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Abstract
Visualizations such as bar charts, scatter plots, and objects on geo-
graphical maps often convey critical information, including exact
and relative numeric values, using shapes. The choice of shape and
method of encoding information is often selected arbitrarily, or
decided based on convention or common practice. However, past
studies have shown that the human eye can be fooled by visual
representations. The Ebbinghaus illusion demonstrates that the
perceived relative sizes of shapes depends on their configuration,
which in turn can affect judgements, especially in visualizations
like proportional symbol maps. In this study we evaluate the effects
of varying the type of shapes and metrics for encoding geospatial
data in visual representations on a spatio-temporal map interface.
We find that some combinations of shape and metric are more
conducive to accurate human judgements than others, and we pro-
vide recommendations for applying these findings in future spatial
visualization designs.

CCS Concepts
•Human-centered computing→ Empirical studies in HCI;
Graphical user interfaces; Geographic visualization; Informa-
tion visualization; Empirical studies in visualization; • Applied
computing → Health informatics; • Information systems →
Geographic information systems.
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1 Introduction
Visualizations such as bar charts, scatter plots, and objects on geo-
graphical maps often convey critical information, including exact
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and relative numeric values, using shapes. Given a dataset, there
are many valid choices that can be made about how to present
the information, but there are relatively few definitive conclusions
about what shapes and metrics should be used to promote accurate
perception of the data shown in the visualization. In fact, the choice
of shape and method of encoding information is often made arbi-
trarily, or based on convention. However, past studies have shown
that the human eye can be fooled by visual representations. The fa-
mous Ebbinghaus illusion indicates that the perceived relative sizes
of shapes depends on their configuration, which in turn can affect
judgements, especially in visualizations like proportional symbol
maps. However, there is a gap between the known visual illusion
and the application of that knowledge to selecting appropriate
representations for visualizing dynamic spatio-temporal data.

In other words, there is a lack of concrete knowledge about the
impact of choices in visual representation, such as selection of shape
and encoding metric on a proportional symbol map. Given that
these choices may influence visual perception of the data being
portrayed, seemingly benign decisions may impact the message
a reader takes away from a visualization. In the worst case, this
could have significant impacts in a variety of domains, including
infectious disease mapping, where funds are often appropriated
based on disease spread and severity. During pandemics, when
many areas are in need of funding, it is critical that decision-makers
have an accurate understanding of case, death, and vaccination
rates, which are often conveyed using proportional symbol maps.
By studying visual perception of COVID-19 data, we can better
understand how visualization choices affect whether the reader can
accurately interpret the information being presented, which will
lead to better-informed visualization choices for future epidemics.

We present a study that evaluates the effects of varying the type
of shape and metric for encoding data in visual representations
on a spatio-temporal map interface. We use real data encoded in
various ways on a production data visualization and exploration
system for tracking COVID-19 related statistics through space and
time. We perform a user study to determine which combinations
of symbol shape, encoding metric, and type of variation targeted
(spatial or temporal) promote the most accurate perceptions in
the context of this system. We measure participant responses to a
survey of multiple choice questions and analyze the results to draw
conclusions about the conditions under which people make more
or less accurate judgements of the relative sizes of shapes on a map
visualization.

With respect to encoding metrics, we hypothesize that metrics
requiring little mental manipulation, such as diameter of a circle,
will yield better participant performance than metrics requiring
substantial mental manipulation, such as circumference of a circle.
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Intuitively, we are positing that because diameter simply consists
of estimating the distance between two points on the circle, partici-
pants will be able to make this estimation more accurately than they
can do for more complex metrics like perimeter or area. Regarding
spatio-temporal variation, we hypothesize that questions depicting
spatial variation on a single map will yield more accurate estimates
of relative size than questions depicting temporal variation using
side by side map snapshots, which require participants to look back
and forth between two separate maps with identical background
configurations.

Our main contributions are the findings we show that indicate
some combinations of shape and metric are more conducive to accu-
rate human judgements than others.We also detail ourmethodology
which can easily be extended to test different shapes and metrics, or
new attributes altogether, depending on the context under study.We
also provide recommendations for applying our findings in future
map visualization design, especially in spatio-temporal mapping of
epidemiological data.

The rest of the paper is organized as follows. In Section 2 we
present a review of previous work. We then describe the system
used to contextualize our research questions in Section 3, and our
methodology in Section 4. Finally, we present results in Section 5,
a discussion of the findings in Section 6, avenues for future work
in Section 7, and conclusions in Section 8.

2 Related work
In this section we outline related work in visual perception as it
pertains to mapping and map visualization.

2.1 Visualization and Visual Perception
Visualizations are a common method for representing data in an
easily digestible manner, which has gained new interest in recent
monitoring of disease spread and pandemics [32, 33]. Visualized
data can be encoded in any number of ways, which varies depending
on the type of visualization and the data. However, all visualizations
rely on visual perception as a key underlying principle.

Visual Perception. There is a sizeable body of work dealing with
visual perception and visualizations, including perceptual corre-
spondence between data and its visualization [8]. Healy et al. [19]
gives a survey of visual attention and memory, explaining princi-
ples related to the visual system, and what it sees and misses in
different scenarios. Heer et al. [20] shows that Amazon Mechanical
Turk (MTurk), the same crowdsourcing platform we use, is a viable
way to conduct many visualization perception studies.

Illusions in Visualizations. When presenting data in visual form,
one must be cognizant of the phenomenon of visual illusions. There
are many such illusions, including the widely studied Ebbinghaus
Illusion, where the perceived size of a circle can be influenced by
the surrounding circles, as well as a number of other factors [26].
Visual illusions have been studied under a variety of conditions in
the psychology literature [9], as well as in the data visualization
field [22, 28] and more recently in the context of virtual reality (VR)
[1, 13]. In the latter, characteristics of data are represented visually
using shape, surface properties, and motion through VR. This can
lead to illusions in how geometric structures are perceived due to

their properties in the VR world [1]. From the data visualization
perspective, there is recent work [22] detailing the systematic bias
in tri-variate scatter plots, when encoding a third dimension of
information in size or color. Visual perception is shown to be sensi-
tive to choice in size or color range, which leads to misjudgements.
All of this work serves as motivation for studying which kinds
of objects and object properties lead to the most accurate visual
perceptions in data visualization.

2.2 Spatial, Temporal, and Cartographic
Visualizations

Many works have focused on developing or modifying spatial vi-
sualizations in novel ways, to allow for easier human perception
[2, 12]. In particular, Drocourt et al. [12] develop an algorithm for
visualizing the advancement/retreat of glaciers in Greenland using
radial lines and nested rings. They use a nonlinear mapping to
generate angular coordinates from Cartesian coordinates, which
allows for consistent spatial perception. Their work represents a
unique use of circles in spatial visualization, where arc length (a
segment of the circumference of a circle) conveys vital information.
In our work, we find that the circumference of a circle is one of
the most visually challenging metrics for participants to estimate
accurately on maps (out of the 3 metrics and 2 shapes we tested
across both spatial and temporal questions).

Temporal visualizations can be constructed in a number of differ-
ent ways [7], but often treat time as an additional axis, or include
animation or interactivity to convey changes over time. Examples
include Hao et al. [17], which develops an interactive display of
large molecule datasets in biology. Other previous work has studied
the effectiveness of different temporal encoding mechanisms, in-
cluding small multiples, cartograms, and proportional symbols [29].
In our study, the system we use to generate the images we present
to participants is a spatio-temporal map interface that uses propor-
tional symbols to convey metrics, meaning it incorporates aspects
of both spatial and temporal visualization. We further describe the
context in which we compare spatial and temporal visualization
queries in Section 4.1.1.

Cartographic visualization has evolved substantially with the
rise of modern post-computing mapping [24]. In particular, the
rapid development of mapping applications spawned the study of
cartographic interaction, which is the subject of Roth [31]. The
link between scientific visualization and cartographic visualization
is thoroughly discussed in Maceachren and Kraak and Fairbairn
et al. [14, 25].

2.3 Role of Shapes and Encoding Metrics in Map
Visualization

One of the key aspects of cartographic visualization that we test
in our study is choice of shape. We know that the observable size
of a circle can be influenced by factors such as the size difference
between a target circle and adjacent circles in a close proximity
[15]. However, many visualizations use circles as the primary shape
to represent data, especially in a geographical context [3, 27]. There
are several works that study the perception of shapes in a geograph-
ical context [6, 23, 36]. Many of these works indicate that choice
of shape is important, in addition to other factors like background
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and dimensionality of encoding metric which may also influence
perception. Cleveland et al. studies visual judgements of the rela-
tive areas of circles on a plain background, finding that participant
judgements were consistent [4]. On the other hand, Raidvee et al.
finds that humans tend to perceive the size of a circle proportion-
ally to its diameter [30]. Stachon et al. [36], studies the effect of
shape (circle vs. triangle) on the speed of processing when a map
background is present and not present. Another study [6] finds that
graduated squares built on the basis of area rather than a linear
dimension were estimated accurately. Groop et al. [16] finds that
overlap of circles also affects the perception of relative sizes and
proposes transparent overlap rather than partial occlusion to help
combat these effects. Legend values have also been explored as
a way to improve the effectiveness of a geographic display that
uses circles to represent data [10]. However, if done incorrectly, the
legend values can inhibit the conversion of information. Cox et al.
assesses the efficacy of value scaling against the use of numerous
legend symbols for both circles and squares [5]. Results showed that
the use of various legend symbols on a map yielded more correct
shape estimations compared to the apparent value scaling.

2.4 Map Animation
Although map animation is outside the scope of our study, it is a
common way to convey temporal (and non-temporal) geographic
data. Early work on map animation to represent geographic-scale
change was done by Harrower [18]. See also Slocum et al. [35] for
an in-depth analysis of geovisualization and the evolution of map
animation. Studies have also devised methods to improve compre-
hension of multivariate geographic data [11, 39] andmake animated
maps easier to comprehend by reducing cognitive overload [41].

3 CoronaViz System
CoronaViz 1 2 [33] is a dynamic COVID-19 disease visualization
system that was created in light of the coronavirus pandemic as a
new way to track and visualize pandemic-related data over time.
The system displays various data including confirmed cases, deaths,
recoveries, hospitalizations, positivity rate, and vaccination rate on
a single interactive and multi-layer geographical display. The data
displayed corresponds to specific locations on a map that allows the
user to select, hover, zoom in or out, and pan. This system builds on
many of the key principles of interactive map interfaces described
in Teitler et al. and Sankaranarayanan et al. [34, 37], and differs
from many of the COVID-19 reporting visualizations [38, 40] in
that it enables spatial and temporal comparisons in one interface,
while also supporting zooming which increases the resolution of
data presented, as additional smaller units become visible.

In its base configuration, the graphical interface for CoronaViz
represents data using hollow circles which we call ‘geocircles’
whose diameter are determined by the values of the variables they
represent. Animation control buttons allow users to search through
timemanually or view the data unfolding in accelerated time, giving
a summary of the temporal changes in the data. However, for users
to glean an accurate picture of pandemic status and progression
through time, they must be able to accurately estimate the relative

1https://coronaviz.umiacs.io/
2https://coronaviz.umiacs.io/squares/

size of a geocircle, given the other geocircles visible on the map,
as well as the size of the same geocircle at a different (no longer
visible) point in time. This raises the main question of our study:

What shape and encoding metric should be used to allow for the
most accurate perception of numerical values or relative numerical
values on a dynamic map interface like CoronaViz?
To address this question, in this study we vary the shape of the
geocircles (circle or square) and the encoding metric (diameter/side
length, circumference/perimeter, and area) used to visualize data
in the interface, and measure participant responses.

Figure 1: Map query question using a circle to encode diame-
ter across spatial variation.

4 Method
In this section we describe our study methodology, including the
survey design and participant recruitment.

4.1 Description of the Survey
For this study we developed a survey 3 that is made up of 9 parts.
Parts 1 and 2 consist of the consent form and a question asking the
user to provide their MTurk Worker ID. Parts 3, 4, and 5 consist
of the 24 main survey questions, which are multiple choice style.
These questions present the participant with one or two map vi-
sualizations and ask them to estimate, by eye, the relative sizes of
shapes on the map(s). These questions are described in full detail
in Section 4.1.1. There is also an attention check question mixed
in with the aforementioned 24 questions. The attention check is
used to decide which responses are good faith attempts, and which
are the result of random guessing (we discard these responses).
More details about the content of this question are given in Sec-
tion 4.1.2. Part 6 contains two questions which inquire participants’
3https://github.com/nicoleschneider/coronaviz
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Figure 2: Map query question using a square to encode
perimeter across temporal variation.

Figure 3: Map query question of using a square to encode
area across temporal variation.

opinions about which shape types and metrics they found easi-
est to estimate. Part 7-9 record additional information, including
demographic breakdown, and provide a survey completion code.

4.1.1 MapQueryQuestions. The map query questions comprise
the majority of the survey. Each of these questions provide the
participant with one or two images of the CoronaViz map interface,
which includes several shapes representing COVID-19 statistics

by location. However, the underlying statistics that drive the sizes
of the shapes are hidden from the participants. Instead, the only
numerical value visible on the map is a label for the reference shape.
The participants are also told which metric was used to encode
this value (area, circumference/perimeter, or diameter/side length).
Using those two pieces of information, the participants are asked
to visually estimate the relative size of a second shape on the map,
termed the query shape, which is labeled with a question mark ‘?’.
Each map query question is designed to evaluate the participant’s
ability to estimate the relative size of shapes in situations that vary
across several attributes of interest, which are described in further
detail below.

Spatial Questions. All of the map query questions that we pre-
sented to the participants fell into one of two categories, spatially-
focused questions and temporally-focused questions. The first type
(termed spatial questions), present the participant with scenarios
where they must estimate the size of a shape in one location, given a
reference shape in a different location on the same map. An example
of one such question is given in Figure 1. These questions measure
the participant’s ability to visually estimate variation in shape size
across space.

Temporal Questions. The other type of map query questions,
temporal questions, present the participant with two distinct maps
that have identical background perspectives (Figure 2). These two
maps represent two snapshots of one location undergoing temporal
animation. In other words, we use static side-by-side images that,
when considered in tandem, convey a temporal variation in shape
size. This design choice allows us to isolate an important difference
between spatial and temporal variation: the fact that temporal
variation consists of a single center point, around which a shape is
changing size, whereas spatial variation consists of both changing
shape size, and changing center location.

Shapes. To represent the numeric values associated with differ-
ent locations on the map, each of the map query questions presents
one of two types of shapes, whose sizes are scaled according to
their encoding metric (see Section 4.1.1). These values are either
presented using circles (ex. Figure 1) or squares (ex. Figure 3). Cir-
cles are the canonical choice for map symbols [3, 27], but squares
have been shown to allow for good visual estimation under certain
conditions [6].

Encoding Metric.We also vary the metric used to encode the
numerical values for the shapes presented in our survey. For each
shape type, we encode numbers using diameter/side length (ex.
Figure 1), circumference/perimeter (ex. Figure 2), and area (ex. Fig-
ure 3). These three encoding metrics cover the typical ones used
in spatio-temporal map visualizations based on our review of the
geovisualization literature.

4.1.2 Attention Check Question. Disguised within the map query
questions is one attention check question (Figure 4). This question
is designed so that the correct answer is easily derivable from the
information presented in the summary box overlaid on the map
image. We include this question to identify responses in which the
participant randomly guessed from those where the participant
made a good faith attempt to answer each question. We eliminate
from consideration the entire survey response for any participant
who did not answer the attention check question correctly.
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Figure 4: Attention check question used to discard survey
responses made via random guessing. The question has an
obvious correct answer of 600.

4.1.3 Opinion Questions. After completing the map query ques-
tions we ask participants to provide their opinions about which
shape and encoding metric they found easiest to estimate. These
questions are designed to gather participant feedback that can be
directly compared to their actual success rates for the map query
questions, to determine how well the attitudes about shapes and
encoding metrics align with the actual performance across these
attributes. Participants were also asked to provide optional demo-
graphic information. This includes a question for gender, highest
degree completed or in progress, and age range.

4.2 Recruiting Participants
We recruited 24 participants for the study using the Amazon Me-
chanical Turk (MTurk) crowd-source platform. We limited the task
to only allow crowd-workers located in the United States. When
workers accepted our task, they used the survey link provided in
the task to access our survey. 4 After answering all of the questions
in the survey, workers received a completion code that they then
provided via the MTurk interface to complete the job. We paid
workers $2.50 for completing the task, which is a target of about
$8-10 per hour based on the number of questions in the survey and
our estimates for the time it would take to complete the survey.

4.3 Selecting Reference and Query Values
We chose the reference and query values for the questions so that
the two questions per condition (i.e. the two questions for Circle,
Area, Spatial) cover both the case where the reference value is larger
than the query value and also the case where the reference value is
smaller than the query value. We did so to neutralize any effects

4https://github.com/nicoleschneider/coronaviz

due changes in difficulty of estimating a larger value given a smaller
one, versus estimating a smaller value given a larger one.

We also chose values appropriately sized to the task. For instance,
values encoded with the Area metric were larger across the board,
so that the overall sizes of the shapes stayed relatively similar
across all questions. While we allowed some variation in shape size
which is natural within the CoronaViz platform, we ensured that
no reference or query shape consisted of more than approximately
one quarter of the map background, to help combat any effects that
may arise out of difficulty estimating very large shapes on the map.

4.4 Selecting Reference and Query Positions
We recognize that distance between reference and query shapes
may impact the difficulty of estimating their relative sizes. For
temporal questions, the reference and query shapes were presented
in two identical side by side map backgrounds. This means the
distance between the centers of these two shapes is constant across
all temporal questions, since the map sizes are held constant from
question to question. In our survey this distance was approximately
1040 pixels. Of note, the nature of the twomaps side by side requires
a small visual break between the maps, which in turn means that
the distances for temporal questions were higher than for spatial
questions. We discuss the implications of this in Section 6.

For spatial questions, it is more difficult to keep a consistent dis-
tance between reference and query shapes, while also maintaining
a variety of locations to combat learning effects from question to
question. We settle on a middle ground by varying the locations
on the map, but ensuring that all distances from reference to query
shape (measured center to center) are between 200 and 900 pixels.
Further, for any one condition tested, there are always two ques-
tions for which the scores are averaged. We ensure that the average
distance between reference and query for any condition is between
450 and 600 pixels.

4.5 Setting Multiple Choice Options
For simplicity we rounded all correct answers to the nearest multi-
ple of 10, and chose incorrect (distractors) that were also multiples
of 10. We used a pixel ruler 5 to measure the actual diameter or side
length of each reference and query shape, and used that to mathe-
matically calculate circumference/perimeter or area if applicable for
the question. To account for annotator error in measuring the val-
ues, we used the pixel ruler five times for each question computed
the average before rounding to the nearest 10. We also scaled the
answers and distractors down to a range we thought participants
could reasonably be asked to estimate: at or below 4000 for area,
2000 for perimeter/circumference, and 600 for diameter/side length.

5 Results
We collected responses from twenty-four participants, of which we
retained and report results on the sixteen responses that passed the
attention check question. We summarize the results from parts 3, 4,
and 5 of the survey in Tables 1 and 2.

5https://www.rapidtables.com/web/tools/pixel-ruler.html
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Success Rate (%)
Shape type Circle 25.5

Square 28.1
Encoding metric Diameter/Side length 29.7

Perimeter 21.1
Area 29.7

Variation Spatial 32.3
Temporal 21.4

Table 1: Overall summary of participant performance across
attributes of interest for the sixteen participants who passed
the attention check question. Note these attributes are not
disjoint.

Spatial Results Temporal Results
Circle Square Circle Square

Diameter/Side length 40.6 37.5 25.0 15.6
Perimeter 15.6 43.8 12.5 12.5
Area 37.5 18.8 21.9 40.6

Table 2: Success rate (%) of participants estimating shapes
across 3 attributes of interest. Results are given as the average
over 2 questions for each combination of attributes. There
are 12 disjoint combinations tested.

5.1 Opinion Questions
Out of the sixteen participants, seven said circles were the easiest
to estimate, five said squares were easiest, and the remaining four
said they were of equal difficulty. For the encoding metrics, six
participants found circumference/perimeter to be the easiest, five
said diameter/side length was easiest, one thought area was easiest,
and four found them to be of the same difficulty.

5.2 Analysis of Map Query Questions
A summary of the overall participant performance is presented
in Table 1 and a summary of the performance for each disjoint
combination of conditions is presented in Table 2. Each participant
answered two questions for each combination of shape, metric, and
spatial/temporal question type. This means that for each scenario
(such as Circle-Area-Spatial or Circle-Diameter-Temporal) a par-
ticipant could have answered 0, 1, or 2 of the questions correctly.
We aggregate these to determine the number of correct responses
per participant for each of the tests we perform (Circle vs. Square,
Spatial vs. Temporal, etc.).

For all statistical tests we apply the Bonferroni correction [21] to
adjust the significance level required to reject the null hypothesis,
since we are performing multiple hypothesis tests on the same
dataset. Rather than testing all possible combinations of shape,
metric, and question type, we select a few based on the RQs out-
lined in Section 1 and the participant feedback discussed in Section
5.1. We first perform the Shapiro-Wilk test for normality for each
pair of scenarios we test, which showed in each case that the data
was not normally distributed (p < 0.05). As a result, we used the
non-parametric test Wilcoxen Signed Rank test to test each of the
following hypothesis.

Shape. In our first test we aimed to find out if squares are easier
to estimate than circles. For each participant we count the number
of correctly answered questions which used the circle shape, and
then number of correctly answered questions which used the square
shape. We then use the Wilcoxen Signed Rank test to determine
if the median difference is zero (null hypothesis) or if it is not
zero (alternative hypothesis). We discard the ties and find p > 𝛼 ,
indicating no significant difference in median between the two
groups. This means our survey showed that varying the shape type,
circle vs. square, did not significantly affect viewers’ ability to glean
accurate information from the map visualization.

Spatial/Temporal. In the next test we aimed to find out if spatial
type questions are easier to estimate than temporal ones. For each
participant we count the number of correctly answered spatial and
temporal questions and use the one tailed Wilcoxen Signed Rank
test to determine if the median difference between scores for spatial
and temporal questions is zero or greater than zero. We discard the
ties, and find that 𝑝 < 𝛼 , meaning that spatial type questions are
significantly easier than temporal type questions. This means when
presented with side by side maps capturing temporal variation, users
have more trouble discerning the information encoded, as compared
to a similar visualization that varies spatially (on the same map).

Encoding Metric. In the opinion questions we found that par-
ticipants reported having the easiest time estimating circumfer-
ence/perimeter and diameter/side length for metrics and circle
for shape. To explore this phenomenon in the context of spatio-
temporal map visualization, we test to see if one of these twometrics
(diameter or perimeter) is easier to estimate accurately for circles.
We again use the Wilcoxen Signed Rank test to determine if the
median difference between scores for Circle-Diameter and Circle-
Perimeter questions is zero or greater than zero. We discard the ties
and find that 𝑝 < 𝛼 , meaning that the diameter of a circle is sig-
nificantly easier to estimate than perimeter of a circle. Our finding
that diameter of a circle in our spatio-temporal interface is easier to
estimate than circumference of a circle in the same setting is consistent
with the literature on visualization that indicates that people tend to
perceive the size of a circle proportionally to its diameter [30].

5.3 Demographics
The majority of the participants, eleven, where between the ages of
21-30. Three were between the ages of 31-40 and two were between
41-50. Half of the participants were male and the other half are
female. We had one individual with a high school degree or equiva-
lent, three who had an associates degree, seven with a bachelors
degree, and five who hold a masters or professional degree.

5.4 Summary
Based on the results of our three tests and the opinions of the par-
ticipants, it is clear that no particular shape or metric is easier to
estimate across the board. We found that squares were slightly (but
not statistically significantly) easier to estimate than circles. On the
other hand, the opinion questions indicated that more participants
thought circles were easier to estimate than squares. This potential
disconnect between what participants think is easier to estimate
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and what they are better at estimating in practice is an interest-
ing avenue of future study. For spatial and temporal questions, we
found that the spatial questions were significantly easier to estimate
than temporal questions, supporting our hypothesis that the visual
separation and extra distance between the snapshots provided in
the temporal questions made them more difficult than the spatial
questions, which presented only a single map to look at. For circle
questions in particular, we observed that participants estimated di-
ameter significantly more accurately than they estimated perimeter.
This is also in line with our hypothesis that metrics requiring less
mental manipulation, like diameter, would be easier to estimate
than metrics requiring more complex manipulations, like unfolding
the circumference of the circle and estimating its length.

6 Discussion
Looking at the overall results, squares yield slightly higher per-
formance than circles, diameter/side length and area have better
performance than perimeter, and spatial questions have better per-
formance than temporal ones. Looking at the disjoint combinations,
we see that side length and perimeter perform similarly for squares
in both spatial and temporal questions. This fits with the intuition
that for squares, perimeter is simply a 4x multiple of side length,
which should be just as easy (or difficult) to estimate. No such sim-
ple relationship exists for circles, which show more mixed results
depending on the encoding metric and question type.

6.1 Limitations
For this study we surveyed 25 participants using MTurk. However,
with 9 participants failing the attention check question, we only
retained 16 responses to use in analysis. With this relatively small
sample size, we were only able to find significant differences be-
tween a few combinations of shape, metric, and spatial/temporal
question type. By design, our survey is also limited in its ability to
test temporal queries in particular. We chose to design the tempo-
ral question to test one aspect of temporal changes, the change in
shape size while center point holds steady, and ignore other aspects
that make temporal questions challenging. This includes the need
to remember, rather than reference, the previous representation.
In our study participants could look back and forth between one
snapshot and another to estimate the difference. However, even
with this advantage, we found that performance on spatial ques-
tions was significantly better than on the temporal snapshots. We
attribute this to the added distance between the query and reference
shape for the temporal questions, which came about as a result of
presenting two maps side by side with a small visual break between
them. A future study could be designed to incorporate animation,
which better captures the complexities of temporal queries, and is
already supported in the CoronaViz map query interface.

We also consider that by deploying the survey on a crowd-source
platform like MTurk, we have no control over the resolution of the
screens used while taking the survey. This is an inherent limitation
to all visualization studies deployed in this manner, and is discussed
extensively in Heer and Bostock [20]. In the context of spatio-
temporal visualization on a production COVID-19 visualization
system, variation in the size and quality of screen used to view the

system is expected, and so this setting for the study is natural to
the context of interest, even though it introduces uncertainty.

Finally, in designing the questions, we made trade-offs with re-
spect to allowing or controlling variation of distance between the
reference and query point. We decided to keep the distances within
some reasonable bounds, rather than allowing complete variation.
Ideally, the distances should be held constant from question to ques-
tion to eliminate possible confounding effects, but this undermines
the natural variability intrinsic to a real system like CoronaViz.
Since we did notice that temporal questions led to significantly
worse performance than spatial ones, we suggest as future work
a study that explicitly measures the effects of reference-query dis-
tance in a map setting like this one.

7 Future Work
There are a few avenues of future work that we believe would
enhance the results presented in this study. One aspect of the Coro-
naViz interface that we did not address directly here is the presen-
tation of multiple metrics per location using concentric shapes of
different colors. It would be interesting to study how well people
are able to estimate the relative sizes of the outer and inner shape,
to determine if this is indeed a useful way to convey multiple data
values per location. For the purposes of this study, we used static
images taken from a graphical interface. This gave the user a vi-
sual to compare the encoded object to another one at all times. To
account for this, future studies can be conducted where a user is
shown a temporal animation or a GIF from the graphical interface
and asked to determine how the object changed over time instead of
having the original reference object statically viewable. For spatial
questions, a user might be asked to compare the relative sizes of
objects that are either close together or distant. Further research
should be conducted to find what shapes and metrics allow for the
most accurate perception, as we have shown that data encoded as
circles by convention may not be the best in all scenarios.

8 Conclusion
Previous work has shown that visual perception can be influenced
by a number of factors, including the type of shape being viewed
and the background it is viewed on. With this in mind, we studied
how well people are able to visually estimate the relative sizes of
different shapes in cartographic visualizations taken from a real
system for visualizing COVID-19 data. We varied the choice of
shape, metric by which numbers are encoded visually, and type of
variation depicted across the reference and query shapes: either
spatial variation or temporal variation (via side by side snapshots).
We found that when using circles as the visualization shape, diame-
ter was significantly easier to estimate than circumference. We also
found that participants more accurately estimated relative sizes
for spatial queries than for temporal ones, which we believe is
attributable to the increased distance between the reference and
query object in the temporal question setup. Ultimately, we have
shown that choice of shape and metric makes a measurable dif-
ference in how map visualizations are perceived by viewers. As
a result, we hope that these findings spur further research along
the lines we have suggested and encourage scientists as well as
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cartographers to consider carefully how they present numerical
data in spatio-temporal map visualizations.
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