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The Effects of Visual Representation on Bayesian 
Decision Making and Bayesian Reasoning 
 
Amanda Miles1 and Yasmine L. Konheim-Kalkstein2 
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This study examines whether visual aids may improve Bayesian reasoning and Bayesian decision making. Three 
visual aids were examined relative to a text-only condition: a frequency tree, a frequency grid, and a faces grid. 
Participants were given a hypothetical legal scenario with or without a visual aid and were asked to render a 
verdict and then estimate the probability of guilt. Participants in the control group were more likely to make a 
decision of not guilty than those that received the visual aid. Simply providing a visual aid did not seem to 
facilitate comprehension of the Bayesian problem. These findings suggest that, in regards to Bayesian decision 
making, visual aids are not helpful unless coupled with explicit instruction. 
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Researchers have highlighted the difficulty people 
often have with decisions under conditions of uncertainty 
(Edwards, Elwyn, & Mulley, 2002; Gigerenzer & Edwards, 
2003).  Uncertain conditions are those in which the outcome is 
unknown; thus, the decisions that rely on uncertain conditions 
are called risky decisions.  Under uncertain conditions, people 
make decisions based on their estimate of the likelihood of an 
outcome. However, people often have difficulty estimating the 
likelihood or probability of an outcome. Improving the way 
information is communicated may help people correctly 
estimate probabilities and subsequently, make better decisions. 
This study examines the use of visual aids to improve decision 
making when people are presented with a scenario requiring 
Bayesian reasoning.   

Bayesian reasoning requires estimating whether a 
given sample came from a certain population. In the scenario 
used in this study, Bayesian reasoning involves combining a 
base rate of a condition with specific information or data 
pertaining  to the  scenario to  estimate a  probability,  which is  
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known as the posterior probability. This is most easily 
explained by using an example.  In the medical field, there are 
often imperfect diagnostic tools (tests) that may indicate the 
presence of a condition (e.g., a disease). Thus, a test result 
could have four different outcomes in detecting the presence or 
absence of a disease: 
 
Hit: In this case, a positive test correctly detects the disease.   
Correct Rejection: In this case, a test is negative and correctly 
indicates the disease as being not present.            
Miss:  This can also be called a false rejection. In this case, a 
test fails to detect the disease although the disease is, in fact, 
present. 
False Positive: This is also referred to as a false alarm.  In this 
case, a test incorrectly indicates a disease as being present 
when it is, in fact, not present.   

 
A typical Bayesian reasoning problem used in the 

psychological literature provides a subject with the base rate, 
the hit rate, and the false-positive rate, and asks the subject to 
calculate the posterior probability. Below is a sample Bayesian 
reasoning problem originally adapted from Eddy (1982): 
 

In a given population of women, 1% of women will get 
breast cancer.  79.2% of the time a mammogram is 
used it accurately detects the presence of breast 
cancer.  9.6% of the time, the mammogram will be 
positive for breast cancer, when in fact the patient 
does not have breast cancer.  What is the probability 
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that a patient from this population has breast cancer, 
given a positive mammogram? 

 
Bayes' theorem was developed to solve for the 

posterior probability, or the probability of the condition 
(cancer) given the data (a positive mammogram). In this 
example, the patient has about an 8% chance of actually having 
breast cancer given a positive mammogram. In this situation 
you assume that there are 100,000 people in the population, 
1,000 of which actually have breast cancer. Of the 1,000 
people who have cancer 792 will test positive (hit rate). Of the 
99,000 that do not have cancer 8,758, or 9.6%, will test 
positive (false positive rate). In order to find the posterior 
probability you must divide the amount of people that test 
positive and actually have cancer by all the possible positive 
tests: 

 
       792                    792                                    
792 + 8,758    or     9,550    =     0.082 

 
This results in the final posterior probability of 0.082 

or about 8%. However, studies have reported that people have 
great difficulty estimating the posterior probability (e.g., 
Villejoubert & Mandel, 2002).  Presenting the problems using 
frequencies (e.g., 1,000 in 100,000 women will get breast 
cancer of which 792 will have a positive diagnosis) has been 
shown to improve Bayesian reasoning (Gigerenzer & Hoffrage, 
1995; Sedlmeier & Gigerenzer, 2001). Gigerenzer and 
Hoffrage (1995) argue that natural frequencies, such as 3 in 10 
resonate with humans more than probabilities and percentages, 
such as 30%, making them much easier to understand. 

As mentioned earlier, people have difficulty 
calculating posterior probabilities. Some people use the correct 
Bayesian strategy which yields the correct posterior probability. 
Other people use non-Bayesian or incorrect strategies 
(Gigerenzer & Hoffrage, 1995). There are multiple non-
Bayesian strategies that are commonly used when trying to 
solve Bayesian problems (Zhu & Gigerenzer, 2006). These 
strategies usually focus solely on one piece of information such 
as the hit rate or false positive rate, while completely 
neglecting all the rest of the information. The hit rate refers to 
the rate or frequency at which a test accurately detects a 
condition. The false positive rate refers to the rate or frequency 
at which a test is positive when the condition is not present. 
This results in either overestimations or underestimations of the 
correct posterior probability. One common strategy is 
conservatism, which involves attending to the base rate 
information while neglecting any new information. For 
example, in the above problem, subjects might report the 
posterior probability to be 1% if they are displaying 
conservatism. The base rate neglect strategy is the opposite of 
conservatism. Participants focus solely on the new information, 
disregarding the base rate information resulting in estimations 
that are too high. In the above problem, a subject who reports 
the posterior probability to be 70% is displaying base rate 
neglect.   Inverse  fallacy is  another strategy that is  frequently  
 

 
 

FIGURE 1.  Frequency tree used in this experiment. 

 
used. This strategy involves confusing the hit rate with the 
posterior probability. In the above scenario estimates may be 
79.2% or higher using the inverse fallacy strategy.  

Successful instruction in Bayesian reasoning involves 
teaching subjects to represent the information in frequencies. 
Such instruction often involves use of a visual as an 
instructional tool.  Two types of visuals that have been used are 
a frequency tree and a frequency grid.  Rather than 
representing each individual case, the frequency tree (Figure 1) 
divides the groups into subcategories according to the base rate, 
such as the number of people who have breast cancer and the 
number of people who do not have breast cancer. In each of the 
two categories there is another division, based on the test 
information (e.g., the number of people who have a positive 
test and the number who have a negative test). The frequency 
tree used for the current experiment can be seen in Figure 1. 

Given the above example, in a frequency grid (Figure 
2), each square in the grid would represent an individual case 
or person. Squares would then be shaded to represent the 
number of people with breast cancer. A given square would 
also indicate whether or not the person tested positive for breast 
cancer by using signs such as a + or a -. The + denotes a 
positive test and the - denotes a negative test. (An example of 
the frequency grid as it pertains to the legal scenario of this 
experiment is  provided in Figure 2.)   A grid can also be made 

 

 
 
FIGURE 2.  Frequency grid used in this experiment. 
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FIGURE 3.  Faces grid used in this experiment. 

 
using actual faces or stick figures instead of squares (Figure 3). 
To illustrate people that have breast cancer the same shading 
rules as the frequency grid would apply to the stick figures or 
faces. Instead of using a + or - to denote positive and negative 
test, a sick/sad or happy face is used for the stick figure or 
faces grid.   

Sedlmeier and Gigerenzer (2001) taught subjects how 
to convert the probabilities into a Bayesian problem using a 
frequency tree (Figure 1) and a frequency grid (Figure 2). 
Cosmides and Tooby (1996) found that having people construct 
their own visual aid using frequencies increased the likelihood 
of calculating a correct probability relative to subjects who did 
not construct a visual. It is important to note that these 
experiments used either a tutorial or an “active” element of 
participation. The participants were given a brief lesson on how 
to understand and construct visual representations. They were 
then asked to solve the Bayesian problem or construct their 
own visual representation of the problem. This allowed them to 
transfer their recently learned knowledge to similarly formatted 
problems. The tutorial experiment by Sedlmeier and 
Gigerenzer (2001) saw a much larger increase in correct 
responses than the active construction experiment by Cosmides 
and Tooby (1996). However, in these instances the active 
participation and the tutorial may have confounded the research 
done on the visual aids. It is difficult to tell if it was actually 
the visual aid or just the tutorial that resulted in more accurate 
calculations.  

It is possible that representing people with stick figures 
or faces (as opposed to squares) may alter risk perception. A 
qualitative study found that women believed the stick figure 
representation to be the easiest to understand (Schapira, 
Nattinger, & McHorney, 2001). The women in that study also 
reported the stick figures created a human context for the 
information rather than the raw numbers provided by 
probabilities and bar graphs. Stone, Yates, and Parker (1997) 
found similar results when testing the use of stick figures in 
comparison to numerical data. Their study also found that risk- 

 

 
aversive behavior increased when given stick figure 
representations over numerical only data. The effectiveness of 
grids with faces has not been examined as much in the Bayesian 
literature therefore, in the present study, we compared a faces 
grid (Figure 3) to a standard frequency grid (Figure 2).  

Outside of the field of Bayesian reasoning, visual aids 
have been proposed as useful decision aids to help people 
comprehend numerical information (Edwards, Elwyn, & 
Mulley, 2002; O’Donell et al., 2006). Visual aids may come in 
the form of graphs or visual displays. Waters, Weinstein, 
Colditz, and Emmons (2006) found that when participants 
received graphical displays about risk information they showed 
better comprehension than those that were provided with text 
only information. Even though researchers have proposed 
visual aids to be useful within the field of Bayesian reasoning 
these visuals have mostly been used as active teaching tools, 
when participants are explicitly taught to understand the 
problem or asked to develop their own visual aid. Little 
research has examined the effect of simply giving a visual aid 
next to the text. 

The purpose of this experiment was to discover if 
visual aids are helpful for understanding Bayesian reasoning 
problems, as well as if the visual aids influenced the decision 
that was made. This study differs from previous experiments 
because the visual aids are being presented without a tutorial or 
element of “active” participation. This experiment tests the true 
effectiveness of the visual aids. A Bayesian problem was paired 
with three types of visual aids: a frequency tree, a frequency 
grid, and facial figures. A control group with no visual aid 
(text only) was also tested. The groups were compared to 
determine which visual aids were helpful in calculating a 
posterior probability and in rendering a correct decison. The 
groups were also compared to determine if one type of visual 
aid was more successful at communicating data than another. 
Based on the success Sedlmeier and Gigerenzer (2001) had 
with the frequency tree, we hypothesized that the frequency 
tree would prove most helpful when calculating posterior 
probabilities and making accurate decisions.  
 

METHOD 
 
Participants 
 Participants were recruited from the University of 
Minnesota-Twin Cities. One hundred sixty-nine students were 
asked to voluntarily complete the survey; 56 men and 111 
women (two participants did not indicate their sex). 
Participants in the study included both undergraduate and 
graduate students. Informed consent was implied by 
participation. Participants were randomly assigned to one of 
four conditions: 41 were in the control group, 42 were in the 
frequency tree condition, 42 were in the frequency grid 
condition and 44 were in the faces grid condition. The age of 
participants ranged from 18-55 (M= 24.25, SD = 6.01). 
Participants received one extra credit point for their 
participation in the study. 
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Procedure 
 Surveys were distributed randomly among the 
participants. Each participant was given the following problem, 
from which they were asked to make a decision of guilty or not 
guilty: 
 

Last year a review of police records for 100 traffic 
stops showed that out of the 100 people who were 
caught violating a traffic law, 5 of these people were 
driving under the influence (DUI).  All of these five 
people received a positive result on the breathalyzer.  
Of those who were not DUI, 4 out of 95 also received 
a positive result on the breathalyzer.   
  
This year, Sam was pulled over for a traffic violation 
and charged with a DUI (driving with a blood alcohol 
level over the legal limit).  Sam pled not guilty, but the 
breathalyzer taken at the scene provided a positive 
result for a DUI.   
 
You are serving on a jury.  Based on this evidence, 
you must render a decision of “guilty” or “not guilty”.  
The judge’s verdict is based on the majority vote of the 
jury.  To find Sam guilty, you must be certain beyond 
a reasonable doubt.  What is your verdict for Sam, 
who is charged with a DUI?  (Subjects circle “Guilty” 
or “Not Guilty”) 

 
On the next page of the survey participants were given 

the same problem but asked to estimate the probability Sam 
was guilty.  For this specific scenario the base rate is 5 out of 
100. The hit rate is 5 out of 5. The false positive rate is 4 out 
of 95. In order to correctly calculate the posterior probability 
the number of correct positive breathalyzers (5) must be 
divided by all the possible positive breathalyzers (9). The 
calculation of 5/9 = 55.5%, therefore 55.5% is the correct 
posterior probability for this problem.  

Participants were not allowed to use a calculator. 
Participants were allowed to answer in any form such as 
percentage or fraction. All answers were later converted into 
percentages. Responses that were within 5% of the correct 
answer were considered correct Bayesian responses. In addition 
to this question, participants assigned to the visual groups were 
also given one of three visuals on each page (the visuals are 
shown in Figures 1-3). On the third page of the survey, 
participants were asked to establish a probability of guilt they 
would consider acceptable to meet the criteria in a criminal 
case of “beyond a reasonable doubt.” Data were analyzed using 
both a t-test and chi square to measure the effect of visual aids 
on participants’ decisions as well as estimated probabilities. 
The critical values were set at .05.  
 
 
 

 
 

RESULTS 
 

According to the legal definition, “beyond a 
reasonable doubt” (BARD) is a more stringent standard than 
“preponderance of the evidence” which is defined as greater 
than 50% (The People’s Law Dictionary, 2008). The analysis 
revealed that, on average, subjects found the BARD threshold 
to be 85.72% (SD = 22.06), which is consistent with the legal 
definition. Based on the legal definition of BARD as well as the 
subjects’ average (85.72%), we defined “not guilty” as the 
“correct” decision for this experiment. Thus data from 13 
participants who considered BARD to be 50% or lower were 
not analyzed as they lacked appropriate comprehension of the 
concept. The data analyzed for these results are from 156 
participants. 

Four conditions of the visual aids were tested: the 
frequency tree, the frequency grid, the faces grid and the 
control group which received no visual aid. It was hypothesized 
that the frequency tree would be the most helpful for 
calculating posterior probabilities and making accurate 
decisions. The frequency grid and the faces grid were found to 
have similar effects. When comparing the two grid conditions 
there was no significant difference in posterior probability 
estimations [t(80) = -1.29, p = .20]. There was also no 
significant difference in the proportions of decisions made 
(guilty versus not guilty) between the two grid conditions [χ²(1) 
= .01, p =.93]. Furthermore, there was no difference in the 
participants’ ability to estimate a Bayesian posterior probability 
within 5% as a result of the grid condition [χ²(1) = 1.51, p 
=.22]. Because no significant differences were found, the 
frequency grid and the faces grid were combined into one 
group for the remaining analyses.  

 
Posterior Probability Estimates 

The total number of participants that generated the 
correct Bayesian response of 55.5% was 23.7%; an additional 
1.4% of participants who generated the correct Bayesian 
response within 5% (50.5-60.5%) were also included, totaling 
25%. The remaining 69.9% of the participants failed to 
generate a probability within 5%. The mean estimation of the 
posterior probability among the participants was 52.2% (SD = 
36.98). Although the mean posterior probability estimation 
seems close to the correct answer of 55.5%, the large standard 
deviation demonstrates a very large range of estimations. The 
low number of correct responses demonstrates no effect of 
using a visual aid on proportion of correct estimates of the 
posterior probability. 

The incorrect (non-Bayesian) responses were grouped 
into the following categories: conservativism (an estimate of 
5%), base-rate neglect (greater than or equal to 90% but less 
than 100%),  inverse fallacy (100%),  evidence-only (9%), and 
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TABLE 1.  Percentage of participants (number of participants) who 
engaged in various non-Bayesian strategies as a function of visual 
condition. 

_____________________________________________________________________  
   Text-Only       Frequency Tree       Grid 
_____________________________________________________________________ 
Conservativism (5%)  23.1% (6)     14.3% (4)                29.1% (16)  
Base rate neglect (90% and up) 23.1% (6)     32.1% (9                 16.4% (9) 
Inverse fallacy (100%) 3.8% (1)     25.0% (7)                23.6% (13) 
Evidence-only (9%)  3.8% (1)     14.3% (4)                7.3% (4) 
Other   46.2% (12)     14.3% (4)                23.6% (13) 
_____________________________________________________________________ 
*p = .05 for this 3 x 5 chi square analysis 

 
other (responses that did not fit into the other four categories) 
(see Table 1). There was an effect of visual aids on the type of 
non-Bayesian strategy [χ²(8) = 15.49, p =.05].  
 
Decision Making 

The effect of visual aids on decision making 
(specifically, the binary decision regarding guilt rather than the 
computation of probability of guilt) was analyzed using a chi-
square test based on a 2 (decision) by 3 (visual) contingency 
table. The results show the visual aids actually had an opposite 
effect than hypothesized, such that participants who received a 
visual aid were less likely to make the correct decision of “not 
guilty” [χ²(2) = 8.77, p =.01]. When the three different types 
of visuals (the frequency table, frequency grid, and the faces 
grid) were collapsed into one group it became more apparent 
that visuals seem to hinder Bayesian decision making [χ²(1) = 
7.88, p =.005]. Participants were more likely to render a 
verdict of “not guilty” when they only received the text 
(61.5%) relative to those that were given a visual (35.9%). 
Participants were thus 1.71 times more likely to make the 
correct decision of not guilty if given no visual.  

Further analysis sought to examine whether the 
participant’s ability to generate a correct Bayesian probability 
might influence their ability to make the correct decision. The 
results found that participants able to generate the correct 
Bayesian probability were 1.86 times more likely to make the 
decision of “not guilty” [χ²(1) = 10.31, p =.001].  

 
DISCUSSION 

 
In the past, Sedlmeier and Gigerenzer (2001) have 

shown that training participants in the use of frequency trees 
and frequency grids improves ability to calculate correct 
Bayesian probabilities. Their research included an explicit 
tutorial or “rule training” for understanding and interpreting 
visual information in the form of a frequency. They saw a 60% 
increase in participants’ ability to generate correct solutions 
after being given the rule training. Even though our study used 
similar frequency tree and grid formats, the explicit instruction 
in their study seemingly played a crucial role in calculating the 
correct probability. In our study, participants were not taught 
how to use a visual to solve Bayesian reasoning problems; 
rather they were presented with a visual as an aid with no 
explicit instruction. Our research suggests that simply 

providing the visual information without a tutorial is not helpful 
in generating the correct Bayesian response.   

Our study also looked at the element of decision 
making. Again, decision making refers to the decision made 
rather than the mathematical computation of the probability. 
The literature on the effect of visuals on decision making is 
mixed. Researchers like Edwards, Elwyn and Mulley (2002) 
have found success while others have not. Peters, Dieckmann, 
Dixon, Hibbard and Mertz (2007) found that pairing numerical 
data with symbols caused a slight decrease in correct decision 
making. Although the findings in their experiment were 
insignificant they noticed that the presence of symbols 
negatively affected comprehension. Peters et al. (2007) 
concluded that symbol choice was vital to comprehension, 
noting that some symbols may be more confusing for the 
participant than helpful. Our findings were similar in that the 
visual aids may have had a negative effect on decision making. 
Similar to Peters et al. (2007), the visuals in our experiment 
may have been more confusing, causing participants to use 
incorrect or non-Bayesian strategies.  

The findings of this study suggest that multiple non-
Bayesian strategies were used when calculating posterior 
probabilities. When looking directly at the incorrect estimates 
we see some potential relationships between the visual provided 
and the non-Bayesian strategy used. Those that received the 
frequency grid diagram tended to use the conservatism strategy 
(estimate of 5%). Participants that received this visual may 
have been biased to focus on the shaded cases, disregarding the 
unshaded cases. Those that received a frequency tree tended to 
use the inverse fallacy strategy (estimate of 100%) and the base 
rate neglect strategy (estimate of 90% and higher). Participants 
that received this visual may have only focused on one side 
(guilty or not guilty) of the tree, disregarding pertinent 
information on the other side (namely, false positive rate). 
Providing visual aids without direction on how to read them 
may in fact increase the likelihood of using these strategies.  

Future research may examine how to increase 
understanding and ability to calculate optimal responses by 
modeling other types of past research. “Probe” questions 
regarding the scenario may help participants understand the 
problem (e.g., asking subjects to first identify the hit rate or 
false positive rate). Cosmides and Tooby (1996) found that 
when given these guiding questions there was a large increase 
in correct Bayesian responses from 12% for the non guided 
control group to 76% in the probe question group. Answering 
these questions requires first identifying the information 
necessary to calculate the correct Bayesian response. However, 
in the future, probe questions could be coupled with visual 
aids, in order to better gauge the comprehension resulting from 
the visual. One limitation to our study was that participants 
may not have taken the time to understand the problem or the 
visual aid. Participants may have simply guessed rather than 
taken the time to comprehend the information and use it 
appropriately in their calculation. Using probe or guiding 
questions will help to make sure participants attend to the 
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information necessary to accurately calculate the final posterior 
probability.  

Another change that could be made to this experiment 
in the future would be to provide a similar scenario and visual 
aid with a correct solution prior to the experimental (unsolved) 
scenario. The solution to the first problem would act as a key 
to help participants transfer the provided knowledge to the 
experimental problem. This would also test participants’ 
understanding of the visual aid rather than simply a prior 
understanding of solving Bayesian problems. Participants may 
be more accurate in their estimations of posterior probabilities 
if they learn how to read the diagram using a similar problem. 
The results of this experiment could then be compared to the 
results of the guided question experiment to see the differences. 
Another aspect of our study that differs from previous research 
is the decision of guilt. Participants in our study were asked to 
render a verdict of guilty or not guilty. Participants that were 
able to calculate the correct Bayesian probability were almost 
twice as likely to make the decision of not guilty.  

One possible limitation of our study was that BARD 
was not specifically (numerically) defined, however, in the 
legal system, BARD does not have a discrete value and is not 
provided to a jury as such. The majority of participants in this 
study agreed that BARD was approximately 85%, 
demonstrating that participants generally agreed with its 
conceptual definition. In future research, it may be helpful to 
put the BARD question at the beginning of the survey rather 
than the end. This may help participants set a standard that 
must be met in order to be considered guilty as well as 
eliminate discrepancies between participants’ answers and the 
decisions that they make.  

Visual aids are frequently used in the medical field 
(Schapira et al., 2001). One reason these aids may be 
considered helpful is because the doctor is there to help guide 
them through the problem. Instead of simply giving the patient 
the visual aids, the doctor can actively explain the content and 
how to interpret the meaning of the visual aid, making it easier 
for the patient to understand. Guiding a patient through the 
visual aid may in fact be the key element as to what makes 
them beneficial, which is supported by Sedlmeier and 
Gigerenzer’s (2001) research.  

Overall, understanding of Bayesian reasoning is 
important for all people in everyday life. Given that people 
typically have poor understanding and problem solving skills of 
Bayesian problems, it could be beneficial to provide detailed 
education  of  Bayesian  reasoning.   Doctors  and  many  other  

 
 
 
 
 
 
 
 
 
 

professionals deal with  Bayesian problems on a  frequent basis  
and a detailed knowledge and understanding may prove very 
helpful for practitioners and clients alike. Bayesian problem 
solving skills may also prove beneficial for the layperson when 
trying to reach a verdict in a real trial, or deciding which 
medical procedure they should choose. 
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