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Abstract

Effectively communicating Bayesian statistics to laypersons has
been an open challenge for many years. Recent research in psychology
proposed that there is a direct correlation between comprehension and
representation. Specifically, a series of studies suggests that pictorial
representations with icon arrays may be better suited for communicat-
ing Bayesian statistics than Euler diagrams. Though these results are
compelling, the experiments were conducted in controlled lab settings
and with limited samples. In this paper, we extend the previous re-
search by expanding the sample to a more diverse population through
crowdsourcing. We conducted a user study that compares three differ-
ent pictorial representations of Bayesian statistics icon arrays, Euler
diagrams and discretized Euler diagrams. Our findings fail to replicate
previous results and demonstrate no significant difference between the
three representations. We discuss possible explanations for these find-
ings and propose directions for future investigations.



1 Introduction

As the medical field transitions towards evidence-based and shared decision
making, effectively communicating risks to patients has emerged as common
challenge. In recent years, researchers and practitioners have worked at de-
veloping novel techniques for risk communication, however conveying these
risks to laypersons remains a difficult task. This is largely due to the deficits
of numeracy among the general population and as a result, research suggests
that current risk communication methods often lead to patients’ confusion
and sometimes “ambiguity aversion” — the avoidance of decision making due
to uncertainty regarding the reliability, accuracy or credibility of information
about risk and the potential consequences of decisions [7, 10, 11].

At the heart of many of these decisions is Bayesian inference. Deciding
between two tests based on their reported specificity and sensitivity, or decid-
ing whether to take a potentially harmful drug after receiving a positive test
requires some understanding of conditional probabilities. For example, the
classic mammography problem below can be reduced to a Bayesian inference
problem:

The probability of a woman over 40 having cancer is 1%. However, 80%
of women who are tested will receive a positive result on their mammography.
Additionally, the probability of a false positive is 9.6%.

What is the probability of getting a positive result given that you actually have
the disease?

Studies show that less than 20% of typical laboratory participants were
able to correctly calculate the accuracy of the mammography [3, 8, 9] and
even more alarming, only 5 out of 100 trained physicians [6]. In an effort to
improve these statistics, Gigerenzer and Hoffrage proposed the use of natural
frequencies instead of probabilities and found that this significantly improved
performance [9]. Follow up studies also investigated the use of visualizations
to facilitate comprehension and reported significant effects [1, 16].

These studies suggest that there is a direct correlation between compre-
hension and representation. Brase [1] investigated this notion by conducting
a comparative study and showed that pictorial representations with icon ar-
rays may be better suited for communicating Bayesian statistics than Euler
diagrams or text alone. Though these results are compelling, the experi-
ments were conducted in controlled lab settings and with limited samples.



We propose that the results of traditional laboratory studies may be not
representative of the general population.

In this paper, we extend the previous research by expanding the sam-
ple to a more diverse population through crowdsourcing. We conducted a
user study using Amazon’s Mechanical Turk and replicated the experiment
design by Brase [1] which compared three different pictorial representations
of Bayesian statistics: icon arrays, Euler diagrams and discretized Euler di-
agrams. Our findings fail to replicate previous results and demonstrate no
significant difference between the three representations. In the final section,
we discuss possible explanations for these findings and propose directions for
future investigations.

2 Related Work

There is a substantial body of work that has been aimed at developing novel,
more effective methods of communicating Bayesian statistics [2, 5, 4, 9]. The
current work is aimed at understanding which visualizations are better suited
for communicating Bayesian statistics to layperson. To our knowledge, there
have only been two studies with this agenda [1, 14]. We summarize these
below.

2.1 Visualizing Bayes Reasoning

Brase [1] first attempted to identify visualizations that facilitate Bayesian
reasoning. In a comparative study, he compared participants’ accuracy using
three different visualizations: icon arrays, Euler diagrams and discretized
Euler diagrams. Discrete items represented by the icon array were expected
to elicit a frequentist representation, thus improving Bayesian reasoning while
Euler diagrams were expected to enhance the perception of the nested-set
relations which is inherent in Bayesian inference problems. The discretized
Euler diagram was design to represent a hybrid of the two.

A study was conducted with 412 participants who were recruited from a
pool of university undergraduates. There were four groups of participants:
(1) the control -participants were presented with only a textual representa-
tion of the problem, (2) textual representation was accompanied by an icon
array, (3)textual representation was accompanied by an Euler diagram and
(4)textual representation was accompanied by a discretized Euler diagram.



Each participant was presented with a Bayesian inference problem and
were ask the calculate the overall chance of having the disease and the hit
rate. They found that participants who were given an icon array had the best
accuracy rate overall and their performance was significantly better than the
control group and those who performed the task with the Euler diagram.
Table 1 below summarizes his results.

Type of Visualization Overall Accuracy(%)
Control 35.4
Euler diagram 34.7
Discretized Euler diagram 41.7
Icon Array 48.4

Table 1: The summarized results of Brase [1]

These results suggest that visualizations with discrete items may be best
suited for facilitating Bayesian reasoning. However there are several flaws in
the experiment design:

the Euler diagram was not area-proportional

the number of discrete items in the discretized Euler diagrams did not
match the problem posed

only 2 of the 3 diagrams were labeled (the icon array had no labels)
the labels were inconsistent with the text used for the problem

the glyphs used for the icon array were inconsistent with the ones used
for the discretized Euler diagram (dots vs anthropomorphic)

In addition to these, the results are not easily generalizable as the study
sample does not represent the general population of laypersons. The current
work extends this study by addressing these issues and expanding the subject
pool to a more diverse population through crowdsourcing. Recent research
performed concurrently with the current work [14] also had a similar agenda,
we discussing their and our findings in the Section 6.



3 Hypothesis

Research suggests that discretized visualizations may be best for facilitating
Bayesian reasoning. While these results are intriguing, there were several
flaws in the experiment design and the limited sample incites questions of
generalizability. In this paper, we extend the previous study by improving
the experiment design and expanding the subject pool to a more diverse
population. We hypothesize that the overall accuracy will be lower and but
we anticipate the same performance trend.

4 Experiment

To test our hypothesis, we replicated the user study performed by Brase [1] in
an online environment. Participants were asked to solve the same Bayesian
inference problem and were given the same visualizations (minor adjustments
were made to address the aforementioned concerns).

4.1 Participants

We recruited 194 participants over Amazon’s Mechanical Turk service. Me-
chanical Turk is a service offered by Amazon that allows computers to harness
human skills for jobs that require human intelligence. This site is essentially
a virtual market place that allows individuals or companies to post small
jobs for completion and where persons can easily “work” for a small remu-
neration. There are over 100,000 workers from around the world registered
with this service, who are able to choose jobs from a pool and are paid small
amounts upon completion [15].

Mechanical Turk is becoming increasingly attractive to Human-Computer
Interaction and Visualization researchers as it facilitates the recruitment of
a more diverse study population [12, 17]. One of the biggest concerns when
using this tool is participants randomly clicking through the study only to be
paid. Researchers have compensated for this by providing bonuses for correct
responses and participants are paid only upon completing the study [13]. This
has been proven effective and has been adapted for our study.

Of the 193 participants, only 1 did not report their age. Of the rest, there
were 123 males and 69 females. Their self-reported age ranged from 18 to 66,
with a mean of 32.31(c = 10.61). Additionally, majority reported to have at



least a bachelor’s degree (Table 2).

Highest Level of Education Frequency
High School 30
Associates 15
Bachelors 105
Masters 40
PhD 3
Other 1

Table 2: Participants’ self-reported education level

4.2 Materials

Each participant was presented with the following information:

There is a newly discovered disease, Disease X, which is transmitted by
a bacterial infection. Here is some information about the current research on
Disease X and efforts to test for the infection that causes it.

A person has 6 chances out of 100 of having the infection. There is a test to
detect whether or not a person has this infection, but it is not perfect. Specif-
ically, only 4 of the 6 chances of having the infection were associated with a
positive reaction from the test. On the other hand, 16 of the remaining 94
chances of not having the infection (that is, being perfectly healthy) were also
associated with a positive reaction from the test.

This was then following by one of 4 visualizations: (1) the control -
no visual representation, (2) an icon array, (3) a Euler diagram and (4) a
discretized Euler diagram (Figure 1). Participants were then asked to solve
the following problem:

Imagine Michael is tested now. QOut of a total of 100 chances, Michael has
,,,,, chance(s) of positive reaction from the test, _____ of which will be asso-
ciated with actually having the infection.
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Figure 1: The three visualizations used in the study

4.3 Procedure

After selecting the task from the Mechanical Turk website and informed
consent, participants were presented with the experiment instructions. Once
they selected to continue, they were presented the Bayesian inference problem
described above and one of the four visual conditions. To separate the time
spent reading the question from the time spent actually solving the problem,
the question was not visible until they clicked the “Next” button. They
were instructed to take as much time as needed and when they were ready
to answer, they clicked the “Ready to Answer” button and keyed in their
responses in the text fields provided.

Once they were done, they given a short demographic questionnaire. We
measured their time spent performing the task.



5 Results

Our study yielded an overall accuracy of 30% which is slightly lower than the
accuracy reported by Brase [1]. However, an analysis across all participants
revealed no significant difference between the participants’ accuracy for the
four conditions (F(3,190) = .172, p = .915). Table 3 below summarizes our
results.

Type of Visualization Overall Accuracy(%)
Control 33
Euler diagram 28
Discretized Euler diagram 27
Icon Array 32

Table 3: Percentage of participants who accurately calculated the exact an-
swers for both parts of the problem.

6 Discussion and Future Work

Our results showed no significant difference between the four conditions. Al-
though, this does not reflect the results reported by Brase [1] it is consistence
with similar work which also compared visualizations of Bayesian inference
problems through crowdsourcing [14]. Our results suggest that simply adding
a visualization yields no measurable benefits. We hypothesize that partici-
pants may have neglected the visualizations in an attempt to optimize their
time. A similar study by Micallef et al. [14] supports this notion. They found
that by simply removing the numbers in the text, there was a significant im-
provement in participants’ accuracy as they were now forced to utilize the
visualization. Taken together, these results are quite telling for future studies
on crowdsourcing platforms. One solution may be to factor in incentivization
for using the visualizations.

Though there are indeed some important considerations when conducting
studies in a crowdsourcing environment, once done right, it still remains a
valuable avenue for research. Researchers may also be able to improve future
results by adapting techniques such as storyboarding or highlighting to better
enhance the link between the text and visualizations. By uniting the two, we
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hypothesize that the user will be less likely to ignore the visualizations and
this can be an avenue for more effective comparisons.

Future work can also look at isolating visual elements that facilitate
Bayesian reasoning. The results of Brase [1] suggests that visualizations
with discretized items may be best suited for facilitating Bayesian reasoning.
However, the types of glyphs and the number of glyphs used for the two
visualizations differed significantly. We hypothesize that anthropomorphic
glyphs encourage the user to adapting an egocentric view of the problem.
This may be a better fit to the user’s mental model and better aid under-
standing over simple dot glyphs.

7 Conclusion

In this paper, we used crowdsourcing to replicate previous studies comparing
visualizations of Bayesian statistics. Our results were inconsistent with tra-
ditional laboratory experiments and highlighted the sensitivity of the crowd.
We found no significant difference between the visualizations, and our re-
sult showed no significant improvement when visualizations are added. We
hypothesize that this may be reducible to an incentivization problem and
highlights differences between experiments conducted in traditional labora-
tory settings and those conducted using crowdsourcing platforms.
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