate with Shadow Marks than the other techniques: Shadow Marks had
substantially fewer errors than both the small multiples and overlay techniques;
this is important because in many analytics tasks, there is no clear right an-
swer, and so early accuracy is critical. Second, trials were completed faster with
Shadow Marks in two of the three tasks (and in the other, small multiples was
faster but at the cost of very low accuracy). Third, participants consistently
rated Shadow Marks as better in terms of perceived accuracy and task difficulty,
and strongly preferred Shadow Marks to both small multiples and overlays.

Our research makes two main contributions: we provide the Shadow Marks
technique as a way to augment views with a reference frame that is specialized
to the needs of the comparison task; and we provide empirical evidence demon-
strating the effectiveness of Shadow Marks and reinforcing the importance of a
common reference frame in three realistic analytics scenarios. Overall, Shadow
Marks are an easy-to-understand and easy-to-implement tool that can substan-
tially improve multiple-view comparison.

2 Related Work

2.1 Comparison in Information Visualization

Gleicher’s taxonomy of comparison for information visualization divides the de-
sign space based on how the visual elements are presented for comparison: jux-
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taposition, superposition, and explicit encoding [20, 19]. Juxtaposition interfaces
lay out views side-by-side or in a grid so that all views can be seen at once. Com-
mon visualization techniques that employ juxtaposition include Trellis displays
[5] and the small-multiples method [7]. Small multiples in particular has become
popular in the information-visualization community, and previous work has often
incorporated this approach in the design of visualization systems [22, 49, 34, 50].
However, the complexity of comparisons in small-multiples displays can quickly
increase under certain conditions. First, it is important that all visualizations
are viewed in the same frame of reference – otherwise, visual differences from the
framing of the data may be misinterpreted as comparative differences between
the data. Second, the number of views displayed in a small-multiples arrange-
ments affects comparison: a study by Hosseinpour et al. found that increasing
the number of views in a small-multiples setup decreases accuracy linearly [24].
Previous work has studied ways to support the comparison of high-dimensional
categorical data [28, 60], but juxtaposed comparison is always be constrained by
the number of views. Designers also need to consider the size of the workspace,
since showing all views can limit view resolution [40].

Superposition involves stacking two or more visualizations in the same space
so that differences between the data can be observed within the same frame of
reference. The most common form of superposition is an overlay, where trans-
parency levels are controlled so layers are visible through one another. This
technique has been employed in sports visualizations to show differences in ball
or player movements – e.g., a baseball overlay system that used a trained model
to draw the path of different pitches, superimposed for an easier comparison [13].
However, there is a limit to the number of views that can be stacked: filtering
techniques and transparency control have been used to reduce occlusion [36],
but overlays can quickly become cluttered with more than a few images [35].
Other superposition techniques provide interactive access to the bottom layer of
a two-layer visualization, such as a ‘peel back’ interaction [63], a ‘window-blind’
slider [12], or a ‘shine-through’ method [63, 35].

Explicit encoding techniques take in datasets as input and produce new vi-
sualizations that directly represent the relationships between the data. This
frees the user from maintaining a mental model of the differences between each
dataset. Previous work has demonstrated how different relationships can be vi-
sualized, including similarities in multidimensional tabular data [32, 31, 33] or
difference relationships between tables [44], versioning “diffs” in documents [43,
62, 57, 23, 10], or pairwise differences between line graphs in a “diff matrix” [59].

Researchers have also used animation as a support mechanism for comparing
data over time (e.g., [56, 55, 54, 58]). Animations have also been used to commu-
nicate uncertainty visualizations, which are often difficult to interpret accurately.
Hypothetical Outcome Plots (HOPs) [25, 27, 48] and Network Hypothetical Out-
come Plots (NetHOPs) [67] show uncertainty measurements in data by flashing
different ‘draws’ from the distribution in an animated style.
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2.2 Linked and Coordinated Views

Data exploration regularly involves comparison of different features within a
dataset. A common method for supporting exploration is presenting data in mul-
tiple linked views – often called Multiple Coordinated Views [53]. The main differ-
ence between small-multiples representations and multiple coordinated views is
that small multiples shows different datasets using a repeated visual presentation
(e.g., same axes and colors), whereas multiple coordinated views typically show
one dataset multiple times in multiple ways – and often with visual connections
between linked data points [40]. For example, coordinated-view applications have
used various visualization formats to support exploration of time-series data [68],
behaviour evolution in multiplayer online games [11], tree graphs [41], tabular
data [51], and other visualization types that can be linked algorithmically [15].
Formal models have also been created to organize design and implementation of
these systems [9, 46, 29, 26].

Linked highlighting – also known as brushing [40] – was one of the first tech-
niques to support data exploration across multiple views [4, 6]. With this tech-
nique, users select (brush) a set of data points in one view, and the corresponding
data points in another view are highlighted. This forms a visual link between the
two views that can be used to identify associations between different attributes
in the data. Progressively brushing through an entire dataset allows the user to
view and compare the interdependencies between different variables. Brushing
was originally used to analyze multivariate data visualized in scatterplot matri-
ces – e.g., comparing the radiation level, temperature, and wind speed at various
altitude levels in the ozone layer [4]. Subsequent studies have looked at brushing
other forms of data such as node graphs [61], parallel coordinate plots [2, 22],
scatterplot and permutation matrices, and Andrews curves [22].

The closest previous work to Shadow Marks includes a few techniques for
maintaining spatial positioning across multiple views using a line [37] or crosshair
[8, 29, 66]. Similar to the way that linked highlighting supports visual analysis
by emphasizing dimensional correlations, these linked 2D elements support com-
parison by providing a visual anchor for the user to focus on as their eye moves
between views that do not maintain a common spatial reference frame. However,
the effectiveness of these visual elements was not assessed in this previous work –
to our knowledge there are no prior studies that measure the effects of localized
spatial annotations on multiple-view comparison accuracy or task completion
time. We report on such a study later in the paper, after first identifying design
issues for the Shadow Marks technique.

3 Shadow Marks Design

Multi-view spatial comparison tasks – such as determining whether an object’s
position in one video is the same in other videos – are difficult when the views do
not contain consistent spatial references that can be used to anchor the compar-
ison. In a small-multiples layout, often the only reference frame that is common
to all of the views is the border of the view itself; but the edges and corners in
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this border are typically too far from the objects of interest to enable accurate
comparisons. Overlay approaches solve this problem by putting all datasets into
the same reference frame, but overlays quickly become cluttered.

The goal of Shadow Marks is to provide a spatial reference frame that appears
in all views of a separated-view layout, in order to support spatial comparison
tasks. There are two main characteristics of a Shadow Mark. First, they are tem-

Fig. 1: Shadow Mark types. Each mark is replicated in other views.

Table 1: Summary of Shadow Mark type properties and applications.
Mark Interaction Properties Task Applicability
Point - Small and precise

- Fixed size
- Add/remove on press

Compare specific locations
(e.g., compare the release location of
a baseball for different pitchers)

Line - Can be drawn at any angle
- Bounded to view dimensions
- Click and drag to resize

Compare slopes and angles
(e.g, compare a novice golfer’s club
angle to an expert golfer)

Cursor - Persistent and fast
- Fixed line orientation
- Visible while mouse cursor is
hovering over view

Quickly compare horizontal and
vertical extents
(e.g., find the largest outlier in a
scatterplot matrix)

Freehand
line

- Flexible for different use cases
- Unbounded
- Click and drag to draw line

Compare arbitrary contours / paths
(e.g., compare paths of different
baseball pitches)

Oval /
Rectangle

- Flexible for different areas
- Bounded to view dimensions
- Click and drag to resize

Compare sizes of different areas
(e.g., compare the bounded areas of
various parts of plants)



6 A. Baker et al.

porary – intended to be used for a specific comparison and then removed. Second,
they are localized – placed in the specific area of the view where the comparison
takes place, and precisely located to enable specific spatial comparisons.

Different types of Shadow Marks are derived from basic comparison tasks
previously identified in previous work [19, 52, 3] – for example, the task of com-
paring locations leads to the Point mark; similarly, comparing extents leads
to Line marks and Cursor marks, comparing areas leads to Oval and Rectangle
marks, and comparing contours leads to Freehand line marks. Other shape-based
comparisons can easily be approximated with these core mark types. A summary
of the interaction properties and applicability of each core mark type is shown
in Table 1 and Figure 1.

Three other requirements for Shadow Marks influenced their design. First,
the marks must have high visibility in order to be obvious while not obscuring
the content that needs to be compared; we controlled the transparency of each
mark and provided a customizable colour palette to prevent background blend-
ing. Second, Shadow Marks need to minimize clutter in localized comparisons
where overlapping objects quickly become indistinguishable; we implemented
several types of Shadow Mark so that many comparison tasks can be com-
pleted with a single mark. Third, adding and removing Shadow Marks must
be lightweight, since they are temporary augmentations to a visualization; we
developed a drawing-tool-like interface to allow easy creation of different mark
types, and allow fast removal by hovering over a mark and pressing the D key.

4 Study Methods – Three Linked Studies

We tested Shadow Marks in three different visual-analytics tasks that involve
spatial comparisons – each task was run as a separate study, and each task com-
pared Shadow Marks to a standard small-multiples layout and an overlay mech-
anism. Tasks and interfaces for the three comparison techniques are shown in
Figures 2 - 3. Ethical approval was received from the University of Saskatchewan.

4.1 Study Tasks

A custom web-based application (using HTML, CSS, and P5JS) implemented
the study tasks and comparison conditions, and gathered performance and ques-
tionnaire data. The three tasks (run as separate studies) were:

Task/Study 1: Plant Growth Extent. Plant scientists often observe the growth
cycles of plants and assess the extent to which they grow [17, 39, 14, 65, 45, 18].
The first study was built to emulate this process by instructing participants to
analyze nine timelapse sunflower growth videos [16] that were all taken from
the same distance and camera angle. Participants were asked to find the tallest
sunflower at any time throughout its growth cycle (Figure 4a).

Task/Study 2: Baseball Video Registration. Comparing multiple videos re-
quires that the objects of interest are registered (i.e., spatially aligned with one
another); analysts often need to determine which videos are correctly registered.
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The goal of the task in the second study was to find and select two baseball pitch-
ing videos, from a set of eight, that were correctly registered with a reference
video. Baseball pitching videos were manually collected online from Baseball Sa-
vant [38]. Participants were asked to use the ball release point as the reference
for assessing correct alignment (Figure 4b).

Task/Study 3: Identifying Scatterplot Outliers. In addition to videos, we
wanted to test the Shadow Marks technique on static visualizations. Scatterplots
were chosen because previous work has found that small multiples supports the
comparison of these charts [54]. Sets of nine scatterplots were generated using
a pseudo-random process (all plots had the same scale), and participants were
asked to identify the plot containing the largest outlier (Figure 4c).

(a) S1: Plants with Small Multiples (b) S2: Baseball with Overlays

Fig. 2: Small-Multiples condition (left) and Overlay condition (right).

(a) S2: Baseball with Shadow Marks (b) S3: Scatterplots with Shadow Marks

Fig. 3: Shadow Marks condition (Mark thickness and opacity are enhanced).
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(a) S1: Plant Task (b) S2: Baseball Task (c) S3: Scatterplot Task

Fig. 4: Comparison tasks used in the three studies.

In all tasks, participants selected their answers by Control-clicking on the
views and pressing the Enter key to submit. Users were informed of incorrect
responses and were then allowed to try again until they found the correct answer
(or a time limit was reached, as discussed below). The tasks were designed to
require a high degree of precision; incorrect responses often deviated from the
right answer by only 5-10 pixels.

4.2 Study Conditions

For each trial, nine datasets (either videos or images) were loaded into the system
and placed in a 3x3 grid that was scaled to fill the screen (see Figures 4a - 4c).
Users had the option to adjust the zoom level of the workspace once the data
had loaded. Video displays were controlled by a global scrollbar at the bottom
of the application that allowed the user to play through all videos at the same
time. The system provided three different comparison techniques for each task:

Small Multiples. This technique places image or video displays in the default
3x3 grid. Display dimensions are manipulated to guarantee that participants can
see all nine at once. Zoom controls are available if the user requires a detailed
view of each display. Global video playback is controlled by a scrollbar.

Overlays. This technique allows views from the 3x3 grid to be copied and
layered in a separate display area on the right side of the screen. Clicking on
an image or video adds/removes it from the overlay stack. Once added, views
in the 3x3 grid show a number in their top-right corner indicating the position
on the stack. Display opacity is set automatically using a harmonic series (i.e.,
the bottom displays are fully opaque, and the opacities of successive layers are
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1/2, 1/3, 1/4...) to ensure that all layers have equal visibility [36]. The global
scrollbar controls overlaid videos in addition to the other views.

Shadow Marks. As described above, this technique allows the user to add
visual marks to any image or video display in the 3x3 grid; marks are dupli-
cated in all other displays at the same spatial location. We limited the number
of available shadow mark types to one per study task to avoid overwhelming
participants with multiple options; the mark type was chosen based on the type
of comparison used for each task. The Shadow Mark used in S2 was the point
mark, as this task required comparison of precise locations. The Shadow Mark
used in S1 and S3 was the cursor mark, as this task required lightweight compar-
ison of vertical extent. The mark types were implemented in the study systems
as described above – for example, hovering over a Shadow Mark highlighted the
display where it was created, and pressing D removed it from all displays.

4.3 Study Procedure

In all studies, participants completed an informed consent form and a demo-
graphics questionnaire, and were then randomly assigned to an order condition
for the comparison techniques (fully counterbalanced). Participants then worked
with each comparison technique individually: after reading through a tutorial
page describing how to best use the technique for the task, they trained with
each technique in a practice task (data discarded), and then carried out two
trials for the task type used in that study (the three tasks were run as three
separate studies). After each comparison technique, participants completed a
questionnaire asking about effort (using the NASA TLX) and user experience
(four questions related to whether the user had to guess using the technique,
the accuracy of the technique, the overall task difficulty, and the difficulty of
the technique itself). After all comparison techniques were complete, partici-
pants completed a final preference questionnaire that asked which technique
was fastest, which was most accurate, and which was preferred overall.

Users were instructed to remain in fullscreen mode throughout the study
to maximize the size of the workspace and limit window size variation. If the
user moved their cursor outside the system window for more than 5 seconds,
minimized the window, opened another window over the study window, or exited
fullscreen mode, the system would ask that they return to their task.

4.4 Study Participants

For Study 1 (Plant growth), 35 participants completed the study on the Prolific
crowdsourcing platform (17 women, 18 men; mean age 32.5 years). All partici-
pants were experienced with desktop PCs, but had variable experience with vi-
sual comparison (mean less than 1.5 hours/week). Participants were paid £2.50,
and the study took ∼15 minutes. For Study 2 (Baseball), 30 participants com-
pleted the study on Prolific (15 women, 15 men; mean age of 33.3 years). All
participants were experienced with PCs, but less so with visual comparisons (∼1
hour per week). Participants were paid £5.00, and the study took ∼30 minutes.
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For Study 3 (Scatterplots), 36 participants completed the study on Prolific (16
women, 17 men, 3 Non-binary; mean age 35.1). All participants were experi-
enced with PCs, but less so with comparing visualizations (< 2 hours per week).
Participants were paid £2.50, and the study took ∼15 minutes.

4.5 Study Design

All three studies used the same within-participants factorial design, with factor
Technique (Small Multiples, Overlays, Shadow Marks). Dependent variables
included performance measures (error count per trial, error distance per trial,
and completion time per trial), as well as subjective ratings (effort questions,
user experience questions, and preferences). The order of Technique was fully
counterbalanced. With two trials per task and three comparison techniques,
each participant completed six trials. In Study 1 (35 participants) 210 selection
trials were recorded; in Study 2 (30 participants), 180 trials were recorded; in
Study 3 (36 participants), 216 trials were recorded.

5 Results

Analyses are organized below by dependent variable (errors, completion time,
perceived effort, and preferences); we present results for all three studies in each
section. Effect sizes for significant ANOVA results are reported as generalized eta
squared (η2) [47], with < .01 considered small, .06 medium, and > .14 large [30].
Follow-up t-tests were corrected using the Holm-Bonferroni method. In all charts
below, error bars show 95% confidence intervals. Outliers were removed based on
pilot testing to determine reasonable upper bounds for completion of the tasks,
both in terms of errors and completion time. For errors in all studies, any trial
with more than 12 errors was removed (S1: 3 trials; S2: 3 trials; S3: 1 trial).
For completion time, trials in Study 1 (Plants) and Study 2 (Baseball) were
capped at 180 seconds; however, because the Baseball task was more difficult,
we allowed trials to go beyond the 180-second threshold if the participant’s guess
after the threshold was correct. For Study 3 (Scatterplots), we reduced the time
cap to 90 seconds because the task was easier due to the datasets being static
visualizations. Following these rules, we capped 20 S1 trials, 37 S2 trials, and
28 S3 trials. Furthermore, if the participant’s first guess exceeded the time cap,
the entire trial was removed (S1: 9 trials removed, S2: 12 trials, S3: 5 trials).
After removing outliers, one participant in S1 and two participants in S2 were
removed because they exceeded time limits on their first guess in multiple trials.
ANOVA results are shown in Table 2.

5.1 Error Counts and Error Distance

Our primary criteria for judging task performance is accuracy – finding the
correct answer with fewer mistakes (even if it takes longer) is more important
in a comparison task than being fast but incorrect. We took two measures of
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accuracy: the number of errors before the participant got the correct answer;
and the error distance between their first guess and the correct answer.

Error counts ranged from about 1 to 4 errors per trial (Figure 5). Shadow
Marks had the fewest errors (1.25 errors/trial for Plants, 1.79 for Baseball, and
0.88 for Scatterplots), followed by Overlays (1.8, 3.13, and 1.62), and Small Mul-
tiples (2.97, 3.42, and 2.97). These differences were significant: as shown in Table
2, Shadow Marks were more accurate than Small Multiples in all three studies,
and were also more accurate than Overlays for the Baseball task (Overlays were
also more accurate than Small Multiples).

Table 2: ANOVA results for all tasks (factor = Technique), for each DV.
DV F(DF),p η2 Pairwise Contrasts (mean), t-test result
Plant Task
Error
Count

F(2,68)=9.76,
p=1.87e-04

0.15 Sh.Marks (1.25) < Sm.Multiples (2.97), p=5.5e-05
Overlays (1.8) < Sm.Multiples (2.97), p=.0075

Error
Distance

F(2,68)=4.09,
p=.021

0.08 Sh.Marks (1.5) < Sm.Multiples (3.28), p=.0063

Time F(2,68)=12.88,
p=1.81e-05

0.12 Sm.Multiples (59.26) < Overlays (90.6), p=2.4e-04

Baseball Task
Error
Count

F(2,58)=7.32,
p=.0015

0.12 Sh.Marks (1.79) < Sm.Multiples (3.42), p=9.6e-04
Sh.Marks (1.79) < Overlays (3.13), p=.0065

Error
Distance

F(2,58)=8.95,
p=4.1e-04

0.15 Sh.Marks (15.64) < Sm.Multiples (22.95), p=8.8e-05
Sh.Marks (15.64) < Overlays (21.80), p=8.7e-04

Time F(2,58)=7.78,
p=.001

0.1 Sh.Marks (82.95) < Sm.Multiples (106.18), p=.034
Sh.Marks (82.95) < Overlays (114.09), p=.0049

Scatterplot Task
Error
Count

F(2,70)=14.33,
p=6.1e-06

0.17 Sh.Marks (0.88) < Sm.Multiples (2.97), p=1.8e-06
Overlays (1.62) < Sm.Multiples (2.97), p=.0021

Error
Distance

F(2,70)=9.73,
p=1.87e-04

0.08 Sh.Marks (5.49) < Sm.Multiples (10.3), p=.003
Overlays (6.36) < Sm.Multiples (10.3), p=.013

Time F(2,70)=3.5,
p=.035

0.05 (No pairwise differences)

Error distance was calculated by identifying the ‘critical location’ for each
image or video (i.e., the maximum extent of each plant video, the initial position
of the ball in the baseball videos, and the location of the largest outlier in each
scatterplot), and then taking the difference between the critical location in the
participant’s first guess and the location in the correct answer.

As shown in Figure 5, error distances followed a similar pattern to the error-
count results. Shadow Marks had the smallest mean error distances, for all stud-
ies (1.5 pixels for Plants, 15.64 pixels for Baseball, and 5.49 pixels for Scatter-
plots), again followed by Overlays (2.64 pixels, 21.80 pixels, and 6.36 pixels),
and Small Multiples (3.28 pixels, 22.95 pixels, and 10.3 pixels). Similar to the
error-count analysis, the error distances were significantly different: as shown



12 A. Baker et al.

in Table 2, Shadow Marks had lower error distance than Small Multiples in all
three studies, and had lower distances than Overlays for the Baseball task. These
results indicate that even when a user does not get the absolute correct answer
in a comparison task, Shadow Marks at least leads them to a more accurate
guess than the other techniques.

5.2 Completion Time

We also measured completion time across all attempts to observe if there were
trade-offs between speed and accuracy. As shown in Figure 5, Small Multiples
required a large number of attempts but had the shortest average completion
time in the Plant study (59.3s), followed by Shadow Marks (75.8s) and Over-
lays (90.6s). However, Shadow Marks was the fastest technique in the other two
studies (82.9s for Baseball and 37.9s for Scatterplots), followed by Small Multi-
ples (106.2s and 41.3s), and Overlays (114.0s and 47.4s). The completion time
analysis revealed significant differences (Table 2): Small Multiples was faster
than Overlays in the Plant study, and Shadow Marks was fastest in the Baseball
study. In the Scatterplot study, there was a significant effect of Technique on
completion time, and although Shadow Marks had the lowest mean time, our
follow-up tests do not have sufficient power to identify further differences.

5.3 Subjective Measures: NASA TLX, UX, and Preference

After all trials with a technique, participants completed a NASA-TLX survey.
After applying the Aligned Rank Transform (ART) [64], one-way ANOVAs were
performed on each TLX question for factor Technique. Mean responses are shown
in Figure 6 (complete ANOVA results are included in the appendices). Overall,
participants reported that Shadow Marks required significantly less effort than
Small Multiples and Overlays to complete their tasks (significant differences
in favour of Shadow Marks for all three tasks on TLX items involving Effort,
Performance, and Mental Demand, all p<.05).

Participants also rated their experience with each technique using four ques-
tions (7-point scales). We carried out one-way ANOVAs (ART-transformed) for
factor Technique. Mean responses are shown in Figure 6 (see appendices for
complete ANOVA results). Participants reported that they were more accurate
while using Shadow Marks, which resulted in less guesswork during each trial
(significant differences in favour of Shadow Marks on all tasks for UX questions
involving Perceived Accuracy, Guessing, and Task Difficulty, all p<.05).

We also found that even though our participants had minimal experience in
comparing videos or visualizations, there was no effect of Technique on questions
about technique difficulty. Furthermore, participants found that the tasks were
easier to complete while using Shadow Marks.

At the end of the study, participants answered questions about which tech-
nique was fastest, most accurate, and preferred overall. Mean responses are
shown in Figure 6. In each study, participants preferred Shadow Marks on all
three criteria (χ-squared tests confirmed significance, p<.05). Participants also
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Fig. 5: S1-S3: Mean errors per trial, mean trial error distance, and mean trial
completion time, by Technique

provided comments to explain their preferences. In the plant task, several par-
ticipants found that Shadow Marks were the easiest due to the precision of the
horizontal lines (e.g., “Once I [...] realized the flowers had different peaks, it was
easiest to compare the sunflowers with these guided lines that did all the dis-
tance measuring for me”). Shadow Marks were also preferred for their natural
connection to real-world tools (e.g., “you have a direct comparison of each of the
nine boxes at their same relative squares like you do with a ruler”).

In the baseball task, participants reported similar ease of use with Shadow
Marks (e.g., “much easier because you had a clear point of reference to compare
and you could watch frame by frame.”). Another participant criticized Small
Multiples, saying “multiples made me do a lot of guess work”, and stated that
“Overlays were hard to see”. Shadow Marks were strongly preferred for being the
“faster, clearer, and more intuitive method” for this type of task.

Several participants in the Scatterplot task discussed the different techniques’
precision. One participant said that Small Multiples and Overlays “required a
lot of squinting and double-checking”; in contrast, Shadow Marks were praised
for how “the precision of the red line on all of the plots at once made it easier
to compare and identify if there were any higher outliers at a glance”.
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Fig. 6: S1-S3: NASA-TLX, UX, and Preference Questionnaire responses

6 Discussion

Our studies assessed the value of Shadow Marks – user-controlled spatial ref-
erence frames that are localized to a specific comparison task – in relation to
two common multiple-view methods (small multiples and overlays). Two shadow
mark types were evaluated in the studies, and the results provided a range of
empirical evidence for the success of the approach, summarized in Figure 7.

6.1 Explanations for Main Results

Performance of Shadow Marks. The strong performance results, subjective
results, and participant comments suggest that Shadow Marks worked as hy-
pothesized (see Section 3) – that is, they provided a localized reference frame
that made spatial comparisons easier and more accurate. In addition, it ap-
peared that the advantages provided by the Shadow Marks were not outweighed
by the overhead of setting up the marks, or by the need to learn how to use
the marks (since none of our participants had used the technique before). It is
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Fig. 7: Summary of results from all studies.

not surprising that providing a spatial reference simplifies comparisons that are
relative to that reference, but our studies show that this benefit (a) was in fact
realized in the Shadow Marks technique, and (b) was realized without causing
other problems such as confusion, clutter, or extensive learning time.

The main advantage that Shadow Marks appeared to have over Small Multi-
ples was in the provision of a reference frame in views where there is no common
reference. The main benefit compared to Overlays – since Overlays also provide
a common reference frame – was the reduction in clutter. Overlay users were
forced into a more time-consuming strategy of comparing two images at a time;
and in the Baseball task, the large amount of visual information in each video
magnified the clutter problem, leading to reduced accuracy.

Although the value of adding a visual marker at the comparison location
may seem obvious in hindsight, this idea has not been implemented in the vast
majority of multi-view visualization systems. Our results clearly indicate that
the point and cursor marks would be valuable additions to systems that compare
precise locations and horizontal or vertical extents. For other use cases, designers
can refer to Table 1 to choose which marks should be used.

Performance of Overlays. The Overlays technique performed well on two of
the three tasks (Plants and Scatterplots), and many participants found successful
strategies for making comparisons with this method. For example, a common
strategy was to load one dataset into the overlay, and then flip a second dataset
in and out of the overlay to look for visual changes. There are definite advantages
to having data in exactly the same reference frame – but with clutter as the
limiting factor (and the added time needed to deal with this issue).

The problem of visual clutter could possibly be addressed by altering videos
and images to be more differentiable while in an overlay – for example, image-
processing techniques such as an edge-detection filter, or making each layer a
different colour, could be used to reduce occlusion in the Baseball task. However,
clutter will always be a problem for this technique, and it is likely that making
comparisons with small subsets of the views will always be a requirement.
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However, for some tasks, Overlay’s single location has advantages – it com-
pares all views simultaneously, so the user can inspect many different parts of the
scene, which could allow broader comparisons with complex data. In contrast,
using Shadow Marks for multiple elements would require multiple marks, which
could increase occlusion.

Performance of Small Multiples. Small Multiples was the least accurate
technique in all studies, was rated as being worse on subjective measures, and
was preferred by very few people (only 7 of 101). The poor performance points
to the underlying problem with this technique: spatial comparisons are more
difficult in small-multiples layouts, because after the user identifies a location in
one view, it is difficult for them to find the same location in other separated views,
particularly if there is no common reference frame in the images themselves, and
the location is not near the edges or corners of the view.

Small multiples are often proposed for tasks in which people look for one
dataset that is different from the others (e.g., a scatterplot trend line that is
different than the majority); however, when differences between views are smaller
and so do not visually pop out, comparisons become much more difficult.

Small Multiples were fastest in the Plants task, and this result does suggest
that the technique can be used for quick assessment of several views. In the Plants
task, users often scrubbed the videos back and forth, looking at the plants in
relation to the top of the view, until they formed an impression of which plant
had the highest extent. Even though Small Multiples had higher error counts,
this strategy was fast and reasonably effective. People are highly capable of
seeing differences in similar views – which is one of the motivations behind the
technique [40]. However, this strategy worked less well when views were divided
into multiple rows, requiring comparisons at different vertical positions. making
it more difficult to compare videos in one row to those in another.

Overall, participant comments showed that even though people could get
through the tasks with Small Multiples, this technique was frustrating and dif-
ficult. We note that since Shadow Marks build on the basic layout of Small
Multiples, it seems likely that users will be able to make use of both strate-
gies: making larger-scale comparisons with the regular Small-Multiples tool, and
adding a Shadow Mark for finer-grained spatial comparisons.

6.2 Generalizing the Results

Our evaluation of Shadow Marks covered three different spatial comparison tasks
that were based on realistic analytics scenarios. Individually, the studies were
narrow in scope, but together, they highlight the flexibility of Shadow Marks
in different application areas – i.e., plant science, sports analytics, and data
visualization. We believe that our results are likely to generalize to a wide variety
of real-world tasks that involve spatial comparisons across multiple views.

Shadow Marks were designed to be lightweight visualization augmentations
that can be easily implemented. Marks are simple objects that hold a posi-
tion, colour and a type, and the logic required for Shadow Marks is limited to
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drawing, spatial detection, and cursor tracking which are already nearly uni-
versal concepts in system design. For example, the cursor mark can be easily
integrated into applications with juxtaposed views because it does not require
any on-screen controls. Developers simply draw a horizontal and vertical line at
the same spatial location as the cursor in every view. Persistent mark positions
can be stored in the system model for retrieval at any time. Other attributes
– such as line size, transparency, and colour – can be customized to address
visualization-specific challenges (e.g., visibility issues that may arise in highly
varied or colourful images may require shadows under lines or local dimming to
make the marks pop out). This means that designers should be able to easily
implement Shadow Marks into many types of visualization systems.

Only two of the six mentioned shadow mark types were tested in our evalua-
tion. However, each mark type is related to a specific kind of visual comparison,
and so we believe the observed benefits of providing a common spatial reference
frame will extend to the other four mark types, provided that they are used in
tasks that are appropriate for the mark (summarized in Table 1). Overall, our
results provide designers with an easy-to-implement extension for precise visu-
alization exploration and comparison. However, designers should also consider
the complexity of the routine interactions in their system and the data being
displayed. Shadow Marks work best on a large number of registered views where
a common frame of reference is absent from the views but is needed for precise
comparisons. Unregistered views require a non-trivial solution that is beyond
the capability of regular Shadow Marks.

Finally, with the addition of minor interaction features, the value of Shadow
Marks can also generalize to images of different resolutions, and thus to tasks
with different precision requirements. In general, precision in a visual comparison
task is related to image resolution (e.g., in our study tasks, the smallest compar-
isons that could be made were at the size of a pixel). Tasks that require greater
precision can be supported with Shadow Marks by adding zoom features to the
multiple-view setup: since a Shadow Mark has an absolute size in display space
(e.g., the cursor mark draws a one-pixel line), zooming the image will change the
ratio of the size of the mark to the size of the object to be compared. This allows
for greater precision, as long as the source image is available at higher resolution.
Zoom features need to be coordinated across the multiple views: the user must
be able to zoom all views simultaneously (e.g., to see the immediate region of a
point mark in all views), but must also be able to manipulate individual views
(e.g., when comparing the height of objects that may appear in different parts
of the image). We are currently adding these features to our implementation.

6.3 Limitations and Future Work

Expertise of participants. Our studies recruited participants who were not experts
in video comparison or information visualization; and although the underlying
reasons for the performance benefits of Shadow Marks are likely to apply to ex-
perts as much as to novices, we plan to carry out additional studies with experts
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to examine strategy use and performance when people have more experience
with video, visualizations, and comparison tasks.

Number of trials. Because our studies used tasks with a high degree of com-
plexity, we had participants complete only one practice trial followed by two
recorded trials with each condition. We will carry out future studies on the
effects of increasing experience with Shadow Marks.

Number of views to compare. Our study tasks asked participants to compare
nine views, but many real-world scenarios involve many more views. We believe
that the relative benefits of Shadow Marks will increase as the set size increases,
and we are planning studies to investigate larger-scale comparison tasks.

Precision required in spatial comparisons. Our study tasks were appropriate
for the image resolution, but we plan to test a wider range of precision require-
ments in future studies. As discussed above, these studies will be carried out
with additional zoom capabilities added to the Shadow Marks technique.

In addition, we are planning extensions and improvements to the Shadow
Marks technique – in particular, we will add capabilities for image processing
and segmentation as new types of mark. For example, a tool that automatically
draws a tight-fitting outline around an object can be used as an automated
version of our freehand line tool, and an interactive segmentation system could
be used to automatically create path marks (e.g., the path of the baseball in
our pitching videos). It may also be possible to apply registration algorithms
between views using Shadow Marks to amplify the strength of the technique.

7 Conclusion

Multi-view visualizations such as small multiples are often used to show several
datasets in a single area – and although this approach shows a great deal of
data at once, it can be difficult to make spatial comparisons across the multiple
views because the datasets do not share a common reference frame. Overlays
can address this problem by placing multiple datasets in the same view, but
overlays quickly become cluttered if more than two datasets are added. Inspired
by examples in visualization research, we developed Shadow Marks as a way to
improve multi-view comparisons. Shadow Marks let users add visual marks that
are replicated across all views – this can provide a common spatial reference
frame at the exact location where a comparison needs to be made. We evalu-
ated Shadow Marks against Small Multiples and Overlays in three crowdsourced
studies that explored three different comparison tasks: comparing the extent of
plant growth, checking the registration of baseball videos, and finding the largest
outlier in a set of scatterplots. In all three studies, Shadow Marks was the most
accurate of the three techniques, was rated best on subjective measures of effort,
accuracy, and performance, and was strongly preferred over the other techniques.
Our results indicate that tools for adding localized and temporary spatial refer-
ence frames can improve performance and user experience for comparison tasks
in multiple-view visualization systems.
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