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ABSTRACT
Icon arrays are graphical displays in which a subset of identical
shapes are filled to convey probabilities. They are widely used for
communicating probabilities to the general public. A primary de-
sign decision concerning icon arrays is how to fill and arrange
these shapes. For example, a designer could fill the shapes from
top to bottom or in a random fashion. We investigated the effect of
different arrangements in icon arrays on probability perception. We
showed participants icon arrays depicting probabilities between
0% and 100% in six different arrangements. Participants were more
accurate in estimating probabilities when viewing the top, row, and
diagonal arrangements, but they overestimated the proportions
with the central arrangement and underestimated the proportions
with the edge arrangement. They were biased to either overes-
timate or underestimate when viewing the random arrangement
depending on the objective proportions, following a cyclical pattern
consistent with existing findings in the psychophysics literature.
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1 INTRODUCTION
Imagine you had just extracted a key piece of probabilistic infor-
mation from your data, perhaps that the rate of patients getting an
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allergic reaction to a treatment is 25%. Now it’s time to share it with
a group of stakeholders. How would you effectively communicate
this probability to a general audience? Past work has demonstrated
that icon arrays - also known as pictographs or information grids
- are a simple and effective medium for communicating risks and
probabilities to laypeople [18, 24, 33, 56, 67]. Icon arrays are com-
posed of juxtaposed icons representing members in a group (e.g.,
men above 60 years old), and designers typically communicate in-
formation by changing the shape, color, or other visual properties
of a subset of icons. For example, to express a 25% risk of getting
an allergic reaction after a treatment, you might design a 10 by 10
grid of 100 circles with 25 of them emphasized in black.

Icon arrays have been shown to help people understand prob-
abilistic information by leveraging the human perceptual system
[47], especially those with lower numeracy skills [23, 31, 33]. Addi-
tionally, icon arrays present probabilistic information using natural
frequencies (e.g., 10 out of 100) instead of using proportions or
percentages (e.g., 10%). This design choice of replacing proportions
or percentages with counts of X out of Y has been shown to more
often elicit optimal statistical inferences and increase numerical
comprehension [20, 34, 38]. Furthermore, the one-to-one mapping
of the entity-to-discrete-icon induces a sense of recognition and
self-identification [41], which tends to increase engagement with
data [39]. For instance, when a patient reads an icon array convey-
ing information regarding health risks, they can better relate to the
information by projecting themselves as one of the icons [41].

Despite the strengths of icon array visualizations, designers still
have many decisions to make before they can produce an optimal
icon array design. For example, the iconicity level, which ranges
from being abstract (e.g., a rectangular block) to concrete (e.g., a
stick-figure or a picture of a human), can affect risk perception
[63]. Lower iconicity is associated with lower risk perception, and
higher iconicity with higher risk perception. However, while prior
research provides useful insights, it remains unclear how different
design choices can impact probability perception in icon arrays.
In particular, we do not know if the way filled icons are spatially
arranged in an icon array can cause systematic perceptual biases
in the estimation of frequencies and proportions.

Stylistic choices for how icon arrays are filled might impact the
viewer’s perception of probability by changing the perceptual prox-
ies the viewers use to extract numerical values from the icon arrays
[36, 65]. Most existing work that investigates the effectiveness of
icon arrays focuses on comparing icon arrays in the top-to-bottom
arrangement or a random arrangement (see Top and Random in
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Figure 2) to other representations, such as numbers in [23] and [3],
without examining whether and how particular arrangement of
icons in an array a�ects viewer perception [19, 57].

Figure 1: Risk theatre showing polling probabilities as seats
in a theatre. Fifty seats are randomly colored blue and �fty
seats are randomly colored red. Sitting in a blue seat repre-
sents the outcome that the Democratic candidate will win,
while sitting in a red seat represents the outcome that the
Republican candidate will win.

In the real-world, many designers tend to �ll the grids in an or-
dered fashion, such as �lling from the top or bottom (e.g., [40, 42]).
More recently, some data journalists have been using icon arrays
in the random arrangement, usually referred to as a 'risk theatre',
to communicate projected U.S. election outcomes in order to help
people make a more informed decision about whether they should
go vote or not [29]. Some existing discussions have suggested that
it helps people better grasp the concept of uncertainty and form
a more accurate mental representation of the depicted probability
[46, 50]. The risk theatre shows polling probabilities as seats in a
theatre, as shown in Figure 1. These seats are randomly colored in
blue or red, in which a blue seat represents that the Democratic
candidate would win the election and a red seat represents that the
Republican candidate would win. The proportion of blue and red
seats corresponds to the likelihood of the Democratic and Republi-
can candidate winning the election. The viewer is typically asked to
imagine buying a ticket to the theatre. As they �nd their seat, sitting
in a blue seat represents the outcome that the Democratic candidate
has won, while sitting in a red seat represents the outcome that
the Republican candidate has won. This technique helps the viewer
�experience� the election outcome with a given probability, and
may change perceptions of seemingly small probabilities (e.g., a
15% chance of a candidate winning may seem less negligible when
presented as a risk theatre than numerically).

Our goal in this work is to systematically investigate if certain
spatial arrangements of �lled icons can cause systematic over or un-
derestimation of probabilistic information. It would be undesirable,
for instance, if a key probability a designer tried to convey gets
overestimated or underestimated because the arrangement choice
had a biasing e�ect on the viewer's perception. Understanding
(and countering) such potential biases will allow us to make rec-
ommendations to designers on how to arrange �lled grids in their
icon arrays so their audiences can most accurately and con�dently
extract the proportion value. This is especially crucial in circum-
stances where objective information can not be easily obtained or
where decisions have to be made rather quickly. For instance, a

patient may need to promptly consent to a medical procedure by
evaluating the associated risks presented as an icon array. In such a
case, it is imperative to design and present information in a manner
that minimizes the chance of misestimating risks and bene�ts.
Contributions: We contribute three empirical studies that investi-
gate the e�ect of arrangement in icon arrays on a viewer's proba-
bility perception, creating a model that predicts perceptual bias in
icon arrays across various levels of probability values. We found
people to be very accurate in estimating proportions when viewing
the top, row, and diagonal arrangements; in contrast, they over-
estimated the depicted probabilities with the central arrangement
and underestimated them with the edge arrangement. People are
also biased to either overestimate or underestimate when viewing
the random arrangement depending on the objective proportions,
following a cyclical pattern consistent with existing �ndings in the
psychology literature [35, 58]. At the end of the paper, we propose
several design guidelines to help icon array designers arrange the
�lled grids to most e�ectively communicate a probability value to
their readers.

2 RELATED WORK
Icon arrays are often used in the medical domain for communicat-
ing the risk associated with medical procedures and treatments to
patients. Several existing studies investigated the utility and e�ec-
tiveness of icon arrays for communicating risk in comparison to
other visual and non-visual formats (e.g., [8, 31, 49, 59, 61]). Icon
arrays signi�cantly increase patients' gist (general impression) and
verbatim (speci�c numerical) understanding of the information
compared to textual narratives, such as the risk of nausea is �low�
[31, 59]. Empirical evidence has also shown that icon arrays outper-
form numerical representations of risk, such as the risk of nausea
is �10%� or �10 out of 100� [8, 49, 61], in particular for people with
low numeracy skills.

Prior studies have compared and contrasted the utility of icons
arrays for communication of risk with basic statistical graphs, in-
cluding line, bar, and pie charts [19]. One of the primary outcomes
of these studies is the di�erent a�ordances of graphical formats for
risk communication. Line charts are the best for illustrating risk
trends, such as survival or mortality over time [52]. Similarly, bar
charts are suitable for comparing risks between di�erent options
[64], and icon arrays are useful for helping people understand risk
in a general and precise way [28, 62, 64, 66]. Additionally, icon
arrays have also been shown to improve users' trust in information
compared to other visual and non-visual forms of risk communica-
tion [31].

2.1 Number and Area Perception
When a viewer reads an icon array, how do they extract a percentage
value from it? The viewer could visually `count' the number of
�lled and un�lled icons and then mentally compute a ratio , or use
surrogate features such as the overall area or spatial frequency of
the �lled icons among un�lled ones to make a rough estimate. The
answer to this question has been debated in the world of human
perception and cognition for many years [10, 43]. It is a challenging
question because perceiving numerosity (e.g., the number of items
in a set) naturally correlates with perception of features like area
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and spatial frequency [11, 25], so it is nearly impossible to tease
these two processes apart [43]. In icon arrays, for example, as the
number of �lled icons increase, the amount of dark area increases,
and the spatial frequency of �lled icons increases.

To resolve this debate, recent e�orts have tried modeling nu-
merosity perception tasks with deep neural networks [60]. They
demonstrate that both numerosity perception and perception of
continuous magnitudes, such as density or area, play an important
part in these tasks, and in our process of making sense of our visual
environment in general. However, other studies have shown that
relying on features like area and spatial frequency rather than nu-
merosity is more automatic and less e�ortful when making number
estimations [43]. This is partly because our visual system is good
at quickly generating summary information about a collection of
objects [13, 48]. We can quickly retrieve the mean size or average
density of a collection of objects and use this information to ap-
proximate the number of objects in an area [5, 13, 45]. For example,
when asked to determine the number of circles in an area, our visual
system can quickly sample the average size of all the circles. We
can then calculate the approximate number of those circles that
would �t in the area to �gure out the number of total circles. We
can also use the spatial frequency of the circles to make the same
approximation. The more circles are densely packed in an area, the
higher the total number of circles [10].

Despite the debate over the exact perceptual mechanisms at play
during number estimation, there is ample evidence suggesting that
at least one mechanism in number estimation involves the viewer
visually segmenting a display into sub-groups [16, 21]. Objects
sharing similar perceptual features (e.g. color or shape) tend to
be chunked together, and objects that are distinct in features tend
to be separated from others [30]. As a result, people's number
estimation can be strongly in�uenced by whether similar objects
in the collection can be easily perceived as a group or not, and
how many perceivable groups there are in a collection of objects
[2, 21]. For example, a number estimation becomes lower when
nearby objects are viewed holistically as a unit [22, 27]. In the
�solitaire illusion� from [22], although there are the same number of
black and white circles, because the nearby black circles are viewed
holistically as a unit, the area occupied by black circles appears
bigger. As people rely on area as a surrogate feature to approximate
the number of black circles, they mistakenly think there are more
black circles than white circles.

In icon arrays, the way grids are �lled and arranged can trigger
di�erent visual groupings. For example, as shown in Figure 2, in
the �rst row, �lling the array from top to bottom in the top ar-
rangement segments the icon array into two groups by color (black
on top, and white on the bottom). On the other hand, �lling the
array with the row arrangement can create up to ten groups (5
groups of black and 5 groups or white). This suggests that di�erent
arrangements can change the number of visual groups a viewer
sees, and thus the overall proportion estimations. If a viewer relies
on surrogate features like visual groups, area, or density to estimate
the number of �lled grids in an icon array, they can also become
susceptible to visual inaccuracies or perceptual bias. For example,
people are not particularly accurate at comparing the ratio of two
areas [14]. They also tend to think objects that are regularly spaced
are more numerous than objects that are randomly spaced [26].

In addition, as the number of quantities to perceive increases, the
more imprecise our numerosity perception becomes [15]. Because
the number of perceivable groups in an icon array depends on the
objective probability it depicts (e.g., in the row arrangement shown
in Figure 2, showing 30% has 3 clusters of black but showing 10%
will only have 1), we hypothesize that arrangement will interact
with objective probability in icon arrays to in�uence probability
perception.

3 OVERVIEW OF EXPERIMENTS
In Experiment 1, we identi�ed six icon array arrangements and
examined how these arrangements a�ect the way people perceive
proportion values. We sampled a subset of probability values to
test (e.g., 5%, 10%, etc.) and observed that, in general, participants
were more accurate in estimating proportions when viewing the
top, row, and diagonal arrangements, but tend to misestimate the
proportions when viewing the central, edge, and random arrange-
ments. In Experiment 2, we expanded the probability values we
tested to cover all the whole number values between 0% and 100%
to more systematically investigate the perceptual bias in thecen-
tral and edge arrangements. We reproduced the overestimation and
underestimation biases we observed in Experiment 1 and extended
our results to cover several variations of the central and edge ar-
rangement designs. In Experiment 3, we expanded the probability
values tested for therandom arrangementand reproduced the mis-
estimation observed in Experiment 1. We also tested the robustness
of the e�ect with four aesthetic styles of icon arrays. We summarize
our research questions for each experiment below:
Experiment 1: How does icon array arrangement (i.e., the six
listed in Figure 2), a�ect people's perception of proportion values?
Which arrangements warrant the most and least accurate propor-
tion estimates?
Experiment 2: What is the e�ect of centrality on people's percep-
tion of proportion values? Speci�cally, how are people biased when
viewing icon arrays in the central and edge arrangement?
Experiment 3: How do people perceive randomly arranged icon
arrays? Do they use particular values as reference points in their
estimation? Does this bias generalize to other visual designs of icon
arrays?

4 EXPERIMENT 1 ARRANGEMENT EFFECTS
We begin with an investigation on how to visually arrange the
icons in an array to elicit a more accurate perception of proportions,
uncovering the potential perceptual biases associated with reading
icon arrays.

4.1 Design Motivation
Most icon arrays that researchers have studied tend to �ll the grids
from the top or bottom (e.g., [3, 23]), as shown in the top row of
Figure 2. A few explored a random arrangement (e.g., [19, 57]), as
shown in the bottom row of Figure 2. However, there are many
other ways to �ll grids in an icon array. [4] has additionally tested
icons with a central and edge arrangement, as shown in the second
and third row of Table 2, but only with one condition where the
icons depicted a 45% probability. To the best of our knowledge, no
existing work examines how people perceive probabilities depicted
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Figure 2: Six icon array arrangements used in Experiment 1, representing proportions from 10% to 90%.

by these arrangements across a wide range of objective probabilities.
Additionally, there exist many other ways to arrange �lled grids
in icon arrays. To explore additional possibilities in this space, we
conducted a pilot survey with students enrolled in an introductory
data visualization class at the University of Massachusetts Amherst.
We provided them with 6x8 arrays of white grids and asked them
to �ll in the grids to represent a proportion. The authoring team
extracted key features from the student drawings and re�ectively
synthesized them, along with arrangements explored in existing
studies, into six categories of common arrangements, as shown in
Figure 2. These con�gurations will serve as a starting point for our
investigation on the e�ect of icon array arrangement on perceived
proportions. See our supplementary materials for the students'
response.

4.2 Participants
Forty-nine undergraduate students from Northwestern University
participated in the experiment in exchange for course credit in an
introductory psychology class. Due to health and safety concerns,
participants were sent a link to the experiment via Qualtrics [51]
to complete the survey at home. Although this means that the size
of the icon arrays participants viewed for the study might have
varied due to the di�erent machines on which they completed the
study, earlier work (e.g., [32]) has demonstrated the viability of
crowdsourcing graphical perception studies online, where partici-
pants engaged with the studies using screens with varying sizes,
by reproducing results of prior laboratory experiments.

4.3 Experimental Stimuli and Design
We generated icon arrays following the six arrangements from
Figure 2. The icon arrays of 10� 10 grids are presented on a 720 by
720 pixel white background. Every grid has a grey outline and can

be either �lled (black) or un�lled (white). The number of �lled grids
represents proportion values, which range between 0% and 100%.

To keep the experiment length manageable, we pre-generated the
icon arrays showing varying proportions for all six arrangements.
Speci�cally, we covered the multiples of ten in the range from 0% to
100%, such as 10%, 20%, 30%, and 40%. We also covered the quartiles
(25% and 75%), as well as boundary cases (5% and 95%). Because past
work has demonstrated that people's perception tends to be extra
susceptible to bias near the 50% mark, we added extra conditions
to cover that range (45% and 55%). Additionally, recent work has
found that people may be susceptible to rounding biases, preferring
to make numerical estimates in perception tasks that end with 5's
and 10's [12]. Therefore we also included conditions that ended on
other numbers, speci�cally, 12%, 18%, 32%, 38%, 72%, 78%, and 92%.
In total, we generated 132 icon arrays with 6 arrangements� 22
proportions.

4.4 Procedure
Participants started the experiments with a short introduction to
the task and several practice trials. Every participant completed 132
trials for the experiment. For each trial, participants were presented
with one icon array on the screen for one second, and then they
were prompted to estimate the percentage of �lled grids in the
icon array via an uninitialized slider ranging from 0 to 100. They
could change their response by dragging the slider handle and the
value selected on the slider was displayed above the slider. The
participants were also prompted to report how con�dent they were
in their estimation on a similar slider ranging from 0, which means
not at all con�dent, to 100, which means extremely con�dent. The
time to respond was unlimited, and the participant proceeded to
the next trial by clicking a `next' button after they reported their
con�dence.
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4.5 Results
Following procedures in similar perception-based studies with vi-
sualizations, we �ltered for quality of responses by excluding the
trials where the participant made an estimation with an error that is
more than two standard deviations away from the mean estimation
error. This left us with 94.88% of the responses. Overall, the average
estimation error considering all trials was 0.67 (SD = 6.26, out of
100).

4.5.1 Proportion Estimation.Participants were generally accurate
in their estimates of the objective probabilities presented via the
icon arrays. Overall, as shown in Figure 3, considering the entire
spectrum of objective probabilities tested, the participants were
the most accurate in their estimation when the icon arrays were
presented in the top and row arrangement. They were the least
accurate when the icon arrays were presented in the edge arrange-
ment, followed by the random and the central arrangements. We
constructed a within-subject ANOVA to compare the overall esti-
mation error for the six arrangement types (F(5;240) = 44:05, p <
0.001). Post-hoc pair-wise comparisons with Bonferroni's adjust-
ment suggests that all pair-wise comparisons of estimation error
within the six arrangement types are signi�cantly di�erent, except
the top and the row arrangement pair (p = 1.00), the top and the
diagonal pair (p = 0.27), and the diagonal and the row pair (p = 0.20).
More details can be found in the supplementary materials.

Participants also had a tendency to overestimate or underes-
timate depending on the icon array arrangement type and the
objective probability. As shown in the line plots in Figure 3, partici-
pants overestimated most of the probability values when they were
presented with the central arrangement (Mer ror = 1.89,SEer ror =
0.23). The trend for the overestimation peaked when the objective
probability is near 50 percent.

They mostly underestimated the probabilities in the edge ar-
rangement (Mer ror = -2.96,SEer ror = 0.25), and the random ar-
rangement (Mer ror = -1.94,SEer ror = 0.25), as shown in Figure 3.
For the edge arrangement, the pattern of estimation error appeared
to be a mirror image of that in the central arrangement, with the
underestimation peaking near 50 percent objective probability. For
the random arrangement, the pattern of estimation error appeared
more cyclical. The underestimation peaked near 40 percent objec-
tive probability, and the estimation error seemed to have shifted to
an overestimation near 80 percent.

Participants also slightly underestimated the probabilities in
the diagonal arrangement (Mer ror = -0.86,SEer ror = 0.18), the
top arrangement (Mer ror = -0.21,SEer ror = 0.10), and the row ar-
rangement (Mer ror = -0.19,SEer ror = 0.13). But overall, for these
arrangements, participants were accurate in their probability esti-
mations.

4.5.2 Estimation Confidence.A within-subject ANOVA revealed
that participants reported their probability estimations with varying
levels of con�dence depending on both the icon array arrangement
and the objective probability (F(5; 240) = 111.2,p < 0.001). As shown
in Figure 3, participants were more con�dent when the objective
probability was near 0 and 100 percent, and less con�dent when
the objective probability was near 50 percent. Overall, participants
were the most con�dent in their probability estimates when they

viewed icon arrays in the top and row arrangements, and the least
con�dence when they viewed the random arrangement. Post-hoc
pair-wise comparisons on the overall con�dence levels with Bon-
ferroni's adjustment suggest participants' con�dence levels to be
signi�cantly di�erent for every icon array pairs (p < 0.001), except
the top and row arrangement pair (p = 1.00), the edge and diagonal
pair (p = 0.25), the central and diagonal pair (p = 0.42), and the
central and edge pair (p = 0.001). More details can be found in the
supplementary materials.

How does reporting con�dence relate to estimation error? We
constructed a linear regression model predicting the absolute value
estimation error with participants' reported con�dence, and found
that con�dence and estimation error were negatively correlated
(Est= -0.080,t = -41.29,p < 0.001,R2

ad j = 0.21). This suggests that
participants seemed to have a good intuition about their estima-
tions. They were more con�dent when their estimations were more
accurate.

4.5.3 Potential Confounding Variables.As a sanity check, we ex-
amined whether the order in which participants viewed the icon
arrays a�ected the amount of estimation error they made. A lin-
ear regression model predicting estimation error with the order
in which the icon arrays were displayed suggests that there is no
evidence of order e�ects on estimation errors (Est= 0.002,t = 1.14,
p = 0.25,R2

ad j < 0.001). However, order seemed to have a signi�cant
e�ect on participants' reported con�dence (Est= 0.07,t = 7.80,p
< 0.001,R2

ad j = 0.0092), such that participants became more and
more con�dent in their estimations as they progressed through the
experiment.

We also examined whether our participants' ability to estimate
probabilities varied with their age, research experience, and visual
literacy (measured via the ten subjective questions from [24]). On
average, our participants had 1.53 years of research experience (SD
= 2.24) and they reported an average score of 42.7 out of 60 on the
subjective visual literacy survey (SD= 6.83).

A linear regression model predicting estimation error with age,
research experience, and visual literacy score suggested age (Est=
0.16,t = 2.72,p = 0.006) and visual literacy scores (Est= 0.10,t =
3.58,p < 0.001) to be signi�cant factors, but we did not observe an
e�ect of research experience (Est= 0.01,t = 0.39,p = 0.69). Older
participants and participants with higher visual literacy scores
tended to make more estimation errors. Although age, research
experience, and visual literacy scores are statistically signi�cant
predictors to estimation error, their e�ect sizes are extremely small
(� 2

age = 0.001,� 2
research< 0.001,� 2

l iterac y < 0.001, overallR2
ad j =

0.0015). We conducted a similar linear regression examining the
e�ect of these factors on participants' reported con�dence. All three
factors were signi�cant predictors, but again with small e�ect sizes
(� 2

age = 0.03,� 2
research= 0.01 ,� 2

l iterac y = 0.07 , overallR2
ad j = 0.11).

Older participants (Est= 4.06,t = 14.97,p < 0.001), participants with
more research experiences (Est = 0.80,t = 4.93,p < 0.001), and
participants with higher reported visual literacy (Est = 1.14,t =
21.62,p < 0.001) tended to be more con�dent in their estimations.

However, considering that all of our participants were undergrad-
uate students, the narrow range in their age, research experience,
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Figure 3: Top: Average estimation error as a function of the number of �lled grids in an icon array for the six arrangements,
and on the right, the overall estimation error for the six arrangements aggregating all levels of objective probabilities. Bottom:
Average reported estimation con�dence as a function of the number of �lled grids in an icon array for the six arrangements,
and on the right, the overall con�dence for the six arrangements aggregating all trials. Error bars show standard error.

and visual literacy scores may limit the generalizability of these
�ndings.

4.6 Discussion and Motivation for Exp 2 and 3
How �lled grids are arranged within an icon array signi�cantly
in�uences people's perception of depicted probabilities. Participants
were generally accurate in their estimations when icon arrays were
in the row, top, and diagonal arrangements, but were biased when
the icon arrays were presented in the central, edge, and random
arrangements.

For the central and edge arrangements, participants consistently
overestimated the proportions in the central arrangement and un-
derestimated the proportions in the edge arrangement. This obser-
vation is consistent with the centrality e�ect observed in [4], where
participants viewed a 5� 8 matrix of 18 blue and 22 red squares.
They underestimated the percentage of blue squares when the blue
squares were placed in the middle of the matrix (similar to our
central arrangement), and overestimated the percentage of blue
squares when the blue squares were placed on the edge (similar to
our edge arrangement). Our results demonstrate that this overesti-
mation and underestimation bias seems to generalize beyond just
the one scenario tested in [4]. Additionally, when we generated the
stimuli in Experiment 1, we recognized that there are many ways to
arrange icon arrays even within the broader de�nition of `central'
and `edge' arrangements, as shown in Figure 4. The generalizability
of this centrality e�ect, considering the potential randomness in
arranging �lled icons in the central and edge arrangements, has

not been explored.In Experiment 2 , we systematically study this
e�ect of centrality with icon arrays across a range of values, adding
randomness to patterns in each icon array.

For icon arrays in the random arrangement, we observed a clear
cyclic bias pattern for estimation errors that is not present in the
other arrangements. Participants in our experiment seemed to un-
derestimate proportions closer to 40% and overestimate proportions
close to 80%. This observation is consistent with existing �ndings in
human perception research that contributed to the development of
Steven's Power Law [58] and the cyclical power model [35], which
suggest a non-linear relationship between the perceived stimulus
value and the actual stimulus value. Usually, smaller values tend to
be overestimated, while bigger values tend to be underestimated,
creating a one-cycle bias pattern in value estimations [53, 55]. Re-
cent work has demonstrated that when participants use a reference
point in their value estimations, a repulsion e�ect can occur such
that the estimations are perceived to be farther from that reference
point [44]. This e�ect turns the one-cycle bias pattern into a re-
peating, multiple-cycle bias pattern where values slightly smaller
than the reference point are treated similarly to `large' values and
get underestimated, and values slightly larger than the reference
point are treated similarly to `small' values and get overestimated.
In Experiment 1, while the proportion estimation for the random
arrangement does follow a cyclical pattern, because we only tested
a limited number of objective proportions, it is unclear whether
participants were using any reference points and how their bias
pattern compare exactly to existing work in similar domains. This
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motivated us to conductExperiment 3 , where we took a deeper
dive into investigating how people perceive random arrangements
of icon arrays and what factors might play a role in biasing their
proportion judgement.

5 EXPERIMENT 2 CENTRALITY EFFECTS
While the results from [4] suggest that centrality can have a large
e�ect on perceived proportion, their experiments only tested two
patterns � those in which focal squares are placed in the extreme
edge or extreme center, and only for one proportion (45%). In this
experiment, we systematically explored 101 proportions at four
levels of centrality, as shown in Figure 4. We did this by considering
random square grids generated from a Gaussian distribution over
locations centered in the middle of a 10� 10 grid. Speci�cally, the
probability that any particular grid location is populated is given
by

pi j / exp
�
� d2

i j •2� 2
�

(1)

wheredi j is the Euclidean distance from the center of a square to
the middle of the grid and� 2 is a free parameter, which we refer to
as thescale. Given a scale parameter and the proportion of squares
to populate, we sample square locations without replacement from
this distribution. Small values of the scale parameter result in high
centrality grids (see the top row of Figure 4), with squares clustered
towards the middle, whereas large values of the scale parameter
produce grids that are populated uniformly at random (see the bot-
tom row of the top panel in Figure 4). We use the same distribution
to produce grids with extremely low centrality (squares on the edge)
by repeating this procedure to sample unpopulated (rather than
populated) square locations.

Figure 4 shows a subset of the results of this procedure for dif-
ferent proportions and scales. The top half of the �gure shows the
central arrangement icon arrays, and the bottom half shows the
edge arrangement icon arrays. We selected four scale values to test
(� 2 = 2.0, 3.5, 5.0, 6.5), covering a wide range of possible centrality,
as represented in each row. Within each arrangement, the top row
has the highest centrality (� 2 = 2.0) and the bottom row has the
lowest centrality (� 2 = 6.5). The far left column contains empty
icon arrays representing 0% objective probability, the next column
contains icon arrays with 5 �lled squares representing 5% objective
probability, and so on. This provides a convenient way to interpo-
late between grids whose squares are concentrated in the center
of the grid or towards the edges. Notice that icons with a very low
or very high number of grids �lled tend to look more similar as
centrality is small at those values. In total, we generated 101 central
arrangement and 101 edge arrangement icon arrays for each of the
scale values, one for each of the whole number percentage values
from 0 to 100, totaling 808 stimuli used. These icon arrays were
presented on a 1024 by 600 pixel light gray background, just like
the icon arrays in Experiment 1.

5.1 Participants and Procedure
We recruited 800 participants using Amazon Mechanical Turk
(MTurk), a popular micro-task market that is regularly used for
online experiments with human participants. We implemented our
experiment as web applications hosted on a server external to
MTurk. Participants accessed the experiments within an embedded

frame presented on the MTurk site. We limited the participant pool
to workers who are located in the United States with a minimum
95% approval rate and at least 100 approved tasks.

Participants carried out the task in four steps. They were �rst
presented a description of the task with an option of accepting
it. Once the task was accepted, participants completed a training
session in which they were asked to estimate the proportion values
of 25% and 75% in a sequence of two tasks. The order of the tasks
was randomized for each participant. Participants were given feed-
back on the accuracy of their responses. After the training session,
participants were randomly asked to estimate 25 randomly selected
icon arrays from our 808 stimuli (a subset shown in Figure 4) in a
sequence of tasks. They were paid for 0.75 USD per task.

For each icon array, participants were asked to estimate the
proportion value represented, which was made di�cult by the fact
that it only appeared on the screen for a short amount of time.
Similar to that in Experiment 1, they responded by clicking on an
uninitialized slider. Participants could change their response by
dragging the slider handle and the value selected on the slider was
also shown under the slider. Before each stimulus was shown, a
white cross centered in the stimulus area appeared for 2 seconds
to drive the participant's attention followed by the presentation of
the stimulus. We omitted the con�dence measure as Experiment
1 has demonstrated that con�dence tends to positively correlate
with estimation accuracy.

5.2 Results
We �ltered responses that were o� by more than 15% (which is
approximately two standard deviations away from the mean esti-
mation error) and were left with 17,514 responses (87.57% of total
responses). Overall, a within-subject ANOVA comparing the e�ect
of arrangement and centrality scale (� 2) on estimation error sug-
gests there to be a signi�cant main e�ect of both arrangement (F =
95.24,p < 0.001) and centrality scale (F = 5.16,p = 0.023). Partici-
pants tended to overestimate the objective probability when they
viewed icon arrays with the central arrangement (Mer ror = 0.96,
SEer ror = 0.059), and underestimate the objective probability when
they view icon arrays with the edge arrangement (Mer ror = -0.72,
SEer ror = 0.057), supporting results from Experiment 1. Overall, for
the central arrangement, the overestimation seems to peak when
the objective probability is around 60 to 70 percent. For the edge
arrangement, the underestimation seems to peak around 30 to 50
percent.

For the main e�ect of centrality scale, we found that the higher
the scale value, which means the more `random' the arrangement
appears, the lower the participants' estimation error. A post-hoc
linear regression revealed that with a one unit increase in scale
value, the estimation error decreases by 0.053 (SE= 0.02487,p =
0.033). We can also see this in Figure 5. From left to right, the
vertical distance between 0 (no estimation error) and the lines
representing estimation error decreases, signifying less error as the
scale increases.

There is also a signi�cant interaction between arrangement and
centrality scale (F = 40.36,p < 0.001), as shown in Figure 5. With
high centrality scale (� 2 = 2.0), the central and edge arrangement
looked more dissimilar and the patterns of participants' estimation
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