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We conducted a study with 2,400 participants that had to solve six Bayesian reasoning tasks in one out
of eight different visualization types (no visualization, regular 2x2 table, graphical 2x2 table, unit
square, implicit tree diagram, explicit tree diagram, double tree, net diagram) in a probability,
proportion or frequency format. The aim of the study was to investigate whether the levels of inference
have an influence on the participants’ performance in the tasks. The level of inference is characterized
by the number of mental steps that are needed to arrive at the correct solution, which vary between the
visualization types. The results show that the levels of inference indeed influence performance. This can
be used to teach students to adaptively and flexibly use probabilistic visualizations for different types of
tasks.

INTRODUCTION AND THEORETICAL BACKGROUND

Conditional probabilities are difficult to calculate and interpret, especially in Bayesian
reasoning tasks, that means, in tasks with two binary features, which ask for conditional probabilities
(Zhu & Gigerenzer, 2006). However, a thorough understanding of these tasks (see Table 1 for an
example) can become crucial in order to make informed decisions in certain situations, for example in
medicine or law (Operskalski & Barbey, 2016; Lindsey, 2003).

In the past decades of research on Bayesian reasoning, two strategies have been identified that
can help to better understand and solve this type of tasks: 1) using natural frequencies instead of
probabilities and 2) using a (provided) visualization (Gigerenzer & Hoffrage, 1995; McDowell &
Jacobs, 2017).

Natural frequencies

In their seminal paper, Gigerenzer and Hoffrage (1995) showed that Bayesian reasoning tasks
are solved correctly by a higher percentage of people, if the problem is formulated in natural frequencies
(e.g., “80 out of 100 people...”) instead of probabilities (e.g., “80% probability for a person to...”, see
also Table 1). These findings have been replicated and discussed multiple times and are usually
explained by the fact that natural frequencies facilitate the calculation and make the nested-set structure
of the situation more accessible (McDowell & Jacobs, 2017; Sloman, 2003).

Table 1. The famous mammography problem in the probability and frequency format
(Eddy, 1982; adapted).

Probabilities Frequencies

The probability of breast cancer is 2% for a 200 out of 10,000 women have breast cancer.
woman who participates in routine screening.

If a woman has breast cancer, the probability is 160 out of 200 women with breast cancer receive

80% that she will have a positive test result.

If a woman does not have breast cancer, the
probability is 10% that she will have a positive test
result.

Question: What is the probability that a woman
who receives a positive test result actually has
breast cancer?

a positive test result.
980 out of 9,800 women without breast cancer
receive a positive test result.

Question: How many of the women who receive
a positive test result actually have breast cancer?

Answer: ~14%

Answer: 160 out of 1,140
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Visualizations

It has also been shown that people benefit from provided and already filled visualizations like
tree diagrams, especially if the visualization is based on natural frequencies and not probabilities (Binder
etal., 2015; McDowell & Jacobs, 2017). However, participants’ performance and strategies in Bayesian
reasoning tasks depend on the type of visualization that is used, and some visualizations do not seem to
help at all (Eichler et al., 2020; Binder et al., 2015; Brase, 2009).

Levels of inference

Visualizations for situations with two binary events differ in the way they present information.
Tree diagrams, for example, present a situation in a hierarchical way (i.e., conditional probabilities are
only displayed in one direction), whereas 2x2 tables display no conditional, but all joint probabilities
(Binder et al., 2020). Furthermore, from some visualizations (if filled completely) the answer to a
Bayesian reasoning task can be directly read off (e.g., for net diagrams and double trees), while other
visualizations require a calculation with multiple steps (e.g., tree diagram and unit squares). This number
of arithmetic or mental steps that are needed to calculate the correct solution for given task, is expressed
by the level of inference (Ayal & Beyth-Marom, 2014; Binder et al., 2023). A low level of inference
means that the solution is directly given in the visualization, whereas a medium and high level of
inference means that the number of steps to get to the correct solution are one and more than one,
respectively. The level of inference does not only depend on the specific visualization, but also on the
numerical format that is used (based on probabilities or natural frequencies). Table 2 gives an overview
of the levels of inference for all eight visualizations that were studied in this paper and both numerical
formats.

Table 2. Levels of inference for the eight visualizations used in the study. Unless otherwise noted, the
examples refer to situation and the PPV question in Table 2 and the visualizations in Figures 1 and 2.

Level of Low Medium High
inference
Probabilities
Visualizations Double tree Regular 2x2 table Text

Net diagram Graphical 2x2 table Unit square

Implicit tree diagram
Explicit tree diagram

Characteristics ~ Solution can be ~ One elementary More than one elementary arithmetic

read off directly: arithmetic operation is operation is required:

required:
Example 32.1% 8.5% 10% - 85%
26.5% 10% -85% + 20% - 90%

Frequencies
Visualizations Regular 2x2 Text (PPV question) Text (NPV question)

table Unit square

Graphical 2x2 Implicit tree diagram

table Explicit tree diagram

Double tree

Net diagram
Characteristics  Solution can be One elementary More than one elementary arithmetic

read off directly: arithmetic operation is operation is required:

required:

Example 85 out of 265 85 out of (85 + 180) (900 — 180) out of

((900 — 180) + (100 — 85))
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A No visualization (text) B Regular 2x2 table
A person is ill with a probability of 10.0%. e Sositive negative
test test
An ill person has an 85.0% probabili.ty of recei- " 8.5% 15% | 10.0%
ving a positive test result in the medical test.
not ill 18.0% 72.0% 90.0%
. I o )
Aperson who is nqt.lll gtlll has a 29.0 % proba 26.5% 73.5%  |100.0%
bility of testing positive in the medical test.
C Graphical 2x2 table D Unit square
Information on 1,000 people:
people |ill notill sum il not il
positive ||8.5%| 18.0% 26.5% 10.0% 90.0%
test
positive § § positive
test © R test
negative ||1.5% 72.0% 73.5% |

lest negative § § negative

sum |[10.0% 90.0% 100.0% test e X test
E Implicit tree diagram F Explicit tree diagram

positive negative positive negative il and ill and not ill and not ill and
test test test test positive test negative test positive test negative test

G Double tree H Net diagram
il and 85.0% " 15.0% i and
N .8.5% 1.5%,
32.1% 10.0% 2.0%
. 5.0%  20.0%] 80.0%
[ Ha d ] Ila d not i ua d [ not i Ha d ] positive test people negative test
32.1% 2.0% 67.9% 98.0% o 7 ~
67.9% BB g00u ~120% 95,09,
’ S
] ’ \ ) )
test test
not ill and 20.0% not ill 80.0% not ill and
26.5% 73.5%
people

Figure 1. Visualization types (percentage format) for the task in Table 3.
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A No visualization (text)
100 out of 1,000 people are ill.

85 out of the 100 ill people get a positive test
result in the medical test.

180 out of the 900 people who are not ill
nevertheless test positive in the medical test.

C Graphical 2x2 table

people |[ill not ill sum
positive || 85 180 265
test
negative || 15 720 735
test
sum || 100 900 1,000

E Implicit tree diagram

notill

180 720

positive test [ negative test

NN
positive test negative test

G Double tree

720

not ill and
negative test

EnlEn]

)

positive test

people

Figure 2. Visualizations (frequency format) for the task in Table 3.
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positive
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negative
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positive negative
people test test
ill 85 15 100
notill 180 720 900
265 735 1,000
Information on 1,000 people:
ill not ill
85 180 positive
test
15 720 negative
test
100 900
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85 15 180 720
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RESEARCH QUESTIONS AND METHOD
In order to study whether the level of inference has an influence on participants’ performance
in Bayesian reasoning tasks, we conducted a study in which participants had to answer six Bayesian
reasoning tasks each in a paper and pencil test in an 8%3 between subject design.
e FEight visualization types: no visualization (text only), regular 2x2 table, graphical 2x2 table, unit
square, implicit tree diagram, explicit tree diagram, double tree, net diagram (see Figures 2 and 3)
o Three combinations of visualization format and question format: probabilities (probability-based
visualization and probability question), natural frequencies (natural frequency-based visualization
and natural frequency question), proportions (natural frequency-based visualization and proportion
question)
The participants were equally distributed over the 24 conditions, leading to 100 participants per
condition.

Participants

Students from several German universities and from all semesters in all fields of disciplines
were recruited to participate in the study via flyers and announcements in lectures. The only
requirements were that candidates had to be enrolled in a university program and be at least 18 years
old. Of the 2,400 participants, 777 identified as male, 1,587 as female and 36 as non-binary. Their ages
ranged from 18 to 69, with an average of 22.65 (SD = 4.18). The study was conducted in several units
from April 2023 until summer 2024 with relatively small groups of about 5 to 30 people.

Materials
We used 12 different tasks, that differed by context, number set and question, because these
factors have been suspected to influence the performance in Bayesian reasoning tasks (e,g., see Pighin
et al., 2024; Binder et al., 2015):
e Two different contexts: medical and fairy tale
e Three different sets of numbers: varying numerical values of the given information.
o Two questions: positive predictive value (PPV) and negative predictive value (NPV)
Participants received six of these tasks on paper (one sheet per task) to enable making notes and
simultaneously saw the question in a digital survey using their own laptops or tablets. The final answers
were entered into the digital survey. Participants always had to hand in the previous task (on paper)
before continuing to the next one. Table 2 shows one example of a Bayesian reasoning task, that was
used in the study. All eight visualizations are depicted in Figures 1 and 2.

RESULTS

Figure 3 shows the participants’ performance in the Bayesian reasoning tasks, separated by the
combination of visualization and question format, and level of inference. For all formats, the proportion
of correctly solved tasks is highest, if a visualization with a low level of inference was provided and
lowest, if a visualization with a high level of inference was provided. We used generalized linear mixed
models to predict the probability for a correct solution for each format and found that the differences
between the levels of inference were statistically significant in all formats.

However, one more thing is striking: in the probability format, even with visualizations with a
low level of inference (i.e., the correct solution can be read off directly!) only 37.8% of the participants
were able to identify the correct solution.

CONCLUSION

Performance in Bayesian reasoning tasks depends 1) on the level of inference and 2) on the
formats of both the question and the visualization. These findings imply that students should be
supported by learning how to translate the given numerical format of the question (e.g., from
probabilities to natural frequencies; see Feufel et al., 2023) and/or to reduce the level of inference (e.g.,
by sketching visualizations with a low level of inference to solve such problems; see Steib et al., 2025).
Still, as we focused on tasks with provided visualizations, future research might be necessary to relate
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these results to other findings that focus more on the construction process of visualizations (R68ner et
al., 2025).

Table 3. Exemplary task (medical context, originally German, translated to English). Note that for
each task only one of the two questions (PPV or NPV) was used.

Visualization format Percentages Frequencies Frequencies
Question format Probabilities Frequencies Proportions
Introduction The following information is known about a medical test:

Given information A person is ill with a 100 out of 1,000 100 out of 1,000

(presented in text as in | probability of 10.0%. people are ill. people are ill.

this table or in one of Anill personhasan | 85 outofthe 100 ill 85 out of the 100 ill

the seven visualizations | 85.0% probability of people get a pos itive | people get a positive

displayed in figures 1 receiving a positive test | test result in the test result in the

and 2) result in the medical medical test. medical test.
test. 180 out of the 900 180 out of the 90 0
A person who is not ill | people who are not ill | people who are not ill
still has a 20.0% nevertheless test nevertheless test
probability of testing positive in the medical | positive in the medical
positive in the medical | test. test.
test.

Question (PPV) What is the probability | How many people What proportion of
that a person with a with a positive test people with a positive
positive test result is result are actually ill? | test result are actually
actually ill? ill?

Question (NPV) What is the probability | How many people What proportion of
that a person with a with a negative test people with a negative
negative test result is result are actually not | test result are actually
actually not ill? ill? not ill?

(percentage, rounded to
Answer template one decimal place  ): out of (as a fraction): %
%
N = 2,400
100 %
level of inference
8 80%- 16.7 % ] tow
o ? 67.0%
2 0,
“g 61.9% [] medium
= 60%
o %0.2% 46.6 %
'3- 2% 1 [l nigh
0,
..; s0%4 278" 37.1%
S
§. 20 %1 186% * error bars indicate
o 1.4% the standard error of
a the mean
il
percentages frequencies frequencies visualization format
probabilities proportions frequencies question format

Figure 3. Proportion of correct inferences, separated by the combination of visualization and question
format and the level of inference.
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