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Fig. 1. The visualization conditions used in the study. We randomly assigned each participant to one of the five visualization conditions
or a text-only condition. Participants entered 25 lotteries with each of the seven risk values {.05, .1, .25, .5, .75, .9, .95}. Although we had
no control over the display size, the default size of the visualizations were 200×200 pixels, and the colors were colorblind safe.

Abstract—Data visualizations are standard tools for assessing and communicating risks. However, it is not always clear which designs
are optimal or how encoding choices might influence risk perception and decision-making. In this paper, we report the findings of a
large-scale gambling game that immersed participants in an environment where their actions impacted their bonuses. Participants
chose to either enter a lottery or receive guaranteed monetary gains based on five common visualization designs. By measuring risk
perception and observing decision-making, we showed that icon arrays tended to elicit economically sound behavior. We also found
that people were more likely to gamble when presented area proportioned triangle and circle designs. Using our results, we model risk
perception and discuss how our findings can improve visualization selection.

Index Terms—Visualization; Decision-Making; Proportion Estimates; Risk Behavior; Decision Theory

1 INTRODUCTION

There are several competing views on what it means to make a decision.
Such choices include deciding whether to bike or drive based on the
chance of rain, whether to opt for preventive health care based on the
likelihood of developing a disease or whether to enter a gamble based
on the chance of winning a prize. Economic theorists view decision-
making as a selection between alternatives based on a weighted sum of
probabilities [15]. However, many scholars in the fields of economy and
psychology posit that there are a number of factors that can influence
decision-making, including the way information is presented. In many
cases, it is increasingly common to use data visualization to support
reasoning about risks and to aid sound decision-making [13].

There is a wide sampling of work that investigates a variety of vi-
sualization designs for communicating risks. Researchers have used
real-life scenarios such as catching a bus, playing a battleship game
or predicting a weather forecast to evaluate how visualizations such as
dotplots, Value-Suppressing Uncertainty Palettes (VSUPs) and more
elementary charts such as line graphs affect decisions [3, 7, 10]. At the
same time, we have seen an increased prevalence of visualization in
communicating statistical information to the general public. For exam-
ple, the ‘flatten the curve’ visualization helped shape the public lexicon
during the COVID-19 pandemic. This phenomenon demonstrates that
visualization can have a significant impact on society, especially when
decisions are life-altering. However, a designer can represent the same
data using different, yet equally theoretically valid visualization de-
signs [12], and it is sometimes difficult for designers to identify the best
fit for the data [14]. The goal of this paper is to establish clear guide-
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lines for visualization selection by investigating how design choices
can create distortion and impact decision-making under risk.

In this paper, we utilize a real-life gambling game with financial in-
centive to investigate the effect of five visualization designs on decision-
making under risk. Consider the following hypothetical gamble [9]:

Which do you prefer?
A: 50% chance to win $1000, 50% chance to win $0
or
B: $450 for sure

Decision theorists have long studied simple gambles such as this be-
cause they provide a straightforward framework that shares key charac-
teristics with complex real-world situations [2]. The lottery scenario is
a useful test-bed because one need only to weigh the risk of entering
the lottery against the possible return associated with the guaranteed
payment. By modeling decision-making behavior for each visualization
design, our work provides a basis for visualization selection. We make
the following contributions:

• We demonstrate the effect of probability distortion on risk be-
havior. Participants in the visualization groups were more risk
seeking with small probabilities and more risk averse with large
probabilities.

• We show that visualization design influences risk behavior. Icon
lead to the most economically rational decision-making while
triangle and circle supported more risk-averse decisions.

2 BACKGROUND

Risk taking has been studied by scholars within a broad range of fields,
from business to engineering to health care and developmental edu-
cation. The consequences of people’s actions in the presence of risk
are often dramatic, hence the importance of investigating how risk is
communicated and perceived [17]. In everyday domains that involve
uncertainty, visualization is often used as a tool to communicate risks.

In the medical field, for example, Galesic et al. conducted an ex-
periment where patients were shown the risk of a disease in either a
numerical or a visual format [6]. Participants in the study were asked to



rate the seriousness of the disease and the importance of screening on a
scale of 1 to 15. The results showed that participants who saw the infor-
mation in a numerical format rated the disease as more serious than it
really is compared to the group who were shown icon arrays. Galesic et
al. stated that visual aids help patients to make more informed medical
decisions [6]. Similarly, Ruiz et al. conducted a study where they asked
at-risk patients to decide whether they would opt for screening based on
hypothetical risk information about the disease [16]. They confirmed
the prior finding that people are more risk-averse when presented with
icon arrays.

There is extensive literature on risk communication and decision-
making in the visualization community. Kay et al. used visualization to
communicate uncertainty of transit data [10]. They found that quantile
dotplots lead to significantly better outcomes when making decisions
about when to catch a bus. Fernandes et al. built on Kay’s work and
found that both quantile dotplots and cumulative distribution function
plots outperform text when making similar decisions [4].

While surveys and hypothetical scenarios have often been used in
the medical field, some researchers such as Kay and Fernandes have
observed users in action by immersing them in real-life simulations.
Bisantz et al. used a missile defense game to evaluate how well users
make decisions under uncertainty [1]. Moreover, Fernandes et al. ar-
gued that decisions are best observed when using financial incentive [4].
In their study, participants were compensated based on how well they
minimized their wait time at the bus stop while still being on time to
catch their bus. In this paper, we adopted a similar approach where
participants engage in realistic decision-making and are compensated
according to their choices.

In particular, we situate our approach to investigate how visualization
influences decision-making in Decision Theory. We created a real-
life gambling scenario and observed participants’ lottery decisions to
provide a framework that can improve visualization selection to assist
decision-making in a number of areas.

2.1 Decision Theory
Economists and psychologists have long studied how people make
choices under risk by investigating prospects or gambling scenarios. A
prospect is a contract:

(x1, p1 : ... : xn, pn), (1)

that yields xi with probability pi, where ∑
n
i=1 pi = 1 [9]. Prospects

provide a simple model for understanding risky decisions.
The classical method for evaluating a gamble is through assessing

its expected value. The expected value of a prospect is the sum of the
outcomes where the probabilities weight each value:

ev =
n

∑
i=1

pixi (2)

For example, consider the gambling scenario in section 2.1, the ex-
pected value of option A is 500 (ev = .5× 1000 + .5× 0) and the
expected value of option B is 450 (ev = 1×450). A rational decision-
maker would then choose option A over option B. However, most
people would choose the sure payment of $450. This highlights the
perhaps obvious conjecture that humans are not always rational.

One of the dominant theories of decision making, Expected Utility
Theory (EUT), has served for many years as both a model that describes
economic behaviors [5] and a model of rational choice [11]. In par-
ticular, it states that people make choices based on their utility - the
psychological values of the outcomes. Using EUT, we can assess the
overall utility of a gamble by summing the utilities of the outcomes
weighted by their probabilities.

U =
n

∑
i=1

piu(xi)

This model, however, still assumes that most humans are rational and
consistent, and solely decide on prospects based on their utility [9].

A refinement of EUT that is used to describe risk perception and
decision-making with risk empirically is known as Prospect Theory [9].
The theory posits that people tend to underweight common or high-
frequency events while over-weighting rare or low-frequency events.
Typically, there is a probability weighting function π where

π(p)> p, when p is small, and
π(p)< p, when p is large but not a certainty

π reflects the subjective desirability of a choice, which in practice
replaces the stated probabilities with weighting factors π(p). Fur-
thermore, Prospect Theory stipulates that such a phenomenon has a
two-fold impact on binary decision-making: (1) people tend to favor
the option of getting a large gain with a small probability over getting
a small gain with certainty, and (2) people tend to prefer a small loss
with certainty over a large loss with tiny probability. Lotteries can be
expressed in terms of gains or losses. For our purpose, we limit our
scope to the gain domain.

Relevant to the current work, Bruhin et al. [2] conducted a series of
large scale lottery studies and classified the distributions of behavioral
types of different portions of the population based on how closely their
behaviors are to that described by EUT and Prospect Theory. They
analyzed the Relative Risk Premia, a descriptive metric of how risk-
seeking or risk-averse a choice is [2]. They showed that participants
were risk-seeking for low-probability gains and risk-averse for high-
probability gains.

3 RESEARCH QUESTIONS

This paper extends the prior research by investigating the complex
relationship between visualization design, risk perception, and decision-
making. Prior work in psychology and economic theory provides a
convenient framework to investigate this relationship. In particular, we
leverage a classical task for eliciting decision-making under risk by
observing actions as participants chose between entering a gamble and
receiving a guaranteed bonus payoff. We used five common designs and
a text condition to display seven lottery probability values that ranged
from a 5% to a 95% chance of winning. We framed the following
research questions to guide our investigation:

1. Do probability values impact decision-making under risk?
2. Does visual encoding impact decision-making under risk?

4 EXPERIMENT

We recruited 300 participants from Amazon Mechanical Turk. There
were 193 men and and self-reported ages ranged from 19 to 65 years
(µ = 34.0;σ = 9.01). 56% of our participants self-reported to have
completed at least a college education. Each participant had a HIT
approval rate of 98% with at least 100 approved HITs. We did not
limit geographical location, but we required all subjects to be English-
speaking between 18 and 65 years. We paid a base rate of $1.00, plus
a bonus of up to $10.70 depending on the lottery outcomes. Bonus
payments range from $4.35 to $9.30 (µ = $7.22;σ = $0.94). Partici-
pant worked at their own speed and the average completion time was
approximately 29 minutes.

4.1 Procedure
After selecting the task on Mechanical Turk, participants consented per
[redacted for anonymity] IRB protocol. They read the instructions for
the study and completed one trial round using the donut diagram exam-
ple shown on page 2. Then they saw a short tutorial that explained the
selections and the bonus calculation. Specifically, we explained that par-
ticipants needed to select one of the lottery options where they switched
either decision, as the system automatically populated the remaining ra-
dio buttons. To prevent potential biasing, we used a donut chart for the
instructions which was not a visualization condition in the study. Each
participant was randomly assigned a visualization condition drawn from
the set {icon, pie, circle, triangle, bar, and none} where none is the
text-only condition. They were presented with 25 two-outcome lotteries



Fig. 2. The example lottery sheet used in the study, with a different
visualization and reward prize. Participants only needed to select the row
where they switched either decision.

Table 1. The prospects that were used in the study. p1 denotes the
probabilities (p2 = 1− p1) and x1 and x2 are the outcomes. We used a
point system for the outcomes where 1 point equaled $0.01. Participants
saw all combinations in a random order.

p1 x1 x2 p1 x1 x2 p1 x1 x2
.05 20 0 .25 50 20 .75 50 20
.05 40 10 .50 10 0 .90 10 0
.05 50 20 .50 20 10 .90 20 10
.05 150 50 .50 40 10 .90 50 0
.10 10 0 .50 50 0 .95 20 0
.10 20 10 .50 50 20 .95 40 10
.10 50 0 .50 150 0 .95 50 20
.25 20 10 .75 20 0
.25 40 10 .75 40 10

(n = 2) that were choices between risky and certain gains. The prob-
abilities, pi, were drawn from the set P = {.05, .1, .25, .5, .75, .9, .95}
and the outcomes x1 and x2 ranged from 0 to 150 points. Table 1 sum-
marizes the probability and outcome combinations used in the study.
The order of the sheets was counterbalanced to prevent ordering effects.

4.2 Measures
The experiment included the following independent variables:

• 7 Probability Values: {.05, .1, .25, .5, .75, .9, .95}
• 6 Visualizations: {icon, pie,circle, triangle,bar,none}

To measure decision quality, our dependent variable was:

• RRP: The Relative Risk Premia is used to evaluate the quality
of the lottery decisions [2] and can be seen as a measure of
rationality.

RRP = (ev− ce)/|ev|,

where ev denotes the expected value of the lottery outcome and
ce is the certainty equivalent of the lottery. We can calculate the
utility of a given prospect using equation (2) from section 2.2. We

calculate the lottery’s certainty equivalent as the average of the
smallest certain amount that the participant selected on the sheet
and the subsequent certain amount on the sheet. For example, let
us assume that figure 2 indicates a participant’s selection. The
certainty equivalent here is 525 ( ce = (550+500)/2 ).

RRP > 0 indicates risk aversion, RRP < 0 implies risk seeking
behavior and RRP = 0 suggests risk neutrality.

4.3 Hypotheses
Following our experiment design, we formed the following hypotheses:

Our hypotheses were:

• H2a: The decisions that we observe will follow Prospect Theory.
In particular, we anticipate that participants will be risk-seeking
for small probabilities (RRP < 0) and risk-averse for large proba-
bilities (RRP > 0) gains [9].

• H2b: We hypothesize that visualization design will influence
decision-making. Previous research has shown that people are
more risk averse when presented icon arrays compared to text
[16]. Therefore, we anticipate that participants in the icon group
will be less risk-taking compared to the none group (RRPicon >
RRPnone)

4.4 Results
4.4.1 The impact of visualization on monetary risk-taking
Our analyses utilized RRP to investigate the impact of visualization
on the quality of lottery decisions. Figure 3 shows the distribution
of RRP across different probability values and charts. We observed
overall median RRP values of 0, 0.0155, 0.0273, -0.6625, -0.0500, and
0.0167 for icon, pie, bar, triangle, circle, and none respectively. The
results show a similar behavioral pattern across all of the visualization
conditions. Confirming H2a and replicating prior work [2], we found
that participants were risk seeking for low probabilities (RRP < 0) and
risk averse for high probabilities (RRP > 0).

We ran separate Kruskal-Wallis H non-parametric tests to determine
whether the population medians for each of the probability values were
dependent on the visualization types. The overall model revealed signif-
icant differences between the groups’ RRP distributions for each proba-
bility values, χ2(4,N = 8475) = 3408.1, p = 2.2e−16 and η p2 = .05.
Then, we ran separate Wilcoxon Mann-Whitney tests with Bonferroni-
adjusted alphas for visualization conditions across all probability values
(see Figure ??). We found that the risk-taking behaviors for partici-
pants in the circle and triangle groups deviated significantly from the
none group, suggesting that visualization can influence decisions, thus
confirming H2b.

Fig. 3. From the RRP results, we observed that participants were risk
seeking for small probabilities and risk averse for large probabilities.



Fig. 4. Logarithmic model for RRP across p. We observe that small
probabilities lead to risk seeking behavior and large probabilities lead to
risk averse behavior. Overall, the bar condition is the most similar to the
text condition

4.4.2 Regression Model for RRP
Our analysis examined a linear and a logarithmic regression using
individual observations. We determined based on AIC and deviance
that the logarithmic model was the best fit for every chart 1. The
logarithmic model takes the form:

yv = βv0 +βv1 ln(x),

where y represents the outcome variable and x is the true probability.
All models were significant with p < 001, providing evidence that p
affects RRP (see Figure 4). The final regression models were:

• icon: 0.5296+1.0313ln(p)
• pie: 0.5243+0.9653ln(p)
• circle: 0.4411+0.9029ln(p)
• triangle: 0.1353+0.8828ln(p)
• bar: 0.5281+0.8236ln(p)
• none: 0.4307+0.7484ln(p)

4.5 Discussion
Across all conditions, participants were risk-seeking with low-
probability values and risk-averse with high probabilities. This repli-
cates prior findings in the economics domain [2] and confirms Prospect
Theory [9]. Moreover, we showed that risk behavior varies across
different visualization designs.

4.5.1 The impact of visualization on monetary risk behavior
Among the designs in this study, we found that icon led to the least
deviation from risk neutrality, with a median RRP of 0. However, our
regression models (shown in Figure 4) suggest that participants in
the bar group exhibited behavior that was most similar to the none
group. These findings highlight the tension between the two possible

1Although we report only a logarithmic regression, our analysis also exam-
ined a simple linear regression. We determined, based on the AIC and deviance
values (refer to supplementary material 1.2), that the logarithmic model was the
best fit for every chart.

interpretations of our results. On the one hand, according to economic
theory, to maximize expected utility one should be risk neutral. Thus
in the context of monetary decision-making, we show that icon was
most likely to elicit risk neutrality and is therefore the most effective
design. On the other hand, the goal of the study is to understand the
impact of the visualization on monetary risk behavior, thus implying a
comparison to the control (none) condition which represents expected
behavior. We show that presentation can influence risk behavior, and
demonstrate that the circle and triangle groups deviated significantly
from the none group (Figure ??). However, there is no consensus for
what constitutes sound decision-making, and the preferred visualization,
whether icon, bar, or pie may be context-dependent.

Our results only partially confirm the findings of prior work that
indicated that icon arrays may lead to more risk-averse behavior [16].
We found that participants in the icon group were markedly more risk
averse than the none group when p = .05, but we observed no signifi-
cant difference overall. This may be due to the contextual differences in
the experiment designs and measures of decision making. Future work
is needed to investigate contextual effect on risk taking behavior 2.

4.5.2 Design Implications
We began our investigations by drawing inspiration from designs used
in the medical community. In the context of medical risk, there is no
consensus on what constitutes a good medical decision, nor how to eval-
uate them [8]. In addition, considering the vast situational differences
between an online user study and real-world medical decision-making,
we hesitate to generalize our results. Still, the findings in this paper
provide anecdotal evidence of the impact of the visualization on risk
taking behavior. These results are particularly relevant given the in-
creased popularity of visualization use by the general public to monitor
the COVID-19 pandemic. Shared decision-making is also common
practice, and patients make decisions based on risk factors, often using
designs similar to the ones in this paper.

Our experiment indicates that triangle and circle elicited risk-seeking
behavior with the greatest deviation from risk neutrality. They were the
only two conditions for which participants’ behavior differed from the
control group (none). Our results provide immediate considerations for
researchers and practitioners.

4.5.3 Limitations and Future Work
Although RRP provides a convenient measure for us to summarize and
classify risk taking behavior, we hesitate to draw conclusions about
the quality of the decisions that we observed. The desirability of the
risk-seeking or risk-averse behavior is context dependent. Moreover,
participant bias needs to be taken into account. Still, risk neutrality
is an objective measure of rational decision-making, and using RRP
allows us to quantify and model departures from risk neutrality.

One limitation of the study is that we only used gambling scenarios
as a measure of the decision-making. We selected gambling, as pre-
sented in this experiment, because it is a basic judgment task similar to
the ones that people typically perform in everyday situations. However,
we did not explicitly control for participant level differences and pre-
disposition to gambling. Further investigations are needed to replicate
this finding with differing pools of participants and different scenarios.

Another limitation is the anchoring effect caused by certain proba-
bility values such as 0.25, 0.5, 0.75 on visualizations such as pie, that
facilitated decoding. An extension of this study would be to conduct
the experiment with intermediate values to minimize the anchoring
effect.

5 CONCLUSION

An analysis of gambling decisions found some consistent behavioral
patterns across all visualization conditions. We found that participants
were risk-seeking with low-probabilities and risk averse with high
probabilities. Furthermore, our results show a significant effect of

2Our prior work shows differences in probability perception across visual-
ization designs consistent with the current findings. See supplementary material
2.1



visualization on risk attitudes. For instance, subjects in the circle and
triangle groups exhibited greater risk-seeking behavior on average and
all visualizations exhibited greater risk-seeking behavior compared to
the text condition.

ACKNOWLEDGMENTS

The authors wish to thank A, B, and C. This work was supported in
part by a grant from XYZ (# 12345-67890).

REFERENCES

[1] A. M. Bisantz, D. Cao, M. Jenkins, P. R. Pennathur, M. Farry, E. Roth,
S. S. Potter, and J. Pfautz. Comparing uncertainty visualizations for a
dynamic decision-making task. Journal of Cognitive Engineering and
Decision Making, 5(3):277–293, 2011.

[2] A. Bruhin, H. Fehr-Duda, and T. Epper. Risk and rationality: Uncovering
heterogeneity in probability distortion. Econometrica, 78(4):1375–1412,
2010.

[3] M. D. Correll M and H. J. Value-suppressing uncertainty palettes. 2018.
[4] M. Fernandes, L. Walls, S. Munson, J. Hullman, and M. Kay. Uncertainty

displays using quantile dotplots or cdfs improve transit decision-making.
Proceedings of the 2016 CHI Conference on Human Factors in Computing
Systems, 2018.

[5] M. Friedman and L. J. Savage. The utility analysis of choices involving
risk. Journal of political Economy, 56(4):279–304, 1948.

[6] M. Galesic and R. Garcia-Retamero. Using Icon Arrays to Communicate
Medical Risks: Overcoming Low Numeracy. Health Psychology, 2009.

[7] M. Greis, A. Joshi, K. Singer, and T. Schmidt, Albrecht abd Machulla.
Uncertainty visualization influences how humans aggregate discrepant
information. CHI, 2018.

[8] J. G. Hamilton, S. E. Lillie, D. L. Alden, L. Scherer, M. Oser, C. Rini,
M. Tanaka, J. Baleix, M. Brewster, S. C. Lee, et al. What is a good
medical decision? a research agenda guided by perspectives from multiple
stakeholders. Journal of behavioral medicine, 40(1):52–68, 2017.

[9] D. Kahneman and A. Tversky. Prospect theory: An analysis of decision
under risk. In Handbook of the fundamentals of financial decision making:
Part I, pp. 99–127. World Scientific, 2013.

[10] M. Kay, T. Kola, J. R. Hullman, and S. A. Munson. When (ish) is my bus?:
User-centered visualizations of uncertainty in everyday, mobile predictive
systems. In Proceedings of the 2016 CHI Conference on Human Factors
in Computing Systems, pp. 5092–5103. ACM, 2016.

[11] R. L. Keeney and H. Raiffa. Decisions with multiple objectives: prefer-
ences and value trade-offs. Cambridge university press, 1993.

[12] J. Mackinlay, P. Hanrahan, and C. Stolte. Show me: Automatic presenta-
tion for visual analysis. IEEE transactions on visualization and computer
graphics, 13(6):1137–1144, 2007.

[13] L. M. Padilla, S. H. Creem-Regehr, M. Hegarty, and J. K. Stefanucci. Deci-
sion making with visualizations: a cognitive framework across disciplines.
Cognitive research: principles and implications, 3(1):29, 2018.

[14] A. V. Pandey, K. Rall, M. L. Satterthwaite, O. Nov, and E. Bertini. How
deceptive are deceptive visualizations? an empirical analysis of common
distortion techniques. In Proceedings of the 33rd Annual ACM Conference
on Human Factors in Computing Systems, pp. 1469–1478, 2015.

[15] D. Prelec and G. Loewenstein. Decision Making Over Time and Under
Uncertainty: A Common Approach. Management Science, 1991.

[16] J. G. Ruiz, A. D. Andrade, R. Garcia-Retamero, and R. Anam. Communi-
cating global cardiovascular risk: Are icon arrays better than numerical
estimates in improving understanding, recall and perception of risk? Pa-
tient Education and Counseling, 2013.

[17] J. F. E. Yates. Risk-taking behavior. In Wiley series in human performance
and cognition. John Wiley & Sons., 1992.


	Introduction
	Background
	Decision Theory

	Research Questions
	Experiment
	Procedure
	Measures
	Hypotheses
	Results
	The impact of visualization on monetary risk-taking
	Regression Model for RRP

	Discussion
	The impact of visualization on monetary risk behavior
	Design Implications
	Limitations and Future Work


	Conclusion

