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Summary

Summary

When people make decisions, the consequences of their choices are often not certain, but
rather choices can lead to different outcomes, each with a different probability. In such
decisions under risk, choices have been shown to not only depend on the available
options but also on the environment they are made in. This dissertation aims to provide
further insights into how the structure of the environment influences information
processing in decisions under risk. Thereby, it focuses on both the way people learn
about information and time constraints as features of the environment and studies
decisions under risk in the basic and an applied domain. Further, the projects of this
dissertation go beyond the examination of choice behavior by also studying response
times and by implementing computational modeling. Together, the three research papers
aim to answer open questions regarding the role of the environment in decisions under
risk.

In Research Paper 1, we study the role of choice context in decisions under risk.
Previous research has shown that people seem to evaluate risky options differently
depending on whether they learn about them from a summary description or from
drawing sequential samples from the payoff distribution (i.e., through experience).
However, it is unclear how the learning mode of the alternative option influences the
evaluation of an option. When choosing between a described and an experienced option,
are options also evaluated differently within a choice or rather jointly? To answer this
question, we compared people’s choice and search behavior in such a mixed condition
with their behavior in a purely description- or experience-based condition. Using
cumulative prospect theory to model choices and map people’s subjective representations
of outcome and probability information, we found evidence for a joint subjective
representation of outcomes and probabilities which differed from that in the purely
description-based and purely experience-based conditions. Finally, per-option search
effort in the mixed condition was higher than in the purely experience-based condition
and was sensitive to features of the described option. In conclusion, these findings
highlight the role of choice context and, specifically, the reciprocal influence of options
and their respective learning mode when people construct preferences in risky choice.

In Research Paper 2, we investigate how adaptively people trade off the costs and

benefits of time when there are opportunity costs of time. When making choices,
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deliberation time is often costly but also promises to improve decision making. We
investigate to what extent people respond to the costs and benefits of time adaptively.
Using the drift diffusion model as a computational framework, we first determined with
computer simulations how boundary separations should be adaptively set in order to
maximize payoffs depending on the differences in options’ value and the level of
opportunity costs. Subsequently, we conducted three empirical experiments to study if
people behave in accordance with the implications of the simulations. Across all
experiments, participants did not adaptively take into account the level of opportunity
costs and the differences in option value when making decisions. As a result, estimated
boundary separations deviated from the optimal ones. In conclusion, people seem to have
limited abilities to adjust their information processing adaptively to varying levels of
value differences and opportunity costs.

In Research Paper 3, we study how much cognitive effort the processing of
medical information requires depending on the presentation format. Previous research
has shown that people understand the benefits and risks of treatments better when they
are presented graphically (e.g., as icon arrays) than when numbers are used to
communicate them. However, it is unclear how much cognitive effort the processing of
the information in different formats requires and how effortful the comparison of
treatments is if they are presented in different formats (i.e., inconsistently). The results of
our preregistered experiment showed that answering knowledge questions with icon
arrays (vs. numbers) required more cognitive effort. Further, having to compare
inconsistently (vs. consistently) presented medications led to worse decisions and
knowledge. In conclusion, our findings demonstrate the value of studying information
processing in risk communication for understanding how, why, and under which
conditions presentation formats improve medical decision making.

Studying decisions from different perspectives and in different domains, this
dissertation provides comprehensive insights into the role of the environment in
decisions under risk. By implementing novel research paradigms and using
computational modeling, the research papers shed light onto how information processing
is affected by the way information is presented and by constraints of time. More
generally, the findings emphasize the importance of considering environmental features

for a better understanding and ultimately improvement of human decision making.



Zusammenfassung

Zusammenfassung

Wenn Menschen Entscheidungen treffen, sind deren Ausgéange oft nicht sicher. Vielmehr
kann eine Entscheidung zu unterschiedlichen Ausgéngen fihren, die jeweils mit
unterschiedlichen Wahrscheinlichkeiten auftreten. In solchen Entscheidungen unter
Risiko héngen die getroffenen Entscheidungen nicht nur von den zur Verfiigung
stehenden Option ab, sondern auch von der Umwelt, in der sie getroffen werden. Das
Ziel der vorliegenden Dissertation ist, weitere Erkenntnisse daruber zu erméglichen, wie
die Struktur der Umwelt die Informationsverarbeitung in Entschei-dungen unter Risiko
beeinflusst. Dabei liegt der Schwerpunkt der Dissertation auf der Art und Weise, wie
Menschen Uber Informationen lernen, und der verfugbaren Zeit als zwei Eigenschaften
der Umwelt. Die Dissertation untersucht Entscheidungen unter Risiko im
Grundlagenbereich und einem angewandten Bereich. AuBerdem geht die Dissertation
Uber die Untersuchung von Entscheidungsverhalten hinaus, indem sie
Informationssuchverhalten und Reaktionszeiten analysiert und komputationale
Modellierung einsetzt. Als Ganzes mdchten die drei Forschungspapiere offene Fragen
zur Rolle der Umwelt bei Entscheidungen unter Risiko beantworten.

Im ersten Forschungspapier untersuchen wir die Rolle des Kontexts in
Entscheidungen unter Risiko. Frihere Forschung hat gezeigt, dass Menschen Optionen
unterschiedlich evaluieren, je nachdem, ob sie Uber diese anhand von Beschreibungen
lernen oder durch das sequenzielle Ziehen von Stichproben, also durch Erfahrung.
Jedoch ist unklar, wie sich der Lernmodus der alternativen Option auf die Evaluation
einer Option auswirkt. Werden die Optionen auch unterschiedlich evaluiert, wenn
Menschen sich zwischen einer beschriebenen und einer erfahrenen Option entscheiden,
oder werden diese in ahnlicher Weise evaluiert? Um diese Frage zu beantworten,
verglichen wir das Entscheidungs- und Informationssuchverhalten in einer solchen
Mixed-Bedingung mit dem Verhalten in Entscheidungen zwischen zwei beschriebenen
oder zwei erfahrenen Optionen. Durch die Verwendung der Cumulative Prospect Theory
zur Modellierung von Entscheidungen und Erfassung der subjektiven Reprasentation von
Outcomes und deren Wahrscheinlichkeiten fanden wir Hinweise auf eine gemeinsame
Représentation, die sich jedoch von der in rein beschreibungsbasierten oder rein
erfahrungsbasierten Entscheidungen unterschied. Dartiber hinaus war die Anzahl der

gezogenen Stichproben in der Mixed-Bedingung groRer als in der Bedingung mit zwei
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erfahrenen Optionen und hing von Eigenschaften der beschriebenen Option ab.
Insgesamt heben diese Befunde die Rolle des Entscheidungskontextes hervor sowie den
gegenseitigen Einfluss der Optionen und deren Lernmodus bei der Entwicklung von
Préferenzen in Entscheidungen unter Risiko.

Im zweiten Forschungspapier erforschen wir, wie adaptiv Menschen Kosten und
Nutzen von Zeit in Entscheidungen unter Risiko mit Opportunitdtskosten von Zeit
abwdagen. Wenn Menschen Entscheidungen treffen, ist Entscheidungszeit oft kostbar,
jedoch kann sie auch Entscheidungen verbessern. Unsere Forschung untersucht,
inwiefern Menschen adaptiv mit Kosten und Nutzen von Zeit umgehen. Wir verwendeten
das Drift-Diffusionsmodell, um mithilfe von Computersimulationen zu bestimmen, wie
der Abstand zwischen den Antwortschwellen in Abhangigkeit von den Wertunter-
schieden der Optionen und der Héhe der Opportunitatskosten sein sollte, um Gewinne zu
maximieren. AnschlieBend fuhrten wir drei empirische Experimente durch, um zu
untersuchen, ob Menschen sich im Einklang mit den Ergebnissen der Simulation
verhalten und adaptiv mit Zeit umgehen. Uber alle Experimente hinweg haben
Versuchspersonen die Unterschiede zwischen den Werten der Optionen nicht in
adaptiver Weise beriicksichtigt, sodass sich die geschatzten von den optimalen
Schwellenabstdanden unterschieden. Zusammengefasst zeigen die Ergebnisse, dass
Menschen nur begrenzte Fahigkeiten haben ihre Informationsverarbeitung in adaptiver
Weise an an unterschiedliche Wertunterschiede und Opportunitatskosten anzupassen.

Im dritten Forschungspapier untersuchen wir, wie viel kognitive Leistung die
Verarbeitung von medizinischen Informationen erfordert abhdngig davon, wie sie
dargestellt werden. Fruhere Forschung hat gezeigt, dass Menschen die Nutzen und
Risiken von Medikamenten besser verstehen, wenn sie grafisch (z.B. als Icon Arrays)
dargestellt werden, als wenn sie mithilfe von Zahlen préasentiert werden. Es ist jedoch
unklar, wie viel kognitive Leistung die Verarbeitung von Informationen je nach Format
erfordert und wie kognitiv aufwandig der Vergleich von Medikamenten ist, die in
verschie-denen Darstellungsformaten, also inkonsistent, prasentiert werden. Die
Ergebnisse unseres praregistrierten Experiments zeigten, dass das Beantworten von
Wissensfragen bei Icon Arrays mehr kognitive Leistungen erforderte als bei Zahlen.
Zudem fihrte das Vergleichen von inkonsistent dargestellten Informationen zu
schlechteren Leistungen in der Entscheidung und den Wissensfragen. Insgesamt
verdeutlichen  unsere  Befunde, wie  wichtig die  Untersuchung  der

Informationsverarbeitung in der Risikokommunikation ist, um besser zu verstehen, wie,
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warum, und unter welchen Bedingungen bestimmte Prasentationsformate medizinische
Entscheidungen verbessern kénnen.

Indem diese Dissertation Entscheidungen aus unterschiedlichen Perspektiven und
in verschiedenen Bereichen untersucht, bietet sie umfassende Erkenntnisse tber die Rolle
der Umwelt bei Entscheidungen unter Risiko. Durch die Verwendung von innovativen
Forschungsmethoden und komputationaler Modellierung zeigt die Dissertation auf, wie
Informationsverarbeitung davon beeinflusst wird, wie Menschen Gber Information lernen
und wie verfugbar und kostspielig Zeit ist. Dariiber hinaus heben die Befunde hervor,
wie wichtig es ist, Eigenschaften der Umwelt zu beriicksichtigen, um Entscheidungen

besser verstehen und letztendlich auch verbessern zu kdnnen.
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Synopsis

Kevin E. Tiede!?

!Graduate School of Decision Sciences, University of Konstanz

“Department of Psychology, University of Konstanz



Chapter 1

1.1 General Introduction

W hen people make decisions, the consequences of their choices are often not
certain, but rather different outcomes are possible, each with a different
likelihood. If a patient chooses between two medical treatments, it is usually not certain
whether both or any of the treatments will improve the medical condition of that
particular patient. However, based on clinical trials the patient often knows the chances
of success of each treatment as well as the probabilities of experiencing side effects.
Such decisions between options for which the probabilities of the possible outcomes are
known are referred to as decisions under risk (Knight, 1921).

Decades of research have been spent studying how people make decisions under
risk (Fox et al., 2015). While some general patterns have been detected regarding how
people treat the possible outcomes of the options and their probabilities, the evaluation of
options and the following choices have also been shown to greatly differ depending on
how the environment is structured (e.g., the way information is provided; Hertwig et al.,
2004). The goal of this dissertation is to extend the knowledge on the role of the
environment in risky choice. Specifically, it focuses on the way people learn about
information and time constraints as two features of the environment. Thereby, the three
projects of this dissertation examine not only the choices people make in these decisions.
Rather, all projects aim to uncover how people process the available information to arrive
at their choices. As a whole, this dissertation provides important knowledge on how the
environment shapes information processing in risky choice. This knowledge not only
benefits our understanding of human decision making, but can also help to provide an

environment which helps people to make better choices.

1.1.1 Decisions under Risk

To uncover the general principles of choice behavior, researchers often provide
participants with two or more monetary lotteries and ask which one they prefer. These
lotteries are supposed to represent options people decide between outside the lab, with
the monetary outcomes reflecting the valuation of possible events and probabilities
indicating their likelihoods.? For instance, participants may be asked to choose between
“10€ for sure” or “10% to win 100€; 90% to win nothing”. When asked to choose

between such lotteries, people demonstrate general patterns in how they deal with the

! Note that as probabilities are often not known in everyday life, stated probabilities may represent a
simplification of these probabilities (Goldstein & Weber, 1997; Lopes, 1983).
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outcomes and their probabilities. For instance, people seem to treat outcomes and
probabilities as if they subjectively transformed them nonlinearly into subjective values
and decision weights, respectively. As a result, people make choices as if small
probabilities were larger than they actually are or to diminished sensitivity for increasing
outcome values (Kahneman & Tversky, 1979; Tversky & Kahneman, 1992).

Whereas monetary lotteries are a useful tool to study the basic principles of
choice behavior, it is necessary to study applied decisions to understand whether these
basic principles also apply to decisions people make every day and how the knowledge
on basic decision making can be used to improve decisions in applied contexts. One such
context is the medical domain, in which patients must choose between medical
treatments, each with certain probabilities of improving a medical condition and of
causing side effects. Because these probabilities are usually known through clinical trials,
patients in those situations face a decision under risk, but with medical outcomes instead
of money or points. In comparison to monetary lotteries, in medical decisions people
generally seem to make choices as if they neglect or strongly distort probabilities (Pachur
et al., 2014; Popovic et al., 2019; Suter et al., 2016).

Despite these and other consistent behavioral patterns people demonstrate in
decisions under risk, choices can be volatile to the features of the decision maker and the
environment. On the one hand, people’s stable traits such as cognitive abilities (Cokely et
al., 2018; Peters, 2020) and their fluctuating states such as mood (e.g., Fehr-Duda et al.,
2011; Traczyk & Fulawka, 2016) can influence how people deal with decisions under
risk. On the other hand, the structure of the environment plays a crucial role in risky
choice. For instance, choices depend on the way people learn about information or on
defaults (e.g., Ritov & Baron, 1990; Wulff et al., 2018). Because risky choices seem to
be influenced by states of the decision maker and the structure of the environment, it has
been argued that preferences in risky choices are not clear and stable, but are rather
constructed “on-the-spot” (Lichtenstein & Slovic, 2006; Payne et al, 1999). This
dissertation aims to provide further insights into how the environment shapes preference
construction in decisions under risk in the basic domain and an applied domain. Whereas
in Research Papers 1 and 2, we use monetary lotteries to study the basic processing of

information, in Research Paper 3, we study decisions under risk in the medical domain.
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1.1.2 The Role of the Environment

Despite their differences, diverse perspectives on human decision making agree that the
environment plays a crucial role in how people make decisions (Lichtenstein & Slovic,
2006; Payne et al., 1993; Todd et al., 2012; Tversky & Kahneman, 1981). This is in line
with empirical findings showing that choices depend, among other things, on the way
people learn about information (e.g., Hertwig, 2015), time constraints (e.g., Payne et al.,
1996), defaults (e.g., Ritov & Baron, 1990), whether choosing for oneself or someone
else (e.g., Polman & Wu, 2019), the domain (e.g., medical vs. monetary; Pachur et al.,
2014), or the addition of a seemingly irrelevant options (e.g., Hadar et al., 2018). The
current dissertation aims to provide further insights into the role of the environment in
decisions under risk by focusing on the way people learn about information as well as
time constraints.

Past research has consistently shown that the way people learn about information
influences how they deal with the outcome and probabilities and thus make choices. For
instance, people seem to treat the same probabilities differently when they are explicitly
described vs. when people have to learn about them through sequential sampling
(Hertwig et al., 2004; Wulff et al., 2018) or when probabilities are presented numerically
vs. graphically (e.g., Trevena et al., 2021). However, previous research on the effects of
the learning mode (or presentation format) on decisions has almost exclusively studied
decision making between options which are represented in the same way and has varied
learning modes only between conditions. Thereby, it has neglected the role of the
learning mode of the alternative option(s) when making decisions under risk.
Understanding how the learning mode of the alternative option influences the evaluation
of an option not only helps to better understand how robust the effects of the learning
mode are, but also reveal insights into the role of the choice context in decision making.
To study how the consistency of representation between the available options affects
decisions under risk in a basic and an applied context, Research Papers 1 and 3
systematically vary the learning mode of the alternative options and study how people
process and evaluate information about options.

Further, time constraints have an impact on how accurately, fast, and consistently
people choose (e.g., Olschweski & Rieskamp, 2021; Payne et al., 1996). However, little
is known about how well people trade off the benefits and costs of time in risky choice
when there are opportunity costs of time. Further, it is unclear how time pressure affects

the processing of numerically, graphically, and inconsistently represented information.
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Extending the knowledge on how time constraints affect decision making is not only
important to understand how people treat time in decisions, but can also enable
conclusions about the investment of cognitive effort when making decisions. Therefore,

Research Papers 2 and 3 study the role of time constraints in decisions under risk.

1.1.3 Information Processing in Risky Choice

Although in decisions under risk, choices are arguably the most relevant outcome, choice
data by itself provides limited insight into the processes underlying these choices.
Whereas a careful selection of choice problems and a sophisticated study design may
allow to distinguish choice strategies (e.g., Glockner & Herbold, 2011) or examine the
treatment of probabilities (e.g., Hertwig et al., 2004), the conclusions about information
processing are limited when studying choices only. However, studying response times
and using choice data for computational modeling can provide deeper insights into
choice processes.

The time people spend deliberating before making a choice does not only allow
for a more fine-grained examination of decision making, but can also enable insights into
choice processes. For instance, response times allow to draw conclusions about invested
cognitive effort (e.g., Payne et al., 1996) or help to discriminate between choice
strategies (e.g., Pachur, 2021). Research Papers 2 and 3 go beyond choice data and
examine response time as a valuable source of information about how people process
information in decisions under risk.

Data on choices and response times, however, can reveal deeper insights into the
processing of information if they are used to develop and test computational models
which describe and predict choice behavior (Busemeyer & Diederich, 2009; Farrell &
Lewandowsky, 2018; Wang & Busemeyer, 2021). Although different people may
ultimately choose the same option, computational modeling allows to capture differences
in the processing and evaluation of risky options. Research Papers 1 and 2 take
advantage of the strengths and benefits of computational modeling and use both choice
and response-time data to draw conclusions about subjective representation of

information and information processing in decisions under risk.

1.1.4 The Present Dissertation
The present dissertation aims to study information processing in decisions under risk and
how it depends on the structure of the environment. By studying decisions in both a basic

setting and an applied context, by considering various features of the environment, and
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by both examining behavioral data and conducting computational modeling, this
dissertation takes a comprehensive approach to studying decisions under risk. As a
whole, the three following research papers extend the existing knowledge on human
decision making, raise important questions for future research, and can serve as a

foundation to improve decisions for people across a wide range of domains.

1.2 Research Paper 1:
The Role of Choice Context in Risky Choice

Information about options’ outcomes and their probabilities can differ in how it is
provided to the decision maker by the environment. For example, the weather forecast
states the likelihood of precipitation as a number, whereas the probability of having a
nice dinner at a certain restaurant has to be based on one’s own or others’ experiences.
Previous research has consistently shown that the way people learn about information
affects the evaluation of those options (Wulff et al., 2018). However, it is unclear to what
extent the evaluation of one option is affected by the learning mode of the alternative
option. How does the context of the choice (i.e., the learning mode of the alternative
option) affect subjective representations of the outcomes and probabilities of both
options? In Research Paper 1, my co-authors and | use computational modeling to study

the role of choice context in search and choice behavior in decisions under risk.

1.2.1 Summary of Research Paper 1: Choosing between Described and Experienced
Risky Options: No Gap, but a Similar Evaluation of Options

In decisions under risk, preferences are not only a function of the available options, but
also of the structure of the environment. One intensively studied feature of the
environment is the learning mode, that is, the way people learn about possible outcomes
of each option and their probabilities: outcomes and probabilities are either described
explicitly in summary form (decisions from description; e.g., weather forecasts); or they
have to be learned from sequential experiences with the options (decisions from
experience; e.g., crossing the road). Research has shown that the evaluation of options
seems to be influenced by differences in the learning mode (e.g., Hertwig et al., 2004;
Wulff et al., 2018). For instance, people subjectively represent outcome and probability
information differently in decisions from description than in decisions from experience
(e.g., Glockner et al., 2016; Kellen et al., 2016).
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To date, research on this description—experience gap has primarily focused on
comparing situations in which all options are described with situations in which all
options are experienced (e.g., Hertwig et al., 2004; Wulff et al., 2018). For that reason,
these studies have not been designed to systematically investigate the role of the learning
mode of the alternative option. If the learning mode of an option affects only its own
evaluation irrespective of the choice environment, people should evaluate an option in
the same way regardless of whether the alternative option is described or experienced.
Consequently, when choosing between a described and an experienced option, the
evaluations and thus the subjective representations of outcomes and probabilities would
differ between options. If, however, evaluations depend on the choice context,
differences in the learning mode of the alternative option should affect subjective
representations. The goal of the present research is to test this possibility: Do subjective
representations of probability and outcome information differ when the learning mode of
the options differs within a choice problem—that is, when one option is described and
the other is experienced? Or are both options in choice situations with mixed learning
modes integrated into a common representation and, if so, how does this representation
compare with situations in which all options are described or experienced?

Furthermore, this research aims to test whether people would exhibit a preference
for a specific learning mode in the mixed condition. Given the evidence for ambiguity
aversion (Ellsberg, 1961; Trautmann & van de Kuilen, 2015), it seems likely that people
may display a systematic preference for the precise described option over the more
ambiguous experienced option. However, it is also possible that people show a
preference for the experienced option, given that people have to actively sample from it
and thus may pay more attention to it and people tend to choose the option they spent
more time looking at (Krajbich & Rangel, 2011; Krajbich et al., 2010).

Finally, the research aims also to investigate the role of choice context in
information search. In particular, we test if the number of samples drawn from an
experienced option is affected by whether it is paired with another experienced option or
a described option. We hypothesize that people draw more samples per option in a mixed
condition than in a purely experience-based condition in an attempt to align the certainty
about the experienced option to that of the described option. Additionally and more
exploratorily, we examine how search effort for the experienced option is influenced by

the properties of the described option in choices with mixed learning modes.
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In an experiment, 218 participants made 112 choices between two risky options.
The study’s three conditions differed in terms of how participants learned about the
outcome distributions of the options presented at each trial. In the description condition,
outcomes and their probabilities were presented in summary format and in the experience
condition, participants could draw samples from the options’ payoff distributions. In the
mixed condition, one option was presented as in the description condition and the other
as in the experience condition.

To measure and compare participants’ subjective representation of outcome and
probability information, we modeled the choice data using cumulative prospect theory
(CPT; Tversky & Kahneman, 1992). To test whether subjective representations of
outcomes and probabilities differed within a choice in the mixed condition, we used a
variant of CPT with separate parameter sets per option. In case there were no differences,
we would follow the standard CPT approach which assumes same parameter sets for
both options.

Replicating findings on differences between description- and experience-based
choices (Glockner et al., 2016; Kellen et al., 2016), we found that the shapes of CPT’s
value and weighting functions differed between the purely description-based and purely
experience-based conditions. In the mixed condition, however, there was no evidence
that the value and weighting functions for the described and experienced options
differed. The parameters estimated for outcome sensitivity, probability sensitivity, and
choice sensitivity in the mixed condition fell between those estimated for the pure
description and experience conditions. Thus, our results suggest a joint subjective
representation of outcomes and probabilities for both learning modes which reflects a
compromise between pure description and pure experience.

Further, there was no evidence for a bias toward either of the learning modes in
the mixed condition. Finally, people sampled more information per option when
comparing the experienced option with a described option than with a second
experienced option. The sample size in the mixed condition, in turn, was affected by
properties of both the experienced option and the described option and by the absolute
value difference between the options.

In conclusion, we show that decision making between options in different
learning modes differs systematically from decision making between options in the same

learning mode. More generally, our findings highlight the role of choice context and,
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specifically, the reciprocal influence of options and their respective learning mode when

people construct preferences in risky choice.

1.3 Research Paper 2:
The Trade-Off between the Costs and Benefits of Time

The environment may not only vary in how it provides information, but also how much
time it provides to deliberate and how valuable that time is. When deliberation time is
costly, people have to trade off the costs of time and its benefits (i.e., higher accuracy).
The most efficient trade-off, in turn, depends on the price of time and the differences
between the values of the options. In Research Paper 2, my co-authors and | study how
well people perform this trade-off in risky choice and how adaptively people adjust their
information processing to the level of opportunity costs and the differences in options’

values.

1.3.1 Summary of Research Paper 2: Good Time, Bad Time: Do People Invest
Processing Effort Adaptively in Decision Making with Opportunity Costs?

When making decisions, time often matters. Time spent making one decision could be
invested in making another, or payoffs become less available or attractive over time. On
the other hand, time also can improve a decision, as longer deliberation can lead to more
accurate processing of the options; this investment, however, only pays off if the options
actually differ sufficiently in value. Decision makers thus have to trade off the benefits of
further deliberating against the costs of time, taking into account the options’ differences
in value. Whereas investigations on risky choice often treat time as free—and thus ignore
this important trade-off between the costs and benefits of time—some investigations
have shown that people make faster and less accurate choices when there are opportunity
costs of time (Hausfeld & Resnjanskij, 2018; Payne et al., 1996; Rieskamp & Hoffrage,
2008). It is currently unclear, however, how adaptively this response to opportunity costs
is and how well people trade off the costs and benefits of time in decisions under risk.

We address this issue using the drift diffusion model (DDM; Ratcliff, 1978;
Ratcliff & McKoon 2008) as a computational framework. The DDM is a sequential
sampling model according to which information about options is accumulated over time
until an evidence boundary is reached. There is a boundary for each option, and the

distance between the boundaries is assumed to capture the decision maker’s
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conservatism. The DDM can thus implement a speed-accuracy trade-off, with wider
boundaries leading to slower but more accurate choices.

When there are opportunity costs of time and thus every unit of time leads to a
certain loss in payoff, there exists a boundary separation which trades off the costs and
benefits of time most efficiently and maximizes expected payoff. Based on simulations,
we first determined how people should adapt their boundary separation in order to
maximize payoffs depending on the level of opportunity costs and on the differences in
options’ value.

Next, we examined whether people adjust their boundary separations adaptively
in line with the simulations by conducting three empirical experiments. In all
experiments, participants made multiple choices between two risky options. As in the
simulations, the level of opportunity costs and difference in option value (i.e., expected
value) were manipulated across conditions. In the opportunity-costs conditions, all
outcome values decreased by a certain number of points every 750ms. In the no-
opportunity-costs condition, outcomes remained fixed.

In Experiment 1 (N = 271), we manipulated between participants the opportunity
costs on three levels (no, low, and high costs) and the differences in option value on three
levels (large, moderate, small). In Experiment 2 (N = 90), we manipulated value differen-
ces within participants to allow each participant to experience different degrees of value
differences. In Experiment 3 (N = 92), we tested if participants would be more sensitive
to differences in value when adaptivity is higher rewarded (i.e., when option values
differed by a large amount) and how participants would treat negligible opportunity
costs. For that purpose, we repeated Experiment 2 with different factor levels (oppor-
tunity costs: no costs vs. negligible vs. high; differences in option value: low vs. high vs.
very high). In all three studies, we modeled people’s choices with the DDM and deter-
mined the optimal boundary separation for each condition (cf. Starns & Ratcliff, 2012).

Across all experiments, people’s estimated boundary separation (as measured
with the DDM) differed considerably as a function of whether there were opportunity
costs or not, but there was relatively little modulation between different levels of
opportunity costs. Further, in contrast to the implications of the simulation, estimated
boundary separations were only limitedly sensitive to value differences. In particular,
boundary separations were somewhat sensitive to value differences when adaptivity was
rewarded highly (i.e., given large differences between values), but not when differences

were smaller than that. As a result of the limited sensitivity, estimated boundaries were
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narrower than optimal when value differences were large and wider than optimal when
value differences were small. Furthermore, although the simulation suggested guessing
(i.e., boundary separation close to 0) to be optimal in choice problems with similarly
attractive options, participants did not adopt this strategy.

Taken together, we demonstrate how adaptive decision making trading off costs
and benefits of processing time can be studied within a computational framework. Our
empirical results suggest that people have only limited abilities to adaptively adjust their
information processing during decision making with different levels of opportunity costs.
Importantly, they show only little sensitivity to or knowledge about how differences in
option value affect how much time they should invest into a decision.

1.4 Research Paper 3:

The Role of Cognitive Effort in Processing Medical Information

The way people learn about information and time constraints also play a role when
patients need to make a decision between medical treatments. On the one hand,
physicians and other providers can choose how to present the benefits and risks of
treatments. On the other hand, the time available to choose an option may differ across
medical conditions, patients, and situations. Both the presentation format and available
time can potentially influence how people process medical information and thus make
treatment choices. In Research Paper 3, my co-author and | study how the presentation
format and time constraints affect information processing and choices in decisions under

risk in an applied medical context.

1.4.1 Summary of Research Paper 3: Graphical Representations of Medical
Information Require More Cognitive Effort than Numbers, but are Preferred
In order to make informed medical decisions, patients have to understand the benefits
and risks associated with the medical treatments available, which is often challenging.
Various studies have demonstrated that people understand medical information better
when it is presented using graphical formats such as icon arrays than using numbers
(Trevena et al., 2021). However, less attention has been paid to the cognitive processes
underlying the effect of presentation format, in particular how easily people process
graphical and numerical formats.

The first goal of this study is to investigate how much cognitive effort processing

graphically and numerically represented information requires by examining the time

11



Chapter 1

people spend deliberating as an indicator of cognitive effort (McCaffery et al., 2012;
Oudhoff & Timmermans, 2015; Zikmund-Fisher et al., 2010). Previous research has
shown that people take more time to respond to questions when they work with graphical
formats than with numbers (Garcia-Retamero et al., 2016; Smerecnik et al., 2010; but see
Brewer et al., 2012). However, the correlational design of these studies could not test
whether participants took more time to deliberate or they rather needed more time to
process the information. Our study aims to disentangle these accounts by experimentally
studying comprehension of information when time is limited. If one format requires
higher cognitive effort than another, it should not only lead to longer response times, but
also to worse decisions and understanding of information when there is time pressure.

The second goal is to study how people process inconsistently represented
information, that is when information is presented partly numerically and partly
graphically. We study whether processing inconsistently represented information
requires more cognitive effort and leads to worse decisions and understanding than with
fully numerical or graphical representations. We further test whether when being
provided with inconsistently represented information, people translate the information of
one representation into another before comparing options and whether prompting people
to perform this translation improves decisions. Moreover, we test whether formats can
bias treatment preferences in inconsistent representation.

Finally, the third goal of this study is to investigate whether numerical abilities
(i.e., numeracy; Peters, 2012, 2020) and graphical abilities (i.e., graph literacy; Galesic &
Garcia-Retamero, 2011) are not only associated with a better understanding of numerical
and graphical information, but also a more efficient processing thereof.

To study processing of medical information, we conducted a preregistered
experiment (N = 665). Participants were provided with information on the relative
frequencies of benefits and side effects of six hypothetical medications and were asked
questions about them. The medical information was constructed so that there were two
dominant, superior treatments. The way the information was presented differed between
conditions. In the numerical conditions, frequencies were presented as numbers and in
the graphical conditions, frequencies were presented as icon arrays. In the inconsistent
conditions, information on three medications was presented numerically, whereas the
information on the other three medications was presented as icon arrays. Further, we
manipulated between participants whether there was time pressure. In the time-pressure

conditions, participants had to answer each question within a time limit but there was no
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time limit in the no-time-pressure conditions. In an additional intervention condition,
participants were provided with inconsistent information but were asked to translate the
graphical into numerical information before answering the questions. All participants
were asked to choose the medication they would prefer as a patient and to answer
knowledge questions about the medications. Finally, numeracy and graph literacy were
assessed.

The results showed that when information was presented graphically (vs.
numerically), people took longer to answer the knowledge questions and the knowledge
scores were more strongly harmed by time pressure. However, for decisions there was no
difference in response times or accuracy. These findings suggest that graphical formats
require more cognitive effort than numerical formats when knowledge is important, but
not necessarily when comparing information in decisions.

When information was presented inconsistently, people took longer to respond
than with numbers only. Further, in the inconsistent conditions, decision accuracy and
knowledge were lower than in the numerical conditions and knowledge scores were even
lower when there was time pressure. When comparing the inconsistent condition with the
graphical condition, results were mixed: Decisions were made slower in the inconsistent
condition, but answers to knowledge questions were given faster. Decisions in the
inconsistent condition were less accurate than in the graphical condition, but there was no
significant difference between conditions for knowledge. Participants in the intervention
condition performed well when translating graphical into numerical information and had
higher decision accuracy and knowledge when their translations were presented when
answering questions than without. Moreover, in the inconsistent condition, participants
exhibited a preference for the graphically represented medications. These findings
suggest that integrating inconsistently presented information poses a considerable
cognitive burden and people seem to be able to translate information from one
representation into another, but do not do so if not explicitly asked for. Further, the
format in which medications are presented do not only seem to affect understanding, but
also to bias preferences.

Finally, knowledge of people higher in numeracy was less harmed than that of
people lower in numeracy, suggesting that higher (vs. lower) numeracy also enables
people to process information more efficiently.

In conclusion, our findings show that not only the understanding of medical

information differs between numerical and graphical formats, but also how people
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process them. More generally, our findings emphasize the value of studying the
processing of medical communication beyond the examination of outcome measures and
highlight the importance of considering features of the environment as well the goals of

risk communication when studying risk formats.

1.5 General Discussion

The goal of this dissertation is to provide further insights into the role of the environment
in information processing in decisions under risk. The three research papers of this
dissertation focus on the way people learn about information and on time constraints as
two features of the environment and study information processing in decisions under risk
in the basic and in an applied domain. In Research Paper 1, we found that the context of
the choice (i.e., the learning mode of the alternative option) affected subjective
representations of outcome and probability information of an option as well as search
effort. In Research Paper 2, we showed that people seem to have limited abilities to
adaptively adjust their information processing to differences in options’ values and the
level of opportunity costs. In Research Paper 3, we found that processing icon arrays
requires mores cognitive effort than processing numbers and processing inconsistently
represented information results in worse understanding and decisions than the processing
of consistently representation information. Together, these findings emphasize the
significant impact of the structure of the environment on decisions and help to better
understand how decisions are shaped by the environment.

A plethora of previous research has demonstrated that the processing,
understanding, and evaluation of information depends on the way we learn about it (e.g.,
McDowell & Jacobs, 2017; Trevena et al., 2021; Wulff et al., 2018). However, this
research almost exclusively focused on situations in which all available information is
represented in the same way. Therefore, it did not systematically investigate the influence
the learning mode of the alternative option(s) could have on the evaluation of an option
and how people integrate information which is provided in different ways. This
dissertation fills this gap by studying decisions under risk when the information about
options is presented in the same learning mode (or presentation format) or in different
ones. In two research papers, we study how people subjectively represent information
and how much cognitive effort they have to invest depending on the consistency of the
learning mode (or presentation format) across options. Our findings show that subjective

representation of one option depends on whether the learning mode of the alternative
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option is the same or a different one and that inconsistently represented information
requires more cognitive effort than when all available information is presented in the
same presentation format. Therefore, our research suggests that the effect of learning
mode (or presentation format) on information processing and choices may be less robust
than often suggested (e.g., Wulff et al., 2018), but may rather depend on features of the
choice context.

Furthermore, time plays a crucial role in most decisions, either because it is
limited or a valuable good. However, most research on decisions under risk give people
unlimited time to search for information and make a decision, thus neglecting how
people treat time in decision making. The current dissertation studies the role of time in
decisions and how time constraints influence the processing of information and the
following decisions. In two research papers, we could show that taking time constraints
into account when studying decisions reveals new insights into information processing in
decisions under risk. In particular, studying decisions with opportunity costs of time
revealed that people only have a limited ability to adjust their information processing to
features of the choice problem and the environment. Further, the implementation of time
limits allowed us to show that the processing of one representation format requires more
cognitive effort than the processing of another format. Thus, our research shows that
studying the effects of time constraints on decisions does not only extend the knowledge
on the role of the environment in decision making under risk, but can also help to better
understand information processing in these decisions.

Whereas monetary lotteries are a useful tool to study the basic processes
underlying human decision making, studying medical decision making can help to aid
patients to make informed choices about treatments. Whereas in the basic and the applied
domain, people make choices between risky options, decision making in the two domains
is mostly studied separately (but see e.g., Pachur et al., 2014). This dissertation shows the
value of bringing them together. Studying basic information processing in medical
decisions can help to understand how and why presentation formats affect understanding
and provides knowledge for developing decisions aids in order to improve patient
decision making. On the other hand, basic research on decision making can benefit from
incorporating ecologically more valid paradigms such as inconsistent information
representation. With this dissertation, | hope to encourage further research which brings

together different domains harnessing each other’s strengths.
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The research of this dissertation introduces new avenues for future research. First,
our findings invite future research to study information integration from different
learning modes. We could show that people subjectively represent a described and an
experienced option jointly when choosing between them, but more research is needed to
understand which processes underlie the integration of inconsistently provided
information. Further, studying how attention is allocated when choosing between
differently represented options could provide another approach to better understand the
role of the learning mode in decision making. Second, despite the ubiquity of opportunity
costs of time in everyday decision making, relatively little previous research has focused
on how people treat time in decision making. How do people process time and its costs
when making decisions? How do people differ in the trade-off between the costs and
benefits of time? How can the trade-off between the costs and benefits of time be
improved? Our research provided important insights into how people treat time in
decision making with opportunity costs, yet it raised a range of new questions for future
research. Third, in order to help patients understand medical information, it can be
helpful to tailor the information to not only the decision maker (Gaissmaier et al., 2012),
but also to the situation in which patients make their decision. Our research suggests that
considering the available cognitive and time resources could aid information providers to
present information in a way that best helps patients to make informed decisions. Future
research on risk communication should further investigate how the understanding of
information presented in different formats depends on features of the environment.

Together, the three research papers of this dissertation not only provide important
insights into how the environment shapes information processing in risky choice by
implementing novel research paradigms. They also demonstrate that decisions are
heavily impacted by the environment they are made in. Thus, they emphasize the
importance of considering the structure of the environment in order to understand human
decision making and its underlying processes. Moreover, understanding how decisions
depend on the environmental structure can also help to adapt the environment and

educate people in a way that improves the decisions people face every day.
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Chapter 2

Abstract
People choosing between risky options seem to evaluate the options differently
depending on whether they learn about them from a summary description (decisions from
description) or from drawing sequential samples from the payoff distribution (decisions
from experience). However, little is known about how the evaluation of an option in one
learning mode is affected by the choice context, specifically the learning mode of the
alternative option. When choosing between a described and an experienced option, are
options evaluated differently within a choice or rather jointly? We compared people’s
choice and search behavior in such a mixed condition with their behavior in a purely
description- or experience-based condition. Using cumulative prospect theory (CPT) to
model choices and map people’s subjective representations of outcome and probability
information, we found clear differences between the purely description-based and the
purely experience-based conditions. In the mixed condition, however, the subjective
representations of the described and the experienced options were similar, and the shapes
of CPT’s value and weighting functions fell between those for the other two conditions,
suggesting that people formed a joint representation of options. Participants did not
demonstrate any preference for a specific learning mode. Finally, per-option search effort
in the mixed condition was higher than in the purely experience-based condition and was
sensitive to the expected value and the variance of the described option. These findings
highlight the role of choice context and, specifically, the reciprocal influence of options

and their respective learning mode when people construct preferences in risky choice.
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2.1 Introduction

I n decisions under risk, preferences are not only a function of the individual, but also
of the structure of the environment. Thus, it has been argued that preferences in risky
choice are, at least to some degree, constructed (Johnson et al., 2005; Lichtenstein &
Slovic, 2006; Payne et al., 1999). One feature of the environment which has been studied
intensively is the learning mode, that is, the way people learn about the possible
outcomes of each option and their probabilities: outcomes and probabilities are either
described explicitly in summary form (decisions from description; e.g., weather
forecasts); or they have to be learned from sequential experiences with the options
(decisions from experience; e.g., crossing the road). Research has shown that people’s
preferences seem to be influenced by differences in the learning mode (e.g., Hertwig et
al., 2004; WuIff et al., 2018). For instance, the weight rare events (e.g., side effects of
medications) seem to receive differs in decisions from description from in decisions from
experience.

To date, research on the description—experience gap has primarily focused on
comparing situations in which all options are described with situations in which all
options are experienced (e.g., Hertwig et al., 2004; Wulff et al., 2018). Because usually
the learning mode is varied for both options simultaneously, these studies are not
designed to systematically investigate the role of the choice context in risky choice, in
this case the learning mode of the alternative option. If the learning mode of an option
affects only its own evaluation irrespective of the choice environment, people should
evaluate a described option in the same way regardless of whether the alternative option
is described or experienced. Consequently, when choosing between a described and an
experienced option, the weighting of probabilities would differ and thus a description—
experience gap within a choice would emerge. If, however, preferences depend on the
choice context, differences in the learning mode of the alternative option should affect
the evaluation. In line with that proposition, previous research has shown that processes
of judgment and preference are influenced by the extent to which options can be
structurally aligned (Hsee, 1996; Lichtenstein & Slovic, 1971; Tversky et al., 1988; see
also Markman & Gentner, 1993). This alignability is inevitably reduced when options
require different learning modes. Consequently, differences in how a described versus an
experienced option is evaluated may be affected by the choice context, in particular

whether that option is compared with an option in the same or a different learning mode.
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The goal of the present article is to test this possibility: Do subjective
representations of probability and outcome information differ when the learning mode of
the options differs within a choice problem—that is, when one option is described and
the other is experienced? Or are both options in choice situations with mixed learning
modes integrated into a common representation and, if so, how does this representation
compare with situations in which all options are described or experienced? We use
computational modeling with cumulative prospect theory (CPT; Tversky & Kahneman,
1992) to model choices and to map people’s subjective representations of outcomes and
probabilities in these choices. In addition, we investigate how people search for
information about an experienced option when they have to evaluate it against a
described option, thus providing insights into how search and choice behavior depends
on the context of the choice (i.e., the learning mode of the other option). In so doing, we
seek to determine whether learning from description or experience generally gives rise to
different types of evaluation, or whether the differences observed are also driven by the
context in which the information is presented.

In the following, we summarize previous findings on the differences between
description- and experience-based choices and outline possible forms that the subjective
representation of outcome and probability information might take in choices between a
described and an experienced option. We then report an experiment that compares
subjective representations and search behavior in this mixed condition with behavior in
purely description- or experience-based conditions. Our results demonstrate that both the
subjective representation of outcomes and probabilities (indicating, for instance, how a
risky outcome is weighted) as well as the search effort for an experienced option depend
strongly on whether it is presented in a choice problem that offers another experienced

option or a described option.

2.1.1 Decisions from Description Versus Experience

Empirical research on decision making under risk often employs paradigms involving
monetary outcomes and the probabilities of these outcomes. The most frequently used
approach is to ask people to choose between two lotteries with explicitly described
outcomes and probabilities—for example, between “10% to win $10; 90% to win $0”
and “$1 for sure”. These descriptions resemble those that people encounter in weather

forecasts or medication package inserts.
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In everyday life, however, probabilities are rarely explicitly stated. Rather, people
have to estimate them based on their own or others’ experiences. When choosing a
restaurant, one cannot consult a chart that specifies the probability of being served a good
meal. Rather, one has to estimate that probability based on the outcomes of one’s own or
others’ previous restaurant visits. A common method to study such experience-based
decision making is the sampling paradigm (Hertwig et al., 2004; Hertwig & Erev, 2009).
Here, the decision maker can learn about the payoff distributions of the available options
(i.e., the outcomes and their probabilities) by drawing individual samples. For instance,
someone drawing 10 samples from the risky option above might see
“0,0,0,0,0,0,0,10,0,0,” while 10 samples from the sure option will show
“1,1,1,1,1,1,1,1,1,1.” In the sampling paradigm, people can usually draw as many
samples as they want.

In most studies comparing description-based and experience-based decision
making, participants are asked to choose between two described or two experienced
options, and choice behavior is then compared between these conditions. These studies
have consistently found differences in choice patterns between these two learning modes
(for a meta-analysis, see Wulff et al., 2018). One important driver of these differences is
that people making decisions from experience draw relatively small samples (median =
10 per option; Wulff et al., 2018), and due to sampling error the information they sample
from the options can divert from the options’ “objective” characteristics (see also Fox &
Hadar, 2006). For instance, some people drawing 10 samples from the lottery above
(“10% to win $10; 90% to win $0”) will not draw the $10 outcome at all; others will
draw it twice or more. But sampling error does not seem to be the only factor
contributing to differences between description- and experience-based choices.

Several investigations using cumulative prospect theory (CPT) to model people’s
choices have found that their subjective representations of experienced outcomes and
experienced probabilities (defined as the relative frequency with which the outcomes
were sampled) differ from their subjective representations when this information is
described (e.g., Abdellaoui et al., 2011; Gléckner et al., 2016; Kellen et al., 2016;
Ungemach et al., 2009). In brief, CPT assumes that the outcomes of an option are
transformed non-linearly into subjective values (a formal description of CPT is provided
in Section 2.2.4). The more strongly curved the function, the less sensitive a decision
maker is to differences in outcomes. In addition, loss outcomes receive more

psychological weight than do gains of the same size (loss aversion). CPT further assumes
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that the outcomes are weighted by decision weights, which follow from a non-linear
transformation of the objective probabilities based on a probability weighting function.
The curvature of this function indexes the decision maker’s sensitivity to probability
information, with a more pronounced curvature indicating lower sensitivity. Glockner et
al. (2016) and Kellen et al. (2016) found that people are less sensitive to differences in
probabilities and more sensitive to differences in outcomes in experience- than in
description-based choices.

As noted above, most previous research on the effect of experience on people’s
decisions has focused on situations in which the information for all options is either
described or experienced. A few studies have also considered the interplay of description
and experience, such as when additional samples can be drawn from options for which a
description is available. For instance, in a study by Weiss-Cohen et al. (2016),
participants were provided with a described summary of the options, but they could
additionally draw samples from the options. In one condition, the described information
matched the experienced information; in another, it differed. In a third condition,
participants made purely experience-based choices. When the described and experienced
information was matched, participants’ tendency to choose the risky option was similar
to that observed for purely experience-based choices, suggesting that the described
information was neglected. When the described and experienced information was in
conflict, however, choice behavior differed from that observed in the experience and the
matched-information conditions, indicating that the described information was also taken
into account. Computational modeling showed that when the described and experienced
information was in conflict, people took both types of information into account, but the
described information seemed to receive less weight. Other studies have shown that the
influence of description is moderated not only by whether described and experienced
information match, but also by the plausibility of the described information, the
complexity of the task, and the timing of experiencing the information (Lejarraga &
Gonzalez, 2011; Weiss-Cohen et al., 2016, 2018, 2021).

But what about situations in which the options require different learning modes?
Might there also be differences within a choice problem, such that the subjective
representations of the described and experienced options differ? If there were differences
between description and experience between choices, but not within a single choice, this
would suggest that subjective representations of outcomes and probabilities are driven

not only by the payoff distribution and the learning mode of the option itself but also by
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the context in which the choice is made, namely by the learning mode of the other option.
And finally, how do people search for information when they choose between options in
different learning modes?

To our knowledge, only one previous study has examined decisions in choice
problems where participants learned about options through different learning modes. In
Ert and Trautmann (2014, Study 1), one option was described explicitly (e.g., “You
receive 2 shekels with probability 0.2; otherwise nothing”) and participants sampled the
outcomes from another option (with the same payoff distribution). It emerged that the
higher the probability of winning the reward was, the more likely participants were to
choose the experienced option, suggesting that information is treated differently
depending on how it is learned. However, because the information actually experienced
was not taken into account in the analysis, these differences could also be due to
sampling error (i.e., due to the experienced payoff distributions deviating from the
described ones). In particular, the choice pattern indicated that rare outcomes received
less weight than their objective, underlying probabilities would warrant, which is in line
with rare outcomes being sampled less often when samples sizes are small. In addition,
the analysis was mute with respect to the subjective representations of individual options
in terms of CPT parameters. Therefore, it is not possible to draw conclusions about
differences between learning modes within a choice.

In the present study, we examine sensitivity to differences in outcomes and
probabilities, making it possible to test whether options in the mixed condition are treated
differently depending on the learning mode and, if not, how the subjective representation
relates to that in description- and experience-based choices. In addition, we investigate
how people search for information when they choose between options in different

learning modes.

2.1.2 Choice and Search Behavior in Choices Between a Described and an
Experienced Option

2.1.2.1 Do Subjective Representations of Outcome and Probability Information Differ
Between Options in a Mixed Condition?

As noted above, people’s choices suggest that they represent outcomes and probabilities
differently when making decisions from description versus experience (e.g., Glockner et
al., 2016; Kellen et al., 2016). Do such differences in subjective representation also

emerge when a described and an experienced option are paired within a choice problem?
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If so, in a separate-representations scenario, people may show lower sensitivity to
differences in probability and higher sensitivity to outcomes in the experienced option
than in the described option (Glockner et al., 2016; Kellen et al., 2016).

Alternatively, people may evaluate both options on the basis of a joint subjective
representation. In a joint-as-description scenario, the subjective representations of
probabilities and outcomes could resemble those observed in purely description-based
choices. Consistent with that possibility, a study by Fox et al. (2013) showed that
experience-based choices could be made more like description-based ones by prompting
participants to “repack” the sampled outcomes: Participants were asked to draw colored
cards but were only told the assignment of colors to outcome values after completing the
sampling process. They were thus required to recall the probabilities of the cards in order
to evaluate the options and make their choices. In this condition, the level of risk seeking
was similar to that observed in description-based choices, but differed from that observed
in experience-based choices and a fourth condition in which the color assignment was
presented before sampling.

Analogously, a joint-as-experience scenario is in principle conceivable, in which
the subjective representations of probabilities and outcomes resemble those observed in
purely experience-based choices.

It is also possible that the described and the experienced options are evaluated on
the basis of a joint representation that differs qualitatively from that of purely
description- or experience-based choices—for instance, if relative comparisons are made
between the options. In this case, people could try to make the options more comparable
by converging the representations of the two learning modes. In this joint-compromise
scenario, they could shift the representation of each learning mode in the direction of the
other, so that the subjective representations of outcomes and probabilities would reflect a
compromise between those observed in purely description- or experience-based choices.

Finally, also a joint-shifted scenario is conceivable, if it plays a role how easily
the two options can be compared or aligned. Hsee (1996; Hsee et al., 1999) has shown
that people give more weight to attributes that can be evaluated more easily. Arguably, it
will be easier to evaluate an attribute value that can be compared with another value in
the same learning mode. In the mixed condition, outcome information is easily
compared, whereas the format of probability information differs between the described

and the experienced options. Thus, probability sensitivity may be similar for both options
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in the mixed condition, but lower than in problems where both options are presented in
the same learning mode.

In the present study, we first tested whether subjective representations of
outcomes and probabilities differed between described and experienced options in the
mixed condition and, if not, then determined how they compared to those in purely

description- and experience-based choices.
2.1.2.2 Do Differences in Learning Mode Bias Choice?

In a choice problem offering both a described and an experience option, choices may also
be influenced by the differences between the options with regard to the certainty of the
information. Whereas with a described learning mode probabilities are provided as
explicit, error-free information, in an experienced learning mode the probabilities can
only be estimated from the sampled outcomes; the information is thus more ambiguous.
Given the evidence for ambiguity aversion (Ellsberg, 1961; Trautmann & van de Kuilen,
2015), people may display a systematic preference for the described option over the more
ambiguous experienced option. Also in support of this possibility, Lejarraga (2010)
found that people who were able to choose whether to make decisions on the basis of
description or experience preferred description.

However, it is also possible that people show a preference for the experienced
option, given that people have to actively sample from it and thus may pay more
attention to it. Because people tend to choose the option they spent more time looking at
(Krajbich & Rangel, 2011; Krajbich et al., 2010), this could lead to a systematic
preference for the experienced option (but see Ert and Trauman, 2014, who found no
evidence that a particular learning mode was preferred).

To test these possibilities, we examined whether there was a bias towards
choosing the described or the experienced option, controlling for the subjective

valuations of the options.
2.1.2.3 How Much Information Do People Search for in the Mixed Condition?

An attractive feature of the sampling paradigm is that it makes it possible to examine
information search in decisions from experience. Research has shown that when both
options in a choice problem are experienced, people tend to draw relatively small
samples. In the present study, we investigated whether the number of samples drawn
from an experienced option is affected by whether it is paired with another experienced

option or with a described option. It seems reasonable to hypothesize that people draw
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more samples per option in a mixed condition than in a purely experienced condition in
an attempt to align the certainty about the experienced option to that of the described
option. In addition, sampling incurs opportunity costs (i.e., time; Hertwig & Pleskac,
2010). If all sampling efforts can be invested in one option, people may draw more
samples from that option than when sampling efforts have to be distributed across two
options.

As an additional and more exploratory research question, we examined how
search effort for the experienced option is influenced by the properties of the described
option in choices with mixed learning modes. Research on experience-based choices has
shown that people sample more in the loss domain than in the gain domain, when the
variance of the options is larger, and when the differences in expected value (EV)
between the options are smaller (Lejarraga et al., 2012; Mehlhorn et al., 2014; Pachur &
Scheibehenne, 2012; Wulff et al., 2018). By the same token, when an experienced option
is paired with a described option, the number of samples taken from the experienced
option might be affected by, for example, the number of outcomes or the variance of the
described option. We therefore examined how people’s sampling behavior is affected by
the properties of the described and the experienced option separately. In sum, by
studying how search effort for an experienced option is affected by the learning mode
and the properties of the other option, we hope to gain insights into how choice and

information search are affected by the context of the choice.

2.1.3 The Present Study

This study addressed three main questions. First, do people’s subjective representations
of outcome and probability information (as measured within CPT) differ between the
described and experienced options in a mixed condition, and thus reflect differences in
evaluation between learning modes? If not, how does the joint subjective representation
in the mixed condition relate to that in a purely description- or experience-based
condition? Second, do people have a preference for one of the learning modes? Third,
how much search effort do people invest in the mixed condition relative to a purely
experience-based condition? Prior to the study reported below, we conducted a pilot
study with a very similar design but different choice problems and an online participant
sample. The results (which were very similar to those reported here) are reported in the

Supplemental Materials (Section S1.1).
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2.2 Methods

2.2.1 Participants

Participants were students from the University of Konstanz, Germany (mostly
undergraduates), who participated in return for either €10.00 (equivalent to about $11.14
at the time of the study) or course credit. In addition, all participants received a
performance-contingent bonus of M = €1.17 (SD = 0.53; see below for details). Data
were collected from 229 participants. We excluded seven participants who did not
choose the dominant option in at least three out of four attention check trials and four
participants who did not sample any outcomes in at least a quarter of the trials, indicating
low levels of engagement in the task. The final sample (N = 218) comprised 167 women,
48 men, and 3 people who identified as gender diverse, with a mean age of M = 22.8
years (18-45; SD =4.1).

2.2.2 Decision Task

In the decision task, participants made 112 choices between two monetary lotteries. The
study’s three conditions (see Figure 2.1 for screenshots) differed in terms of how
participants learned about the payoff distributions of the two options presented at each
trial. In the description condition, outcomes and their probabilities (as percentages) were
presented in summary format. In the experience condition, participants could draw
samples from the options’ payoff distributions by pressing a “play lottery” button. Each
time the button was pressed, one outcome of the distribution was drawn randomly (based
on its probability); participants were free to sample as many outcomes as they wanted
from each option before making a final choice by pressing the respective “choose
lottery” button. In the mixed condition, one option (chosen randomly) was presented as in
the description condition and the other as in the experience condition. In this condition,
the side (left vs. right) of the described option was randomized across participants but
kept constant across the experiment. The left/right ordering of the options and, in the
description condition, the order of outcomes within an option were randomized on the
trial level for all participants and conditions. We used choice problems that have been
shown to allow for accurate estimation of CPT parameters in previous studies (e.g.,
Glockner & Pachur, 2012; Kellen et al.,, 2016; see Broomell & Bhatia, 2014): We
included 81 randomly generated choice problems covering the gain, loss, and mixed
domains (Rieskamp, 2008), as well as six problems constructed to measure risk aversion

(Holt & Laury, 2002) and 10 problems constructed to measure loss aversion (Géachter et
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Please select the option you would prefer.

Lottery A Lottery B
Probability Points Probability Points
16 % 91 31 % 39
84 % 16 69 % 51

Choose Lottery A Choose Lottery B

Please select the option you would prefer.

Loftery A Lottery B

51

Play lottery Play lottery

Choose Lottery A Choose Lottery B

Please select the option you would prefer.

Lottery A Lottery B
Probability Points
84 % 16
16 % 91 5 1
Play lottery
Choose Lottery A Choose Lottery B

Figure 2.1: Screenshots of trials in the (a) description, (b) experience, and (c) mixed

condition (translated from the original German).
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al., 2007). In addition, we included the six choice problems used in the original study on
the description—experience gap (Hertwig et al., 2004) and the five problems used by Ert
and Trautmann (2014) in their study (i.e., choices between the same options). Finally,
four choice problems with one stochastically dominant option were included as an
attention check, given a total of 112 problems. All choice options had one or two
outcomes, which ranged from —100 to 100 (some problems were scaled to this range). A
table listing all choice problems used in this study can be found in the Supplemental
Materials (Section S1.2).

2.2.3 Procedure

After providing informed consent, participants were randomly assigned to one of the
three conditions. They were informed that one of the choice problems would be
randomly chosen and played to determine their bonus, with the points earned being
converted to cents and added to a starting amount of €1.00. Following instructions and a
questionnaire tapping subjective numeracy (i.e., preference for numbers and numeric
confidence; see Section Supplemental Materials, Section S1.3, for details), participants
completed two practice trials and the main task. They then completed an unrelated task
not reported here that took, on average, 4.3 minutes (SD = 1.6). Finally, participants
answered a questionnaire tapping objective numeracy (i.e., the ability to use probabilistic
and mathematical concepts; see Supplemental Materials, Section S1.3, for details), were

informed about their bonus, and were debriefed.

2.2.4 Computational Modeling

To measure and compare participants’ subjective representation of outcome and
probability information, we modeled the choice data using CPT (Tversky & Kahneman,
1992). CPT is based on the assumption that decision makers choose as if they non-
linearly transform objective outcomes and probabilities into subjective values and
decision weights, respectively, which determine the subjective valuation of each option.
The option with the highest subjective valuation V is chosen. For an option with
outcomes X1 < ... <Xk <0 < xk+1 < ... < Xn and corresponding probabilities p1 ... pn, the

subjective valuation V is defined as:
k

V= Zﬂ[v(xi) + mitv(x;) | 1)

i=1 j=k+1

33



Chapter 2

with v as a value function satisfying v(0) = 0, and n* and =~ as decision weights for gains
and losses, respectively. In other words, V is the sum of all subjective values v assigned
to each outcome weighted by the respective decision weights.
The value function describes the non-linear transformation of an objective
outcome into a subjective value and is defined as
v(x) = x* ifx>0
v(x) = —A(—x)*  ifx<0, @
where outcome sensitivity parameter o reflects the sensitivity to differences in outcomes
and captures the curvature of the value function.? If a < 1, the value function has a
concave curvature for gains and a convex curvature for losses, reflecting decreasing
sensitivity to differences in outcomes with increasing outcome magnitude. If o > 1,
sensitivity to differences in outcomes increases with outcome magnitude. The parameter
A indicates loss aversion and captures how much worse a loss is perceived to be relative
to a gain of the same magnitude. When A > 1, the value function is steeper for losses than
for gains.
Furthermore, CPT assumes that the transformation of objective probabilities into
subjective decision weights depends on the rank of the outcome with which the

probability is associated. The resulting decision weights are defined as:

Ty =w (p1)

T =w'(py) 3)
m=w (it p) —w(pr e+ pinr) forl<i<k

nt =w*(pj + - +pp) —wH(pjsa + o+ pa) fork<j<n,

with w* and w~ being the probability weighting functions for gains and losses,

respectively. In other words, the decision weight ©* () given to a positive (negative)

outcome is the difference between the weight—as defined by the weighting functions—

based on the probability of receiving an outcome as good (bad) as or better (worse) than

x and the weight based on the probability of receiving an outcome better (worse) than x.
The weighting function w describes the transformation of probabilities:
pY

@Y+ @ —pHr -

w(p) = (4)

2 Note that whereas separate outcome sensitivity and probability sensitivity parameters have often been
estimated for gains and losses in applications of CPT (e.g., Tversky & Kahneman, 1992), subsequent
research has shown that this approach can lead to distortions in parameter estimation (Nilsson et al., 2011,
2020). We therefore estimated a common o and y for both gains and losses.
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The probability sensitivity parameter y governs the weighting function’s curvature and
indicates the sensitivity to probability differences. Values of y < 1 lead to an inverse S-
shaped weighting function and reflect overweighting of small probabilities and
underweighting of moderate-to-large probabilities. The smaller y < 1 becomes, the
stronger the curvature of the function and the more overweighted small probabilities
become. Values of y > 1 reflect underweighting of small probabilities.

We used two variants of CPT in order to test whether subjective representations
of outcomes and probabilities differed within a choice problem in the mixed condition
and if not, to compare the joint subjective representations to that in a purely description-
or experience-based condition. In the joint-representation CPT model, parameter values
were constrained to be the same for both options. In the separate-representations CPT
model, separate parameter sets were estimated for the described option (i.e., ad, Ad, and
vd) and the experienced option (i.e., de, Ae, and ye) in the mixed condition. Results
indicating there were no differences between these two parameter sets would suggest that
both options are represented similarly. In that case, we would follow the standard joint-
representation CPT approach and assume same parameter sets for both options for the
mixed condition.

To derive a predicted choice probability, we used the probabilistic choice rule
softmax (see Stott, 2006), which defines the probability of the option with the higher

valuation V (i.e., Option A) being chosen as

e®v(4)

= , 5
PAB) = o E o ® ©)

where V(A) and V(B) are the subjective valuations of Option A and B, respectively. The
parameter ¢ > 0 reflects the sensitivity to differences in valuations. When ¢ = 0, choices
are random. With higher values of ¢, the probability of choosing the option with the
higher valuation approaches 1, making choices more deterministic.

To test the extent to which participants had a general preference for one of the
learning modes, we also tested a variant of that choice rule which allows such a bias to be
captured using an additive constant (e.g., Walasek & Stewart, 2015). The choice rule

variant is defined as:

e®V(D)+B

= , 6
PD.E) = vy h 1 oor ® ©)

where B is a bias parameter that captures a tendency to choose the described option (D)

over the experienced option (E) irrespective of the subjective valuation of the options.
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When 3 = 0, there is no bias. With values of B > 0, the probability of choosing the
described option over the experienced option increases beyond the subjective valuations:
there is a bias towards the described option. Values of B < 0 indicate a bias towards the
experienced option. We first used this choice rule for the mixed condition, to test whether
there was a bias towards either the described or the experienced option. If this was not
the case, and B did not differ from O, we would proceed with the standard choice rule
(Eq. 5).

We used a hierarchical Bayesian approach (Nilsson et al., 2011; Scheibehenne &
Pachur, 2015) to estimate the CPT parameters. In Bayesian parameter estimation,
parameters are initially represented in terms of prior distributions that are then updated to
posterior distributions based on the observed data (for an introduction, see Lee &
Wagenmakers, 2013). Hierarchical Bayesian modeling represents a compromise between
modeling the data of each participant individually and modeling the aggregated data for a
group of participants. Whereas the latter ignores individual differences and can thus lead
to distorted results (Estes & Maddox, 2005), the former can result in noisy and unreliable
estimates, especially if there are only few data points available per participant
(Scheibehenne & Pachur, 2015). In the hierarchical approach, the individual parameters
are assumed to be drawn from a group-level distribution that is simultaneously estimated.
Hierarchical Bayesian modeling has been shown to yield more reliable and accurate
estimates than does modeling individual data (Kruschke & Vanpaemel, 2015; Nilsson et
al., 2011; Scheibehenne & Pachur, 2015).

We estimated the individual-level and group-level posterior distributions for all
CPT parameters using JAGS 4.3.0 and the R package R2jags (Su & Yajima, 2020). We
ran three chains, each with 310,000 samples and with a burn-in period of 10,000 samples.
To reduce autocorrelation, we thinned the chains such that every 50th sample was
recorded, resulting in 6,000 recorded samples per chain. We assessed chain convergence
using the potential scale reduction factor R (Gelman & Rubin, 1992). For most estimated
parameters, R was smaller than 1.01 (for all, R < 1.042), indicating overall good

convergence (Brooks & Gelman, 1998).

2.3 Results

The attention check trials and choices between the same options were excluded from the
analyses, which thus covered a total of 103 choice problems. Trials in which no

outcomes were drawn from at least one option were excluded from the analysis (0.6% of
36



The Role of Context in Risky Choice

trials). The data and analysis scripts for the pilot and main study are available at
https://osf.io/2ym3f/?view_only=eeae4e98328f4757a78dbfo0aale5a42.

2.3.1 Do Subjective Representations of Outcomes and Probabilities Differ Between
the Described and Experienced Option?

For the CPT parameter estimates, we report means of the group posterior distribution and
the respective 95% highest density intervals (95% HDI). The 95% HDI contains 95% of
the distribution such that parameter values outside the interval have lower probability
than parameter values inside the interval. The group-level parameters were linked with
the individual level (assuming normal distributions on both levels) through probit
transformations (see Rouder & Lu, 2005; Scheibehenne & Pachur, 2015). Two parameter
values are considered credibly different when the 95% HDI of the differences between
distributions does not include 0. As a measure of model performance, we report the
Deviance Information Criterion (DIC), which takes into account model complexity;
lower values reflect better model performance. A difference in DIC of more than 10 is
considered to indicate that one model performs reliably better than the other (see
Spiegelhalter et al., 2002, p. 613).

2.3.1.1 Differences between Description and Experience Conditions

First, we tested whether we could replicate previous findings of differences in the
subjective representation of outcomes and probabilities (as implied by CPT’s value and
weighting functions) between the purely description-based and the purely experience-
based conditions. To this end, we estimated CPT parameters in both conditions. The
parameter estimates are reported in Table 2.1; the value and probability weighting
functions are plotted in Figure 2.2. In the experience condition, outcome sensitivity o
was higher, probability sensitivity y was lower, loss aversion A was higher, and choice
sensitivity @ was lower than in the description condition. These results replicate findings
by Glockner et al. (2016) and Kellen et al. (2016) on differences in sensitivity to
outcomes and probabilities between description- and experience-based choices—and
extend these findings to the extent that we found differences in all CPT parameters.
2.3.1.2. Subjective Representations of Outcomes and Probabilities in the Mixed
Condition

Next, we tested whether differences in the subjective representations of outcomes and
probabilities were also observed in the mixed condition, where one option is described

and the other is experienced. To this end, we estimated a CPT model with separate sets of
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parameters for the described and the experienced option. The means of the estimated

group-level posterior distributions are reported in Table 2.2. It emerged that the estimated

values for the described and the experienced option did not differ credibly from each

other for any of the parameters (i.e., the 95% HDI of the difference between the two

Table 2.1: Posterior group-level Mean parameters of the CPT model [95% HDI].

Descr!p_tlon Exper_lf?nce M|>_<e_d Difference Difference Difference
Parameter condition condition condition Descr. — Ex Mixed — Descr Mixed — Ex
(n=73) (n=78) (n=67) B ' -
Outcome 0.80 1.13 1.02 -0.33 0.22 —0.11
sensitivity o [0.76-0.84] [1.07-1.19] [0.97-1.07] [-0.40——0.27] [0.16-0.28] [-0.18——0.03]
Probability 0.81 0.62 0.72 0.19 —-0.09 0.10
sensitivity y [0.74-0.87] [0.58-0.66] [0.67-0.78] [0.11-0.26] [-0.17-0.00] [0.04-0.17]
Loss 1.20 1.55 1.28 -0.35 0.08 —0.26
aversion A [1.07-1.32] [1.31-1.79] [1.14-1.42] [-0.62——0.08] [-0.10-0.28] [-0.55-0.01]
Choice 0.21 0.04 0.08 0.17 -0.13 0.03
sensitivity ¢ [0.17-0.26] [0.03-0.06] [0.06-0.10] [0.13-0.21] [-0.19——0.09] [0.01-0.06]

Note. Descr. = Description condition, Exp. = Experience condition, Mixed = Mixed condition. Credible differences are

printed in boldface.

Table 2.2: Posterior group-level mean parameters of the CPT model with separate para-

meters for each option in the mixed condition [95% HDI].

Parameter

Described option

Experienced option

Difference
described — experienced

Outcome sensitivity o

Probability sensitivity y

Loss aversion A

Choice sensitivity ¢

1.02
[0.98-1.07]

0.74
[0.68-0.81]

1.26
[1.17-1.35]

0.08
[0.06-0.09]

1.03
[0.98-1.07]

0.68
[0.64-0.72]

1.28
[1.19-1.37]

-0.01
[-0.01-0.00]

0.06
[0.00-0.14]

-0.02
[-0.07-0.02]
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options did not include zero). To further corroborate this finding, we conducted a model
comparison (based on DIC) with a CPT model that assumed the same parameter for the
described and the experienced option. The DIC of this simpler model was lower
(indicating better model performance) than that allowing for differences between the
described and the experienced option, DIC = 7553.9 vs. 7622.6. We thus conclude that
the subjective representations of the described versus experienced outcome and
probability information did not differ in the mixed condition.
2.3.1.3. Comparing the Mixed Condition with the Other Conditions.
Because the CPT parameters did not differ across the described and the experienced
options in the mixed condition, we applied the CPT model with identical parameters
across options for all conditions and compared the parameter values in the mixed
condition with those in the description and experience condition. The estimated model
parameters are reported in Table 2.1 and plotted in Figure 2.2. For all parameters, the
mean of the group-level posterior distribution in the mixed condition fell between that of
the description and the experience condition. With regard to the outcome sensitivity
parameter o, the probability sensitivity parameter y, and the choice sensitivity parameter
¢, the values in the mixed condition differed credibly from both description and
experience condition. In contrast, the value of the loss aversion parameter A in the mixed
condition was not credibly different from that in either the description or the experience
condition.

Taken together, the results suggest that participants relied on a joint
representation of both options rather than on separate representations. This joint
representation represented a compromise between description- and experience-based

choices, reflecting the joint-compromise scenario.

2.3.2 Is There a Choice Bias in the Mixed Condition?

We further tested whether participants had a systematic preference for a specific learning
mode. To that end, we modeled choices in the mixed condition using a variant of the
choice rule that included an additive parameter P reflecting a bias towards one of the
options, irrespective of its subjective evaluation. A positive (negative) value indicates a
bias towards the described (experienced) option. We estimated the parameter using the
CPT model with same parameters for both options, which showed the best model
performance in the analysis above. With this model, B was positive but did not credibly

differ from O (group-level posterior mean = 0.07 [—0.02—-0.15]). We thus conclude that
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participants did not show a credible bias towards the described or the experienced option

in general.

2.3.3 How Do People Search for Information in the Mixed Condition?

Next, we examined sampling behavior in the mixed condition and the experience

condition. We hypothesized that participants might draw a larger number of samples per
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Figure 2.2: Posterior group-level mean (a) value functions and (b) probability weighting

functions for the description, experience, and mixed conditions.
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option in the mixed condition than in the purely experience-based condition in an attempt
to align the level of certainty of the two options. Indeed, our results showed that in the
mixed condition the mean number of samples drawn from the experienced option was
larger than the mean number of per-option samples in the experience condition (Mmixed =
22.5, SDmixed = 12.0 VS. Mexperience = 16.4, SDexperience = 8.1; t(112.45) = 3.50, p <.001).

We also explored how search effort in the mixed condition was influenced by
features of the choice problems and by properties of both the experienced and the
described option. To this end, we conducted a multilevel analysis with random effects for
participants. For each option, we included the following properties as predictor variables
based on the actually experienced information: expected value (EV), number of
outcomes, standard deviation (SD), SD normalized by the EV (i.e., coefficient of
variation, CV; Weber et al., 2004). Further, we included the absolute difference between
the two options in terms of EV, SD, and CV. The dependent variable was sample size.
The results are reported in Table 2.3. The number of samples drawn was higher when the
described option had a lower EV and a higher SD, but was not influenced by the number
of outcomes or the CV of the described option. The only property of the experienced
option that affected sample size was EV, with a higher number of samples being drawn
when the experienced option had a higher EV. Further, sample size was higher with
smaller absolute difference in EV and SD. In an additional analysis, we analyzed the
choice problems in the gain and loss domain only and included domain as a predictor
(see Lejarraga et al., 2012); domain did not affect sample size (b = 0.35, SE = 1.10,
p =.752).

Next, we tested whether the EV and SD of the alternative option affected search
effort in an experienced option only when the alternative option was described or
whether this was an effect of the alternative option per se. To this end, we examined
search effort in the experience condition for each option individually, thus disentangling
the influence of the properties of an experienced option from those of its alternative on
search effort. Full results are reported in the Supplemental Materials (Section S1.3). Our
results showed that choice context also affected search effort in the experience condition.
Specifically, the effects of the properties of the alternative option were similar to those
observed in the mixed condition (where the other option was described): EV was
negatively and SD positively associated with sample size, whereas number of outcomes

and CV did not influence sample size. However, the effects of properties of the target
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Table 2.3: Effect of properties of the choice problem on the size of the sample drawn for

the experienced option in the mixed condition.

Predictor b SE p
Intercept 23.34 1.68 <.001
DO: EV -0.05 0.01 <.001
EO: EV 0.02 0.01 .017
DO: Number of outcomes —-0.48 0.74 519
EO: Number of outcomes 0.69 0.57 227
DO: SD 0.05 0.01 <.001
EO: SD 0.01 0.01 .262
DO: CV -0.12 0.08 .165
EO:CV -0.02 0.09 .834
Absolute EV difference -0.10 0.01 <.001
Absolute SD difference —-0.04 0.01 .002
Absolute CV difference 0.01 0.09 .869

Note. DO = described option, EO = experienced option, EV = expected value, SD
= standard deviation, CV = coefficient of variation. Significant predictors (p <
.05) are printed in boldface.

option as well as differences between the options differed from those observed in the
mixed condition. Also in contrast to the mixed condition, participants drew fewer

samples in the loss than in the gain domain.

2.3.4 EV Maximization

Additionally, we examined how often participants chose the option with the higher EV—
thus deciding in line with EV maximization—across the conditions. Full results are
reported in the Supplemental Materials (Section S1.3). In short, participants chose the
option with the higher EV similarly often in the experience condition and in the mixed
condition. However, EV maximization was significantly lower in the description
condition. This result replicates previous findings that description- and experience-based
choices differ in terms of EV maximization (e.g., Wulff et al., 2018) and demonstrates
that even having an experiential learning mode for just one option boosts EV
maximization relative to purely description-based choices—despite the need to integrate

information from different learning modes in the mixed condition.
42



The Role of Context in Risky Choice

2.3.5 The Role of Numeracy

Finally, we examined to what extent individual differences in objective numeracy (i.e.,
the ability to use probabilistic and mathematical concepts; Peters et al., 2006) and
subjective numeracy (i.e., preference for numbers and numeric confidence; Fagerlin et
al., 2007) were related to choice behavior in the mixed condition. Detailed results can be
found in the Supplemental Materials (Section S1.3). Overall, there were no reliable
associations. Objective and subjective numeracy were unrelated to sample size in the
mixed or experience condition (although there was a positive association of objective
numeracy and sample size in the pilot study). Further, there was no evidence that people
with higher (vs. lower) objective numeracy were more consistently sensitive to
probabilities across options in the mixed condition when CPT parameters were estimated
separately for each condition. In sum, numeracy did not seem to have a substantial effect
on choices and search effort in the mixed condition.

2.4 Discussion

When people make decisions under risk, they seem to evaluate the options differently
depending on whether they learned about them through description or experience. Here,
we studied the role of the choice context in risky choice and tested whether there are
differences in evaluation of options when people choose between a described and an
experienced option, using CPT to map people’s subjective representations of outcomes
and probabilities. Further, we tested whether choices in the mixed condition are biased
toward one of the two learning modes. Finally, we examined to what extent information
search depends on the properties of the options.

Replicating previous findings (Glockner et al., 2016; Kellen et al., 2016), the
shapes of CPT’s value and weighting functions differed between the purely description-
based and purely experience-based conditions. In the mixed condition, however, there
was no evidence that the value and weighting functions for the described and
experienced options differed, suggesting a joint subjective representation of outcomes
and probabilities for both learning modes. The parameters estimated for outcome
sensitivity, probability sensitivity, and choice sensitivity in the mixed condition fell
between those estimated for the purely description and experience conditions. Thus, our
results were in line with the proposed joint-compromise scenario that assumes a joint
representation of both options. Further, there was no evidence for a bias toward either of

the learning modes in the mixed condition. Finally, people sampled more information per
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option when comparing the experienced option with a described option than with a
second experienced option. The sample size in the mixed condition, in turn, was affected
by properties of both the experienced option and the described option and by the absolute
value difference between the options.

Our results extend and qualify findings on differences between description- and
experience-based choices. On the one hand, we replicated previous work showing that
purely description-based choices seem to differ fundamentally from purely experience-
based choices when patterns in choice are mapped using CPT. Although two previous
studies have found differences in sensitivity to outcomes and probabilities (Glockner et
al., 2016; Kellen et al., 2016), this is the first study to find differences in all CPT
parameters. Thus, our results suggest that differences between description and experience
pertain not only to the weighting of probabilities, but that the mechanisms between the
two learning modes differ more broadly. On the other hand, our findings indicate that
differences between evaluations of a described and an experienced option cannot be
attributed solely to the learning mode, but are also driven by the context in which the
option is presented—specifically, whether it has to be compared with an option in the
same or a different learning mode. This implies that the way the learning mode affects
information processing and thus choices is to some extent context dependent, and thus
underscores the constructed nature of risky choices (Lichtenstein & Slovic, 2006; Payne
et al., 1999).

Our research thus emphasizes the role of context for choice and information
search. Our results suggest that the subjective representation of an option depends
heavily on the nature of the alternative option, particularly its learning mode.
Participants’ subjective representations of an option’s outcome and probability
information differed when it was compared to an option in the same versus a different
learning mode. Interestingly, in choices between a described and an experienced option,
the options affected each other’s subjective representations reciprocally. This suggests
that people do not tend to translate one learning mode into the other, but that they try to
integrate the two options into a joint representation that reflects a compromise between
purely description- and purely experience-based choices. In sum, our findings emphasize
the importance of considering the choice context when developing choice models—as
has indeed been done in promising models such as the Choice from Accumulated
Samples of Experience (CHASE) model (Markant et al., 2015).
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The choice context also affects search effort in experienced options. When the
information about the alternative is precise and explicit, as in described options, people
strive for higher reliability about the payoff distribution of the experienced option. By
sampling more outcomes from that option, they align the levels of certainty of the two
options. Moreover, search effort for an experienced option depends not only on the
learning mode of the alternative option but also on its properties. In both the mixed and
the experience condition, features of the alternative option affected how much
information people searched for in an experienced option. This is, ceteris paribus, in line
with predictions of the CHASE model (Markant et al., 2015), which models choices and
sample sizes simultaneously. However, this model as well as previous examinations of
sample size in experience-based choices (e.g., Wulff et al., 2018) have focused on how
the properties of the choice problem affect sample size as a whole. By studying search
effort in both options separately, we demonstrate that search effort depends on properties
of both the option itself and its alternative, but that each option affects search effort
differently. Our results thus indicate that more attention should be paid to choice context

when studying choice and search behavior in decisions under risk.

2.5 Conclusion

Our research aimed to study the role of the choice context in risky choice, focusing on
the learning mode of the alternative option. We found that decision making between
options requiring different learning modes differs systematically from decision making
between options in the same learning mode. Moreover, our findings highlight the role of
choice context and, specifically, the reciprocal influence of options and their respective
learning mode when people construct preferences in risky choice. In future research, it
thus seems important to consider not only how people learned about an option, but also

how they learned about the alternatives.
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Chapter 3

Abstract

When making choices, deliberation time is often costly but also promises to improve
decision making. This, however, applies only if the available options differ in
attractiveness, as additional processing time might not be worthwhile if the options yield
similar value. We investigate to what extent people respond to the costs and benefits of
time adaptively under varying value differences between options in decisions under risk.
The drift diffusion model (DDM) serves as a computational framework to study the
trade-off between costs and benefits of time. Based on simulations we first determined
how people should adapt their boundary separation in order to maximize payoffs
depending on the differences in options’ value and the magnitude of opportunity costs
(ie., loss in payoff per time unit). Subsequently, we conducted three empirical
experiments to study if people adjust their processing adaptively, in line with the
simulations. Across all experiments, participants’ estimated boundary separations were
mostly sensitive to the presence (vs. absence) of opportunity costs, but less so to different
levels of cost. As a result, people did not adapt their boundaries to the differences
between option value optimally, with boundaries being narrower than optimal when
value differences were relatively large and wider than optimal when value differences
were relatively small. Although guessing would be most beneficial in some conditions,
participants did not adopt a guessing strategy in any condition. In conclusion, people
seem to have limited abilities to adjust their information processing adaptively to the

magnitude of the opportunity costs and value differences.
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3.1 Introduction

W hen making decisions, time often matters. Time spent making one decision
could be invested in making another, or payoffs become less available or
attractive over time. On the other hand, taking more time also can improve a decision,
because longer deliberation can lead to more accurate processing of the options. Decision
makers thus have to trade off the benefits of further deliberating against the costs of time.
Investigations on risky choice have shown that people make faster and less accurate
choices when there are opportunity costs of time (Hausfeld & Resnjanskij, 2018; Payne
et al., 1996; Rieskamp & Hoffrage, 2008), but less is known about how adaptive this
response is. Our research aims to study how adaptively people trade off the benefits and
costs of time when making decisions under risk with opportunity costs of time.

One prominent approach to study how different choice strategies trade off
cognitive effort against accuracy is the Adaptive Decision Maker framework (Payne et
al., 1993). In this framework, effort is operationalized as the number of different mental
operations (e.g., reading or comparing information) and accuracy is measured as the
relative accuracy compared to guessing and an optimal expected-value-maximizing
strategy. Because the value of effort and accuracy depends heavily on the subjective
weights decision makers assign to reducing effort and increasing accuracy, different
weights can lead to different conclusions about the optimal choice strategy (Payne et al.,
1993, 1996).

Sequential sampling models (SSMs) offer a solution to explicitly model the trade-
off between the costs and benefits of time. By striving to maximize accuracy, they do not
require subjective weights to identify an optimal strategy. Arguably the most prominent
SSM is the drift diffusion model (Ratcliff, 1978, Ratcliff & McKoon, 2008), a model for
binary decisions according to which information is accumulated with some noise over
time. The accumulation continues until a boundary is reached, initiating a response (see
Figure 3.1). Each boundary corresponds to one option. Here, we assume that the upper
boundary corresponds to the higher-valued option. The decision process is described by
three parameters. The rate of information accumulation is governed by the drift rate 6.
The drift rate reflects the rate of evidence accumulation and is assumed to be mainly
determined by the difficulty of the task (i.e., how easily options can be discriminated;

Ratcliff & McKoon, 2008). In the current case, a higher (vs. lower) drift rate leads to
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Figure 3.1: Illustration of the information accumulation process of the drift diffusion
model (DDM) and its dependency on the boundary separation. Narrow boundaries
(dotted lines) lead to faster choices, but to a lower proportion choosing the superior

option A, P(A), than wide boundaries (dashed lines).

decisions which are faster and more accurate (i.e., choose the higher-valued option more
often). The distance between the boundaries is captured by the boundary separation
parameter o. The boundary separation is assumed to capture the decisions maker’s
conservatism (Voss et al., 2004). The DDM can thus implement a speed-accuracy trade-
off, with wider boundaries leading to slower but more accurate choices (see Figure 3.1).
Some implementations of the DDM involve a bias parameter 3 which moves the starting
point of accumulation closer to one of the boundaries. We do not, because we do not
expect an a priori bias towards any of the two options. Finally, the non-decision time t
captures components of the overall response time which are not part of the deliberation

process (e.g., the time needed to encode information or to move the fingers).
52



The Trade-Off between the Costs and Benefits of Time

As illustrated in Figure 3.1, different combinations of parameter values lead to
different predictions about the proportions of choices of both options and response times.
Given particular values of both options, it is possible to determine the average payoff
under each combination of parameter values. If time is free (i.e., there are no opportunity
costs of time), this payoff will be the larger the wider boundaries are. However, if there
are opportunity costs and thus every unit of time leads to a certain loss in payoff,
increasing boundary separation may improve accuracy but can lead to excessive losses in
payoff if boundaries are too wide. On the other hand, narrowing down boundaries avoids
excessive opportunity costs, but can lead to a higher probability of inaccurate choices and
thus losses. Therefore, in decisions with opportunity costs of time, there exists a
boundary separation which trades off the costs and benefits of time most efficiently and
maximizes expected payoff.

The optimal boundary separation, in turn, depends on the level of opportunity
costs and the difference between the options’ values. To examine how people should
adapt their boundary separations, we conducted a computer simulation in which we
computed the expected payoff given different combinations of DDM parameter values as
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Figure 3.2: Simulated expected payoffs as a function of drift rate, boundary separation,
opportunity costs, and value differences. Black points indicate boundary separations

which lead to the highest expected payoff given different values of the drift rate d.
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well as different levels of value differences and opportunity costs (for details, see
Methods). The results of this simulation are illustrated in Figure 3.2. The higher the
opportunity costs (i.e., reading Figure 3.2 from left to right), the lower the boundary
separation generally should be to maximize payoffs. Furthermore, the optimal boundary
separation is also affected by the differences between the values of the options. If the
value differences are very small (e.g., differ by 1 point; top row of Figure 3.2),
boundaries close to 0 are optimal because there is little to gain through deliberating.
Boundaries close to 0, in turn, reflect guessing because the information accumulation
process hits a boundary directly after the start. The larger the differences between values
become (i.e., reading Figure 3.2 from top to bottom), the more profitable deliberation
becomes because larger value differences offer larger payoffs relative to guessing. In
addition, larger value differences are usually associated with larger drift rates which
result in higher benefits of deliberation time, so that wider boundaries become more
optimal with increasing drift rates (i.e., reading each tile of Figure 3.2 from left to right).

The DDM has been previously used to study decision making with opportunity
costs of time in different domains of decision making. In risky choice, boundary
separations have been shown to become smaller the higher opportunity costs are
(Hausfeld & Resnjanskij, 2018). However, it is unclear how adaptive this adjustment of
boundary separation is. Other studies have investigated this adaptivity in the domain of
perceptual decision making. In most of these studies, participants view clouds of moving
dots and are asked in which direction the majority of dots are moving. Opportunity costs
are often implemented based on a time limit, such that faster participants can make more
decisions. Findings of such studies are rather mixed: One study found that decision
makers do not deviate from optimality (Jarvstad et al., 2012), whereas other studies
demonstrated that people weight accuracy more heavily so that they deliberate longer
than optimal (Bhui, 2019; Bogacz et al., 2010; Starns & Ratcliff, 2010, 2012). Other
studies showed that initially too-cautious decisions can become more optimal under
certain conditions (e.g., with feedback or practice; Balci et al., 2011; Evans et al., 2019;
Evans & Brown, 2017; Simen et al., 2009).

Fewer studies have investigated how adaptive boundary separations are given
different value differences. In value-based decision making between food items with
opportunity costs, people have been shown to decide longer given smaller value
differences (Oud et al., 2016), a pattern usually observed in decisions without

opportunity costs (Krajbich et al., 2010; Krajbich & Rangel, 2011). However, this pattern
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is the opposite of what would have been optimal according to the argumentation of the
study and our simulation (Figure 3.2). Implementing the DDM, a study on perceptual
decision making showed that this pattern could also be found when estimating boundary
separations: options which were harder to discriminate led to wider boundaries (Starns &
Ratcliff, 2012).

Moreover, our simulation demonstrated that guessing is an adaptive strategy
when value differences are small. However, previous studies investigating time trade-offs
did not consider guessing as adaptive, but even as thoughtless behavior, leading to
exclusion of respective participants (Evans et al., 2019; Evans & Brown, 2017; Fiedler et
al., 2021; Starns & Ratcliff, 2012).

Our research aims to study systematically how adaptively people set their
boundary separation given different levels of opportunity costs and value differences
when making decisions under risk. The studies on perceptual decision making provide
support for our computational approach, but their conclusions for risky choice may be
limited because perceptual decisions have been argued to be more optimal than more

cognitive risky choice tasks (Trommershduser et al., 2008; but see Jarvstad et al., 2012).

3.2 Results

Our research aimed to investigate how people trade off the costs and benefits of time
when making risky choices. For this purpose, we examined whether people adjust their
information processing adaptively to the level of opportunity costs and value differences
in line with our simulations by conducting three empirical experiments (for details, see

Methods following the General Discussion).
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Figure 3.3: Schematic illustration of a choice trial with opportunity costs of time (here:

1 point per 750 ms).
55



Chapter 3

3.2.1 Experiment 1

The goal of Experiment 1 was to study whether people adapt their information
processing optimally, as identified in the simulation. Participants made 10 practice and
40 main decisions between two risky gambles with two outcomes each. We manipulated
opportunity costs and value differences between participants. In the no-opportunity-costs
conditions, outcome values remained fixed over time. In the low- and high-opportunity-
costs conditions, outcome values decreased by a low and high amount, respectively,
every 750 ms (see Figure 3.3). Further, option values were reflected by options' expected
values (EVs) and differences between them were either large, moderate, or small. We
modeled choices and response times using a Bayesian hierarchical implementation of the
DDM and compared the boundary separation parameter estimates to the optimal values
of o identified in the simulations for the same condition.

3.2.1.1 Behavioral Results

Accuracy was higher when value differences were larger (F(2,262) = 67.42, p < .001)
and when opportunity costs were lower (F(2,262) = 11.30, p < .001; for detailed results,
see Supplemental Materials, Figure S2.4). Response times are displayed in Figure 3.4.

There was no effect of value differences on response times (F(2,262) = 0.39, p = .675),
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Figure 3.4: Response times in each condition (error bars represent 95% confidence
intervals) for Experiment 1 (left panel), Experiment 2 (middle panel), and Experiment 3
(right panel). Grey points represent means of the posterior predictive checks generated by

the estimated DDM parameters.
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but there was a significant effect of opportunity costs (F(2,262) = 73.55, p < .001). A
posthoc analysis revealed that this effect was driven by the difference between the no-
opportunity-costs condition and the two opportunity-costs conditions, as there was no
difference in response times between the high- and low-opportunity-costs conditions.
3.2.1.2 Modeling Results

The drift rate & of the DDM was higher when the differences between options’ EVs were
larger (i.e., all differences between value-difference conditions were credible).
Importantly, drift rates did not differ between opportunity costs conditions (i.e., no
differences were credible; see Supplemental Materials, Figure S2.5). As illustrated in
Figure 3.5, boundary separation a was not affected by differences in option value, as the
a did not credibly differ between value-difference condition within the opportunity-costs
conditions. However, opportunity costs affected a. Specifically, participants set credibly
narrower boundaries when there were opportunity costs (vs. no opportunity costs), but
boundary separation did not credibly differ between conditions with low and high

opportunity costs.
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Figure 3.5: Estimated boundary separation o (group-level posterior means; error bars
represent 95% HDIs) and optimal boundary separation o (indicated by x) in each
condition for Experiment 1 (left panel), Experiment 2 (middle panel), and Experiment 3
(right panel). Because the optimal o in the no-costs conditions is infinite and we modeled
values of the optimal o ranging from 0.01 to 6.00, the optimal a in the no-costs

conditions reaches the limit of this range at 6.00.
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Next, we compared the estimated boundary separations to those maximizing
expected payoffs in each condition. In the absence of opportunity costs, wider boundaries
are generally preferable. Therefore, we focus on the conditions with opportunity costs.
As shown in Figure 3.5, when there are opportunity costs, the optimal boundary
separation (marked with a x) depends on both the value differences and magnitude of
opportunity costs. In particular, boundaries should be narrower given smaller value
differences and higher opportunity costs. The 95% HDI of estimated boundary
separations did not include the optimal boundary separation in any of the opportunity-
costs conditions, suggesting non-adaptive adjustment of information processing. In one
of the six conditions with opportunity costs (i.e., large value differences and low
opportunity costs), boundaries were narrower than optimal. In the other five conditions,
including those in which guessing (i.e., o close to 0) was most beneficial, boundary
separations were wider than optimal. Non-decision time t did not differ between any of
the conditions (see Supplemental Materials, Figure S2.6).

Next, we determined the expected payoff relative to guessing, obtained both

based on the estimated and optimal boundary separations, and in each condition (see
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Figure 3.6: Expected payoff in each condition relative to guessing (given the group-level
posterior mean and, as shown by the error bars, the 95% HDIs of the respective boundary
separations o), together with the expected payoff under optimal o (indicated by x) in
each condition for Experiment 1 (left panel), Experiment 2 (middle panel), and

Experiment 3 (right panel).
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Figure 3.6). In all conditions with opportunity costs, participants earned fewer points
than expected under optimal boundary separations, although the losses in payoff were
relatively small. In the conditions with small value differences participants even earned
less than they would have if they had employed a guessing strategy.

The results of Experiment 1 show that people did not adapt their boundary
separations to maximize payoffs under different levels of opportunity costs and varying
value differences. Although guessing would have been the most profitable strategy in
some of the conditions, participants did not adopt this strategy. Interestingly, and in
contrast to findings on perceptual decision making, participants did not exhibit a general
tendency to set wider boundaries than optimal; instead, boundaries were narrower than
optimal in choices with large value differences and low opportunity costs, but wider than
optimal in choices with moderate to small value differences and/or high opportunity

costs.

3.2.2 Experiment 2

Sensitivity to value differences and thus adaptivity may have been limited in Experiment
1 because, due to the between-subjects manipulation of value differences, each
participant experienced only one level of value differences. To test whether the
experience of different degrees of value differences would improve sensitivity to them,
we repeated Experiment 1 but varied value differences within participants. In Experiment
2, there were again three value differences, but value difference varied between blocks.
Participants were not told in which regard the choice problems in each block differed, but
they had the chance to learn about the different types of choice problems in a practice

phase before moving on to the main phase with 40 consequential choices in each block.

3.2.2.1 Behavioral Results

Again, accuracy was higher with increasing value differences (F(2,174) = 137.19,
p < .001) and lower opportunity costs (F(2,87) = 12.79, p < .001; see Supplemental
Materials, Figure S2.4). There was a significant interaction of value differences and
opportunity costs, with smaller differences between value differences in choices with
higher opportunity costs (F(4,174) = 6.92, p < .001). Response times are illustrated in
Figure 3.4. Response times did not differ between value-difference conditions (F(2,174)
= 0.87, p = .423), but were shorter when opportunity costs were higher (F(2,87) = 62.69,
p < .001). The effect of opportunity costs on response times interacted with value

differences, indicating lower sensitivity to value differences under higher opportunity
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costs (F(4,174) = 2.71, p = .032). Posthoc tests revealed that the differences in response
times between the low- and high-opportunity-cost conditions were significant.

3.2.2.2 Modeling Results

Again, drift rates & were higher given larger value differences and did not differ between
opportunity-costs conditions (see Supplemental Materials, Figure S2.5). Boundary
separations are illustrated in Figure 3.5. Again, boundary separation a was not affected
by value differences (i.e., differences between value-difference conditions were not
credible). However, in contrast to Experiment 1, boundary separation not only differed
between conditions with and without opportunity costs, but also between the low- and
high-opportunity-costs conditions (i.e., all differences between opportunity-costs
conditions were credible). As in the previous experiment, non-decision time t did not
differ between any of the conditions (see Supplemental Materials, Figure S2.6).

Because the choice problems of Experiment 1 were used and thus the drift rates
were expected to be similar to those in Experiment 1, the pattern of optimal boundary
separation was also similar: Smaller value differences and higher opportunity costs
required lower optimal boundaries to maximize payoffs. Again, estimated boundaries
were narrower than optimal under large value differences and low opportunity costs and
wider than optimal in the other conditions. Further, participants again did not guess when
it was the most beneficial strategy.

As in Experiment 1, participants earned smaller payoffs than expected under
optimal boundary settings, but the losses in payoff were again rather small (see Figure
3.6).

In sum, giving each participant the opportunity to experience different degrees of
value differences did not enhance their sensitivity to these value differences, but it did

increase the sensitivity to differences in opportunity costs to some extent.

3.2.3 Experiment 3

In the two previous experiments, people’s boundary separations were not sensitive to
value differences between options. In the following experiment, we test whether
increasing the range of value differences would enhance the sensitivity to value
differences. Our simulation demonstrated that the larger value differences are, the more
profitable an adaptive setting of boundary separation becomes because there is more to
gain in comparison to guessing. For instance, in a choice between two options with the

values 90 and 110, people can only earn up to 10 points more than when guessing (i.e.,
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which would, on average, result in 100 points). In a choice between options with the
values 50 and 150, however, people can earn up to 50 points more compared to guessing.
To test whether people would adapt better to value differences when more can be gained
from behaving adaptively (i.e., when value differences are overall larger), we repeated
Experiment 2 but used choice problems with very large value differences in addition to
the previously used choice problems with large and small differences in value. Moreover,
the following experiment aimed to further study the sensitivity to different levels of
opportunity costs and to test whether very low opportunity costs affect boundary
separations by an accordingly small degree or rather to a relatively large degree because
the mere presence of opportunity costs evokes a strong reaction. For this purpose, we
implemented a condition with very low opportunity costs and tested how boundary
separations differed compared to conditions with no and high opportunity costs.

3.2.3.1 Behavioral Results

Again, accuracy was higher given larger value differences (F(2,178) = 219.62, p < .001)
and given lower opportunity costs (F(2,89) = 3.41, p = .037; see Supplemental Materials,
Figure S2.4). Accuracy varied less strongly across different degrees of value differences
when opportunity costs were higher (F(4,178) = 2.94, p = .022). Response times are
shown in Figure 3.4. People chose faster when differences in option value were larger
(F(2,178) = 8.53, p <.001) and when opportunity costs were higher (F(2,178) = 8.53, p <
.001). As in the previous experiment, value differences affected response times less

strongly under higher opportunity costs (F(4,178) = 3.98, p =.004).
3.2.3.2 Modeling Results

Again, drift rates 6 were higher with larger value differences, but were not affected by
opportunity costs (see Supplemental Materials, Figure S2.5). Estimated and optimal
boundary separations are illustrated in Figure 3.5. As in Experiment 2, boundary
separations o were lower with higher opportunity costs and differed not only between
conditions with and without opportunity costs, but also between those with low and high
opportunity costs (i.e., all differences were credible). Boundary separations did not differ
between the choices with large and small value differences which were already used in
the previous two experiments (i.e., differences were not credible). However, boundary
separations were sensitive to value differences when comparing the previously used
choice problems with small and large value differences with those with very large
differences which were newly implemented. In particular, boundary separations were

now credibly higher in choices with very large value differences compared to those with
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small value differences in each of the conditions with the same magnitude of opportunity
costs. Non-decision time t did not differ between any of the conditions (see
Supplemental Materials, Figure S2.6).

Again, to set boundaries in an optimal fashion, people should be sensitive to both
opportunity costs and value differences between the options. Notably, when opportunity
costs were very small, the optimal boundary separations for large and very large value
differences were relatively high, indicating that participants could have ignored costs in
these choices (but not in the ones with small differences). However, estimated boundaries
in these two conditions as well as in the condition with very large value differences and
high opportunity costs were narrower than optimal. In the two conditions in which
guessing was optimal, estimated boundaries were wider than optimal, indicating a
stronger than necessary response to the presence of opportunity costs. In one condition
(i.e., large value differences and high opportunity costs), boundary separations were not
credibly different from the optimal value, although boundary separations in the same
condition of Experiments 1 and 2 were once narrower (Experiment 1) and once wider
than optimal (Experiment 2).

Results on expected payoffs with estimated and optimal boundary separations
showed that, again, participants lost out on points due to their limited adaptivity. These
losses in payoff were largest in the conditions with very large value differences (see
Figure 3.6).

The results of Experiment 3 suggest that decision makers can become somewhat
sensitive to different degrees of value differences when values differ to a great extent and
an optimal adaption of boundaries becomes particularly profitable. However, despite the
increased sensitivity, estimated boundaries were still narrower than optimal in the choice
problems with very large value differences. Moreover, opportunity costs which were so
low that they could have been ignored still had a considerable effect on boundary
separation, but to a lesser degree than the high opportunity costs. This suggests that
people respond strongly to the presence of opportunity costs but at the same time are

sensitive to the specific costs of time.

3.3 General Discussion

In many decisions, taking time to deliberate is costly but can also improve the choice.
Therefore, decision makers have to trade off the costs and benefits of time while taking

the difference in option value into account. In this article, we present an approach to
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quantitatively study this trade-off in the domain of risky choice and investigate how
adaptively people adjust their information processing to the magnitude of opportunity
costs and differences between the options’ values. Using the DDM as a computational
framework, we first conducted a simulation which demonstrated that both differences in
option value and the level of opportunity costs have to be considered when setting the
boundary separation in order to maximize payoffs. Next, we investigated whether people
adapted their boundary separations as identified in the simulation. In three empirical
experiments, participants made risky choices with different magnitudes of opportunity
costs and value differences. Across all experiments, people showed only limited
sensitivity to differences in value differences and different magnitudes of opportunity
costs. As a result, estimated boundary separations deviated from the optimal ones:
boundaries were narrower than optimal when value differences were large and wider than
optimal when differences were small. Participants did not guess by setting boundaries
close to 0 when this was warranted. Together, these results suggest that people barely
adapt their choice criterion to opportunity costs and differences in option value.

One explanation for the limited sensitivity to value differences is that in the first
two experiments, behaving optimal was not sufficiently rewarded, seen by small losses
caused by deviation from optimality (see Figure 3.6). When people chose between
options which differed substantially in value and thus adaptivity offered a relatively large
reward, people adjusted their boundary separations accordingly. Thus, people may
become sensitive to value differences only if adaption is rewarded sufficiently. Another
explanation for our findings is that people do not understand that and how boundary
separations should depend on value differences. This notion is supported by a study on
perceptual decision making which provided people with feedback on ways to improve
their performance (e.g., by reducing decision time by a certain amount) and the
consequences thereof (Evans & Brown, 2017). Participants had higher payoffs when they
were provided with this detailed feedback than when they were only informed about their
performance or received no feedback. This shows that in principle, people are able to
learn how to behave more optimally if they are told how to. Finally, people could have
pursued other goals than to maximize expected payoffs which the DDM is geared
towards. People could have behaved in accordance with other, subjective goals (e.g.,
avoiding risks when deliberation time is costly) which our implementation of the DDM

could not reflect due to the definitions of the boundaries.
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Whereas previous research on perceptual decision making has concluded that
people allocate time show a general trend towards choosing too cautiously compared to
optimal behavior (Bhui, 2019; Bogacz et al., 2010; Starns & Ratcliff, 2010, 2012), we
did not find a general direction of deviation from optimality. Rather, people seemed to
set narrower boundaries than optimal when value differences were large and wider
boundaries when value differences were small. One way to interpret the difference
between these findings and ours would be to attribute these differences to differences in
the domain, which would suggest that people trade off costs and benefits of time
differently in perceptual and cognitive decision making (Trommershduser et al., 2008).
However, an alternative account is that people are rather insensitive to differences in
option value and the conclusions drawn about too-cautious decision making are rather a
result of the study designs (e.g., presenting options which are relatively hard to
discriminate) rather than a true tendency. For instance, Balci et al. (2011) also found no
differences in estimated boundary separation between conditions with varying difficulty
when studying perceptual decision making. Evans et al. (2019) have already argued that
previous studies have rewarded too-cautious choice strategies more strongly than too-
urgent ones. In an experiment, they could show that increasing the relative reward for
too-urgent (vs. too-cautious) choices shifted boundary separations closer to optimality,
although participants did not exhibit a tendency for too-urgent choices. Our findings
support the argumentation that findings on decision making with opportunity costs may
be at least partly affected by the study design and thus conclusions about optimality or
deviation from it have to consider the environment in which choices are being made.

Our simulations showed that guessing (i.e., a boundary separation close to 0) can
be an adaptive choice strategy under certain conditions, in particular when choosing
between options which differ only little in value. In contrast, many studies on risky
choice consider guessing as inattentive or as not complying with the instructions,
resulting in an exclusion of participants who seem to be guessing (e.g., Evans et al.,
2019; Evans & Brown, 2017; Fiedler et al., 2021; Starns & Ratcliff, 2012). Our findings
show that people who seem to guess in studies may actually behave adaptively. For
instance, studies often involve implicit opportunity costs of time (e.g., by offering a fixed
compensation which is independent of individual study duration). When options only
differ in value to a certain amount or correct choices are not rewarded sufficiently,

guessing may well be the most adaptive strategy. Our findings encourage future research
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to examine the potential benefits of guessing and to interpret guessing not necessarily as
undesirable, but potentially as highly adaptive.

In conclusion, our findings suggest that deviation from optimality might not be
caused by a general tendency to choose too cautiously (Rahnev & Denison, 2018), but
rather by a limited sensitivity to the difference in options values which can cause
deviation from optimality in both directions—Ileading to choices which are more cautious
or more urgent than optimal, depending on the size of value differences. Therefore, this
research demonstrates that it is necessary to take into account the features of the choice
environment when interpreting findings on the time trade-off to provide deeper insights

into the way people deal with time when making decisions.

3.4 Methods

3.4.1 Simulation

In the simulation described in the Introduction, we examined how the expected payoff
depends on parameter values of the DDM (i.e., drift rate and boundary separation) as
well as opportunity costs and value differences. First, we simulated response times for
both options given different combinations of drift rate 6 and boundary separation a. We
defined the upper boundary as the option with the higher value and the lower boundary
as the option with the lower value. We orthogonally varied 6 from 0.01 to 1.00 in steps of
0.01 and o from 0.01 to 6.00 in steps of 0.01. Non-decision time t was fixed to 0.60 (a
typical value observed in our experiments). The bias parameter p was fixed to 0.50
because there was no reason to believe that choices would be shifted a priori towards a
particular option. For each combination of DDM parameter values, we computed the
proportion of people who chose the higher-valued and the lower-valued option in each
750 ms time period. Then, depending on value-difference condition, we assigned
different values to both options, using the 40 choice problems used in Experiment 3, with
the options’ EVs being their value. The differences in EVs were 1, 10, 20, 40, and 60.
Further, we orthogonally varied the level of opportunity costs. Costs were 0 points (i.e.,
no costs), 0.1 points, 0.5 point, or 1 point per 750 ms. Then, we multiplied the choice
proportion in each 750 ms period with the value of the chosen option in that period
considering the opportunity costs. Summing up across all time periods and averaging
across choice problems within each parameter setting and condition (i.e., a given level of
opportunity costs and a given EV difference) yields the expected payoff of a choice

strategy based on the assumed DDM parameters in that condition.
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3.4.2 Experiments 1, 2, and 3

Besides differences in the experimental conditions, the design and participant recruitment
of the three experiments were similar. All experiments were approved by the ethics
committee of the Max Planck Institute for Human Development.

3.4.2.1 Participants

All participants were recruited online via the platform Prolific Academic. An inclusion
criterion was to speak English fluently. Participants could not participate in more than
one of the three experiments. For compensation, participants received a flat fee of £1.00
(Experiment 1) or £3.50 (Experiments 2 and 3) and a performance-contingent bonus of,
on average, £0.51, £1.05, and £1.80 (Experiments 1, 2, and 3, respectively; for details on
how the bonus was determined, see below). Participants who did not pass the attention
check (20, 2, and 5 participants in Experiments 1, 2, and 3, respectively) did not receive

any payment and were not considered for the analyses.
3.4.2.2 Choice Task

In all experiments, the choice task consisted of a practice and a main phase. Choices in
the practice phase gave participants the chance to learn about the types of choice
problems and had no consequences, whereas in the main phase new choice problems of
the same types were presented and choices were relevant to the determination of the
bonus. In both phases, participants repeatedly chose between two monetary gambles with
two outcomes each. Participants were asked to choose the option they preferred by
pressing a key corresponding to that option on their keyboard (i.e., S for left option, L for
right option). In the opportunity-costs conditions, outcome values decreased every 750
ms by a particular amount. The displayed outcome values were updated accordingly
every 750 ms, so that participants could always see the potential outcomes they could
obtain if they made a choice at that particular point in time. As soon as an outcome
reached 0, it remained at O (however, in the main phase all participants made all their
choices before any outcome reached 0). In the conditions without opportunity costs, the
outcomes remained fixed. In all conditions, after participants made their decision, the
chosen gamble was played, and participants received feedback on their payoff for 1000
ms. Following a blank screen displayed for 400 ms, a new choice problem was presented.
Screenshots of choice screens of the experiments can be found in the Supplemental
Materials and a video showing a choice trial with opportunity costs can be found at
https://osf.io/n6bwm/?view_only=ad1144c347d14c0492ac3bfa4142d1d8.
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3.4.2.3 Choice Problems

Choice problems of both the practice and main phase were pseudorandomly generated
with the restrictions that there were two outcomes, outcomes ranged from 20 to 200
points, neither option stochastically dominated the other, and the options' values in terms
of EVs differed by a targeted amount (+/- 0.1 points). To vary EV differences while
holding other choice problem features constant, we randomly generated a set of original
choice problems with the largest EV difference used in a study. Next, we decreased the
difference between the options’ EVs in each choice problem by adding a certain number
of points to one option’s outcome values and subtracting the same amount from the other
option’s outcome values. By varying the options’ EVs symmetrically around their mean,
we ensured that the choice problems mainly varied in the difference in EVs, but not in
the mean of the two options' values. Therefore, guessing would result in the same
expected payoff for all conditions, so that the propensity to guess would not differ
between conditions due to differences in choice problems (choice problems used in all
experiments can be found here: https://osf.io/n6bwm/?view_only=
ad1144c347d14c0492ac3bfad142d1d8)

3.4.2.4 Procedure

In all experiments, participants first provided informed consent and received instructions.
Then, they completed the choice task with a practice and a main phase. Participants were
told that at the end of the study, one trial of the main phase would be randomly selected
and played out, and they would receive the payoff converted into money as a bonus
(Experiment 1: 2 points = £0.01; Experiments 2 and 3: 1 point = £0.01) in addition to the
baseline payment for participation. After the main phase, participants completed an
attention check which was announced at the beginning of the study. Participants were
instructed that they would make five choices between two options without opportunity
costs and that they would have to choose the higher-valued option in at least four out of
five times to complete the study and receive the payment. In all five choice problems,
one option stochastically dominated the other. Finally, participants entered their
demographics (age, gender, and highest educational degree), indicated whether they were

color blind (in Experiments 2 and 3 only), and received information on their bonus.

3.4.2.5 Statistical Analysis of Behavioral Data
To examine how accuracy and response times differ between conditions, for each study
we conducted two ANOVAs with opportunity cost level, value differences, and their

interaction as predictors and proportion of choices in line with EV maximization and, to
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account for commonly skewed response time distributions, log-transformed response
times as outcome variable, respectively. In Experiment 1, both predictors were between-
subjects factors, whereas in Experiments 2 and 3, value difference was a within-subjects
factor and opportunity-cost level was a between-subjects factor.

3.4.2.6 Computational Modeling

We used a hierarchical Bayesian implementation of the DDM to model choices and
response times. In Bayesian parameter estimation, parameters are initially represented in
terms of prior distributions which are then updated into posterior distributions based on
the observed data (Kruschke, 2014). In hierarchical Bayesian modeling, parameters are
estimated for each subject and subject-level parameters are assumed to be drawn from a
group-level distribution. Thereby, the approach finds an optimal compromise between
complete pooling of group data and complete independence of subjects within a group,
yielding more reliable and accurate estimates than non-hierarchical approaches (e.g.,
Kruschke & Vanpaemel, 2015).

We estimated the DDM parameters using JAGS 4.3.0 and the R package R2jags
(Su & Yajima, 2020). Bias p was always fixed to .5 because we assumed there was no
reason to assume that people have an a priori bias for one of the two options. The three
other parameters (i.e., drift rate 8, boundary separation a, and non-decision time t) were
estimated for each subject and condition. We ran three chains, each with 101,000
samples and a burn-in period of 1,000 samples. To reduce autocorrelation, the chains
were thinned such that every 20th sample was recorded, resulting in 5,000 recorded
samples per chain. We assessed chain convergence using the potential scale reduction
factor R (Gelman & Rubin, 1992). For all parameters, R was smaller than 1.004,
indicating overall good convergence (Brooks & Gelman, 1998).

For estimates of the DDM parameters, we report means of the group-level
posterior distributions and respective 95% highest density intervals (HDI), separately for
each condition. The 95% HDI reflects the interval that spans 95% of the distribution
such that parameter values outside the interval have lower probability than those inside
the interval. To determine whether parameter values differ between conditions, we
compared parameter values between two of the relevant conditions (e.g., between two
levels of opportunity costs) but within the same level of the other factor (e.g., large value
differences). To test the credibility of parameter differences, we computed the 95% HDI
of the distribution of differences between the sample values of the chains of each

condition. If it does not include 0O, the difference is considered credible.
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3.4.2.7 Determination of Optimal Boundary Separation

We determined the optimal boundary separation conditional on the choice problems and
the opportunity costs in each condition, and conditional on the estimated drift rate 6 and
non-decision time t (cf. Evans et al., 2019; Starns & Ratcliff, 2012). We systematically
varied the boundary separation o from 0.01 to 6 in steps of 0.01, and computed the
expected payoff for each boundary separation and conditional on the factors described
above. Within each condition, we identified the boundary separation which yielded the
highest payoff—the optimal boundary separation.

3.4.2.8 Experiment 1

Participants made 10 practice choices and 40 main choices between two options. Both
opportunity-cost levels and value differences were manipulated between participants.
Opportunity costs were set to 0 points (i.e., no costs), 0.5 points, and 1 point per 750 ms.
The difference between the options’ EVs was either small (difference: 1 point), moderate
(10 points), or large (20 points). We collected data of 271 participants (44.3% female,
54.2% male, 1.5% nonbinary, 18-66 years, Mage = 29.1, SDage = 9.2, 54.6% had a

bachelor’s degree or more).

3.4.2.9 Experiment 2

In Experiment 2, opportunity costs were manipulated between participants, using the
same levels as in Experiment 1 (i.e., 0 points, 0.5 points, and 1 point per 750 ms). In
contrast to the previous study, we varied value differences within participants in blocks
with the same value differences used in Experiment 1 (i.e., differences in EVs were 1, 10,
and 20). We designed the study so that people were able to learn about the properties of
the choices problems without being pointed towards the differences in EV differences.
To that end, participants were instructed that there would be three blocks of trials with
different types of choice problems but they were not told about the nature of these
differences. To differentiate blocks without labeling them, we assigned colors to each
block (i.e., green, blue, and red; color assignment and order were randomized for each
participant). In each choice problem of the blocks, a colored frame surrounded the choice
screen and the color of the block was stated at the top of the screen (for a screenshot, see
Figure S2.3 in the Supplemental Materials). To provide participants with the opportunity
to learn about the types of choice problems included in each block, in the practice phase,
participants completed three blocks each consisting of 20 choice problems. In the

following main phase, participants made 45 choices per block in the same block order
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(maintaining the color-block assignment). The first five choices were practice trials to
remind participants of the choice problems of the current block, followed by the 40
consequential main choices. This design ensured that participants had sufficient
opportunity to learn about the choice problems of each block. The main choice problems
were the same as in Experiment 1, but we added new practice problems due to the
increased number of practice trials. We collected data of 92 participants of which two
were excluded from data analysis because they stated to be color blind (color blindness
could have limited the ability to distinguish between blocks). Of the remaining 90
participants, 46.7% were female and 53.3% were male (18-57 years, Mage = 27.7, SDage =
9.0, 53.3% had a bachelor’s degree or more).

3.4.2.10 Experiment 3

Experiment 3 was identical to Experiment 2 except for the following differences. First,
the three opportunity cost levels were 0 points (i.e., no costs), 0.1 points, and 1 point per
750 ms. Second, differences between the options’ EVs were either small (1 point), large
(20 points), or very large (60 points). Because adapting the previously used set of choice
problems to the very large EV differences led to stochastically dominated options in
about half of the problems, we replaced those with new choice problems generated in the
same way as for Experiments 1 and 2. Otherwise, the procedure was the same as in
Experiment 2. We collected data of 93 participants of which one was excluded because
they stated to be color blind. Of the remaining 92 participants, 35.6% were female and
64.4% were male (18-65 years, Mage = 26.8, SDage = 8.2, 55.6% had a bachelor’s degree

or more).
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Chapter 4

Abstract

Graphical representation formats (e.g., icon arrays) have been shown to improve
understanding of benefits and risks of treatments compared to numbers. However, less is
known about the cognitive effort that is required to process different representation
formats. We manipulated time pressure to study how cognitive effort associated with
processing numerical, graphical, and inconsistent representations of statistical treatment
information and further investigate the role of numeracy and graph literacy in this regard.
In a between-participants experiment, 665 participants were provided with the benefits
and side effects of six medications and were asked questions about them. First, we
manipulated whether the medical information was represented numerically, graphically
(i.e., as icon arrays), or in an inconsistent fashion (i.e., numerically for three medications
and graphically for the other three). Second, we manipulated whether there was time
pressure or not. In an additional intervention condition, participants were asked to
translate graphical into numerical information before answering questions. We also
assessed numeracy and graph literacy. Results showed that answering knowledge
questions with icon arrays (vs. numbers) took longer and was more strongly affected by
time pressure. Inconsistent representations led to worse decisions and knowledge, which
could be improved through the intervention. The inconsistent condition further revealed a
preference towards the graphically presented options. People higher (vs. lower) in
numeracy processed quantitative information more efficiently. In sum, graphical
representations of statistical information are preferred, but require more cognitive effort
than numerical representations. Our results suggest that cognitive effort should be

considered more strongly in future research and the design of medical information.
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4.1 Introduction

I n order to make informed medical decisions, patients have to understand the benefits
and risks associated with the medical treatments available, which is often
challenging (Gigerenzer et al., 2007; Peters et al., 2007; Reyna et al., 2009). To help
patients to comprehend medical information, decision aids have been developed which
often present the frequencies of benefits and side effects as graphics such as icon arrays
or bar plots (Stacey et al., 2017). A multitude of studies has shown that these graphical
presentation formats improve understanding of medical information compared to the
presentation of numbers (for reviews, see Garcia-Retamero & Cokely, 2017;
Spiegelhalter, 2017; Trevena et al., 2021). However, one aspect that has received little
attention so far is how easily graphical and numerical formats can be processed. In this
paper, we study how much cognitive effort the processing of icon arrays and numbers
requires. In a preregistered experiment, we study cognitive effort in terms of how much
time participants need to understand information presented in different formats and how
susceptible different formats are to time pressure. Further, we study how people process
inconsistent representations that mix graphs and numbers, and whether an intervention
that asks participants to translate graphically represented information into numbers is
helpful in this regard. Finally, we test whether people with higher (vs. lower) numeric

and graphical skills also process information more efficiently.

4.1.1 Numerical vs. Graphical Representation

Various studies have demonstrated that people understand medical information better
when it is presented as icon arrays than as numbers (for a recent review, see Trevena et
al., 2021). However, less attention has been paid to the cognitive processes underlying
the effect of presentation format, in particular how easily people process graphical vs.
numerical information. One way to capture cognitive effort in decision making and
surveys in general is to measure response times (e.g., Bassili & Scott, 1996; Bettman et
al., 1990; Cooper-Martin, 1994; Fazio, 1990), with longer response times indicating more
cognitive effort (McCaffery et al., 2012; Oudhoff & Timmermans, 2015; Price et al.,
2008; Zikmund-Fisher et al., 2010). Previous studies investigating graphical and
numerical risk formats have shown that people take more time to respond to questions
when they work with graphical formats than with numbers (Garcia-Retamero et al., 2016;
Smerecnik et al., 2010; but see Brewer et al., 2012). In the study by Garcia-Retamero et

al. (2016), surgeons took more time to deliberate with icon arrays than with numbers, so
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that the authors concluded that icon arrays improve comprehension partly because they
increase the time people take to deliberate. However, the correlational design of this and
other studies could not test why participants deliberated longer. For instance, participants
could have merely taken more time when provided with icon arrays, but perhaps they
rather needed more time because they are harder to process. Our study aims to
disentangle these accounts by experimentally studying understanding of information
when time is limited. If one format requires more cognitive effort than another, it should
not only lead to longer response times, but it should also to worse decisions and
understanding under time pressure.

Therefore, our study aimed to provide answers to the following exploratory
research questions (RQ) regarding the processing of graphically and numerically
represented information, one of which was preregistered:

RQ1: Do response times differ when information is presented numerically vs.
graphically? (not preregistered)

RQ2: Does decision accuracy differ when information is presented numerically
vs. graphically? (preregistered)

RQ3: Does time pressure harm decisions more strongly when information is

presented graphically than numerically? (not preregistered)

4.1.2 Consistent vs. Inconsistent Representation

Moreover, our goal is to study how people process inconsistently represented
information, that is when information is represented partly numerically and partly
graphically. Studying inconsistent representations can provide various insights into the
processing of information. First, it can be learned how people internally represent
numerically and graphically represented information when provided with both types of
representation. If they internally represent the information similarly (e.g., solely as
numeric information), decision accuracy and knowledge should be comparable to when
information which is fully represented either numerically or graphically. However, when
the internal representation of information differs, decision accuracy and knowledge
should be worse with inconsistent (vs. consistent) representation. Second, we investigate
whether processing inconsistently represented information requires more cognitive effort
than processing fully numerical or graphical representations. For that purpose, we study
how long people need to process inconsistently represented information and the degree to

which time pressure harms decision accuracy in comparison to consistently represented
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information. Third, we test whether people deal with inconsistent information
representation by translating the information of one representation into another before
comparing options and whether prompting people to perform this translation improves
decisions. To that end, the study includes an experimental condition in which people are
asked to translate the graphically represented information into numbers before answering
the questions about the information. If people process inconsistent information by
translating one representation into another, there should be no difference between the
condition with and without this intervention. However, if people do not perform this
translation although they are capable of it, decision accuracy should be higher with an
intervention than without and accuracy of translations should be high.

Furthermore, we study whether the format in which an option is presented affects
not only the processing but also the evaluation of information. People have been shown
to prefer graphical over numerical presentation formats (Nayak et al., 2016). Further,
people allocate more attention to graphical than numerical formats (Smerecnik et al.,
2010) and more attention to an option, in turn, has been shown to increase the likelihood
of choosing it (Krajbich et al., 2010; Krajbich & Rangel, 2011). Therefore, we test
whether people exhibit a preference for the graphically represented option in the
inconsistent conditions by examining the format of the chosen treatments controlling for
decision accuracy.

We preregistered the following six confirmatory hypotheses with regard to the
processing of inconsistently represented information:

H1: When there is no time limit, people take more time to make a decision with
inconsistently presented information than when all information is presented numerically.

H2: When there is time pressure, people will choose the superior option less often
than when there is no time pressure.

H3: When treatment options are presented inconsistently, people will choose the
superior option less often than when they are presented consistently (i.e., fully
numerically or graphically).

H4: When treatment options are presented inconsistently, time pressure (vs. no
time pressure) will decrease choice accuracy more strongly with inconsistent information
than with consistent information.

H5: An intervention which prompts people to translate graphical into numerical
information in the inconsistent condition will improve decisions compared to the

inconsistent condition without an intervention.
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H6: When choosing between treatments which are presented differently between
treatments in the inconsistent condition, people have a preference for the graphically (vs.
numerically) represented option.

4.1.3 Numeracy and Graph Literacy

Besides the presentation format, people’s cognitive abilities affect how well they
understand information. People higher (vs. lower) in numeracy, the ability to process and
understand numerical information (Peters, 2012; Peters et al., 2006), have been found to
understand medical information better and to deliberate longer when working with
medical information (Garcia-Retamero & Cokely, 2017; Peters, 2020). However, it is
less clear whether numeracy is related to superior decision making through more
intensive deliberation or numeracy is also related to a more efficient processing of
information (Hess et al., 2011). To examine whether people higher (vs. lower) in
numeracy are also more efficient when working with numbers and/or graphs, we test
whether their decision accuracy and knowledge is less affected by time pressure.
Furthermore, numeracy has also been shown to affect how people process icon arrays.
Specifically, people lower in numeracy rather process the arrays more holistically,
whereas people higher in numeracy tend to count icons (Kreuzmair et al., 2016, 2017).
Due to the better comparability of counted icons with numbers, people higher (vs. lower)
in numeracy should benefit less from the intervention which consists of translating
graphical into numerical information. Thus, we test whether the effect of the intervention
on decision accuracy is moderated by numeracy.

Finally, people higher (vs. lower) graph literacy, the ability to understand
graphically presented information, have been shown to better comprehend icon arrays
and are better at identifying task-relevant information in graphs (Galesic & Garcia-
Retamero, 2011; Okan et al., 2016). However, analogously to numeracy, it is also unclear
whether graph literacy is related to the efficiency of processing graphically represented
information. Therefore, we further test whether decisions of people higher (vs. lower) in
graph literacy are less affected by time pressure.

Thus, we aim to find answers to the following exploratory research questions,
one of which was preregistered:

RQ4: Is decision accuracy of people higher (vs. lower) in numeracy and/or graph

literacy less negatively affected by time pressure? (preregistered)

78



The Role of Cognitive Effort in Processing Medical Information

RQ5: Does numeracy moderate the effect of intervention on decision accuracy so
that the intervention improves accuracy less strongly for people higher (vs. lower) in
numeracy (not preregistered)?

4.1.4 The Present Study

In sum, the present research examines how people process medical information when the
information about treatment options is represented as numbers, icon arrays, or both and
how much cognitive effort the processing of this information requires. For this purpose,
we provided participants with the relative frequencies of benefits and side effects of six
treatments presented in different ways. Then, we assessed decision accuracy by asking
participants to choose a treatment they would prefer as a patient, with two of the six
treatments being superior. Subsequently, we assessed knowledge by asking participants
to answer a variety of questions about the medications. We further manipulated whether
there was a time limit to answer the questions or not. Finally, we assessed numeracy and
graph literacy.

We preregistered the study, two of the above-mentioned exploratory RQs, and all
stated confirmatory hypotheses as well as their analyses (https://osf.io/h37ej/
?view_only=296db7b2a9a443869b4b68d160a89e02). All preregistered RQs and hypo-
theses focused on response times and decisions as outcome variables, yet we studied all

RQs and hypotheses regarding decisions also with knowledge as outcome variable.

4.2 Methods

The study was approved by the ethics committee of the University of Konstanz,

Germany.

4.2.1 Design

All participants were provided with information on six hypothetical medications to treat
Multiple Sclerosis (MS; see Table 4.1). In particular, the information presented how
many of 100 people experienced benefits and side effects of each treatment. The relative
frequencies were constructed in a way that for each of two triplets of medications, one
medication was dominant (i.e., equal or more frequent benefits and equal or less frequent
side effects), resulting in two dominant options across all six medications. A medication
of one triplet did not dominate the medications of the other triplet. While the medical

information was the same for all participants, the way the information was presented

79



Chapter 4

Table 4.1: Medical data used in the study.

Benefits Side effects
Medication 1 67 out of 100 31 out of 100
Medication 2 67 out of 100 37 out of 100
Medication 3 63 out of 100 34 out of 100
Medication 4 46 out of 100 21 out of 100
Medication 5 41 out of 100 21 out of 100
Medication 6 43 out of 100 25 out of 100

Note. Allocation and labels of medications (i.e., “Medication A” etc.) was
randomized across participants. Medication 1 dominates Medications 2 and 3
(i.e., has equal/more benefits and equal/less side effects) and Medication 4
dominates Medications 5 and 6.

differed between conditions. In the numerical conditions, relative frequencies were
presented as numbers (i.e., “x out of 100”; see upper row of Figure 4.1 or Figure S3.1 in
the Supplemental Materials). In the graphical conditions, relative frequencies were
presented as icon arrays (see lower row of Figure 4.1 or Figure S3.2 in the Supplemental
Materials). In the inconsistent conditions, information on three medications was
presented as numbers, whereas the information on the other three medications was
presented as icon arrays (for a screenshot, see Figure 4.1; placement of numbers in the
upper or lower row was randomized across participants). Further, we manipulated
between participants whether there was time pressure or not. In the time-pressure
conditions, participants had to answer each question within a time limit. Because a pilot
study showed that response times differed systematically between question types, the
time limit ranged from 15 to 30 seconds (see Table 4.2; the pilot study is described in
detail in the Supplemental Materials). These time limits reflected the time in which about
half of participants answered the questions without a time limit in a pilot study. The
allowed time for each question was announced before each question page and on the
question page, the remaining time was presented next to the question (for screenshots,
see Supplemental Materials). When the time was up, the study automatically proceeded
to the next page. In the no-time-pressure conditions, there was no time limit. In addition

to these two experimental factors, there was an additional intervention condition. In that
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‘ B Benefits B Side effects I No effect ‘
Medication A Medication B Medication C
Benefits Side effects Benefits Side effects Benefits Side effects
67 31 67 37 63 34
out of 100 out of 100 out of 100 out of 100 out of 100 out of 100
Medication D Medication E Medication F
Benefits Side effects Benefits Side effects Benefits Side effects

Figure 4.1: Presented medical information as presented in the inconsistent conditions. In
the time-pressure conditions, a countdown was placed in the lower-right corner. Whereas
the placement of the medications was randomized across participants, in this example
Medication A dominates B and C, while Medication D dominates E and F.

Please insert the information of the icon arrays into the respective fields above before answering questions about the medications.

B Benefits B Side effects I No effect

Medication A Medication B Medication C

Benefits Side effects Benefits Side effects Benefits Side effects
67 31 67 37 63 34

out of 100 out of 100 out of 100 out of 100 out of 100 out of 100

Medication D Medication E Medication F
Benefits Side effects Benefits Side effects Benefits Side effects
out of 100 out of 100 out of 100 out of 100 out of 100 out of 100

Benefits
ENEEEEEEEE
ENEEEEEEN

Benefits
ENEEEEEEEE
ENEEEEEEN

Benefits
ENEEEEEEEE
ENEEEEEEN

Figure 4.2: Screenshot of the intervention condition. Before answering questions,
participants were asked to read off the graphical information and to fill in the frequencies

into the respective fields.
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condition, there was no time pressure and participants received the same information as
in the inconsistent condition, but before answering the questions they were asked to read-
off the graphically presented information and insert the respective numeric frequencies
into fields below or above the icon arrays (see Figure 4.2). Subsequently, participants
were provided with both the original information and their numerical entries when
answering the same questions as in the other conditions.

In sum, we implemented a 3 (format: numerical vs. graphical vs. inconsistent) x 2
(time pressure: yes vs. no) between-subjects design with an additional intervention
condition. The experimental factors were independent variables, whereas decision

accuracy, knowledge, and response times were dependent variables.

4.2.2 Procedure

After providing informed consent®, participants were randomly assigned to one of the
seven conditions. Afterwards, they were instructed that they would be provided with
information on the benefits and side effects of six hypothetical treatments to treat
Multiple Sclerosis (MS). Then, they were presented with the information on the six
medications and asked which medication they would choose if diagnosed with MS. After
that decision, participants were asked the eight knowledge questions in randomized
order, with the medical information always visible. Subsequently, participants completed
measures on numeracy and graph literacy and provided demographic information. After

being asked about their seriousness of participation, participants were debriefed.

4.2.3 Measures
A list of all decision and knowledge items can be found in Table 4.2.

4.2.3.1 Decision

After being instructed to imagine being diagnosed with MS in the instructions, in the first
question participants were asked to choose the treatments which they preferred:
“Considering both the benefits and side effects, which of the medications would you
prefer?” Participants could choose one of the six medications. The decision was counted
as correct if one of the two dominant treatment options was chosen. If there was no
decision submitted due to exceedance of the time limit in the time-pressure conditions,

the answer was regarded as incorrect.

% Following the informed consent, participants also filled out questionnaires on subjective numeracy (i.e.,
numeric confidence and numeric preferences) and subjective graph literacy (i.e., graph-related confidence)
which were not included in the main analysis.
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Table 4.2: Items used in this study and the respective time limits in the time-pressure

conditions.
Question Type Question Time limit
.. Considering both the benefits and side effects, which of the
Decision o 30 sec
medications would you prefer?
Gist knowledge With which medication did people experience benefits most 15 sec
often?
Gist knowledge With which medication did people experience side effects most 15 sec
often?
Verbatim knowledge If 100 people take Medication E, how many of them will
. . . 15 sec
(reading-off) experience benefits?
Verbatim knowledge If 100 people take Medication C, how many of them will
. . . 15 sec
(reading-off) experience side effects?
Verbatim knowledge If 100 people take Medication [A/B]*, how many more of them 25 sec
(computing-differences)  will experience benefits compared to Medication [A/B]?
Verbatim knowledge If 100 people take Medication [D/F]*, how many more of them 25 sec
(computing-differences)  will experience side effects compared to Medication [D/F]?
Verbatim knowledge If 100 people take Medication [C/D]*, how many more of them 25 sec
(computing-differences)  will experience benefits compared to Medication [C/D]?
Verbatim knowledge If 100 people take Medication [A/E]*, how many more of them 25 sec

(computing-differences)

will experience side effects compared to Medication [A/E]?

Note. *In the questions regarding verbatim knowledge (computing-differences), the medication which had
the higher benefits or side effects was stated at the first position and the other medication at the second

position.

4.2.3.2 Knowledge

We assessed knowledge using eight items which asked about gist knowledge (i.e.,

understanding of the essential information; Reyna, 2008) and verbatim knowledge (i.e.,

precise quantitative knowledge). We measured gist knowledge using two items which

required the comparison of all six treatment to identify the medication with the least

frequent benefits or the most frequent side effects (e.g., “Which medication did people

experience benefits least often with?”). We measured verbatim knowledge using two

items which asked participants to read off information about benefits and side effects

(e.g., “If 100 people take Medication E, how many of them will experience benefits?”’)

and four items which asked participants to compute the differences in benefits or side

effects between two treatments (e.g., “If 100 people take Medication F, how many more

of them will experience side effects compared to Medication D?”). Two of these four
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items asked about comparisons between medications within the same row (i.e., the same
format in the inconsistent conditions) and the other items asked questions about medi-
cations in different rows (i.e., different formats in the inconsistent conditions). All items
always referred to medications at the same location across participants (e.g., “Medication
C”) but the allocation of medications was randomized, so correct answers differed
between participants. If there was no answer submitted to a question due to exceedance
of the time limit in the time-pressure conditions, the answer was regarded as incorrect.

The knowledge scores represent the proportion of correct answer across all eight items.

4.2.3.3 Numeracy

Numeracy was measured using a combination of the non-adaptive version of the four-
item Berlin Numeracy Test (Cokely et al., 2012) and the three-item measure by Schwartz
et al. (1997). This seven-item measure is recommended for general population online
samples (Cokely et al., 2012). The numeracy score represents the sum of all correct

answers.

4.2.3.4 Graph Literacy
Graph literacy was measured using the Short Graph Literacy Scale (Okan et al., 2019). It
consists of four items which measures the understanding of graphically presented

medical information. The graph literacy score represents the sum of all correct answers.

4.2.4 Participants

Participants were recruited via Prolific Academic. To participate, they had to be residing
in the US, speak English as their first language, and had to have an approval rate for
study participation of at least 95%. As compensation, participants received £1.50 as a flat
fee and a performance-contingent bonus of on average £0.80 (SD = £0.22). Based on a
power analysis using G*Power (Faul et al., 2009), our study required 70 participants per
condition to detect a small-to-medium-sized effect (o = .05, 1-B = .90, f = .175). Because
of the randomized allocation of treatment positions between participants, in the
inconsistent conditions the representation formats of the two dominant options differed
between participants (i.e., both dominant options were represented either numerically or
graphically, or one was represented numerically and the other graphically). To obtain the
statistical power to test whether the format of the dominant options affected decisions
within each inconsistent condition, we aimed to oversample the inconsistent (vs.
consistent) conditions by a ratio of 3:2, yielding a targeted group size of 105 for the

inconsistent conditions. Anticipating a participant exclusion of about 15%, we recruited
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704 participants. As preregistered, we excluded 32 participants who failed the attention
check, five participants who stated that they did not participate seriously, one participant
who repeatedly gave unreasonable answers in the numeracy questionnaire, and one
participant who stated in the comments that they noticed that they misunderstood the
task. In the remaining sample (N = 665), 50.5% were females (0.9% stated other gender),
age was on average 37.5 years (SD = 13.1, range = 18-81), and 66.2% had at least a
bachelor’s degree. Mean numeracy was 3.6 (SD = 1.8) and mean graph literacy was 2.5
(SD = 1.0).

4.3 Results

The data and analysis scripts are openly available at https://osf.io/b5agk/?view_only=
3cc241ec56e14070995¢9ea2e6488732. In all analyses, numeracy and graph literacy
(both mean-centered) were included as predictors. Unless stated otherwise, results were

similar when we excluded numeracy and graph literacy as predictors®.

4.3.1 Numerical vs. Graphical Representation
First, we tested whether response times in decisions and knowledge questions differed
between the graphical and the numerical conditions (RQ1). To test this, we conducted a
linear regression with log-transformed® response times as outcome variable and format
(dummy-coded as 0 = numerical, 1 = graphical), numeracy, graph literacy, and their
interactions as predictors, using the data of the conditions without time pressure only.
Response times are illustrated in Figure 4.3. When making decisions, people took longer
to decide with icon arrays (vs. numbers), but this difference was only significant when
we did not control for numeracy and graph literacy (with abilities: b = 0.18, p = .135;
without abilities: b = 0.25, p = .020). When answering knowledge questions, response
times were longer when information was presented as icon arrays rather than as numbers
(b =0.43, p <.001). There were no significant effects of numeracy and graph literacy on
response times in decisions and knowledge.

Next, we tested whether decision accuracy differs between the numeric and the
graphical conditions (RQ2) and whether time pressure harms decision accuracy more

strongly with graphically than numerically represented information (RQ3). Decision

4 Results were also similar when we added subjective numeracy and graph literacy as covariates.

5 Because response-time distributions tend to be skewed, we log-transformed response times for analysis.
However, for an easier interpretation, response times presented in Figure 4.3 show non-transformed
response times.
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accuracy and knowledge scores are illustrated in Figure 4.4. To analyze decision
accuracy, we conducted a logistic regression with correct answer as outcome variable
and time pressure (dummy-coded as 0 = no time pressure, 1 = time pressure) and format
(dummy-coded as 0 = numerical, 1 = graphical), numeracy, graph literacy, and their
interactions as predictors. Decision accuracy did not differ depending on time pressure
(b =—-1.16, p = .200) or format (b = —0.96, p = .295), nor on their interaction (b = 0.31,
p = .772). Numeracy was positively related to accuracy (b = 1.02, p =.011), but less so in
the graphical condition (interaction: b = —1.19, p = .011). There were no other significant

main effects or interactions of numeracy or graph literacy.
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Figure 4.3: Response times (RT) in the decision (a) and averaged across knowledge
questions (b). Error bars represent one standard error of the mean. In the time-pressure
conditions, response time was limited (decision: 30 seconds; knowledge: 15 seconds for
four items, 25 seconds for other four items). Response times in the intervention condition

refer to the time for answering questions, without the intervention.
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To analyze knowledge, we repeated the analysis, but used a linear regression with
knowledge score as outcome variable. Knowledge was lower when there was time
pressure (vs. no time pressure; b = —0.12, p = .004) and when information was presented
graphically (vs. numerically; b = —0.11, p = .007). Further, there was a significant
interaction between the two predictors, suggesting that time pressure decreased
knowledge more strongly when information was presented graphically (vs. numerically;
b = —0.20, p < .001). There were no main effects of numeracy (b = 0.03, p = .120) or
graph literacy (b = 0.02, p = .576) on knowledge. However, there was a significant
interaction of time pressure and numeracy (b = 0.06, p = .012), indicating that higher (vs.

lower) numeracy was more beneficial when there was time pressure.
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Figure 4.4: Decision accuracy (a) and knowledge (b) across conditions. Error bars
represent one standard error of the mean (no error bars are displayed for decisions

because the bars represent proportions).
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4.3.2 Consistent vs. Inconsistent Representation

Next, we tested whether people take more time to make a decision with inconsistently
presented information than when all information is presented numerically (H1). To test
this, we conducted the same analysis for the comparison of numerical vs. graphical
representation, but comparing the inconsistent condition with the numerical and
graphical condition with two dummy variables for format (dummy 1: 0 = inconsistent, 1
= numerical, dummy 2: 0 = inconsistent, 1 = graphical). Thus, the inconsistent condition
was the reference condition in this analysis. Response times are illustrated in Figure 4.3.
When information was presented inconsistently, response times were longer for decisions
(b = —0.44, p <.001) and knowledge (b = —0.31, p < .001) than when information was
presented purely numerically, supporting H1. In the inconsistent condition, decisions
were also made slower (b = —0.26, p = .014) than in the graphical condition, but answers
to knowledge questions were given faster (b = 0.12, p = .046). Whereas there were no
effects of numeracy or graph literacy on response times in decisions, people higher (vs.
lower) in numeracy, but not graph literacy, responded faster to the knowledge questions
(b =-0.08, p <.001).

Next, we tested whether time pressure harms decision accuracy (H2), whether
inconsistent information representation leads to less accurate decisions than consistent
representation (H3), and whether the effect of time pressure is stronger in the inconsistent
(vs. consistent) conditions (H4). Further, we tested whether decisions of people higher
(vs. lower) numeracy and graph literacy are less affected by time pressure (RQ4). For
that reason, we conducted the same analysis as for the comparison between graphical vs.
numerical representation, but with two format dummy variables (dummy 1:
0 = inconsistent, 1 = numerical, dummy 2: 0 = inconsistent, 1 = graphical). Decision
accuracy and knowledge scores are illustrated in Figure 4.4.

Decisions were less accurate when there was time pressure (vs. no time pressure;
b = —1.18, p < .001), supporting H2. Further, as expected, choices were less accurate
when options were presented inconsistently than when all information was numerical
(b = 2.42, p = .003) or graphical (b = 1.46, p = .006), consistent with H3. However,
contrary to H4, time pressure did not compromise accuracy more strongly in inconsistent
than in purely numerical (b = 0.02, p = .983) or graphical presentations (b = 0.33,
p = .618). Regarding cognitive abilities, graph literacy (b = 0.48, p = .044), but not
numeracy (b = 0.19, p = .169) was positively associated with decision accuracy.

However, in the numerical condition, numeracy was more strongly associated with
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accuracy than in the inconsistent condition (interaction: b = 0.83, p = .049). No other
interactions with numeracy or graph literacy were significant.

Knowledge was lower when there was time pressure (vs. no time pressure;
b = -0.30, p <.001). When information was represented inconsistently, knowledge was
lower than when represented numerically (b = 0.11, p =.002), but not when represented
graphically (b = 0.00, p = .977). The superiority of numerical over inconsistent
representation was even stronger when there was time pressure (vs. no time pressure;
interaction: b = 0.18, p < .001). Both numeracy (b = 0.03, p = .043) and graph literacy
(b = 0.05 p = .017) were positively related to knowledge and the association of
numeracy and knowledge was even stronger when there was time pressure (interaction:
b =0.05, p =.004).

4.3.3 Intervention

Next, we tested whether decisions with inconsistent representation would be more
accurate with an intervention than without (H5) and whether numeracy would moderate
the effect of intervention on decision accuracy (RQ5). Overall, participants in the
24.6) of the graphically

intervention condition correctly translated 90.7% (SD
presented information into numbers. To test the benefit of the intervention, we conducted
a logistic regression with choice accuracy as outcome variable and intervention (dummy-
coded as 0 = no intervention, 1 = intervention), numeracy, graph literacy, and their
interactions as predictors. We analyzed the data of the inconsistent-no-time-pressure
condition and intervention condition only. As expected, choices were more accurate with
the intervention than without (b = 1.87, p < .001), supporting H5. The effect of
intervention did not depend on numeracy (interaction: b = 0.59, p = .061) or graph
literacy (interaction: b = —0.42, p = .522). When we compared the decision accuracy of
the intervention condition to that of the numerical and graphical conditions without time
pressure, decision accuracy did not differ from that in the numerical (b = 0.55, p = .548)
and graphical condition (b = -0.41, p = .553).

4.3.4 Format Preferences

Finally, we tested whether there exists a preference for the graphically presented options
when some options are presented numerically and some graphically (H6). For this
purpose, we analyzed choices of the inconsistent conditions and controlled for decision
accuracy. We conducted a logistic regression with choice for a graphically presented

option as the outcome variable and correct choice (dummy-coded as O = incorrect choice,
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1 = correct choice), numeracy, graph literacy, and their interactions as predictors.
Independently of the correctness of the choices, participants exhibited a preference for
the graphically represented options. This was indicated by an intercept which was
significantly different from O (intercept = 0.58, p = .015) which translates into a 64.0%
probability to choose the graphically represented option when controlling for the other
predictors. Thus, H6 was supported.

4.4 Discussion

Graphical risk formats have been shown to improve understanding of medical
information compared to numerical formats (Spiegelhalter, 2017; Trevena et al., 2021).
Our research aimed to study cognitive effort required to process different representation
formats and how people process medical information when it is represented
inconsistently. In our experiment, participants were provided with information about the
benefits and side effects of hypothetical medications and were asked to choose a
preferred medication and to answer knowledge questions about them. Relative
frequencies were either presented as numbers, as icon arrays, or inconsistently (i.e.,
numbers for some medications and icon arrays for others). Further, we manipulated
whether there was time pressure or not. Our results showed that graphical formats require
more cognitive effort than numerical formats when answering knowledge questions.
Furthermore, inconsistent representation led to worse decisions than when information
was presented in the same format. Participants were able to translate information from
one representation into another, but they did not seem to do so when not explicitly asked
to. Moreover, when medical information was presented inconsistently, participants
exhibited a preference for the graphically represented options. Finally, higher numeracy
was associated with a higher efficiency to process information when knowledge was
relevant.

In line with previous findings (Garcia-Retamero et al., 2016; Smerecnik et al.,
2010), graphical formats led to longer response times than numbers when participants
answered knowledge questions. Our time-pressure manipulation demonstrated that this is
at least partly due to icon arrays requiring more cognitive effort than numbers, although
we found no differences when making decisions. Together with research showing that
icon arrays are beneficial for understanding the essential (or gist) knowledge of
information (Trevena at al., 2021), our results suggest that icon arrays may be a good

way to communicate medical information when the ordinal comparison of information is
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required. However, when knowledge is relevant, graphical formats may be less beneficial
due to more cognitive effort required to process information.

When information was represented inconsistently, decisions took longer and were
substantially worse than when all options were presented in the same format. This
suggests that when dealing with inconsistent representation, graphs and numbers are
processed in different ways and as a result, the limited comparability harms
understanding. However, time pressure did not harm decision accuracy more than in the
numerical or graphical condition. Thus, our expectation that inconsistent representations
require more cognitive effort than consistent ones was not supported by the time-pressure
manipulation, although participants took considerably longer to respond with inconsistent
(vs. consistent) representation when there was no time pressure. Further, when
participants were asked to translate information from the icon arrays into numbers, the
translations were mostly correct, and following decisions were better than without this
intervention. This implies that people succeed in translating one representation into
another, but that they do not so by default when confronted with inconsistently
represented information. Finally, as participants exhibit a preference for the graphically
represented options, our study showed that the representation of information does not
only affect comprehension of information but can also change treatment preferences.

While numeracy was partially related to decision accuracy and knowledge, we
found that knowledge (but not decisions) by people higher (vs. lower) in numeracy was
less affected by time pressure. This suggests that higher (vs. lower) numeracy not only
improves the understanding and use of numbers (Garcia-Retamero et al., 2019: Peters &
Bjalkebring, 2015), but also allows people to process information with less effort.
However, the tendency of more numerate people to count icons (Kreuzmair et al., 2016,
2017) did not affect the benefit of the intervention, as decisions of more and less
numerate people improved similarly with an intervention compared to without an
intervention. Finally, graph literacy partially improved decisions and knowledge with
inconsistent representation, but it was not associated with more efficient processing of

graphical information.

4.5 Limitations

Limitations of our study have to be considered. First, our study was conducted with a
sample from the general population and used hypothetical medical data. Possibly,

affected patients process medical information differently than non-patient participants.
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However, as our goal was to study the general processing of graphical and numerical
information, we believe that our approach allows for a more general conclusions about
the effect of representation format on required cognitive effort. Second, although the time
limits used in this study were chosen based on results of our pilot study, we acknowledge
that they were somewhat arbitrary and that different time limits could have led to other

results and thus conclusions.

4.6 Conclusion

Studying the processes which underlie the effects of presentation format on medical
decision making allows for gathering new and important insights into the mechanisms
underlying risk communication and perception. Our findings emphasize the value of
studying risk communication beyond the examination of understanding and choices and
highlight the importance of considering features of the environment as well the goals of
risk communication when studying risk formats (Tiede et al., 2020). As a practical
implication, our study suggests that when choosing how to present information,
comprehension and cognitive effort may have to be traded off. Especially when the
environment reduces the availability of cognitive resources (e.g., through time pressure
or noise) or patients generally have lower cognitive skills, numbers could be more
beneficial if knowledge is important. In conclusion, we believe that studying how
patients process medical information helps to better understand how, why, and under

which conditions different presentation formats improve medical decision making.
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S1 Supplemental Materials to Chapter 2

S1.1 Pilot Study

We conducted a pilot study prior to the main study to examine choice behavior and
information search in the mixed condition in an exploratory manner. For the pilot study,
we were primarily interested in which degree people would maximize EV and how many
samples people would draw in the mixed condition. In this study, there were fewer
choice problems and the set of choice problems consisted of a rather diverse selection of
choice problems. For consistency, we conducted all analyses of the main study using the
data of the pilot study. However, the choice problems were not primarily selected to
estimate CPT parameters and less choices were made by participants. For these reasons,
the parameter estimation was less reliable and the power to detect effects on CPT

parameters was smaller compared to the main study.

S1.1.1 Method
A total of 246 participants (116 females; 130 males; 20-72 years; Mage = 36.6 years;

SDage = 11.5 years; 45.1% bachelor’s degree or more) recruited via Amazon Mechanical
Turk each made 50 choices between two monetary gambles in one of three conditions.
The set of choice problems consisted of choice problems from the gain domain taken
from a variety of sources (for choice problems, see Section S1.4). There were 38 target
problems, eight problems with choices between the same option, and four attention-
check problems. In the description and the experience conditions, participants made
purely experience- and description-based choices. In the mixed condition, participants
made choices between a described and an experienced option. We recruited twice as
many participants from the mixed condition (n = 122) than from the description (n = 57)
and experience (n = 67) condition. Following the choice task, participants filled out the
same 7-item objective numeracy questionnaire as in the main study, but in English.
Participants received the outcome of a randomly selected choice as a performance-
contingent bonus (1 point = $0.01; M = $0.48, SD = $0.24) in addition to their baseline

compensation of $3.00.
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S1.1.2 Results

If not stated otherwise, computational modeling and analyses were conducted in the same
way as in the main study (for details, see main article and section S3 of the Supplemental
Materials).

S1.1.2.1 Subjective Representation of Outcomes and Probabilities

First, we examined whether we could replicate the differences between description- and
experienced-based choices with regard to CPT parameters. We modeled choices using
the same models as in the main study and compared the CPT parameters between the
description and experience condition. Results can be found in Table S1.1. We could find
a credible difference for outcome sensitivity o and probability sensitivity y in line with
the main study: In the experience (vs. description) condition, outcome sensitivity o was
higher and probability sensitivity y was lower. There was no credible difference in choice
sensitivity ¢ between the two conditions. Note that because we only used gain-domain
choice problems, we did not estimate loss aversion A.

Next, we tested whether there were differences in CPT parameters between the
described and the experienced option in the mixed condition. For this purpose, we
modeled choices of the mixed condition using the CPT model with separate a and vy
parameters for both options. Results of this model can be found in Table S1.2. There
were no credible differences between the two options in terms of outcome sensitivity o
and probability sensitivity y.

As a next step, we used the joint-representation CPT model in which parameter
values are constrained to be the same for both options and compared the parameter
values of the mixed condition to those of the description and experience condition. For
all three parameters, the group-level posterior means of the mixed condition fell
descriptively between those of the description and the experience condition (see Table
S1.1). In addition, in the mixed condition outcome sensitivity a was credibly different
from the experience condition and probability sensitivity y was credibly different from
the description condition.

Finally, we tested whether there exists a preference for a certain learning format
in the mixed condition beyond the subjective valuations. For this analysis, we ran the
CPT model with same parameters but with a bias parameter . The bias parameter 3 was
not credibly different from 0O, indicating that there is no bias towards a specific learning

mode (group-level posterior mean = —0.04[—0.15-0.07]).
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Although this study was not designed to estimate CPT parameters and therefore
had less power to detect differences, the findings on CPT parameters overall replicated
the pattern of results of the main study. First, we found differences in outcome sensitivity
and probability sensitivity between description- and experience-based choices. Second,

there were no differences in CPT parameters between learning modes within a choice.

Table S1.1: Posterior group-level mean parameters of the classical CPT model in the
pilot study (95% HDI in squared brackets).

Description Experience Mixed

. . . Difference Difference Difference
Parameter condition condition condition Descr. — Ex Mixed — Descr Mixed — Ex
(n=73) (n=78) (n = 67) TP ' .
Outcome 0.70 0.96 0.76 -0.26 0.07 -0.19

sensitivitys  [0.61-0.78]  [0.85-1.07] [0.71-0.82]  [-0.40——0.13]  [-0.03-0.16]  [-0.32——0.07]

Probability 1.14 0.70 0.78 0.44 -0.36 0.08
sensitivityy ~ [0.84-146] [0.63-0.78] [0.73-0.84]  [0.12-0.76] [-0.68--0.05]  [-0.02-0.18]

Choice 0.63 0.37 0.49 0.26 -0.14 0.12
senmsitivity [0.37-0.92]  [0.21-0.56] [0.36-0.62]  [-0.07-0.60] [-0.45-0.16] [-0.11-0.34]

Note. Descr. = Description condition, Exp. = Experience condition, Mixed = Mixed condition. Credible differences are
printed in boldface.

Table S1.2: Posterior group-level mean parameters of the CPT model with separate para-
meters for each option in the mixed condition in the pilot study (95% HDI in squared
brackets).

. . . . Difference
Parameter Described option Experienced option described — experienced
Outcome sensitivity o, 0.80 0.80 0.00
" vy [0.73-0.85] [0.74-0.87] [0.00-0.00]
Probability sensitivit 0.84 0.80 0.05
Y vy [0.75-0.95] [0.74-0.86] [-0.06-0.17]
. e 0.44
Choice sensitivity @ [0.30-0.59]
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Third, the parameters of the mixed condition lied descriptively between those of the
description and experience condition, although not all differences between the mixed and
the description or experience condition were credible. However, the results show that the
pattern of subjective representations in the mixed condition differs from the patterns in
purely description- or experience-based choices.

S1.1.2.2 Search Behavior

We further examined whether people drew more samples per option in the mixed
condition than in the experience condition and which factors of an experienced option
and its alternative influence search effort. As expected, people drew larger samples per
option in the mixed condition (M = 17.4, SD = 10.5) than in the experience condition (M
=10.7, SD = 7.6; t(173.26) = 5.06, p < .001).

Results on the determinants of sample size in the mixed and experience condition
can be found in Table S1.3 and S1.4, respectively. In the mixed condition, all examined
features of the described option (i.e., EV, number of outcomes, SD, and CV)

Table S1.3: Effect of the features of the choice problem on sample size in the

experienced option of the mixed condition.

Predictor b SE p
Intercept 14.93 1.12 <.001
DO: EV -0.06 0.02 <.001
EO: EV 0.05 0.02 <.001
DO: Number of outcomes 3.16 0.54 <.001
EO: Number of outcomes —0.45 0.53 .394
DO: SD 0.06 0.03 .016
EO: SD 0.01 0.03 617
DO: CV -1.18 0.37 .002
EO: CV 2.19 0.37 <.001
Absolute EV difference -0.12 0.02 <.001
Absolute SD difference —0.08 0.03 .008
Absolute CV difference 2.25 0.46 <.001

Note. DO = described option, EO = experienced option, EV = expected value, SD
= standard deviation, CV = coefficient of variation. Significant predictors (p <

.05) are printed in boldface.
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Table S1.4: Effect of the features of the choice problem on sample size in the experience

condition.

Predictor b SE p
Intercept 10.04 0.92 <.001
AO: EV 0.00 0.01 614
TO: EV 0.01 0.01 .263
AO: Number of outcomes 1.65 0.31 <.001
TO: Number of outcomes —-0.87 0.31 .005
AO: SD -0.01 0.02 612
TO: SD 0.03 0.02 .100
AO: CV 0.09 0.25 723
TO: CV 0.22 0.25 .394
Absolute EV difference —-0.05 0.01 <.001
Absolute SD difference -0.04 0.02 .017
Absolute CV difference 1.99 0.28 <.001

Note. AO = alternative option, TO = target option, EV = expected value, SD =
standard deviation, CV = coefficient of variation. Significant predictors (p < .05)
are printed in boldface.

were related to sample size, while for the experienced option, only EV and CV were
related to sample size. Further, people sampled more outcomes from the experienced
option when options were more similar in terms of EV and SD, but the opposite was true
for CV. In the experience condition, the only feature which was related to sample size
was the number of outcomes of the respective and the alternative option. However,
absolute differences between the options in EV, SD, and CV were all significantly
related to sample size. As the pilot study used gain-domain problems only, we could not
test the effect of domain on sample size.

In sum, these results replicate the findings of the main study to some degree,
although not completely. Most importantly, participants sample more outcomes per
option in the mixed (vs. experience) condition which is line with the main study. For the
effect of the options’ features on sample size we could replicate the results of the main

study for a multitude of features but not for all. However, when comparing the effects of
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the options’ features between studies, it has to be considered that the choice problems of
the pilot study were different from those in the main study (e.g., there were only gain-
domain problems in the pilot study).

S1.1.2.3 EV Maximization

We also investigated choice behavior in terms EV maximization. The results showed that
purely experience-based choices were more in line with EV maximization (M = .79;
SD = .12) than description-based choices (M = .59; SD = .10; t(122) = 9.93, p < .001).
EV maximization of the mixed condition (M = .67; SD = .11) lied between that of purely
description- and experience-based choices and significantly differed from both
description (b = —.09, SE = .02, p <.001) and experience (b = .11, SE = .02, p <.001).
S1.1.2.4 Numeracy

We further tested whether people higher (vs. lower) in objective numeracy drew larger
samples in the mixed and the experience conditions. Mean objective numeracy in the
pilot study was 3.66 (SD = 1.52). Numeracy was significantly associated with sample
size per option (b = 1.82, SE = 0.70, p = .010). While people drew more samples in the
mixed condition than in the experience condition (b = 6.69, SE = 1.36, p < .001),
condition did not moderate the association of numeracy and sample size (b = 0.83,
SE =0.90, p =.356).

Further, we examined whether the subjective representations of people higher (vs.
lower) in objective numeracy are more consistent between the described and the
experienced option in the mixed condition. Outcome sensitivity o of the experienced
option was negatively associated with the outcome sensitivity of the described option
(b =-0.92, SE = 0.01, p <.001), but not with numeracy (b = 0.00, SE = 0.00, p = .988).
The association of outcome sensitivity in the described and the experienced option was
not moderated by objective numeracy (b = —0.01, SE = 0.01, p = .156). Probability
sensitivity y of the experienced option was positively associated with the probability
sensitivity y of the described option (b = 0.19, SE = 0.05, p < .001), but not with
objective numeracy (b = 0.00, SE = 0.01, p = .478). Objective numeracy did not
moderate the association of probability sensitivity in the described and experienced
option (b =-0.03, SE = 0.04, p = .397).

Finally, we tested whether the preference for a particular learning mode is
affected by objective numeracy. However, objective numeracy was not related to the bias
parameter 3 (b = 0.02, SE =0.02, p =.393).
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S1.2 Choice Problems used in the Main Study

Table S1.5: Choice problems used in the main study.

Option A Option B

ID pl ol p2 02 pl ol p2 02
1 .34 24 .66 59 42 47 .58 64
2 .88 79 A2 82 .20 57 .80 94
3 74 62 .26 0 44 23 .56 31
4 .05 56 .95 72 .95 68 .05 95
5 .25 84 75 43 43 7 .57 97
6 .28 7 12 74 71 55 .29 63
7 .09 56 91 19 76 13 24 90
8 .63 41 37 18 .98 56 .02 8
9 .88 72 A2 29 .39 67 .61 63
10 .61 37 .39 50 .60 6 .40 45
11 .08 54 .92 31 A5 44 .85 29
12 .92 63 .08 5 .63 43 37 53
13 78 32 22 99 .32 39 .68 56
14 .16 66 .84 23 .79 15 21 29
15 12 52 .88 73 .98 92 .02 19
16 .29 88 71 78 .29 53 71 91
17 31 39 .69 51 .84 16 .16 91
18 17 70 .83 65 .35 100 .65 50
19 91 80 .09 19 .64 37 .36 65
20 .09 83 91 67 .48 77 .52 6
21 44 14 .56 72 21 9 79 31
22 .68 41 .32 65 .85 100 15 2
23 .38 40 .62 55 14 26 .86 96
24 .62 1 .38 83 41 37 .59 24
25 49 15 51 50 94 64 .06 14
26 .05 60 .95 76 .84 95 .16 17
27 73 75 27 34 .90 56 .10 82
28 .16 -15 .84 -67 72 -56 .28 -83
29 13 -19 .87 -56 .70 -32 .30 -37
30 .29 -67 71 -28 .05 -46 .95 -44
31 .82 -40 .18 -90 A7 -46 .83 -64
32 .29 -25 71 -86 .76 -38 24 -99
33 .60 -46 .40 -21 42 -99 .58 -37
34 48 -15 .52 -91 .28 -48 72 -74
35 .53 -93 47 -26 .80 -52 .20 -93
36 49 -1 .51 -54 a7 -33 .23 -30
37 .99 -24 .01 -13 44 -15 .56 -62
38 79 -67 21 -37 .46 0 .54 -97
39 .56 -58 44 -80 .86 -58 14 -97
40 .63 -96 37 -38 A7 -12 .83 -69
41 .59 -55 41 =77 47 -30 .53 -61
42 A3 -29 .87 -76 .55 -100 .45 -28
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92 .50 40 .50 32 .50 77 .50 2
93 .60 40 .40 32 .60 77 40 2
94 .70 40 .30 32 .70 77 .30 2
95 .80 40 .20 32 .80 77 .20 2
96 .90 40 .10 32 .90 77 10 2
97 1 40 1 77

98 .80 4 .20 0 1 3

99 .20 4 .80 0 .25 3 75 0
100 1 -3 .10 -32 .90 0
101 1 -3 .80 -4 .20 0
102 .10 32 .90 0 1 3

103 .03 32 97 0 .25 3 75 0
104 .10 20 .90 0 .10 20 .90 0
105 .20 20 .80 0 .20 20 .80 0
106 .50 20 .50 0 .50 20 .50 0
107 .80 20 .20 0 .80 20 .20 0
108 .90 20 .10 0 .90 20 .10 0
109 .80 91 .20 63 .60 15 .40 22
110 45 57 .55 63 .70 23 .30 12
111 .61 -24 .39 -19 .48 -78 .52 -59
112 .60 -3 40 -22 37 -50 .63 -60

Note. Choice problems taken from Rieskamp (2008; 1Ds 1-81); Géchter et al. (2007; 1Ds 82-87); Holt &
Laury (2002; 1Ds 88-97); Hertwig et al. (2004; IDs 98-103); and Ert & Trautmann (2014; IDs 104-108).
Attention-check problems (IDs 109-112) were developed by us.

S1.3 Additional Analyses for Main Study

In the following, we present further analyses on search effort in the experience condition,
expected value (EV) maximization across conditions, and the role of numeric abilities in

choice and information search in the mixed condition.

S1.3.1 Search Effort in the Experience Condition

We studied which features of an experienced option and its experienced alternative affect
search effort of that experienced option. For that purpose, we examined search effort in
the experience condition for each option individually and disentangled the influence of
the features of an experienced option and its experienced alternative on search effort. In
particular, we conducted the same analysis as for the mixed condition, except that the
dependent variable was the sample size of one of the two experienced options (i.e., the
target option) and each option was treated once as the target option and once as

alternative option. Results of this analysis can be found in Table S1.6 and show that the
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choice context matters also in the experience condition. For the alternative option, the
effects of the features were similar as in the mixed condition (where the described option
was the alternative option): EV was negatively and SD was positively associated with
sample size, whereas number of outcomes and CV did not influence sample size.
However, different features of the target option affected search effort in the experience
condition compared to the mixed condition. Sample size was associated with the number
of outcomes and the SD of the target option. Finally, as in the mixed condition people
sampled more outcomes the closer the EVs were in the experience condition, but sample
size was not affected by differences in SD or CV. In contrast to the mixed condition,
participants drew significantly fewer samples in the loss domain than in the gain domain
(b =—4.45, SE = 0.97, p < .001).

Table S1.6: Effect of the features of the choice problem on sample size in the experience

condition.

Predictor b SE p
Intercept 17.43 0.98 <.001
AO: EV —-0.02 0.00 <.001
TO: EV 0.01 0.00 118
AO: Number of outcomes 0.16 0.30 .599
TO: Number of outcomes -1.20 0.30 <.001
AO: SD 0.03 0.01 <.001
TO: SD 0.01 0.01 .035
AQ: CV —0.03 0.07 .628
TO: CV —0.03 0.07 .680
Absolute EV difference —0.04 0.01 <.001
Absolute SD difference —-0.01 0.01 .081
Absolute CV difference 0.03 0.07 .709

Note. AO = alternative option, TO = target option, EV = expected value, SD =
standard deviation, CV = coefficient of variation. Significant predictors (p < .05)
are printed in boldface.
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S1.3.2 EV Maximization

Besides subjective representations of outcomes and probabilities, another key dimension
along which differences between description- and experience-based choices have been
observed is people’s tendency to choose the option with the higher expected value, a
benchmark of normative decision making. In particular, EV maximization is higher in
purely experienced-based choices than in purely description-based choices (Wulff et al.,
2018). How well do people choose when they have to compare information from two
different learning modes? As the integration of information could reflect a cognitive
burden which consumes cognitive resources, choices in a situation with mixed learning
modes could be less consistent with EV maximization than choices based on the same
learning mode for all options. On the other hand, the finding that experience-based
choices are more consistent with EV maximization is partially explained by amplified
differences between EVs and thus easier choices caused by especially small sample sizes
(Hertwig & Pleskac, 2010; Wulff et al., 2018). Following this argumentation, choices in
a mixed condition could be easier than choices between description-based options, while
being more difficult than choices between experienced-based options. Alternatively, EV
maximization could be similar to either purely experience-based or description-based
choices if people translate one representation into another as outlined in the main text.

To test these alternative hypotheses, we examined how often participants chose
the option with the higher EV—thus deciding in line with EV maximization—in the
different conditions. In the experience and the mixed conditions, the expected value of
the experienced options was calculated as the mean of the sampled outcomes (cf. Wulff
et al., 2018). In this analysis, we excluded trials in which EV were the same for both
options (0.4% of trials). The results showed that when participants chose between two
experienced options, they chose the option with the higher EV more often than when
participants chose between two described options (Mexperience = .70, SDexperience = .08 Vs.
Maescription = .64, SDdescription = .07; t(149) = 4.86, p < .001). Next, we compared EV
maximization of the mixed condition (Mmixed = .69, SDmixed = .08) with EV maximization
of the description and experience conditions. For that purpose, we conducted a linear
regression with two condition dummy variables as predictors (first variable coded as 0 =
mixed, 1 = description, second variables coded as 0 = mixed, 1 = experience) and
proportion of choices in line with EV maximization as dependent variable. Participants in

the mixed condition chose the option with the higher EV significantly more often than in
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the description condition (b = —.05, SE = .01, p <.001), but not more or less often as in
the experience condition (b = .00, SE = .01, p =.714).

These results replicate previously found difference between description- and
experience-based choices and suggest that choices in the mixed condition are similarly
good as in the experience condition. However, this finding is difficult to reconcile with
the amplification effect (Hertwig & Pleskac, 2010). Moreover, as sample size per option
was higher in the mixed condition than in the experience condition and thus choices
became more difficult, the amplification effect would have predicted even worse choices
in the mixed condition. Nevertheless, our findings suggest that information integration in
the mixed condition does not incur particularly high cognitive costs, but even leads to
relatively good choices in terms of EV maximization.

S1.3.3 The Role of Numeracy
In the following, we study the role of numeracy in choice and search behavior.

S1.3.3.1 Objective and Subjective Numeracy and Sample Size

People higher in objective numeracy, the ability to use probabilistic and mathematical
concepts, have been shown to draw larger samples in purely experience-based choices
than people lower in numeracy (Ashby, 2017; Lejarraga, 2010; Traczyk et al., 2018).
First, we aimed to test whether this effect holds in the mixed condition with only one
experienced option. Second, because all the studies on the effect of numeracy on sample
size including our pilot study only measured the actual numeric abilities (i.e., objective
numeracy; Ashby, 2017; Lejarraga, 2010; Traczyk et al., 2018), it is unclear whether
these abilities are responsible for that effect or rather the preference for numbers drive it.
This subjective numeracy correlates with objective numeracy but explains unique
variance beyond it (Nelson et al., 2013; Peters & Bjalkebring, 2015; Peters et al., 2019).
Because participants can choose how much information they want to gather, it is possible
that sample size rather depends on the perceived numerical abilities and the preference
for numbers (i.e., subjective numeracy) rather than the objective numeracy. To examine
this possibility, participants were asked to fill out the German translation of the
subjective numeracy scale (Fagerlin et al., 2007) before starting the choice task. This 7-
item measure asked participants to rate their numerical abilities and their preference for
numbers on a 6-point scale (Cronbach’s o = .76; one item of the original 8-item scale was
not used because it was specific to the US; see Galesic & Garcia-Retamero, 2010).

Objective numeracy was assessed after the choice task using the German translation of a
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7-item questionnaire which combined the measures by Schwartz et al. (1997) and a
variation of the Berlin Numeracy Test (Cokely et al., 2012).

To test the effect of objective and subjective numeracy on sample size per option,
we conducted a linear regression with objective numeracy, subjective numeracy (both
mean-centered), condition (dummy-coded as O = experience condition, 1 = mixed
condition), and their interactions as predictors. Dependent variable was sample size per
option (in the experience condition, this was the mean sample size across both options).

Mean objective numeracy was 4.38 (SD = 1.49) and mean subjective numeracy
was 4.12 (SD = 0.82). The results showed that people sampled more outcomes per option
in the mixed condition than in the experience condition (b = 7.31, SE = 1.77, p < .001).
However, neither objective numeracy (b = 0.47, SE = 0.79, p = .549) nor subjective
numeracy (b = 0.72, SE = 1.45, p = .622) was significantly associated with sample size.
There were no significant interactions.

Our study could not replicate the finding that people higher (vs. lower) in
objective numeracy draw more samples in the mixed or experience condition (Ashby,
2017; Lejarraga, 2010; Traczyk et al., 2018). Possibly, our participant sample (mainly
undergraduate students) was too homogeneous with regard to education level and thus

numeracy to find reliable effects of objective or subjective numeracy.

S1.3.3.2 Numeracy and Consistency Across Learning Modes
We also investigated the role of numeric abilities in the subjective representation of
outcomes and probabilities. People higher (vs. lower) in objective numeracy choose more
consistently between purely description- and experienced-based choices (Ashby, 2017).
Therefore, we tested whether the subjective representation of outcomes and probabilities
in the mixed condition is more consistent between the described and experienced option
for people who score higher (vs. lower) in objective numeracy. To analyze how objective
numeracy moderates the relationship between subjective representations in the described
and the experienced option, we conducted two linear regressions. In the first regression,
the individual-level posterior mean for outcome sensitivity a in the experienced option
was the dependent variable and the individual-level posterior mean for outcome
sensitivity o in the described option, objective numeracy (mean-centered), and their
interactions were predictors. In the second regression, we used probability sensitivity y
instead of outcome sensitivity a.

Outcome sensitivity o of the experienced option was negatively associated with

outcome sensitivity a of the described option (b = —0.93, SE = 0.04, p < .001), but not
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with numeracy (b = 0.00, SE = 0.00, p = .647). The association of outcome sensitivity of
the described and the experienced option was not moderated by objective numeracy (b =
0.02, SE = 0.03, p = .402). Probability sensitivity y of the experienced option was
positively associated with probability sensitivity y of the described option (b = 0.17, SE =
0.07, p =.017), but again not with objective numeracy (b = 0.00, SE = 0.01, p = .910).
The association of probability sensitivity of the described and the experienced option was
not moderated by objective numeracy (b = 0.09, SE = 0.05, p =.077).

The results show that people higher (vs. lower) in objective numeracy did not
have a more consistent subjective representation of probabilities across options in the
mixed condition. However, due to the hierarchical Bayesian modeling approach the
variance in the individual-level estimates is reduced compared to when estimating
parameters individually. Therefore, it is unclear whether this issue made it harder to find
a significant effect, so that more research is needed to investigate the role of objective
numeracy in choice consistency across learning modes.

S1.3.3.3 Numeracy and Preference for Learning Modes

When people could choose between making description- and experience-based choices,
numeracy did not affect the preference for a choice condition (Lejarraga, 2010).
However, we studied whether preference for a learning mode in choices between a
described and experienced option is affected by objective numeracy. To test this, we ran
the CPT model of the mixed condition which restricted parameters to be the same across
options and which included the bias parameter . As a reminder, B > 0 reflects a
preference for the description, whereas B < 0 reflects a preference for experience. We
conducted a regression with B as dependent variable and objective numeracy (mean-
centered) as predictor. People higher (vs. lower) in objective numeracy did not have a
stronger preference for the described option (b = 0.03, SE = 0.01, p = .064).
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Table S1.7: Choice problems used in the pilot study.

S1.4 Choice Problems used in the Pilot Study

Option A Option B

ID pl ol p2 02 pl ol p2 02
1 .80 40 .20 0 1 30

2 .20 40 .80 0 .25 30 75 0
3 .10 32 .90 0 1 3

4 .03 32 .97 0 .25 3 75 0
5 .90 50 .10 0 1 45

6 A1 55 .89 0 1 5

7 .07 42 .93 6 1 8

8 .92 90 .08 36 1 86

9 1 53 1 53

10 22 1 22

11 .50 40 .50 0 .50 40 .50 0
12 .30 78 .70 43 .30 78 .70 43
13 .90 40 .10 0 .90 40 10 0
14 .05 80 .95 8 .05 80 .95 8
15 .08 12 .92 69 .08 12 .92 69
16 .90 0 .10 40 .90 0 .10 40
17 91 21 .09 54 .61 10 .39 72
18 .90 44 .10 8 .35 6 .65 84
19 91 27 .09 64 45 40 .55 25
20 .09 7 91 52 .40 74 .60 30
21 .68 41 .32 65 .85 96 15 2
22 .93 37 .07 2 .54 27 .46 22
23 .92 35 .08 97 .35 22 .65 53
24 .80 54 .20 21 49 98 51 3
25 .05 56 .95 72 .95 68 .05 95
26 .05 60 .95 76 .84 95 .16 17
27 12 52 .88 73 .98 92 .02 19
28 .98 76 .02 37 .82 49 .18 50
29 19 30 .81 97 14 85 .86 82
30 .88 79 A2 82 .20 57 .80 94
31 .08 54 .92 31 15 44 .85 29
32 .10 45 .90 14 14 25 .86 27
33 .05 95 .95 68 1 71

34 .05 95 .95 68 .05 90 .95 70
35 .05 56 .95 72 1 71

36 .09 7 91 52 .09 95 91 43
37 .09 7 91 52 .09 1 91 53
38 .09 95 91 43 .40 74 .60 30
39 .50 59 .50 12 .30 41 .70 47
40 42 20 .58 80 .45 30 .55 60
41 .33 99 .67 56 .60 70 40 60
42 7 23 .23 11 51 14 49 28
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43 .50 44 .50 7 1 55
44 27 68 73 35 1 51
45 40 92 .60 10 1 34
46 .39 23 .61 26 1 25
47 .50 61 .50 78 1 34
48 .33 32 .67 22 1 68
49 .25 95 75 57 .40 31 .60 21
50 45 31 .55 9 .30 56 .70 87

Note. Choice problems taken and adapted from Hertwig et al. (2004; IDs 1-4); Camilleri & Newell (2011;
IDs 5-6); Glockner et al., 2016 (IDs 7-8); Ert & Trautmann (2014; IDs 11, 13, and 16); Gldéckner et al.
(2012; IDs 17-20 and 22-23); Rieskamp, 2008 (2008; IDs 21 and 24-32). All other choice problems (IDs
9-10, 12, 14-15, and 33-50) were developed by us.
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S2 Supplemental Materials to Chapter 3

S2.1 Screenshot of Trial Screens

Lottery A Lottery B
Probabilities Points Probabilities Points
34 % 147.0 86 % 330
66 % 38.0 14 % 190.0
S L

Figure S2.1: Screenshot of trial screen in Experiment 1.

You have won:
38.0 points

Figure S2.2: Screenshot of feedback (presented for 1000 ms).
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Elue main phase
(1 out of 40 decisions)

Lottery A Lottery B

Probabilities Points Probabilities Points

46 % 140.0 88 % 154.0

54 % 177.0 12% 30

Figure S2.3: Screenshot of trial screen in Experiments 2 and 3.
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S2.2 Behavioral Results: Accuracy

1.0 1.0 1.0
0.9 0.9 00 + [}
1 T
0.8 0.8
T r 1
0.7 0.7 T
> 0.6 0.6 T
Q
g T
5 05 0.5 T
3]
o
< 04 0.4
0.3 03
0.2 0.2
0.1 0.1
0.0 0.0
no costs 0.5 points 1 point no costs 0.5 points 1 point no costs 0.5 points 1 point

Opportunity costs (per 750 ms) Opportunity costs (per 750 ms) Opportunity costs (per 750 ms)

Value d|fference very large (60 points) . large (20 points) . moderate (10 points . small (1 point)

Figure S2.4: Accuracy in each condition (error bars represent 95% confidence intervals)
for Experiment 1 (left panel), Experiment 2 (middle panel), and Experiment 3 (right
panel). Grey points represent means of the posterior predictive checks generated by the

estimated DDM parameters.
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S2.3 Modeling Results: Drift Rate and Non-Decision Time

1.2 1.2 1.2
1.0 1.0 1.0 I
0.8 0.8 0.8
06 0.6 0.6

Drift rate &

N TRE T SR P S S T
0.0 i-I- i{. 0.0 i_} i_I_ 0.0 ~I~ ; .I.

0.2 0.2 0.2
no costs 0.5 points 1 point nocosts 0.5 points 1 point no costs 0.5 points 1 point
Opportunity costs (per 750 ms) Opportunity costs (per 750 ms) Opportunity costs (per 750 ms)
Value difference very large (60 points) large (20 points) . moderate (10 points . small (1 point)

Figure S2.5: Estimated drift rate 5 (group-level posterior means; error bars represent
95% HDIs) in each condition for Experiment 1 (left panel), Experiment 2 (middle panel),
and Experiment 3 (right panel).
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0.5 0.5 0.5

00 = 0.0 0.0 - -

no costs 0.5 points 1 point no costs 0.5 points 1 point nocosts 0.5 points 1 point
Opportunity costs (per 750 ms) Opportunity costs (per 750 ms) Opportunity costs (per 750 ms)

Value difference very large (60 points) large (20 points) . moderate (10 points . small (1 point)
Figure S2.6: Estimated non-decision time t (group-level posterior means; error bars

represent 95% HDIs) in each condition for Experiment 1 (left panel), Experiment 2

(middle panel), and Experiment 3 (right panel).
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S3 Supplemental Materials to Chapter 4

S3.1 Description of Pilot Study

Prior to the main study, we conducted a pilot study to determine appropriate time limits
for the time-pressure conditions. We aimed to identify time limits which would urge
participants to respond fast but still allowed them to answer the questions within the
given time. For this purpose, we conducted a study which was similar to the main study
but only included the numerical, graphical, and inconsistent conditions without time
pressure. Also, we did not assess numeracy or graph literacy. Sixty participants (34
female, 24 male, 2 nonbinary, 18-71 years, Mage = 33.0, SDage = 12.1, 65.0% with a
college degree or more) recruited via Prolific Academic took part in the pilot study.

For the decision, the median response time was 34.42 seconds (M = 41.47, SD =
26.39). Participants were faster at answering the knowledge questions, but response times
differed considerably between the types of knowledge questions. For gist knowledge
questions, the median response time was 14.40 seconds (M = 19.21, SD = 19.75). For
verbatim knowledge (reading-off items) questions, the median response time was 13.02
seconds (M = 15.33, SD = 7.62). For verbatim knowledge questions (computing-
differences items), the median response time was 21.77 seconds (M = 24.81, SD =
11.81).

For the main study, we decided to choose time limits in which about half of the
participants would be expected to answer the questions without a time limit (see Table

4.2 in the main text).
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S3.2 Presentation Formats and Screenshots of Question Page

Medication A Medication B Medication C
Benefits Side effects Benefits Side effects Benefits Side effects
63 34 41 21 46 21
out of 100 out of 100 out of 100 out of 100 out of 100 out of 100
Medication D Medication E Medication F
Benefits Side effects Benefits Side effects Benefits Side effects
43 25 67 37 67 31
out of 100 out of 100 out of 100 out of 100 out of 100 out of 100

Figure S3.1: Presented medical information as presented in the numerical conditions.

M Benefits B Side effects I No effect
Medication A Medication B Medication C
Benefits Side effects Benefits Side effects Benefits Side effects

Medication D Medication E
Benefits Side effects Benefits ide effects
EEEEEEEEEN EEEEEEEEEN ENEEEEEEEE EE EEEN
EEEEEEEEEN EEEEEEEEEN ENEEEEEEEE EE EEEN
EEEEEEEEEN EEEEEEEEEN HE EEEN
EEEEEEEEEN EEEEEEEEEN [ ] | EEEN
ANNEEEEEENE SEENENEEEN HE EEEN
ANEEEEEEENE SEENENEEEN HE EEEN
ANEEEEENEN SEENENEEEN HE EEEN
EEENEEEEEEN EEEEEEEEEE ] EEEN
EEEEEEEEEN EEEEEEEEEN ENEEEEEEENE EE EEEN
ENSEEEEEEN EEEEENEEEE ENEEEEEEEE EE [ 1 11]]

Figure S3.2: Presented medical information as presented in the graphical conditions.
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You have 30 seconds to answer the next question.

continue —

Figure S3.3: Screenshot of the announcement on how much time participants have to

answer the following question.

Question 1 out of 9

Medication A Medication B Medication C
Benefits Side effects Benefits Side effects Benefits Side effects
63 34 41 21 67 37
out of 100 out of 100 out of 100 out of 100 out of 100 out of 100
Medication D Medication E Medication F
Benefits Side effects Benefits Side effects Benefits Side effects
67 31 43 25 46 21
out of 100 out of 100 out of 100 out of 100 out of 100 out of 100
Considering both the benefits and side effects, which of the medications would you prefer? 285
Answer:
Medication A Medication B Medication C
Medication D Medication E Medication F

continue —

Figure S3.4: Screenshot of a question screen in a condition with time pressure. Note the
display of the remaining time in the lower-left corner. When 5 or less seconds were left,

the color of the time turned magenta.
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