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Summary
This work examines the dynamics of information use and integration of decisions under
risk, in particular repeated monetary gambles, thereby advocating the value of a joint analysis
of choice proportions and response times. Based on findings in perceptual decision making
research that choice behavior is subject to systematic changes with response time (RT), and
studies from judgment and decision making research suggesting that people apply different
decision strategies across trials, this work aimed to investigate the extent to which changes in
the application of decision strategies are systematically related to changes in RT.
Furthermore, this work examined how different types of feedback (Research Paper I),
the manipulation of the information format (Research Paper II), and the presentation order of
choice options (Research Paper III) affect the pattern of information integration and risky
choice behavior in general. Finally, as part of the latter research paper, both the applicability
and the limits of a simple drift diffusion model to the analysis of risky choices are tested.
The present thesis establishes that risky choice behavior is not always stable over time,
but subject to systematic variations with RT, supporting the idea that people use different
strategies across trials. In this regard, simpler decision rules and dominant choice preferences
(e.g., for high probabilities lotteries or sure outcomes) are particularly pronounced for fast
responses. Slower responses are characterized by either more integrative decision strategies
(e.g., when conflicting information is presented), or by maintaining the initial strategy/heuristic
(e.g., if the information format is difficult to process). In addition, a simple diffusion model
can successfully account for a large portion of risky choice behavior, and parameter analyses
provide useful insights in the underlying cognitive processes (e.g., a response bias for sure
outcomes over lotteries in the gain domain). However, a limit is reached for cases in which
decision strategies change with RT, for which more complex models are required.
The results are reviewed in the context (and limits) of established theoretical
frameworks, and an alternative explanation of the underlying mechanism is discussed.

Zusammenfassung
Diese Arbeit untersucht die Dynamiken des Informationsgebrauchs und der
Informationsintegration bei Risikoentscheidungen. Dabei wird auf den besonderen Wert der
integrativen Analyse von Entscheidungen und Antwortzeiten hingewiesen. Basierend auf
Ergebnissen aus der Wahrnehmungspsychologie, die zeigen das Entscheidungsverhalten
systematisch mit der Antwortzeit variieren kann, sowie aufgrund von Studien aus dem Feld der
Entscheidungswissenschaften, die nahelegen, dass sich Menschen mehrerer Entscheidungsstrategien innerhalb derselben Aufgabe bedienen, versucht die vorliegende Doktorarbeit
herauszuarbeiten inwieweit die Anwendung verschiedener Entscheidungsstrategiegen mit
systematischen Veränderungen der Antwortzeit einhergeht.
Darüber hinaus untersucht diese Arbeit inwieweit verschiedene Arten von Feedback
(Forschungsarbeit I), die Manipulation des Informationsformates (Forschungsartikel II), oder
die Manipulation der Präsentationsreihenfolge (Forschungsarbeit III) das Informationsverarbeitungsmuster, sowie Risikoentscheidungen im Allgemeinen beeinflussen. Zusätzlich
werden im Rahmen der letzteren Forschungsarbeit die Grenzen der Anwendbarkeit von
einfachen Diffusionsmodellen zur Analyse von Risikoentscheidungen geprüft.
Die vorliegende Doktorarbeit zeigt, dass Risikoentscheidungen nicht immer über die
Zeit hin stabil sind, sondern auch systematischen Schwankungen in Abhängigkeit der
Antwortzeit unterliegen. Dies stützt die Idee, dass Menschen eine Reihe von
Entscheidungsstrategien innerhalb derselben Aufgabe nutzen. Diesbezüglich sind einfache
Entscheidungsregeln, sowie dominante Wahlpräferenzen (z.B., für Lotterien mit hohen
Gewinnwahrscheinlichkeiten oder sicheren Gewinnen) besonders bei schnellen Antwortzeiten
ausgeprägt.

Langsamere

Antwortzeiten

gehen

entweder

mit

stärker

integrativen

Entscheidungsstrategien (z.B., bei Informationskonflikten) oder mit der Beibehaltung der
dominierenden Entscheidungsregel einher (z.B., wenn das Informationsformat schwer zu
verarbeiten ist). Außerdem wird gezeigt, dass ein einfaches Diffusionsmodel auf einen Großteil
der Risikoentscheidungen anwendbar ist und die Parameteranalysen nützliche Hinweise auf
die zugrundeliegenden kognitiven Prozesse liefern können (wie z.B. ein Bias zugunsten von
sicheren Gewinnen statt Lotterien). Eine Grenze gibt es jedoch für Fälle, in denen sich
Entscheidungsstrategien mit der Antwortzeit verändern, für die komplexere Modelle benötigt
werden. Die Ergebnisse werden im Rahmen von gängigen Rahmenkonzepten und ihren
Grenzen erörtert und ein alternatives Erklärungsmodell für die zugrundeliegenden
Mechanismen wird diskutiert.
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Chapter 1:
General introduction and discussion
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INTRODUCTION
In our everyday life we are rarely concerned with how we make decisions, we just do
them. Some of them are more complex, such as health related decisions, family or job choices;
others are simpler, such as hitting the brakes on a yellow traffic light that is about to turn red.
A large portion of those decisions seems quick and effortless, and accordingly, it is tempting
to believe that the involvement of complex mental processes is rather low. Other decisions,
however, are perceived as harder, resource- and time-consuming, thus cognitively demanding.
Apparently, not only the choice itself but also the time spent making it is a useful tool to make
inferences about the complexity of involved mental processes. In the field of judgement and
decision making (JDM) research, intelligently designed studies typically aim to shed light upon
what people choose under certain circumstances, and narrow down influential factors in order
to understand, and eventually improve human decision making, or at least the opportunity of
making informed decisions. Interestingly, however, more attention has been given to the what
is chosen in order to understand how it is done. Was the last smartphone you bought an Android
or iOS smartphone (or something else)? Did you weigh all of the pros and cons, such as price,
design, display size, or did you just choose the one with the longest battery life? The time spent
on the decision is less frequently studied. Was it a quick, impulsive decision or carefully
thought through, sometimes over days? Superficially, studying the time course (i.e., the when)
of a decision processes might appear less relevant for everyday decisions. Yet, some research
shows that it can inform us about the underlying fundamental processes – that alone makes the
study worthwhile – but it opens a whole new layer on which theories of human decision making
can be evaluated more accurately, and therefore further improved.
THEORETICAL BACKGROUND
The present work tries to combine the two aspects of what and when something is
chosen to the analysis of so-called decisions under risk (or risky choices) in order to further
examine how it is done. Typical decision problems that fall into this category are monetary
gambles, like choices between a sure outcome and a lottery, which were used early on in
behavioral decision research to study choice preferences (e.g., Edwards, 1953, 1954;
Kahneman & Tversky, 1979). Decisions under risk are characterized by the presence of all
necessary information, for example positive or negative outcomes (e.g., monetary gains or
losses) and the probabilities of their occurrence. For so-called decisions under uncertainty, on
the other hand, a decision maker might anticipate a set of outcomes, but has no knowledge
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about their probabilities (cf. Luce & Raiffa, 1957, p. 13). Risky choices therefore have the
advantage that actual information use and integration can be studied more easily. There are
also risky choice paradigms in which the underlying reward structure has to be indirectly
inferred over the course of several choices during a sampling phase (decision from experience),
as compared to all information being readily available (decisions from description; Hertwig,
Barron, Weber, & Erev, 2004; Hertwig & Erev, 2009). The latter, however, provides a
researcher with an opportunity to experimentally manipulate the magnitude of outcomes and
probabilities, and therefore directly examine as to how the available pieces of information are
either separately or jointly considered. More importantly, such paradigms allow for the
examination of the temporal dynamics of information integration, which, as it will be shown
in the present work, provide useful additional insights in the processes underlying human
decision making. In the following, a broader overview of research on risky choices that inspired
the present work will be given. Thereafter, the most important results of the three research
papers (presented in later sections) will be roughly outlined in order to minimize redundancy.
Methodological details, statistical tests, detailed results, and discussions of specific findings
can be found in the three respective chapters. In a general discussion, an overarching and
integrative perspective will be provided.
Availability of information alone does not necessarily imply that everything is actually
taken into account, as the extent to which information is supposedly used is strongly related to
the theories of how people make decisions under risk. Originally, the analysis of risky choices
was largely dominated by an economic, mathematically driven, and strongly normative
perspective. Let us consider a choice between two monetary lotteries, each of which comprises
a probability of winning a certain amount of money. According to expected value theory
(EVT), the calculation of each lottery’s expected value (EV = probability × monetary outcome)
and the choice of the one with the higher EV permits the most profitable choices in the long
run, that is, if the same choice were made repeatedly. Accordingly, people should always
choose EV-optimally (i.e., maximize the EV), which implies they would integrate all available
information into their choice. However, it soon became apparent that decision makers do not
follow such choice rule (e.g., Bernoulli, 1738/1954). While still maintaining the assumption
that all information is used, expected utility theory (EUT; Bernoulli, 1738/1954; von Neumann
& Morgenstern, 1944), an extension of EVT, proposed that the objective magnitude of
outcomes does not reflect a person’s subjective value. Such transformations and corresponding
changes of choice behavior were accounted for by the introduction of utility functions. Later,
a subjective transformation was also proposed for probabilities, for which probability-
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weighting functions were introduced in Prospect Theory (PT; Kahneman & Tversky, 1979).
By additionally assuming an asymmetric utility function, depending on whether gains or losses
are involved, PT can account for many interesting aspects of decision making under risk. One
of which is risk aversion, the tendency to prefer a sure monetary gain over a lottery, even
though the lottery might be more profitable (e.g., Tversky & Kahneman, 1992). All those
various models have in common that all information needs to be combined in order for a
decision to be formed.
A competing approach was inspired by the idea that human cognitive abilities and
computational capabilities are too limited to make the complex computations proposed by
economic models (Simon, 1955, 1956). Within these constraints, people rely on heuristics to
make decisions. Rather than considering all the information of a very complex environment,
people adopt “a strategy that ignores part of the information, with the goal of making decisions
more quickly, frugally, and/or accurately than more complex methods” (Gigerenzer &
Gaissmaier, 2011, p. 454). Yet, even heuristics vary in their complexity. Simpler examples
propose, for instance, the selection of the option with the highest minimum payoff (Minimax
heuristic) or the highest winning probability (Most likely heuristic; for a more extensive list,
see also Thorngate, 1980), while others are more complex. The Priority Heuristic, for example,
assumes that decisions are made by sequentially comparing minimum gains, probabilities of
minimum gains, and maximum gains until certain stopping conditions are met (Brandstätter,
Gigerenzer, & Hertwig, 2006).
For both classes of models, associated decision strategies provide very detailed
predictions of the expected choice behavior in a risky choice task (for a neatly arranged list,
see Table 2 of Glöckner & Pachur, 2012). Many studies were devoted to comparing such
predictions to what people actually chose in order to determine the best fitting model of how it
is done (e.g., Brandstätter et al., 2006; Glöckner & Betsch, 2008a; Glöckner & Pachur, 2012;
Pachur & Galesic, 2013; Pachur, Hertwig, Gigerenzer, & Brandstätter, 2013; Riedl,
Brandstätter, & Roithmayr, 2008; Rieskamp, 2008). One problem in this respect is, that,
although decision strategies differ in the amount of proposed information use, in many cases
they are indistinguishable due to overlapping predictions, even for very simple choice
problems. Considering other behavioral measures as additional source of information (e.g.,
decision times or choice confidence ratings) can help to further differentiate between decision
strategies. Unfortunately, predictions about the time people would spend on the decision, even
rough estimates, are rarely provided (but see, for example, Glöckner & Betsch, 2008a;
Glöckner & Betsch, 2012). Therefore, it is no surprise that decision times are rarely studied
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and only occasionally reported as supplementary evidence to reports of choice proportions. The
same is true for choice confidence ratings.
Instead, there is a tendency is to use state of the art process-tracing techniques to capture
which information is attended to at which point in time. Methods such as mouse-tracking (e.g.,
Koop & Johnson, 2011, 2013), eye-tracking (e.g., S. Fiedler & Glöckner, 2012; Glöckner &
Herbold, 2011; Stewart, Hermens, & Matthews, 2015), active information search (e.g., Huber,
Huber, & Schulte-Mecklenbeck, 2011), or think-aloud protocols (e.g., Cokely & Kelley, 2009;
Montgomery & Svenson, 1989) provide the researcher with an additional perspective on choice
behavior. Some of these methods are more invasive, thus may actually alter both the decision
process and the actual decision. Continuously reporting aloud what comes to one’s mind while
making a decision may lead to a more deliberative thinking style, prolonged decision times,
and thus only captures specific aspects of the process (see also Nisbett & Wilson, 1977). Eyetracking (i.e., the recording of eye movements), on the other hand, does not drastically interfere
with the decision process, yet special care has to be given to the visual presentation in order to
be applicable (e.g., distribution of the information over the entire computer screen). In addition,
the sheer amount of data makes process analyses difficult and time-consuming.
Interestingly, though, perceptual decision making research traditionally combines both
choice proportions and response times to analyze and model decision processes, without
relying much on additional modes of data acquisition. By analyzing the entire response time
distribution using, among others, conditional accuracy functions (CAFs), researchers
uncovered interesting temporal dynamics of choices in, for instance, the flanker task (Eriksen
& Eriksen, 1974). In the flanker task, participants are required to categorize stimuli (e.g., an
arrow pointing either to the left or to the right) as fast and as accurate as possible. The target
stimulus is flanked by other arrows pointing in the same (congruent) or in another (incongruent)
direction. Responses in congruent conditions are typically fast and highly accurate. In
incongruent conditions, the irrelevant stimuli evoke a response conflict by also activating the
incorrect response, causing participants to make more errors. However, CAFs – that show the
changes in the proportion of correct responses conditional on the response time – revealed that
the rate of errors is higher for faster responses but declines as response time increases,
indicating that attentional selectivity is improving with the duration of the process (e.g.,
Gratton, Coles, Sirevaag, Eriksen, & Donchin, 1988; Hübner & Töbel, 2012). Despite that
conflicting perceptual information was artificially induced in such experimental setting, it did
inform us about the nature of the involved processes and corresponding response tendencies.
As it will be shown in two of the three research papers presented here, conflicting information
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(e.g., profitable high-outcome/low-probability lotteries that are incongruent with the tendency
to choose based on high probabilities) can also be useful for studying decisions under risk,
especially for the temporal dynamics of attention selectively given to specific gamble
information. Furthermore, theoretical as well as empirical work has pointed out commonalities
of perceptual and economic (e.g., risky or value-based) choices with respect to the underlying
processes (Dutilh & Rieskamp, 2016; Polanía, Krajbich, Grueschow, & Ruff, 2014;
Summerfield & Tsetsos, 2012). Accordingly, the same analytical tools that have helped to
understand perceptual processes will be similarly useful for understanding the processes in
risky choices.
In the above mentioned perceptual decision making task, under conflict, automatic and
very quick responses have to be suppressed to make more correct decisions. But how is this
related to decision making under risk? We already know of very dominant choice preferences
in JDM research, of which risk aversion has been already mentioned earlier. It is reasonable to
assume that, compared to the application of simpler heuristics that are easier to apply (e.g.,
choosing a safer high-probability option), more complex and controlled computations (e.g., of
expected values) come with additional processing effort. Both in perceptual decisions and in
general, choices of the preferred option are typically faster (e.g., Busemeyer & Townsend,
1993; Jamieson & Petrusic, 1977; Krajbich, Bartling, Hare, & Fehr, 2015). Accordingly,
deviations from the initial response tendencies in monetary gambles, thus potential changes of
response strategies, should be related to changes in response times (RTs). Whether there exists
a systematic pattern of RT-related changes of decision strategies in decisions under risk will
be examined in the present work. That this might be the case is supported by studies applying
statistical methods to classify participants according to their strategy use. These studies,
although predominantly related to preferential choices without gambles, indicated that many
participants were best described by a mixture of applied strategies (Davis-Stober & Brown,
2011; Glöckner, 2009). Therefore, it is reasonable to assume that individuals use different
strategies or decision rules across trials that can be differentiated by using all the available
behavioral data (i.e., choice proportions and response times).
The present work
The three research papers presented here focus on the analysis of decisions under risk.
Participants had to choose between two competing options, for example, between two
monetary lotteries (Research Papers I and II) or between a sure outcome and a lottery (Research
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Paper III). In addition to the analysis of decision strategies and the time course of information
use, experimental manipulations were used to study further influences on information use and
integration.
Experimental manipulations were introduced twofold, that is either before or after a
choice has been made. In the latter case, different types of feedback were provided (Research
Paper I) with which participants could have reevaluated their behavior and adjusted the weight
they had given to certain pieces of information. With respect to manipulations prior to the
choice, the visual format that represented the gamble constituents was varied (Research Paper
II). Depending on the salience of the representation, the corresponding information might
receive more attention, thus exhibit a higher impact on the final choice. Furthermore, the order
in which the choice options were presented was manipulated (Research Paper III). Having
experimental control over the order of information processing comes with the advantage that
process-tracing techniques (e.g., eye-tracking) are not required to capture where the visual
attention was allocated to. All manipulations were supposed to influence the weight that is
given to certain pieces of information, thereby affecting (and potentially reducing) the extent
to which dominant choice strategies are used. In any case, the manipulations should result in
distinct choice patterns that help to inform about the nature of the information integration
process.
In addition, conflicting information was introduced in Research Papers I and II, that is
for choices between two competing lotteries. Imagine that one lottery always comprised a
higher probability of winning and a lower potential outcome, whereas the competing option
had a lower winning probability and a higher monetary outcome. In some studies of similar
setup, a preference for one piece of information, such as the higher winning probability (e.g.,
Smith et al., 2009) or the higher outcome (e.g., Van Leijenhorst et al., 2010) resulted in overall
higher payoffs in the long run, because the corresponding option coincided with the higher
expected value (EV). In order to avoid this confound, lotteries were designed such that each of
the two competing lotteries had the higher EV equally often. This would create a setting in
which different strategies would result in distinct choice profiles across experimental
conditions, which immensely aids their discrimination.
SUMMARY OF RESEARCH PAPER I
The focus of the first series of experiments was to obtain more general insights into
how the available information in monetary gambles is taken into consideration. As mentioned
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before, decision strategies largely differ in the extent to which information is supposedly
considered. While some propose that all available information (e.g., probabilities and
outcomes) is taken into account (e.g., EVT, EUT, PT) others assume that only partial
information is considered (e.g., heuristics). Using a two-option forced choice lottery gamble,
we tested the fit of applicable heuristics (i.e., the Most-likely heuristic, the Maximax heuristic,
and the Priority Heuristic), as well as integrative models in which choices were based on the
lotteries’ EVs, or the subjective attractiveness according to Cumulative Prospect Theory (CPT;
Tversky & Kahneman, 1992).
At the same time, the influences of feedback on both the information use and the
dynamics of information integration were tested. In this regard, it was examined how different
types of feedback affected choice behavior across experimental blocks. Furthermore,
behavioral analyses focused on the potential changes of how information was integrated within
a trial. Without feedback, participants have no basis on which they can evaluate their own
choices. Naturally, choice behavior should not change over time, i.e. information and strategy
use should remain constant throughout the experiment. With feedback, on the other hand,
participants are provided with the opportunity to evaluate their own choices, test different
choice strategies, and eventually maintain a strategy that coincides with their preference (or
they begin to form a specific preference). Notably, though, different types of feedback vary in
terms of the extent to which information about outcomes is conveyed. Depending on the
presentation of outcome feedback (i.e., the result of the chosen option), foregone or full
feedback (i.e., the result of the unchosen option or both options), or normative feedback (i.e.,
a notice about whether choices were in accordance to a specific rule), subsequent choices might
substantially differ. Indeed, as it will be shown in Research Paper I, different types of feedback
not only influence the application of choice strategies, but also affect the time course of
information integration.
A modified Wheel of Fortune task (Ernst et al., 2004; Smith et al., 2009) was used to
study choices between two monetary lotteries. One lottery was described by a higher winning
probability and a lower outcome, as compared to the competing lottery with a lower winning
probability and a higher outcome. The lottery pairs were designed in a way that each lottery
had the higher expected value equally often. In the pro-win condition, the lottery with the
higher probability had a higher EV, whereas in the pro-gain condition the EV of the lottery
with the lower probability was higher. Consequently, the application of a choice rule such as
the Most-Likely (ML) heuristic, in which the option with the higher winning probability should
be chosen, would lead to EV-optimal choices only in pro-win gambles, but not in pro-gain
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gambles. Conversely, the application of the Maximax (MM) heuristic, i.e. choosing the option
with the highest potential gain, would lead to EV-optimal choices solely in pro-gain gambles.
Only by combining probabilities and outcome in a beneficial way, choices can be more optimal
in more than 50% of the trials. That is, if choices are based on calculating or estimating the
expected value (according to EVT) or the subjective expected utility (according to CPT), the
fit for those strategies should be better for both pro-win and pro-gain gambles.
In the first experiment without feedback, participants had to repeatedly choose between
the two lotteries without being presented with the outcome of their choices. As expected, this
did not lead to fluctuations of choice behavior across experimental blocks. Strategy analyses
indicated that participants based their choices largely on the higher winning probability – a
pattern also referred to as p-dominance (K. Fiedler & Unkelbach, 2011) – thus participants
relied on only partial information. The best fit was observed for the Most-Likely heuristic and
a model of CPT in which the weight given to high winning probabilities was reflected by a flat
value function. When the dynamics of single decisions were considered, a very interesting
pattern was observed. Conditional choice functions (CCFs) 1, that, similar to CAFs, provide
choice proportions as a function of the response time, revealed that faster choices differed from
slower ones. In particular, the tendency for choosing high-probability options was particularly
strong for fast decisions. For slower decisions, the potential outcome was also taken into
consideration, resulting in overall more EV-optimal choices, yet not equally optimal across all
conditions. For pro-win gambles, the high-probability lottery was chosen less frequently, thus
less EV-optimal choices were made. For pro-gain gambles, more choices of a high-probability
option resulted in more EV-optimal choices. As choice performance was far from an EVoptimal integration of all available information, we decided to introduce feedback with which
participants could adjust their behavior towards a more optimal choice performance, rather than
sticking to their initial preference.
Therefore, in the second experiment, outcome feedback was provided after each choice.
In detail, the lottery that was chosen by the participant was played by the computer and its
outcome, either the corresponding amount or zero, was displayed on the screen. With this
information, participants could improve their choice performance. Therefore, we expected that
participant’s choice pattern would change towards more EV-optimal choices over the course
of experimental blocks due to learning, and that additional time would be spent on information
In perceptual decisions making research, there is an objective criterion as to whether a choice is correct (accurate)
or not, hence the term conditional accuracy function (CAF). However, there is no right or wrong for choices based
on an individual’s preference. Therefore, the term conditional choice function (CCF) seemed more appropriate.

1
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integration. The latter should be reflected in the CCFs by a shift to longer RTs and/or a flat
pattern, if a single strategy has been adopted.
Surprisingly, outcome feedback had little effect. Participants still preferred the option
with the higher winning probability, did not show variations in choice behavior across
experimental blocks, and in addition, displayed a very similar pattern of information integration
according to the CCFs. Interestingly, participants seemed to have difficulties with properly
integrating feedback information when similar winning probabilities (i.e., 60% vs. 40%
lotteries) were involved. In those cases, slower choices resembled chance level decisions, both
in pro-win and pro-gain gambles. The unexpected ineffectiveness of outcome feedback raised
the question about what kind of feedback information might be appropriate for improving
choice performance more effectively. Either participants were simply not able to learn optimal
decision making under the previous conditions, or the probabilistic nature of the outcome
feedback did not provide them with sufficiently consistent information needed to properly
evaluate their own choices and change their behavior accordingly.
Hence, normative error feedback was introduced in a third experiment. In this version,
a message appeared when participants did not choose “mathematically optimal” (i.e., EVoptimal), based on which it should be easier for participants to evaluate their own choices and
adopt a more integrative, EV-optimal choice strategy.
Indeed, error feedback led to a range of changes of choice behavior, and more
importantly, to more EV-optimal choices. It was within a few experimental blocks that a stable
choice pattern emerged, which was based on the integration of probabilities and outcomes.
Accordingly, the fit of choice strategies based on a single piece of information was only high
for one type of gamble (e.g., MM heuristic for pro-win gambles), but not for the other one.
Furthermore, CCFs unveiled that the pattern of information integration was entirely different.
The CCFs were relatively flat, but already started at a more EV-optimal level. In addition, the
fastest choices under error feedback were approximately 200 ms slower compared to the
previous two experiments. This indicated that probabilities and outcomes were already
integrated relatively early in the decision process, and that the preference for quickly choosing
the high-probability option was successfully suppressed (at the cost of decision time).
That error feedback was more effective in changing participants’ choice behavior
appears to be due to its deterministic nature, which provides a consistent signal on which choice
behavior can be appropriately evaluated. Outcome feedback, on the other hand, is rather
ambiguous. Interestingly, though, Yechiam and Busemeyer (2006) could show its effectiveness
on reducing risky, suboptimal choices. A major difference between their study and the present
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one is that their gambles comprised rare, low-probability (e.g., 5%) events. Naturally, those
provide a more consistent signal as, for instance, an almost coin-flip like 60% chance of
winning something. Accordingly, the effectiveness of outcome feedback largely interacts with
the composition of choice problems.
In addition, the experiments connect to previous findings in which – for decisions
between two monetary lotteries – a risk-averse preference for high-probability options (or pdominance) was observed. Up to now, however, it has not been shown that this preference
declines with the duration of the choice process. A detailed inspection of the information
integration using conditional choice functions showed that this preference is not static (i.e.,
independent of decision speed), but rather particularly pronounced for very fast responses. This
supports the notion that participants might apply a mixture of strategies in which less
information is considered when decision speed is high, and more information in considered
when decision speed is low. The next series of experiments aimed to further collect evidence
for this finding, and in addition, test the extent to which the presentation format of the lottery
information affects the time course of information integration.
SUMMARY OF RESEARCH PAPER II
After having studied feedback as a method to influence participants’ information use
and altering their choice behavior towards a reduced reliance on probability information, we
turned to the mode of presentation to further study information use. With respect to how the
information of gamble constituents is presented, one quickly realizes that probabilities tend to
be displayed in either a numerical or a graphical format (e.g., through pie charts, icons arrays,
etc.). Outcomes, on the other hand, are typically conveyed numerically. It has been proposed
that graphs both attracted and hold a decision makers attention more strongly than numbers
(Chua, Yates, & Shah, 2006). This is supposed to enhance processing, thus increase the
importance that is given to the visual information, which in turn increases the information’s
weight on the final decision. Supporting evidence for this relationship comes from eye-tracking
analyses that showed that graphical probability information received more attention (in terms
of gaze durations) than numerical ones (Smerecnik et al., 2010), and it has been shown that
gaze durations themselves have an impact on choice preferences (e.g., Armel, Beaumel, &
Rangel, 2008). The strong preference for high-probability options in the previously presented
line of experiments could therefore be partly due to the more salient, easy-to-process display
of probabilities as pie charts. This might have resulted in a processing advantage of
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probabilities that influenced the selection of decision strategies, and in particular, the
information that is relied on when decisions were quick.
Accordingly, it seems reasonable to assume that a decision maker can be persuaded to
give more weight to outcomes by increasing their perceptual salience through a graphical
presentation (instead of using feedback to emphasize the importance of outcomes). In this
respect, two hypothetical patterns are possible: First, as previously mentioned, a graphical
presentation might enhance the impact of the corresponding information by attracting attention,
or therefore increases its subjective importance. Accordingly, presenting probabilities as
graphics should increase the reliance on probabilities (thus increase risk aversion). Conversely,
graphical outcomes should increase the reliance on the outcomes and reduce the impact of
probabilities (with which risk aversion should be reduced). Second, the processing advantage
may be limited to probabilities. Based on their results, K. Fiedler and Unkelbach (2011) pointed
out that presenting outcomes as graphs may have no or even detrimental effects. If the graphical
presentation results in processing difficulties, then the reliance on probability information
might be increased rather than reduced. To test these hypotheses, three experiments were
conducted in which probabilities and outcomes were presented numerically and in different
graphical formats, respectively. A similar lottery task as in Research Paper I was used, in which
participants had to choose between two monetary lotteries. Drawing on previous experiences,
potential confounding factors, such as outcomes varying from one to three digits, were
eliminated. Furthermore, the manipulations of the lottery’s attractiveness and conflicting
information were maintained, but special care has been given to balancing EVs more
systematically across conditions.
In the first experiment, numbers and pie charts were used to represent probabilities and
outcomes. In the graphed-probability mode, probabilities were displayed as pie charts and
outcomes were shown as numbers. In the graphed-outcome mode, outcomes were shown as
pie charts and probabilities as numbers. Probabilities and outcomes where combined to set up
four EV-conditions, of which some comprised conflicting information. In the congruent
condition, one lottery had both a higher probability and the higher outcome compared to the
competing option; thus the former also had the higher EV. In the remaining three EVconditions, one lottery always comprised a higher winning probability and the lower outcome,
whereas the competing option had a lower probability and a higher outcome. In neutral
gambles, the EVs of both lotteries were the same. In the pro-prob EV-condition, the lottery
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with the higher winning probability also had the higher EV. Finally, in a pro-out EV-condition,
the lottery with the lower winning probability had the higher EV 2.
As previously found, participants exhibited an overall tendency for choosing the highprobability option which was manifested in both choice proportions and response times. The
lottery with the higher chance of winning was chosen both more frequently and more quickly.
In addition, participants’ choice behavior showed sensitivity to the manipulation of expected
values. The high-probability option was chosen most frequently in the congruent condition,
but the proportions decreased for the pro-prob condition, followed by the neutral, and the proout EV-condition.
Regarding the effect of the presentation format on choice behavior on the aggregated
level, it could be shown that participants were more risk averse in the graphed-outcome mode,
in which outcomes rather than probabilities were presented graphically. This surprising
tendency was even more pronounced in the pro-out condition, in which choosing the higher
outcome would have resulted in more profitable choices. A closer look at mean response times
indicated that outcome oriented decisions took additional time; thus a graphical presentation of
outcomes did not result in a processing advantage. The inspection of conditional choice
functions showed that risk aversion was strong over the entire RT distribution (i.e., CCFs were
flat), indicating that more decision time was not used for additionally considering outcomes.
Only for the pro-out condition in the graphed-probability mode, slower responses were related
to an integration of outcomes and probabilities, as it was observed in Research Paper I.
This first experiment supported the idea that a graphical presentation might have
detrimental effects on the weight that is given to outcomes. Although pie charts are common
to represent probabilities, they might have been a non-intuitive format for outcomes. As a
result, participants may have relied more strongly on probability information that was easily
accessible.
Given the poor capability of pie charts to draw attention to the outcome information,
another type of format (icon arrays) that might be better suited was used in the Experiments 2
and 3. Experiment 2 followed the same procedure as the previous one, except that pie charts
were replaced with icon arrays. In Experiment 3, icon arrays and numbers were also fully
crossed within participants to examine more cleanly whether the dominance for highprobability options generalizes across formats. In addition to the graphed-probability and the

2
The pro-gain and pro-win condition of Research Paper I are equivalent to this paper’s pro-prob and pro-out
condition, respectively.
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graphed-outcome mode, all information was presented either numerically, or graphically. Due
to the higher number of formats, EV-conditions in Experiment 3 were reduced to the two
diagnostically most interesting, i.e. the pro-prob and the pro-out condition.
A strong risk aversion on the level of aggregated choice proportions and response times
was found in Experiments 2 and 3. Choices of the high-probability option were more frequent
and faster than choices of the low-probability option, and again, participants were sensitive to
the lotteries’ EVs. Compared to the first experiment in this series, however, there was no further
increase in risk aversion as a result of the format manipulation. This supports the idea that
increased risk aversion in the previous experiment was mainly due to comprehension
difficulties of outcomes that were displayed as pie charts. For response times, the RT advantage
for choosing high-probability lotteries (as compared to the competing low-probability options)
decreased when outcomes were presented graphically. Therefore, graphical outcomes might
have facilitated choices for the riskier low-probability lottery, which in turn suggests reduced
risk aversion in parts of the decision process.
CCFs further corroborated the format-related difference in the time course of
information processing. In Experiment 2, choice behavior in the graphed-probability mode was
similar to Experiment 1, with more pronounced high-probability choices for fast responses.
Yet, this tendency was markedly reduced in the graphed-outcome mode. In Experiment 3,
CCFs revealed an even stronger decrease already for the fastest decisions. Proportions for the
high-probability lottery were the lowest in the graphed-outcome format, relative to the other
formats. That means that graphical outcomes in form of icon arrays in combination with
numerical probabilities were the only format in which reduced risk aversion could be observed,
supporting the idea that a graphical presentation can indeed enhance the outcome’s impact.
To sum up the results of the three experiments, it can be concluded that a graphical
representation of probabilities and outcomes can both reduce and attenuate risk aversion. The
initial idea was that graphical representations attract attention, and therefore increase the impact
of corresponding information in the decision processes. Indeed, the strong tendency for riskaverse choices was facilitated by an intuitive graphical representation of probabilities, while
the graphical representation of outcomes reduced risk aversion only to some extent – at least
in the last two experiments. On the other hand, K. Fiedler and Unkelbach (2011) predicted that
this processing advantage is weak, may increase processing demands, and potentially has a
detrimental influence on choice behavior. This supposedly happened in the first experiment in
the graphed-outcome mode. Not all graphical formats proved suitable for representing
outcomes in a beneficial way. Using a salient but non-intuitive format, such as pie charts, lead
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to the opposite effect and further fostered risk aversion. Contrary to pie charts, icon arrays are
both salient and hold the necessary accessibility to reflect outcomes. Notably, though, risk
aversion was never reduced strongly enough for choice behavior to be characterized as outcome
prone, neither in the second nor in the third experiment. Other formats may be better suited to
change choice behavior more drastically, which demands for additional research. Nevertheless,
Research Paper II unveiled possibilities as well as limits of format-related modulations of risk
aversion. In addition, it could be repeatedly shown that choice proportions are not always stable
with decision time. This supported findings of Research Paper I, that, under certain
circumstances (e.g., in pro-out conditions), changes in the application of decision strategies
can be systematically linked to changes in RT.
SUMMARY OF RESEARCH PAPER III
If the format does not attract enough attention towards one or the other option when
both are displayed simultaneously, then a sequential presentation might be more effective to
influence attention allocation. It is reasonable to assume that the option that is processed first
serves as a reference to which the second option is measured against. This might result in a
higher weight given to the first option. If the second option is not fully (if at all) processed, this
effect might even further increase. To study the influence of presentation order, a task in which
participants had to choose between a sure outcome and a monetary lottery was used. The
gambles where either presented in terms of gains or losses. Abundant evidence has been
collected showing that for this type of decisions, participants tend to be risk averse (i.e., they
prefer the sure outcome) in the gain domain, and risk seeking (i.e., they prefer to the lottery) in
the loss domain (e.g., Kahneman & Tversky, 1979; Kahneman & Tversky, 1984; for a metaanalysis of framing effects, see Kühberger, 1998). Based on our previous findings, we expected
that this preference would be particularly dominant for fast responses. One of the questions
was, whether the presentation order of options influences and potentially reduces how
dominantly these preferences are expressed.
However, the main focus of Research Paper III was to test the extent to which the
application of dynamic modeling is appropriate to model risky choices. The response time
distributions as well as the patterns of information integration in the CCFs strongly resemble
those of perceptual decision making tasks under conflict (e.g., Dambacher & Hübner, 2015;
Dambacher, Hübner, & Schlösser, 2011; Töbel, Hübner, & Stürmer, 2014). In particular,
choice proportions in risky decisions did also strongly vary with decision time. An interesting
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aspect in this regard is that perceptual decision making research employs dynamic cognitive
models with which such temporal dynamics can be successfully modeled. The models of
interest are evidence accumulation models, and in particular drift diffusion models (DDMs;
e.g., Ratcliff, 1978; Ratcliff & Rouder, 1998). While widely applied to binary choices, such as
color discrimination tasks or lexical decision tasks, applications to the domain of risky choices
are rare (e.g., Busemeyer & Townsend, 1993; Dutilh & Rieskamp, 2016; Guo, Trueblood, &
Diederich, 2015).
The idea behind the DDM is that evidence for one option (e.g., a sure outcome) or the
other (e.g., a monetary lottery) is accumulated over time until a decision boundary (or
threshold) is reached that determines which option is chosen. In its simplest version, the DDM
comprises four parameters: the drift rate, the decision boundary, the starting point, and the nondecisional time. A higher decision boundary means that more evidence is required before a
choice is made, hinting to a more conservative response style. This could be the case for
gambles that are presented in terms of losses, for which some studies indicate that decision
times are slower compared to gain gambles (e.g., Wegier & Spaniol, 2015). The speed of
evidence accumulation is represented by the drift rate. It is typically higher for easy decisions,
such as for stimuli with high discriminability. Variations in drift rates are expected to be in
accordance to EV-differences. For choices between options of similar profitability in terms of
their EV, response times are typically slower and choices are rated as less confident. High EVdifferences, on the other hand, are related to quicker decisions and higher confidence (Ayal &
Hochman, 2009). Accordingly, high drift rates should be found for higher EV-differences and
low drift rates – signaling choice indifference – should be related to lower EV-differences. The
starting point parameter indicates the presence of an a priori response bias for one or the other
option. The risk-averse preference for sure outcomes in the gain domain could very well be
linked to such a starting point shift towards the sure outcome boundary. Conversely, the riskseeking tendency to choose lotteries in the loss domain could be accounted for by a shift of the
starting point towards the lottery boundary. Finally, the non-decisional time component
captures the time that is spent on stimulus encoding and response preparation. Differences in
this parameter might occur as a result of the sequential presentation of sure outcomes or
lotteries, for which processing of more complex lotteries is expected to be more timeconsuming.
A series of two experiments was realized to test these hypotheses. In Experiment 1, the
sure outcome was presented first (followed by a lottery), whereas in Experiment 2, the order
was reversed. The magnitude of the sure outcome was set to either 80% (lower-EV), 100%
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(equal-EV), or 120% (higher-EV condition) of the lottery’s expected value. In the following,
the analyses of choice behavior on the aggregated level and the results of the examination of
conditional choice functions will be reported. Afterwards, we will turn to the dynamic
modeling in order to provide complementary insights into the processes that determined choice
behavior in this gamble task.
The behavioral results of Experiment 1 did not indicate a clear preference for sure
outcomes or lotteries. Irrespective of whether gambles were framed as gains or losses, choice
proportions on the overall level were similar. Rather, choices were sensitive to the
attractiveness of the options (i.e., their EV) in the respective choice domain. For lower-EV
lotteries, which are unattractive in the gain domain, sure outcomes were chosen more
frequently, whereas more lotteries were chosen as their EV increased. This pattern was reversed
in the loss domain. Lower-EV lotteries, for example, were chosen more frequently, as they
result in lower losses in the long run. For response times, on the other hand, risk preferences
were more apparent. RTs in the gain domain were generally faster compared to those in the
loss domain. Taking a closer look at the CCs revealed that the dynamics of choice behavior
differed in gain and loss gambles. As predicted and in line with our previous findings, the
preference for sure gains was particularly expressed in fast decisions, but declined as RT
increased. For losses, however, a different pattern emerged and choices remained stable over
time.
In the second experiment, the lottery preceded the sure outcome. On the level of
aggregated choice proportions, the results were the same as in the previous experiment with no
general risk preferences, but sensitivity to profitability in the respective choice domain. Again,
RTs in the gain domain were faster than in the loss domain. In terms of CCFs, however, a
different pattern emerged. Choice proportions for very fast decisions were close to 50%,
indicating indifference between options. With increasing RT, the choice pattern observed in
the previous experiment became more apparent. This pattern was very dominant for gain
gambles. For loss gambles, although visually not too similar, statistical analyses of CCFs also
indicated that choice proportions changed similarly with RT.
Despite not being visible in overall choice proportions, risk preferences were also
expressed in RT difference across choice domains. This might hint to a more cautious response
style given that “losses loom larger than gains” (Kahneman & Tversky, 1979, p. 279). Using
dynamic modeling, we aimed to find out whether this might be due to a larger boundary
threshold in terms of the DDM. Furthermore, we wanted to test the extent to which CCFdifferences can be reproduced and further explained by examining corresponding parameter
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estimates. To do so, we fitted three DDMs of varying complexity to our data using the software
fast-dm (Voss & Voss, 2007). The simplest model (Model #1) was one in which the drift rate
was allowed to freely vary across the three EV-conditions, but starting point, decision
boundary, and the non-decisional time were fixed across EV-conditions. Inter-trial variability
parameters were set to zero, thus not estimated. This resulted in six free parameters that were
estimated separately for gains and losses (as well as for each participant), in order to compare
parameter estimates across choice domains. With increasing complexity, more parameters
could vary across EV-conditions and inter-trail variability was also allowed. Across
experiments, however, Model #1 was judged to be the best fitting model according to BIC
values and, in particular for Experiment 2, psychological plausibility. Therefore, the parameter
estimates of Model #1 were subjected to further analyses.
For Experiment 1, the decision boundary was higher in loss compared to gain gambles,
supporting the notion of a more conservative or cautious response strategy when losses are
involved. Furthermore, the starting point parameter was shifted towards sure outcome choices
in the gain domain, but no systematic shift was found in the loss domain 3. This implies that
more pronounced sure outcome choices for fast RTs are due to a response bias in the gain
domain, whereas such a bias is absent for losses. Finally, the drift rate successfully captured
the profitability of the options. In the equal-EV condition, the drift rate was very close to zero,
reflecting the indifference between options. For higher-EV lotteries in the gain domain, the
drift rate was highly negative (i.e., evidence was sampled in favor of lotteries). For unattractive
lower-EV lotteries, on the other hand, the drift rate was strongly positive. The signs switched
for loss gambles. For example, a strongly positive drift to the sure outcome boundary was
obtained for (this time less attractive) higher-EV lotteries.
The parameter analyses of Experiment 2 were only partly similar. As before, drift rates
reflected profitability, thus choice difficulty, and decision boundaries were slightly higher in
the loss domain. This time, longer non-decisional times were observed in loss gambles, which
might also contribute to more conservative choices. The main difference, however, was that no
starting point differences were observed. This indicated that presenting the lottery before the
sure outcome resulted in unbiased responses.
The behavioral analyses and the dynamic modeling show that risky choices can be
characterized by multiple cognitive mechanisms. Participants exhibited a more cautious
Please note the that upper boundary was defined as decision threshold for sure outcome choices, whereas the
lower boundary refers to lottery choices. Accordingly, positive [negative] drift rates represent evidence
accumulation towards the sure outcome [lottery] boundary.
3
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response style when gambles were framed in terms of losses. Supporting evidence came from
lower response times as well as DDM parameter analyses. Decision difficulty and choice
preferences were neatly captured by the magnitude and the signs of drift rates, that is by the
speed with which the evidence was accumulated. Differences in processing demands between
Experiment 1 and 2 were reflected in the non-decisional time component. Moreover,
presentation order did have a surprisingly large effect of on the fastest decisions, indicating
that the sure outcome (not the lottery) drives the assessment of either option’s attractiveness.
Although Model #1 was considered the best fitting model, this decision was not without
problems. Visually, simulations using Model #1’s parameter estimates could not reproduce the
curvilinear CCFs pattern of Experiment 2. The competing and more complex models that
allowed starting points to vary across EV-conditions could reproduce the pattern, yet the
parameter estimates were psychologically unreasonable. For instance, for attractive higher-EV
lotteries in the gain domain, the starting point was shifted towards sure outcome choices. This
contradicts established research and is simply illogical. We believe that this is a technical
problem of the model rather a psychological phenomenon. Single process diffusion models do
not have the flexibility that is required to map changes due to strategy switches throughout the
decision process. Models that allow for changes of drift rates, such as the dual-stage two-phase
(DSTP) model of selective attention (Hübner, Steinhauser, & Lehle, 2010) or the multiattribute attention switching (MAAS) model (e.g., Diederich & Oswald, 2014) might provide
a better account for choice behavior that is more dynamic with decision time. For the majority
of other cases in which this is not the case, simpler DDMs are a very useful tool for the analysis
of risky choices.
GENERAL DISCUSSION
In the following, an overarching perspective on the three research papers will be
provided that is supposed to integrate ongoing discussions in scientific literature. More detailed
discussions of the methods, results, and potential limitations of the single papers can be found
in the respective chapters.
When confronted with decisions under risk, it is already well known that participants
are risk averse when gains are involved (e.g., Tversky & Kahneman, 1992). Risk aversion
manifests itself as the tendency to prefer a sure monetary outcome over a monetary lottery, or
– in decisions between two simple lotteries – the tendency to choose the option with the higher
winning probability (p-dominance; K. Fiedler & Unkelbach, 2011). These preferences, which
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have also been observed in the experiments described earlier, proved very robust against
attempts to reduce their impact. The effectiveness of the tested measures will be reviewed in
the following. In a later section, the observed dynamics of decision behavior and their
implications on decision theories will be discussed.
Changing dominant choice preferences
A range of experimental manipulations were employed that were expected to reduce
(or at least influence) people’s strong tendency to choose safer, high-probability options,
thereby also testing their impact on information integration. In Research Paper I, different types
of feedback were provided, of which only error feedback led to a balanced consideration of all
available information, and – at the same time – more profitable choices that required the
computation (or at least estimation) of expected values. Due to its unambiguous and
deterministic nature that facilitated choice (re)evaluation, error feedback was by far the most
effective method to break participants’ dominant choice pattern. In contrast, evidence regarding
the effectiveness of outcome feedback is mixed. Gambles with extreme probabilities (Yechiam
& Busemeyer, 2006) appear to provide a better environment for the evaluation of one’s own
behavior in terms of long-term profitability compared to gambles with non-extreme
probabilities (like those that have been used here). Yet even under the latter conditions,
outcome feedback can result in considering outcomes more strongly. In very recent lotterystudies in our lab, participants were provided with full feedback, that is reports about their own
outcomes as well as the gains of a computerized competitor that received the outcome of the
unchosen option. In addition to presenting outcomes separately for every trial, cumulative gains
were fed back (i.e., outcomes would add up over trials). As one would expect for single trial
outcome feedback, results were no different from previous studies. For cumulative outcome
feedback, however, high-gain lotteries were chosen more frequently, in particular for those
trials in which this was actually more profitable (i.e., pro-out/pro-gain gambles). Although
both types of feedback focus on outcomes, why does a cumulative version change behavior
more strongly? It is cognitively highly demanding to process and retain a sequence of single
outcomes (for much more than 100 trials), and it is even harder to do that while remembering
the outcomes of the unchosen option (if at all available). With cumulative outcomes directly
presented, it is easier to envision and compare the magnitude of the own gains. If this is not an
option, an easier strategy – and very reasonable heuristic – is to ensure positive long-term gains
by winning as often as possible rather than winning larger amounts on only rare occasions.
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Monitoring how often one has won is much less effortful, thus is likely to foster the preferences
for high-probability options (at least in the gain domain). In addition, high probabilities are
typically perceived as very attractive, and having won something is an affectively positive
signal. Both aspects might further strengthen a risk-averse strategy, emphasizing the often
neglected role of affect in decisions making under risk (e.g., Bateman, Dent, Peters, Slovic, &
Starmer, 2007; Slovic, Finucane, Peters, & MacGregor, 2007). These results imply that
feedback in risky choices might be used in two ways. First, feedback is used to change
information use in order to maintain the goal of profit maximization (i.e., by adopting an
integrative strategy). Second, while working on the risky choice task, the goal might change
due to feedback. Especially for error feedback, rather than earning a lot, the goal might be to
avoid the negative feedback signals by means of a more integrative information use to match
new task demands. Winning often (regular outcome feedback), winning a lot (cumulative
outcome feedback), or avoiding negative signals (error feedback), each goal is related to the
application of different strategies. In all of those cases, participants very quickly adopted a new
strategy or maintained the initial one. It was within only a couple of blocks until choice
behavior remained relatively stable in the remainder of the experiment 4, with or without a
successful reduction of participants initial choice preference.
The other set of manipulations was aimed at the modulation of the weight that is given
to the visual information, either by means of increasing the perceptual salience via multiple
formats, or a more direct manipulation of the processing order. Similar to the effects of
feedback, different formats (e.g., pie charts, icon arrays, numbers) resulted in both an increase
and decrease of risk-averse behavior. It was assumed that the preferences for high-probability
options in Research Paper I could have been partly due to higher salience (large colorful pie
charts). Accordingly, presenting outcomes using the same highly salient display might increase
their impact. Unfortunately, not all formats proved useful in this respect. Participants appeared
to have difficulties in decoding monetary gains from pie charts, and as a result, the probability
information received even more weight. Icon arrays, on the other hand, appeared to be a more
feasible format. More generally, however, attempts of guiding attention were most influential
when the decision speed was high. In addition, it was particular beneficial for reducing risk
aversion for cases in which longer decision speed was related to a deviation from the initial
This is particularly advantageous with respect to the computation of conditional choice functions (CCFs) on the
basis of all available data. Without such stability, dynamics in the CCFs (i.e., changes of choice proportions) could
be an artifact of learning across blocks (e.g., faster heuristics early in the experiment vs. more complex but slower
computations at a later stage). As choice behavior was stable, a more plausible explanation for systematic RTrelated changes is the application of different strategies across trials.
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preferences in the first place (e.g., for pro-out/pro-gain gambles). Under those circumstances,
and if the information was helpful, plausible, and no further conflicts arose (e.g., because of
comprehension difficulties), participants quickly adopted an alternative and more balanced
decision strategy. This happened, for instance, in Experiment 2 of Research Paper II in which
outcomes were presented as icon arrays. Conversely, if attention was guided to information
that was not helpful, participants either guessed and/or the dominant choice strategy was
activated. The same mechanism might be responsible for the results of Experiment 1 of
Research Paper II. Outcomes as pie charts were hard to decipher, therefore, as usual,
probability information had to be relied on. Similarly, choosing based on the preprocessing of
a lottery – that is relatively uninformative on its own – before the competing sure outcome was
presented (Experiment 2 of Research Paper III) resulted in guesses only for fast choices. For
slower RTs, the commonly used choice strategy emerged. The results show that it is very
difficult to entirely change choice preferences using manipulations that guide attention. They
predominantly affect quick decisions and are only effective in a task environment in which the
information can be understood and used properly.
Revisiting models of choice behavior
The above mentioned results already indicate that frequently observed choice
preferences are relatively stable. Nevertheless, choice behavior is also subject to variations,
both with and without the interference of a behavioral researcher. Inter-individual differences
are often expected to be the result of some participants applying other, less frequently observed
decision strategies (e.g., some participants are risk-seeking rather than risk-averse in gain
domain). Fluctuations within a single participant, after being repeatedly presented with the
same choice problem, are often attributed to some kind of random noise, such as the occasional
tremble of fingers clicking a mouse button (an idea that will be discussed in a later paragraph).
Based on observations in perceptual decision-making tasks under conflict that showed
that choice proportions are subject to systematic variations depending on the decision time, a
similar relationship was expected for decisions under risk. Furthermore, JDM research has
suggested that people might use different choice strategies across trials. Combining both ideas,
it seems plausible to assume that switching from one decision rule to another should be linked
to systematic changes in the decision time. Simpler decision rules (e.g., a Most-likely heuristic)
require less processing effort than more complex computations (e.g., of expected values).
Accordingly, more time should be required for the latter process. A central goal of this thesis
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was to thoroughly examine such dynamics in choice behavior by employing an integrative
analysis using only behavioral data. Across all three research papers, the present work has
established that variations in choice behavior are not static but subject to dynamic changes with
decision time, emphasizing the value of a joint consideration of choice proportions and
response times for decision analysis.
Such a detailed perspective on choice behavior can add to the ongoing discussions that
challenge established decision frameworks of risky choices and decision making in general.
There is a tendency to view heuristics and more complex strategies as independent of each
other, in the sense that people use either one or the other. Our results indicate the people might
in fact use more than one, conditional on their decision speed. Many ideas have been proposed
to account for deviations from single decision rules. One of which is the idea that people have
a true preference, but when repeatedly presented with the same or similar problem, independent
errors (noise) cause variations of choice behavior. In absence of errors, people would choose
the same option again and again (e.g., Birnbaum, 2011; Birnbaum & Gutierrez, 2007). Such
“true and error” models have been mostly tested in the context of violations of transitivity5, but
they are also interesting to discuss in the context of decision dynamics. Based on choice
proportions alone, true and error models and its competitors are hard to differentiate.
Considering response times can help in this respect. Hypothetically, a model with a single
preference and random errors should produce a flat CCF pattern. Errors – random, independent
fluctuations – should be averaged out after data aggregation. In the Research Papers I and II,
flat CCFs that did not fit perfectly to a single strategy were observed for cases in which gamble
information was in line with participants’ initial preferences, supporting the notion of such
models. However, systematic changes of choice proportions with decision time were also
observed. It is certainly true that errors, such as mistakes in a calculation, misreading of
information, or inattention are an essential part in risky decision making. Yet, such systematic
RT-related changes in choice proportions cannot be explained by random errors alone.
Empirical results presented here suggest a different mechanism. Unless influenced
experimentally, participants’ dominant choice preferences were particularly expressed in fast
decisions. In many cases, this was related to ignoring part of the information of the competing
choice option. Choices with longer decision times were either characterized by maintaining the
initial heuristic, or the use of a more complex and integrative decision strategy. This would be

5
If a person prefers option A over B and option B over C, then this person should also prefer option A over C.
However, people frequently violate this transitivity axiom.
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in line with the idea that on each choice, a decision maker draws from a mixture of preferences
that determines whether one or the other option is chosen (e.g., Regenwetter, Dana, & DavisStober, 2011). Similarly, in the context of the adaptive toolbox metaphor, it assumed that
people have a range of decision rules and strategies at their disposal. Much like selecting a tool
for specific problem from a toolbox, people use a strategy that is suited best for a certain type
of task (e.g., Gigerenzer & Selten, 2001). The problem is, that the notion of a toolbox implies
the availability of multiple strategies for different tasks, but not for a single task. Even if the
latter was possible in the context of the adaptive toolbox, one problem would be that the CCF
patterns do not fit this idea. Changes in CCFs are relatively smooth rather than characterized
by abrupt changes in choices proportions. This is true on the aggregated group level as well as
on the individual level.
An alternative metaphor, the adjustable spanner, was introduce by Newell (2005). At
its core, Newell proposed that rather than using different tools, people are using a universal
tool – some kind of evidence accumulation procedure – that can mimic various decision rules.
In detail, rather than considering a predetermined quantity of information (depending on the
decision rule), people sample evidence from the available choice options until enough evidence
is collected to satisfy a threshold that determines which option is chosen. Under the assumption
of a continuum in the amount of information search, ranging from little to exhaustive search
for evidence, different thresholds might map onto different choice rules of the adaptive toolbox.
In some cases, quickly searching for the highest probability might serve as sufficient evidence
for a choice to be made. A stronger integration and more cautious weighting of more pieces of
information is related to a higher threshold. Undeniably, the two metaphors are hard to
distinguish empirically (Newell, 2005; Newell & Bröder, 2008). Nevertheless, the adjustable
spanner at least allows for the possibility of systematically different strategies in a singles task,
but does not further specify what determines the different thresholds.
A potential explanation for the underlying mechanism can be derived from dual-process
models for automatic and controlled processes (e.g., Hübner et al., 2010; Mukherjee, 2010). It
is conceivable that simpler heuristics and more complex computations compete in a race, and
the process (strategy) that reaches the threshold first determines the choice. The number of
competing strategies is dependent on the task environment (e.g., type of task, time pressure,
incentives), as well as on individual differences (e.g., experience, expertise, cognitive abilities).
Under the assumption of a race, even if a person considers all available information (larger
threshold), this relatively slow process might be superseded by a faster one (lower threshold).
To allow for the use of an integrative strategy, simpler and more automatic processes need to
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be suppressed. In many cases, this does not happen, as frequently observed flat conditional
choice functions indicate. However, evidence for such interplay comes from, for example, the
study that used error feedback, after which the fastest choices were 200 ms slower, but more
EV-optimal (rather than probability-driven) choices were made. Further support for this type
of mechanism comes from Experiment 2 of Research Paper III, in which fast guesses (lower
threshold) were followed by a more systematic EV-sensitive choice pattern (larger threshold).
For this case, only a diffusion model that allowed for two cognitive processes would be able to
properly account for the observed choice behavior. To further test this conception and its
generalizability to other decision paradigms, an integrative analysis of choice proportions and
response times is inevitable. In addition, process tracing methods might help to verify (or
falsify) the assumption of competing strategies.
However, such mechanism is not only conceivable for decisions under risk or other
JDM paradigms, but also for everyday decisions. It could explain why on some occasions, right
before we (usually) want to hit the brakes of our car when we are approach a traffic light this
is about to turn red, we suddenly experience a change of mind and step on the gas instead.
Something similar might happen for your next smartphone purchase (if you are not already
biased to buy a certain model). Different considerations may lead to different preferences on
different days, depending on which decision strategy wins the race.
Modeling dynamics of risky choices
Our analyses of CCFs unveiled the dynamics of choice behavior over the time course
of the decision process. A next question was, of course, whether models exist that can capture
such pattern. Unfortunately, current models focus only on the aggregated level with respect to
choice proportions. They are rarely considered together with response times in statistical
analysis, because RTs are either not all or only superficially implemented in theoretical models.
Evidence accumulation (or diffusion) models, on which the idea on an adjustable spanner is
grounded, are evidently better suited to account for the dynamics of choice behavior. Yet these
models also immensely vary in their complexity by proposing either a single process (e.g.,
Ratcliff & Rouder, 1998) or multiple processes of accumulated evidence (e.g., Hübner et al.,
2010). A comparison of such models is largely limited to perceptual decision making tasks (but
see Dutilh & Rieskamp, 2016). As a result, there is little to no evidence as to whether singleor multi-process diffusion models are better at capturing the dynamics of decisions under risk.
Furthermore, the application of diffusion models in JDM research is typically limited to one
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type of model for one type of task. On the basis of past theoretical and empirical work, results
are not clear cut. Single-process diffusion model can successfully account for a large body of
choice behavior on the aggregated level for both decisions under risk and uncertainty (e.g.,
Busemeyer & Diederich, 2002; Busemeyer & Townsend, 1993), yet more recent work also
attested more complex models similarly good qualities (e.g., Guo et al., 2015; Markant,
Pleskac, Diederich, Pachur, & Hertwig, 2015; Zeigenfuse, Pleskac, & Liu, 2014). In both cases,
the analyses of estimated parameters offer valuable insights in the nature of the underlying
cognitive processes, because of which diffusion models are a very useful tool for the analysis
of risky choices and other JDM paradigms.
With respect to RT distributional analysis, however, there simply is no empirical basis
to judge suitability for risky choices, except for modeling conducted in Research Paper III.
Based on these findings, the conclusion is as follows: If only a single strategy is applied, single
process models are very well suited to model the temporal dynamics of choice behavior. Such
models can account for flat conditional choice functions as well as equally curvilinear CCFs
across experimental conditions. A limit is reached when strategy switches during a trial occur,
because the architecture of standard models (e.g., the Ratcliff diffusion model) do not possess
sufficient flexibility to cope for that (as it is not supposed to happen). More flexibility can be
achieved by either allowing for changes of the process of evidence accumulation (e.g., by
permitting changes of drift rates during a trial) or by incorporating multiple evidence
accumulation processes that run at the same time. The multi-attribute attention switching
(MAAS) model (Diederich & Oswald, 2014), or the dual-stage two-phase (DSTP) model of
selective attention (Hübner et al., 2010) implemented mechanisms that allow for changes of
drift rates in order to mimic switches in decision strategies. Whether parameter estimates and
differences across experimental conditions can provide a psychologically meaningful and
reasonable interpretation in terms of the underlying mechanism has yet to be shown. On the
downside, higher flexibility often comes at the cost of parsimony as the number of model
parameters quickly increases. However, most recent attempts of our group to fit the DSTP
model to the data of Research Paper III, and specifically Experiment 2, looked very promising,
in particular because only six parameters were required to nicely reproduce the CCFs pattern
that Model #1 (with the same number of parameters) could not account for.
The focus on evidence accumulation models might falsely suggest that no other process
models exist that have the potential to jointly capture choice proportions and response times.
This is not the case. Another candidate model is the parallel constraint satisfaction (PCS) model
(e.g., Glöckner & Betsch, 2008b), a subclass of connectionist neural network models. Briefly
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explained, this class of models follows the principles of consistency maximization of a network
that consists of nodes – representing a piece of information like the outcomes and probabilities
of an option, or beliefs, etc. – and links that connect to other nodes. Each node has a certain
level of activation that is spreading along the links. The next node’s activation will rise if the
link is excitatory (e.g., when an outcome is attractive), or the activation will decline when links
are inhibitory (e.g., when nodes represent conflicting information or when choice options are
mutually exclusive). The strength and the type of the activation spreading within the network
is modulated by the weight assigned to each link. As a result, the nodes’ activation change
depending on the input they receive from other nodes. Over time, after multiple iterations of
the spreading activation process, the network will achieve a consistent state. This is supposed
to reflect balanced mental representation of the original problem (Glöckner & Hodges, 2011).
Once this state is achieved, the node with the highest activation indicates the option that is
chosen. PCS models have been successfully applied to probabilistic inferences tasks (Glöckner
& Betsch, 2008b; Glöckner, Betsch, & Schindler, 2010), and memory-based decisions
(Glöckner & Hodges, 2011). Interestingly, predictions generated for choice proportions,
decision times, and choice confidence were of superior fit compared to the predictions of other
models in a preferential choice task (Glöckner, Hilbig, & Jekel, 2014), which is a step into the
right direction. Efforts are made to apply PCS models to the domain of risky choices. Yet in
their current versions, changes of strategies during the decision are not possible. This would
require different states of network consistency for one set of information; which seems to be –
at least at this moment – an unreasonable idea.
Concluding remarks and perspectives
More obvious future directions of the present work are related to the open questions
that each of the three research papers have left. For example, people relatively quickly learned
from error feedback how to choose optimally (in terms of the expected value). But how longlasting is such effect? Is it transferable to other tasks? Does error feedback have the potential
to disrupt the preference reversal phenomenon (Slovic & Lichtenstein, 1983), the finding that
people sometimes prefer to choose option A (over B), but assign a higher value to the
competing option B in another task? Other questions are related to a more thorough
examination of visual features of different presentation formats and the subjective values that
they represent, or the examination of the extent to which more complex diffusion models can
capture risky choice behavior.
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Yet to sum up, the present work has established that, based on behavioral results alone,
important insights in the processes underlying risky choices can be obtained. If one were to
take conditional choices functions (CCFs) and RT distributions as a standard for model
evaluation, not many decision strategies could hold their ground. It is mainly because many
strategies do directly not specify a relationship with RT (or choice confidence) that they can
neither be differentiated in this respect, nor account for this perspective on choice behavior. By
all means, this does not mean that there is no value in these theories. Rather, this criticism
should be taken as a reason to re-think properties as well as predictions of established choice
models with respect to all behavioral measures of information integration. A good example for
a similar approach is the eye-tracking study of S. Fiedler and Glöckner (2012), in which
predictions for mean fixation durations and pupil dilations were formed by going beyond
simply predicting what is chosen according the certain decision strategies, but also when and/or
how it might be done.
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Chapter 2:
Research Paper I

Effects of different feedback types
on information integration
in repeated monetary gambles

32
Authors:
Peter Haffke
Ronald Hübner
Author affiliations:
Department of Psychology, Universität Konstanz, Germany
Graduate School of Decision Sciences, Universität Konstanz, Germany
Citation:
Haffke, P., & Hübner, R. (2015). Effects of different feedback types on information
integration in repeated monetary gambles. Frontiers in Psychology, 5(1597). doi:
10.3389/fpsyg.2014.01597

33
ABSTRACT
Most models of risky decision making assume that all relevant information is taken into
account (e.g., Kahneman & Tversky, 1979; von Neumann & Morgenstern, 1944). However,
there are also some models supposing that only part of the information is considered (e.g.,
Brandstätter et al., 2006; Gigerenzer & Gaissmaier, 2011). To further investigate the amount
of information that is usually used for decision making, and how the use depends on feedback,
we conducted a series of three experiments in which participants choose between two lotteries
and where no feedback, outcome feedback, and error feedback was provided, respectively. The
results show that without feedback participants mostly chose the lottery with the higher
winning probability, and largely ignored the potential gains. The same results occurred when
the outcome of each decision was fed back. Only after presenting error feedback (i.e., signaling
whether a choice was optimal or not), participants considered probabilities as well as gains,
resulting in more optimal choices. We propose that outcome feedback was ineffective, because
of its probabilistic and ambiguous nature. Participants improve information integration only if
provided with a consistent and deterministic signal such as error feedback.
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INTRODUCTION
Risky choice behavior is often investigated by analyzing how persons choose between
different options or lotteries of a monetary gamble. For these structures, which are defined by
the possible outcomes (gains or losses) and associated probabilities, the optimal decision can
be obtained by calculating the expected value (EV) for each lottery. Consequently, a decision
can be considered optimal if the option with the largest EV is chosen.
Soon after the introduction of such choice problems it became clear that people often
do not decide ‘rationally’ in this sense of optimality. Therefore, researchers proposed
alternative models of human choice behavior. A first idea was that the monetary gains of a
gamble do not necessarily represent their subjective value for the decision maker. Accordingly,
utility functions were introduced (Bernoulli, 1954) that transform monetary gains into utilities,
i.e. subjective values reflecting the amount of satisfaction the gains will eventually produce.
By substituting the monetary values of a gamble by their utilities, as assumed in the Expected
Utility (EU) theory (von Neumann & Morgenstern, 1944), the expected utility can be computed
for each option, and a decision is considered as optimal, if the option with the highest result
was chosen. However, even EU theory could not satisfactorily account for some aspects of
human choice behavior. Therefore, in their Prospect Theory (PT), Kahneman and Tversky
(1979) assumed, among others, that the probabilities within a gamble have also to be
transformed to represent systematic subjective distortions (e.g., underestimation of small
probabilities).
Obviously, these models assume that all relevant information for finding an optimal
choice is available. Accordingly, they were mostly tested in so-called description-based
decision studies, where fully described gambles are presented once (e.g., Hertwig et al., 2004).
For many decisions, however, one rarely knows all relevant facts (e.g., Simon, 1955).
Therefore, experience-based decision studies have also been conducted, where gambles, like
the Iowa Gambling Task (IGT; Bechara, Damasio, Damasio, & Anderson, 1994), are described
only partially but administered repeatedly. Obviously, in these studies part of the participants’
task is to learn and/or infer the defining probabilities and values of a gamble from the feedback
of gains and losses.
However, even if the information for an optimal decision is available, as in descriptionbased studies, participants do not necessarily process all the relevant data. Gigerenzer and
colleagues, for instance, have shown that decisions are often based on heuristics that take only
a fraction of the available information into account (e.g., Brandstätter et al., 2006; Gigerenzer
& Gaissmaier, 2011). Nevertheless, it is conceivable that, if fully described gambles are
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processed repeatedly, information processing and the applied heuristics change with
experience. Unfortunately, little is known in this respect as the focus was on either descriptionbased gambles (e.g., Brandstätter et al., 2006; S. Fiedler & Glöckner, 2012; Glöckner & Betsch,
2008a; Rieskamp, 2008), experience-based gambles (e.g., Barron & Erev, 2003; Hertwig et al.,
2004; Lejuez et al., 2002), or their comparison (e.g., Camilleri & Newell, 2011; Glöckner,
Fiedler, Hochman, Ayal, & Hilbig, 2012; Hertwig et al., 2004). Therefore, the aim of the
present study was to investigate gambles that combine both characteristics. One question was
which decision strategies are applied. In most studies, participants were not informed about the
outcome of their single choices, which presumably prevented learning. However, if this
information is provided, participants may be encouraged to test different strategies to figure
out their effectiveness and eventually maintain the most successful one instead of continuously
applying their initially preferred strategy. Because strategy evaluation largely depends on
feedback, a further question was, to what extent strategies and choices in repeated gambles
depend on the type of the provided information. Yechiam and Busemeyer (2006), for example,
found that choices were generally less risky when participants were informed about the
outcome after each choice. However, different feedback types vary with respect to their
information content so that they presumably also affect the learning of choice behavior
differently. In the present study, we tested how outcome feedback and normative error feedback
influence choices compared to when feedback is absent.
For investigating choice performance in the present study, we applied a specific version
of the Wheel of Fortune task (WOF; Ernst et al., 2004; Smith et al., 2009). In this computerized
gamble participants had to choose one of two lotteries, A and B. In each lottery they could win
a certain amount of money x with probability p or nothing (x = 0) with probability 1 – p.
Moreover, the winning probabilities of the two competing lotteries added up to 1 (i.e., pA = 1 –
pB.). The probabilities of each lottery were presented as pie charts, and the gains as numbers
above the corresponding pies (see Figure 1). Thus, because all relevant information was
available, according to the PT, EU, and EV theories, the lottery with the larger attractiveness,
expected utility, or expected value should be chosen, respectively. However, there are also
heuristics that use only partial information. For instance, the Most-Likely (ML) heuristic
demands to select the lottery with the larger winning probability. With respect to the gambles
used in our experiments, this rule is equivalent to the Priority Heuristic (PH; Brandstätter et
al., 2006). Alternatively, one can choose the lottery with the larger gain, as stated by the
Maximax (MM) heuristic.
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The aim of the present study was to examine how well these different theories and
heuristics account for human choice performance. For this objective, two types of gambles
were constructed and presented equally often. In pro-win gambles, the EV-optimal choice
(optimal according to EV theory) was associated with the higher winning probability, whereas
in pro-gain gambles it corresponded to the higher amount of money (see Table 1).
Consequently, a person who applies the ML heuristic (i.e., chooses the lottery with the higher
winning probability), performs EV-optimally in pro-win gambles, but not in pro-gain gambles.
In contrast, for persons applying the MM heuristic, the opposite would be the case.
Consequently, only if probabilities and gains are combined in some beneficial way, choices
can be optimal in more than 50% of the trials.
The two types of gambles also served our goal to examine the dynamics of choice
processes. Obviously, the strategies differ in complexity, which suggests that their application
differs in mental effort. ML and MM are relatively easy to perform and, therefore, might be
executed relatively automatically, whereas EV and PT are based on calculations that require
controlled and effortful mental processes. Thus, first of all, we expected that choices based on
ML and MM are faster than those relying on EV and PT. Moreover, we hypothesized that
individuals apply different strategies across trials. For instance, it is conceivable that automatic
and controlled processes compete in a race, as assumed by dual-process models (e.g., Hübner
et al., 2010; Mukherjee, 2010). Thus, even if persons intend to integrate the provided
information, on some trials, the required slow computational processes might be superseded by
a fast automatic process that chooses, for instance, the lottery with the higher probability of
winning. A gain-domain specific overweighting of higher probabilities over higher outcomes
for lotteries with the same EV has already been observed and called risk-aversion (Tversky &
Kahneman, 1981), p-dominance, or probability-dominance (K. Fiedler & Unkelbach, 2011).
Because this dominance is presumably most influential for fast responses, it needs to be
suppressed by controlled processes to allow for an integration of values. We therefore expected
that choice performance improves with an increasing response time, at least in pro-gain
gambles in which information integration is beneficial. It has already been proposed that
decision makers adaptively choose strategies from a toolbox (Payne, Bettman, & Johnson,
1993). A race between strategies could also explain why studies in which individuals are
classified according to their applied strategy often identify more than one strategy for a single
person (e.g., Davis-Stober & Brown, 2011; Glöckner, 2009).
To see whether the observed response times (RTs) indicate a mixture of automatic and
controlled processes, we considered conditional choice functions (CCFs). These functions are
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adapted versions of conditional accuracy functions, which have been applied to analyze
perceptual decisions (e.g., Gratton, Coles, & Donchin, 1992; Hübner & Töbel, 2012). CCFs
provide choice proportions as function of RT, and can, as we will demonstrate, give useful
insights in the domain of risky choices. For example, if the same strategy is used throughout
an experiment, and the speed of the corresponding processes merely varies randomly across
trials, then the CCFs should be flat. However, if fast choices are caused by automatic heuristics
and slow ones by complex but favorable computations, then the proportion of optimal choices
should systematically increase with RT.
Our ideas were tested in three experiments, which differed with respect to the type of
feedback that was provided. After observing performance without any feedback (Experiment
1), we provided outcome feedback (Experiment 2) and error feedback (Experiment 3).
Additionally, to analyze mean performance and changes in choice behavior within the
experiments, we also fitted different decision models to the data and compared their overall
performance. Finally, CCFs were computed and analyzed.
EXPERIMENT 1
Our first experiment served for collecting baseline choice data in a condition without
any feedback. The absence of feedback is common in risky-choice experiments, especially in
those with a one-shot paper-pencil procedure. Here, a choice between lotteries was required
repeatedly. Apart from fitting and comparing the performance of different choice strategies,
the central focus was on gathering information about the time course of how the presented
lottery information is taken into account.
Methods
Participants
A total of 17 participants (12 female), aged between 19 and 58 years (M = 24.5, SD =
8.9), from the Universität Konstanz, participated in the experiment. Participants, recruited via
our laboratory’s participant database, received either course credit or money at the end of the
experiment. They were told that, in addition to a base payment of €5, they could win a certain
proportion of €5, depending on their decisions (i.e., the total proportion of money actually won
across all trials from the maximum possible amount). 6
The experiment was performed in accordance with the ethical standards laid down in the 1964 Declaration of
Helsinki and its later amendments. In agreement with the ethics and safety guidelines at the Universität Konstanz,
we obtained a verbal informed consent statement from all individuals prior to their participation in the study.
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Figure 1. Experimental procedure of the Wheel of Fortune task with outcome feedback as used in Experiment 2.
Participants had to decide whether they wanted to play the lottery with the higher winning probability (left) or the
one with the higher potential gain (right).

Material and procedure
As task served a specific version of the Wheel of Fortune task (WOF; Ernst et al., 2004;
Smith et al., 2009). Each gamble had one of two combinations of winning probabilities: 60:40,
and 80:20. The first combination, for example, means that one lottery had a 60% chance of
winning a certain amount of money and a 40% chance of winning nothing. The competing
lottery had a 40% chance of winning a certain amount of money and a 60% chance of winning
nothing. The two probabilities were represented by two pie charts. As shown in Figure 1, the
colored (blue and orange) portions of the pie reflected the winning probabilities, where blue
always indicated the higher probability. The white areas represented the probabilities of
winning nothing.
The gains for each lottery ranged from 1 to 600 Cent (Eurocent). They were randomly
selected, but restricted in two ways: First, for each gamble, the difference in gain between the
two lotteries could either be 50 or 200 Cent, with a ± 10 Cent jitter. By jittering the values,
variability was increased in order to minimize learning effects through recognition of specific
pairs, and also allowed to test the influence of the magnitude of the value difference. Second,

Potential participants were informed of their right to abstain from participation in the study or to withdraw consent
to participate at any time without reprisal.
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probability-value pairs had to be in line with our manipulation of gamble type, as explained
below.
In the original version of the WOF (Ernst et al., 2004; Smith et al., 2009), the option
with the highest winning probability had an overall advantage with respect to choosing EVoptimally. The gambles in our experiments, however, can be categorized into two types. For
pro-win gambles, the lottery with the higher winning probability represents the optimal choice
according to EV theory, whereas for pro-gain gambles the lottery with the higher gain is
optimal. An overview of these configurations can be found in Error! Reference source not
found.. It is noteworthy that we omitted lotteries where both the higher probability and the
higher gain indicated EV-optimality.
Participants had to choose the left or right lottery as quickly as possible by pressing the
left or right mouse key, respectively. The left/right position of the lotteries was randomized
across trials. Each trial started with the presentation of all information (Figure 1). After each
choice, another gamble was presented. Participants had one training block to familiarize with
the mode of presentation.
Table 1
Overview of the composition of lotteries regarding the presented lottery information as indicator for optimal
and non-optimal choices (gamble type)
Type of gamble

Optimal choice*

Suboptimal choice

Probability

Gain

Probability

Gain

pro-win

high

small

low

large

pro-gain

low

large

high

small

Note: * Choosing the lottery with the higher expected value is defined as optimal choice.

Altogether, the experiment comprised a 2 (80:20 vs. 60:40) × 2 (50 Cent vs. 200 Cent)
× 2 (pro-win vs. pro-gain) within-participant design. For each of the 8 condition there were
120 trails, resulting in 960 trials (divided in 40 blocks of 24 randomized trials). Participants
were not informed about the number of trials to avoid riskier choices at the end of the
experiment. However, they were informed about the length of the study.
Analysis of strategy fit
To assess whether the observed choice proportions are in line with a specific strategy
or heuristic, we compared five prominent choice strategies (of which two yielded the same
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predictions). The strategies differ with respect to the extent to which the available information
is used.
-

Most-Likely / Priority Heuristic (ML/PH): For both strategies, the lottery with the
higher winning probability has to be chosen. According to the Most-Likely heuristic,
only the highest winning probabilities are compared. The Priority Heuristic assumes
that choices are made by sequentially comparing minimum gains, minimum
probabilities and maximum gains. The examination of a gamble is stopped if, for
example, minimum gains differ by 1/10 of the maximum gain, otherwise the next
aspect of the gambles is examined. For the gambles in this experiment ML and PH
predict the same choices 7.

-

Maximax (MM): The lottery with the larger gain has to be chosen, irrespective of the
winning probabilities.

-

Expected value theory (EV): For each lottery, the expected value (probability × gain)
is computed and the lottery with the higher EV is chosen.

-

Cumulative Prospect Theory (CPT): The lottery with the higher attractiveness
according to CPT is chosen. How attractiveness is calculated and how the required
parameters were estimated for every subject using a probabilistic choice rule is
described in next section. The averaged parameter estimates for all experiments can
be found in Table 2.

For each of the 960 lotteries, predictions were computed.
Parameter estimation of Cumulative Prospect Theory
According to Cumulative Prospect Theory (CPT; Tversky & Kahneman, 1992), the
subjective value V of a lottery A is defined as,
𝑉𝑉(𝐴𝐴) = 𝑣𝑣(𝑥𝑥) · 𝑤𝑤(𝑝𝑝),

(1)

where the value function v characterizes the subjective value of a single lottery’s gain x, and
the probability weighting function w denotes the transformation of the corresponding
probabilities p. In the present study, a lottery consisted of two probability-gain pairs. The

We applied the three rules formally described by Glöckner and Betsch (2008a). As the minimum gains of both
lotteries were zero and did not differ, Step 1 had to be skipped. In Step 2, the probabilities of the minimum gains
had to be compared. For each of the lotteries, the differences of the minimum probabilities pmin(B) – pmin(A) exceeded
the aspiration level of .10 (.80 – .20 = .60 or .60 – .40 = .20), thus Lottery A had to be chosen. As Step 2 applied
to all lotteries, Step 3 was not considered.
7

42
potential gain of one pair was always zero. Thus, one probability-gain pair was only needed
for the calculation of V(A).
As value function, we used the function proposed by Tversky and Kahneman (1992),
𝑣𝑣(𝑥𝑥) = 𝑥𝑥 α if 𝑥𝑥 ≥ 0,

(2)

where α determines the curvature of the value function. A value of α = 1 would indicate that
subjective and objective values are identical, whereas α < 1 indicates decreasing subjective
values with increasing objective values.
We furthermore implemented a two-parameter probability weighting function proposed
by Gonzalez and Wu (1999),

𝑤𝑤(𝑝𝑝) =

δ𝑝𝑝γ

δ𝑝𝑝γ
+ (1−𝑝𝑝)γ

if 𝑥𝑥 ≥ 0,

(3)

where γ controls the curvature, with γ < 1 indicating an overweighting of small probabilities.
The parameter δ denotes the elevation of the function, and is interpreted as characterizing the
attractiveness of a lottery (Glöckner & Pachur, 2012).
To determine the probability of choosing Lottery A over Lottery B, we used the
exponential version of Luce’s choice rule 8,

𝑝𝑝(𝐴𝐴, 𝐵𝐵) =

𝑒𝑒 φ𝑉𝑉(𝐴𝐴)

𝑒𝑒 φ𝑉𝑉(𝐴𝐴) +𝑒𝑒 φ𝑉𝑉(𝐵𝐵)

,

(4)

where V denotes the subjective value of the entire Lottery A or B, and φ describes the sensitivity
of how the model reacts to differences in-between the subjective values of the two lotteries. A
large φ indicates that the choice probabilities are a function of the lotteries’ subjective value
difference, rather than based on probabilistic choices (e.g., Rieskamp, 2008).
As goodness-of-fit measure we used the G² statistic (e.g., Sokal & Rohlf, 1994),
𝐺𝐺 2 = −2 ∑𝑛𝑛𝑖𝑖=1 ln[𝑓𝑓𝑖𝑖 (𝑦𝑦|θ)],

(5)

For some combinations of lottery values, probabilities and parameter sets, the Luce rule component eφ·V(A) can
yield infinite values. We solved the problem by setting the choice predictions of respective lotteries to 1.
Additionally, we added a penalty to the goodness-of-fit measure G², in order to avoid the optimization routine to
further explore an inappropriate parameter space.
8
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where n denotes the total number of lottery choices, and fi(y|θ) represents the probability of
choosing a lottery y given parameter set θ. If Lottery A or B was chosen, then fi(y|θ) = pi(A, B),
or fi(y|θ) = 1 – pi(A, B), respectively. Following suggestions of Rieskamp (2008), choice
probabilities were truncated to a minimum of .01 and a maximum of .99.
CPT parameters were restricted to 0 < α ≤ 1, 0 < γ ≤ 1.5, 0 < δ ≤ 4, and 0 < φ ≤ 10.
Usually, γ is not allowed to be larger than 1. However, experienced-based decisions are
typically characterized by an underestimation of small probabilities, which can be reflected by
γ > 1.
To derive the set of best fitting parameters, we used the statistical software R (R
Development Core Team, 2016). We first applied a grid search within entire parameter space
in steps of 0.1 to derive appropriate starting values for each participant. We then used the
optimization function optim, with the L-BFG-S method 9 to obtain a set of best fitting parameter
values for each participants by minimizing G².
Table 2
Averaged parameters for Cumulative Prospect Theory (CPT)
Experiment 1

Experiment 2

Experiment 3

No feedback

Outcome feedback

Error feedback

α

0.68 (0.35)

0.32 (0.32)

0.93 (0.24)

γ

1.40 (0.21)

1.29 (0.44)

1.40 (0.36)

δ

0.36 (0.27)

0.97 (1.08)

0.36 (0.11)

φ

0.69 (0.78)

2.23 (2.77)

0.01 (0)

CPT Parameter

Note: Values show the mean parameters with standard deviations in brackets.

Conditional Choices Functions
To examine how participants’ choice behavior varies with response time Conditional
Choice Functions (CCFs) were constructed for each experimental condition and participant by
sorting the corresponding data into five 20% bins. We then computed the proportion of optimal
choices (according to EV theory) and the mean RT for each bin. The resulting values were then
averaged across participants in order to obtain a group distribution (for an evaluation of this
method, see Rouder & Speckman, 2004).

9

The L-BFG-S method within the optim-function allows the setting of independent constraints for each parameter.
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Table 3
Paired comparisons of the overall proportion of correctly predicted choices within the three experiments, with tstatistic and effect size Cohen’s d.
No feedback
t

df

p

Outcome feedback
d

t

Error feedback

df

p

d

t

df

p

d

EV vs. CPT

-1.32 16 .207 -0.45

-3.30 18

**

-1.07

17.49

16

*** 6.18

EV vs. ML/PH

-1.26 16 .226 -0.43

-3.00 18

**

-0.97

12.60

16

*** 4.46

EV vs. MM

9.39

16 *** 3.22

8.76 18

*** 2.84

12.60

16

*** 4.45

CPT vs. ML/PH

-0.89 16 .384 -0.31

-1.80 18

.088 -0.59

6.51

16

*** 2.30

CPT vs. MM

5.26

16 *** 1.81

6.52 18

*** 2.12

4.09

16

*** 1.45

ML/PH vs. MM

4.52

16 *** 1.55

5.56 18

*** 1.81

0.57

16

.579 0.2

Notes. EV: Expected value; CPT: Cumulative Prospect Theory; ML/PH: Most-Likely/Priority Heuristic; MM:
Maximax; **: p < .01; ***: p < .001; df: degrees of freedom; d: Effect size Cohen’s d.

Results
All analyses were conducted with R (R Development Core Team, 2016) and visualized
using the package ggplot2 (Wickham, 2009).
Choices with RTs smaller than 200 ms and larger than 3000 ms were considered as
outliers and excluded from analysis (< 0.6% of all data).
Choice behavior
The mean choice proportions show that the lottery with the higher winning probability
was chosen on 70.3% (SD = 45.8%) of the trials. For pro-win gamble this lottery was chosen
more frequently (M = 82.5%, SD = 38.0) than for pro-gain gambles (M = 57.5%, SD = 49.4%).
A repeated-measures ANOVA revealed that the factor gamble type was significant, F(1,16) =
38.60, p < .001, ηG² = 0.707.
Block by block learning
To test whether choice proportions changed across experimental blocks, we subjected
the data to a 2 (gamble type) × 40 (block number) repeated-measures ANOVA. No significant
effects involving block number were present, suggesting stability over the time course of the
experiment (see Figure 2B).
Strategy fits
Using the parameter estimates obtained from model fitting, CPT predicted that, on
average, lotteries with higher winning probabilities are chosen in 73.4% of the trials. Other
strategies predicted overall proportions of either 0% (MM), 50% (EV), or 100% (ML/PH)
choices for the same lotteries. As a goodness-of-fit measure, we computed the proportion of
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correct predictions based on single decisions for each strategy. The strategy with the overall
highest fit to the observed data was ML/PH (M = 70.0%, SD = 45.8%), followed by CPT (M =
68.3%, SD = 46.5%), EV (M = 62.5%, SD = 48.4%), and MM (M = 30.0%, SD = 45.8%).
However, paired t-tests revealed no significant differences between the fits of EV, CPT and
ML/PH (see Table 3).
As Figure 2A shows, the fit was not equally well between gamble types. Except for
MM, the strategies fared better in predicting pro-win gambles than pro-gain gambles. The
differences between gamble types were significant for every strategy, |ts| > 4.51, ps <. 001, and
Cohen’s |ds| > 1.55 10.
Conditional choices
Figure 2C shows the CCFs for the two gamble types in the different conditions. As can
be seen, for fast responses more EV-optimal choices were made in pro-win gambles (blue line),
compared to pro-gain gambles (red line). This indicates that spontaneously the lottery with the
higher winning probability was chosen. With an increasing RT, however, the proportions
changed. Whereas the proportion of EV-optimal choices decreased for pro-win gambles, it
increased for pro-gain gambles.
The black lines in Figure 2C represent the average CCFs, which indicate whether the
overall performance increased with RT. Linear regression coefficients were computed for each
participant and average CCF. The slopes indicate whether the proportion of EV-optimal
choices increased with RT in steps of one millisecond (positive slopes), decreased with RT
(negative slopes) or remained constant (slopes close to zero). They were subjected to a 2
(probabilities: 80:20, 60:40) × 2 (gain differences: 200, 50) repeated-measures ANOVA.
The analysis revealed an overall increase of optimal responses as the intercept term
indicated a significant deviation of the slopes’ grand mean (M = 0.008, SD = 0.037) from zero,
with F(1,16) = 9.41, p < .01, ηG² = 0.232. The base level of optimal responses, that is the
averaged point where CCF regression lines intersect with the y-axis at 0 ms, was at 56.9%. In
addition, we found a main effect of probability with F(1,16) = 11.03, p < .01, ηG² = 0.114
(b̄80:20 = 0.013 and b̄60:40 = 0.003). As can also be seen in Figure 2C, the average proportion of
optimal choices increased substantially with RT in 80:20 gambles, but only weakly improved
in 60:40 gambles. There were no further significant results.

10
Detailed analyses for the comparisons of pro-win and pro-gain gambles are available from the authors upon
request.
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Figure 2. Overview of (A) the proportions of correctly predicted choices for pro-win and pro-gain gambles across
different strategies, (B) changes of the choice proportions across 40 experiment blocks, and (C) conditional choice
functions (CCFs) for the modified Wheel of Fortune task without feedback).

47
Discussion
The results clearly show that participants performed nearly optimally in pro-win
gambles, but chose suboptimally in pro-gain conditions. This indicates that participants based
their decisions mostly on partial information. More specifically, they largely neglect the
monetary outcomes and preferred the lottery with a higher winning probability. This conclusion
is also supported by results obtained from comparing different decision strategies with the
observed choice behavior. The ML/PH strategy, according to which the lotteries with the higher
chance of winning should always be chosen, explained our results better than the other
strategies. The match was even better for pro-win gambles, which suggests that these gambles
further encouraged the use of such a strategy. CPT did equally well in predicting the choices.
In this model probability-dominance was reflected by a rather flat value function (see parameter
estimations in Table 2), indicating that choices were mainly driven by probabilities.
By comparing decision strategies with choice proportions, one assumes that
participants always use the same strategy throughout the experiment. However, it is reasonable
to assume that several strategies compete for execution and that, therefore, the observed
performance reflects a mixture of applied strategies. Furthermore, if simple but fast strategies
compete with more optimal but slow ones, then this should be reflected by the CCFs. Indeed,
as can be seen in Figure 2C, the proportion of optimal choices changed substantially with RT.
They decreased for pro-win gambles but increased for pro-gain ones. This indicates that fast
choices relied more on simple strategies that take only partial information into account,
whereas slow choices were based on more information. Specifically, the CCFs suggest that fast
responses resulted from the application of ML/PH, i.e. from simply choosing the lottery with
the higher winning probability. For slower responses more or other information was taken into
account. The fact that the overall performance increased with RT indicates that the participants
did not only switch from the ML/PH to the MM strategy, because in this case overall
performance would have remained constant with RT. Rather, the increase in performance
signals that slower responses were indeed based on some integration of probability and gain
information, which was particularly the case for 80:20 gambles. That lotteries with a higher
chances of winning are generally preferred is already known (e.g., Kahneman & Tversky,
1984). However, up to now, it has not been shown that this preference declines with the
duration of processing (but see Dambacher, Haffke, Groß, & Hübner, 2016).
Although repeated choice performance improved for slow responses, it was still far
from optimal. One reason could have been that no feedback was provided. Without this
information the participants were obviously not able to adjust their behavior towards optimal
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performance and simply stuck to their initial choices preference. To see whether feedback helps
to improve performance, we conducted a further experiment.
EXPERIMENT 2
This experiment was similar to our first one, except that feedback was provided.
Specifically, after each choice, the chosen lottery was played by the computer and the
respective outcome (x Cent or nothing) was presented on the display. If participants can use
this information to improve their choice strategy, then performance should be better than in
our first experiment. Moreover, due to learning, performance should now improve during the
experimental session. To see whether this is the case, and if so, how quickly learning takes
place, we again examined how the proportion of optimal choices varied across the
experimental blocks. Finally, learning could produce a generally increased mean RT, because
more time is spent for information integration. In the CCFs this should be reflected by a shift
to longer RTs and/or flat curves, if a single strategy has been adopted.
Methods
Participants
Nineteen participants (16 female, 3 male; aged between 18 and 45 years, M = 22.5, SD
= 6.3) took part in the experiment. All were students from the Universität Konstanz, and did
not participate in the previous experiment. They received either course credit or monetary
incentives for their participation, with the same payment structure as in the previous experiment
(see Footnote 6).
Material and procedure
We used the same procedure as in Experiment 1, except that, after each choice, the
chosen lottery was played by the computer and the resulting outcome was presented at the
center of the screen. 300 ms later the next gamble started (see Figure 1).
Results
Responses faster than 200 ms and slower than 3000 ms were considered as outliers and
excluded from analysis (< 0.6% of all data).
Choice behavior
Across all trials, lotteries with a higher probability of winning were chosen in 73.0%
(SD = 44.2%) of the cases. This proportion was higher for pro-win gambles (M = 80.5%, SD =
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39.6%) than for pro-gain gambles (M = 65.4%, SD = 47.6%). A repeated-measures ANOVA
indicates that this difference of gamble types was significant, with F(1,18) = 26.58, p < .001,
ηG² = 0. 596.
Block by block learning
To test whether the choice proportions changed during the session, we extended the
repeated-measures ANOVA by the factor block number (1 – 40), which revealed a significant
interaction, F(39,702) = 1.49, p < .05, ηG² = 0.020. As Figure 3B shows, choice proportions for
the lottery with the higher winning probability increased slightly stronger in pro-gain gambles,
compared to the relatively constant proportions in pro-win gambles. However, the data do not
suggest a systematic increase of optimal performance with experience, because this should
have resulted in an increasing number of choices for the lottery with higher gain in pro-gain
gambles.
Strategy fits
Figure 3A shows the fit of the different choice strategies. The best fit with the observed
performance was obtained for ML/PH (M = 73.0%, SD = 44.2%) closely followed by the CPT
(M = 69.6%, SD = 46.0%), EV (M = 57.6%, SD = 49.4%), and MM (M = 27.1%, SD = 44.2%).
Apart from ML/PH and CPT, the overall fit significantly differed between the strategies (see
Table 3).
As in Experiment 1, differences for the gambles types could be observed. The strategy
fits were better in pro-win gambles compared to pro-gain gambles, except for MM. The
differences between gambles types were significant for each strategy, |ts| > 5.17, ps <. 001, and
Cohen’s |ds| > 1.68.
Conditional choices
A 2 (probabilities) × 2 (gain difference) repeated-measures ANOVA of the CCF slopes
revealed a significant intercept, F(1,18) = 21.40, p < .001, ηG² = 0.333. The positive grand
mean of slopes (M = 0.011, SD = 0.057) indicates an overall increase of optimal responses with
RT. The base level of optimal responses was at 49.1%. A significant main effect also occurred
for probabilities, F(1,18) = 6.78, p < .05, ηG² = 0.093, (mean slopes: b̄80:20 = 0.016, and b̄60:40 =
0.006). As Figure 3C shows, for 80:20 gambles more optimal choices were made as RT
increased, whereas the increase was only weakly the case in 60:40 gambles. The latter was
mainly driven by a strong decline of optimal responses for pro-win gambles with 60:40
lotteries.
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Figure 3. Overview of the results for the modified Wheel of Fortune task with outcome feedback. (A) Proportions
of correctly predicted choices for pro-win and pro-gain gambles across different strategies, (B) changes of choice
proportions across 40 experiment blocks, and (C) conditional choice functions (CCFs).
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Comparison with Experiment 1
In order to test for differences between Experiments 1 and 2, we compared participants’
mean slopes and mean intercepts. For the mean slopes (Exp. 1: 0.008; Exp. 2: 0.011), there was
no significant difference, t(33.3) = -0.85, p = .401, Cohen’s d = -0.28. The intercepts (Exp. 1:
56.9; Exp. 2: 49.1), however, did significantly differ, t(22.8) = 2.10, p < .05, Cohen’s d = 0.70.
CCFs were highly similar to those in Experiment 1. However, choices for lotteries with high
winning probabilities in pro-gain gambles were more pronounced in very fast RT bins. This
did not affect slope differences, but resulted in an overall shift of the intercept towards less
optimal responses.
Discussion
In this experiment outcome feedback was provided after each choice. Surprisingly, it
had little effect. Participants’ performance was similar to that in Experiment 1, where no
feedback was given, and where performance did not improve during the experimental session.
Participants again preferred lotteries with a higher probability of winning, which is again
reflected in CPT by a flat value function (see Table 2). Also the CCFs were similar to those in
the previous experiment. Impulsive choices mainly followed the ML/PH strategy, whereas for
slower choices also the gains were taken into account. However, this did not always lead to
more optimal choices. In particular, participants had difficulties to properly integrate feedback
information when confronted with similar outcome probabilities, such as for 60:40 lotteries.
Thus, outcome feedback seems not to be sufficient for generally improving choice
performance. This raised questions about the type of feedback. What information might be
appropriate for improving choice performance? Or are participants generally unable to learn a
more optimal strategy under the present conditions? These questions were examined in the next
experiment.
EXPERIMENT 3
This experiment was similar to the previous one, except that a different type of feedback
was provided. Whereas the outcome feedback in the previous experiment indicated only
probabilistically whether a choice was optimal or not, the feedback in the present case indicated
whether the choice was ‘mathematically’ optimal (i.e., EV-optimal) or not. Because this
feedback is not only deterministic, but also more informative than outcome feedback, we
hypothesized, that it should improve performance, compared to the previous experiments.
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Methods
Participants
17 psychology students (2 male, aged between 18 and 33 years, M = 21.2, SD = 3.5)
from the Universität Konstanz, participated in the experiment, either for course credit or money
(see Footnote 6). None of the participants took part in the previous two experiments.
Material and procedure
The procedure was the same as in Experiment 2, except that error feedback was given
on trials on which the lottery with the lower expected value was chosen. For one second, a text
was presented at the center of the screen stating that the choice was not optimal. After an
optimal choice, no feedback was given and the next trial started without delay.
Results
Choices with RTs smaller than 200 ms and larger than 3000 ms were considered as
outliers and excluded from analysis (< 3.7% of all data).
Choice behavior
The lottery with the higher winning probability was chosen more frequently in pro-win
gambles (M = 78.6%, SD = 41.0%) than in pro-gain gambles (M = 23.2%, SD = 42.2%). This
main effect of gamble type was significant, F(1,16) = 272.99, p < .001, ηG² = 0. 945.
Block by block learning
To test whether error feedback improved participants’ choice during the experimental
session, we computed a 2 (gamble type) × 40 (block number) repeated-measures ANOVA. The
analyses revealed that block number was not involved in any significant effect. Thus, choice
proportions remained steady across blocks (see also Figure 4B). However, a visual inspection
suggested that there was at least a small trend of learning in the first five blocks.
Strategy fits
An inspection of the overall proportion of correct predictions of the tested strategies
revealed that EV-based choices were of superior match (M = 77.7%, SD = 41.6%), compared
to CPT (M = 58.5%, SD = 49.3%), ML/PH (M = 50.8%, SD = 50.0%), and MM (M = 49.2%,
SD = 50.0%), of which only the latter two did not significantly differ from each other in a
pairwise comparison (see Table 3).
By taking the gamble type into account (see Figure 4A), the predictions suggest that
participants decided on the majority of trials according to EV, irrespective of whether a high
gain or a high probability indicated the optimal choice, t(16) = 0.62, p = 0.541, Cohen’s d =
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0.21. The remaining strategies significantly differed in their fit within gamble types, |ts| > 8.55,
ps <. 001, and Cohen’s |ds| > 2.78. ML/PH and CPT fared better in predicting pro-win gambles,
whereas the strategy fit for MM was better in pro-gain gambles. Note that ML/PH and MM
predicted performance well only in gambles for which these strategies were optimal. Due to
the design of gambles types, however, the overall fit was the same.
Conditional choices
A 2 (probabilities) × 2 (gain differences) repeated-measures ANOVA of slopes derived
from CCFs yielded a significant main effect of gain difference, F(1,16) = 5.63, p < .05, ηG² =
0.050, (b̄50 = -0.004 and b̄200 = 0.001). When confronted with lotteries whose gains differed by
200 Cent, the choice proportions remained similar with an increasing RT. With a gain
difference of 50 Cent, the proportion of optimal choices slightly decreased. Whereas in
Experiments 1 and 2, the mean RTs of the fastest responses were about 400 ms, they increased
in the present experiment to about 600 ms. No other significant effects were found. However,
as can be seen in Figure 4C, even fast responses were already at a relatively high level of EVoptimality.
Comparison with Experiment 2
We compared the mean slope and intercept with those in the previous experiment. The
difference between the mean slopes (Exp. 2: 0.011; Exp. 3: -0.001) was significant, t(33.3) =
3.912, p < .001, Cohen’s d = 1.31, as was the difference between the intercepts (Exp. 2: 49.1:
Exp. 3: 79.3), t(22.8) = -8.56, p < .001, Cohen’s d = -2.86.
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Figure 4. Overview of (A) the proportions of correctly predicted choices for pro-win and pro-gain gambles across
different strategies, (B) changes of the choice proportions across 40 experiment blocks, and (C) conditional choice
functions (CCFs) for the modified Wheel of Fortune task with error feedback.
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Discussion
The present results demonstrate that participants can indeed improve their choice
performance if they are provided with a highly informative feedback. By signaling whether
their choice was EV-optimal or not, choices became more EV-optimal, compared to no
feedback (Experiment1), or outcome feedback (Experiment 2). Comparing the predictions of
the different strategies to the data revealed that the EV strategy accounted better for the
performance than the CPT. This is surprising, because the EV strategy is a special case of the
CPT. A possible explanation could be that the fit procedure did not work well. Since
performance was more EV-optimal than in the previous experiments, fitting the CPT might
this time suffer from an over-parameterization.
The type of feedback also affected the CCFs. This time they were relatively flat, but
started at a more optimal level, also for pro-gain gambles. Thus, it seems that the participants
integrated probabilities and gains also for relatively fast choices. However, the fastest choices
were generally slower, compared to the previous experiments. Finally, our data indicated that
the participants learned rather quickly to improve their performance if error feedback was
provided.
GENERAL DISCUSSION
The various strategies that have been proposed to explain how people deal with riskychoice problems differ, among others, in the amount of information that is considered. Whereas
some strategies assume that all relevant information is taken into account for a decision (e.g.,
Kahneman & Tversky, 1979; von Neumann & Morgenstern, 1944), others suppose that only
some of that information is utilized (e.g., Brandstätter et al., 2006; Gigerenzer & Gaissmaier,
2011). The extent to which either is the case varies strongly between individuals (e.g.,
Venkatraman, Payne, Bettman, Luce, & Huettel, 2009), but also depending on whether choices
were based on description or experience (e.g., Glöckner et al., 2012). However, it is largely
unknown how much information is considered when participants are fully informed about all
probabilities and outcomes, and when they have multiple trials on which they can evaluate their
utilization of the available information through feedback and possibly adjust their choice on
subsequent trials.
To investigate choice behavior in such interesting but rarely studied situations, we
conducted a series of three experiments in which participants had repeatedly to choose between
two fully described lotteries. A specific question was whether participants based their decisions
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on the winning probabilities, on the possible gains, or on both. Moreover, we wanted to
examine to what extent the type and amount of information used for deciding changes with
experience, and whether it depends on the nature of the provided feedback. Finally, we were
interested in the dynamics of decision making within a given trial.
For answering these question, we used gambles in which either the lottery with the
higher winning probability (pro-gain) or the one with the larger potential gain (pro-win)
coincided with the EV-optimal choice. From other studies it is well known that decision makers
have the strong tendency to prefer the option with the higher probability, at least if losses are
not possible (e.g., K. Fiedler & Unkelbach, 2011; Tversky & Kahneman, 1981). In our
experiments, this probability dominance would have been optimal for pro-win gambles, but
suboptimal for pro-gain gambles. Thus, to achieve a proportion of optimal choices larger than
50%, probabilities and gains would have to be integrated in some way. As the results of our
first experiment indicate, such an integration hardly took place. The participants mostly chose
the lottery with the higher winning probability, and largely ignored the potential gains. This
was also confirmed by comparing the predictions of different decision models with the
observed choice behavior. The best fit was obtained with the Most-Likely heuristic and with a
CPT model, where probability-dominance was reflected by flat value functions.
Beyond the common inspection of strategy fits, a far more detailed analysis of
information integration that also accounts for the dynamics of the decision process was
achieved by examining conditional choice functions (CCFs). Instead of a static preference for
lotteries with a higher winning probability, we observed that this preference decreased with
response time (RT). Moreover, performance was improved for slow relative to fast decisions.
This not only suggests that participants applied different strategies across trials, but also that
more information was considered for slower decisions (see also Dambacher et al., 2016). A
possible scenario is provided by the dual-process idea (e.g., Hübner et al., 2010; Mukherjee,
2010). It is conceivable that suboptimal but fast and automatic heuristic processes (e.g., MostLikely, or Maximax) competed with more optimal but slow and controlled processes (e.g., CPT)
for execution. On some trials the participants impulsively chose the lottery with the higher
winning probability, whereas on other, presumably if they managed to suppress their impulsive
choice tendency, the possible gains were also taken into account, at least to some extent. This
is in line with the idea that risky decision making is based on a toolbox of strategies (e.g.,
Gigerenzer & Selten, 2001; Payne et al., 1993). An alternative explanation for the observed
deviations is proposed by models that assume that participants intend to use a single strategy
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but make erroneous choices (e.g., Bröder & Schiffer, 2003). Yet, such error models might not
be able to account for systematic variations with RT.
Nevertheless, despite the fact that the decisions were slightly improved for slower
decisions, the overall performance was relatively poor and far from EV-optimal. Moreover,
information usage did not change during the experimental session. This might not be surprising,
given that there was no feedback. Therefore, to see whether performance improves if some
feedback is provided, we conducted Experiment 2, where each gamble was played by the
computer and the outcome displayed to the participants. Unexpectedly, this feedback had no
substantial effect. Performance was similar as in Experiment 1. Does this result indicate that
persons are generally unable to learn optimal decision making? Or is outcome feedback simply
useless for learning? To answer these questions, we ran Experiment 3, where a normative error
feedback was provided. That is, if a decision was not EV-optimal, the participants were
informed that their performance was suboptimal. As a result, decision performance improved
substantially. Obviously, this type of feedback motivated the participants to base their decisions
not only on probability information, but to also consider the possible gains. That this was
indeed the case is supported by the fact that the decision times were generally increased.
Moreover, this time choice proportions were rather constant with RT.
How can the different effectivity of the two feedback types be explained? Outcome
feedback might be rather useless, because the provided information is probabilistic and,
therefore, ambiguous. In particular, for 60:40 lotteries, a positive outcome frequently signals a
‘good choice’, even when the choice was not EV-optimal. In other studies, however, outcome
feedback was not ignored. Yechiam and Busemeyer (2006), for example, observed reduced
choice proportions for risky, suboptimal options. In their experiment in the loss domain, very
small probabilities certainly provided less ambiguous feedback (sample gamble: lose 8 [300]
cents with a probability of 5%, otherwise lose 2 [1] cents; competing lottery in brackets). Larger
differences between the probabilities, or rare events can provide a better opportunity for
optimally reevaluating lotteries. Thus, it is reasonable to assume that the composition of choice
problems is likely to interact with the applicability of outcome feedback.
Error feedback, on the other hand, provides a deterministic and consistent signal of how
to choose optimally. Accordingly, participants quickly learn to combine the available
information in a rather optimal way for their decisions. However, feedback might not have had
the same effect for each participant. Research has already shown that individuals differ with
respect to learning from feedback (e.g., Schönberg, Daw, Joel, & O'Doherty, 2007). In our
experiments, individual differences were more apparent for outcome feedback. When we
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exploratively looked for individual choice behavior, we found, for example, that one participant
permanently chose the lottery with the higher gain, whereas another predominantly chose
randomly. The variation between individual CCFs was also relatively large. However, choice
behavior was relatively similar between participants when error feedback was provided. This
underpins the effectiveness of error feedback in facilitating information integration and shaping
choice behavior.
Taken together, our results show that participants mainly use only some of the available
information for decision making, even if outcome feedback is provided. Specifically, there is
a strong probability dominance, i.e., mostly the lottery with the higher winning probability is
chosen. This is especially true for fast decisions. Only if normative error feedback is provided,
participants learn to take also the possible gains into account. It is open, however, how general
these conclusions are, because we imposed several constraints on our gambles. One
consequence is, for example, that the EVs in the different gamble types were not balanced,
which could have influenced information processing (e.g., Ayal & Hochman, 2009). Whether
further studies with different gambles but a similar setting will find comparable results, or how
long the learning effects from error feedback will last, has yet to be shown.
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ABSTRACT
In lottery gambling, the common phenomenon of risk aversion shows up as preference
of the option with the higher win probability, even if a riskier alternative offers a greater
expected value. Because riskier choices would optimize profitability in such cases, the present
study investigates the visual format, with which lotteries are conveyed, as potential instrument
to modulate risk attitudes. Previous research has shown that enhanced attention to graphical
compared to numerical probabilities can increase risk aversion, but evidence for the reverse
effect – reduced risk aversion through a graphical display of outcomes – is sparse. We
conducted three experiments, in which participants repeatedly selected one of two lotteries.
Probabilities and outcomes were either presented numerically or in a graphical format that
consisted of pie charts (Experiment 1) or icon arrays (Experiment 2 and 3). Further, expected
values were either higher in the safer or in the riskier lottery, or they did not differ between the
options. Despite a marked risk aversion in all experiments, our results show that presenting
outcomes as graphs can reduce – albeit not eliminate – risk aversion (Experiment 3). Yet, not
all formats prove suitable, and non-intuitive outcome graphs can even enhance risk aversion
(Experiment 1). Joint analyses of choice proportions and response times (RTs) further
uncovered that risk aversion leads to safe choices particularly in fast decisions. This pattern is
expressed under
graphical probabilities, whereas graphical outcomes can weaken the rapid dominance
of risk aversion and the variability over RTs (Experiment 1 and 2). Together, our findings
demonstrate the relevance of information format for risky decisions.
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INTRODUCTION
Psycho-economic research has shaped a sophisticated picture of human behavior in
risky decision making (Fehr-Duda & Epper, 2012; Gigerenzer & Gaissmaier, 2011; Kahneman,
2003; Mishra, 2014). One of the most established phenomena in this domain is risk aversion,
the preference of the safer option, even if the potential benefit of a riskier alternative is higher.
The tendency to avoid risks is particularly expressed under positive prospects with medium to
large probabilities (Holt & Laury, 2002; Tversky & Kahneman, 1992). Although risk
preferences vary between individuals and are sensitive to factors, such as time pressure (Ben
Zur & Breznitz, 1981), environmental conditions (Guiso, Sapienza, & Zingales, 2013;
Haushofer & Fehr, 2014), or the affective state of the decision maker (Nguyen & Noussair,
2014), risk aversion is a widespread attitude that is relatively stable within individuals over
time (Glöckner & Pachur, 2012; Wölbert & Riedl, 2013). While effects have been mostly
described in terms of choice proportions, risk aversion has also been shown in faster response
times (RTs) for the safer option (Rubinstein, 2013). Indeed, recent approaches increasingly
take advantage from choice proportions as well as RTs, since both measures provide important
information about risk preferences and choice difficulty (Busemeyer, 2015; Busemeyer &
Townsend, 1993; Diederich, 2003; Usher & McClelland, 2004).
A grand proportion of evidence about risk aversion comes from gambling experiments,
in which participants choose between lotteries, each with a given probability to get a certain
outcome. In lotteries with positive prospects, risk aversion is characterized as preference of the
lottery with the higher win probability. As consequence, participants repeatedly opt for the
safer lottery despite a higher expected value (EV) in a riskier alternative. Here, an increase of
risk taking would contribute to the optimization of decisions (in terms of outcome profitability),
which is arguably a desirable goal in many situations. Apparently, however, this would require
a more balanced consideration of probabilities and outcomes. The question therefore is, how
can decision makers be persuaded to appreciate the importance of outcomes?
A straightforward idea to enhance the impact of a certain piece of information is to
increase its perceptual salience, which is known to attract attention and to foster processing
(Awh, Belopolsky, & Theeuwes, 2012; Chun, Golomb, & Turk-Browne, 2011). Compared to
numerical information, for instance, a graphical representation can well be more salient, given
that graphs offer a large variability in visual features that contribute to salience (e.g., shape,
color, size, orientation; cf., Itti & Koch, 2001). Indeed, numerical and graphical information
are common elements in experiments examining decisions under risk. Outcomes are usually
displayed numerically, whereas probabilities are conveyed either in a numerical or in a
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graphical format. Yet, despite some previous work, influences of these different formats on
risky decisions are not well established.
Prior research has predominantly investigated effects of different probability formats,
and a number of studies showed relatively stable results. For instance, probabilities that were
conveyed as numbers, histograms, pie charts, or natural frequencies, yielded qualitatively
similar patterns of results concerning phenomena of coalescing and stochastic dominance
(Birnbaum, 2004, 2006; Birnbaum, Johnson, & Longbottom, 2008).
Other studies, especially in the health domain, demonstrated that decisions are sensitive
to the format in which probabilities are shown. For instance, Chua et al. (2006) reported that
graphical rather than numerical probabilities increase the readiness to avoid health risk. When
quantities were shown graphically, people were more willing to pay for safer alternatives than
when risk was communicated numerically. The authors proposed that graphs attract and hold
attention more strongly than numerical information. Accordingly, enhanced processing
increases the importance of graphical information and emphasizes its impact on the decision.
It has also been argued that graphs can convey information more intuitively and hence facilitate
understanding. Thus, under certain conditions, graphical components exhibit stronger
influences on decisions than information in another format (Ancker, Senathirajah, Kukafka, &
Starren, 2006; Bodemer & Gaissmaier, 2012; Gaissmaier et al., 2012; Lipkus & Hollands,
1999; Visschers, Meertens, Passchier, & de Vries, 2009).
Further support comes from eye tracking data. Smerecnik et al. (2010) examined
processing differences between textual, tabular, and graphical risk information, and found that
graphs receive more attention (as indicated by inspection times) and require less cognitive
effort (as indicated by pupil size) than the other probability formats. In turn, it has been shown
that gaze durations themselves affect preferences and decisions, and can therefore enhance the
preference for graphical information (Armel et al., 2008; Krajbich, Armel, & Rangel, 2010; for
a review see Orquin & Mueller Loose, 2013). Thus, there is some evidence that graphical
probabilities have an impact on decisions and contribute to risk aversive choices.
However, it is an open question whether this rationale can be reversed, that is whether
graphically displayed outcomes can increase the impact of lottery gains and therefore modulate
risk attitudes in a way that leads to reduced risk aversion. Systematic manipulations of
presentation formats in gambling experiments are rare. One exception is a study by K. Fiedler
and Unkelbach (2011), who crossed numerical and graphical formats of lottery constituents. In
the graphical format, probabilities were displayed as spatially distributed winning (smileys)
and losing (Xs) lottery tickets, and outcomes were illustrated as images of banknotes.
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Attractiveness ratings were then assessed for each lottery, which was presented in isolation. In
line with risk aversive preferences, the ratings indicated that attractiveness of lotteries increased
with win probability. This pattern was particularly expressed under graphed probabilities and
numerical outcomes. Critically, a graphical outcome attenuated the preference for the higher
probability lottery, although it did not turn the pattern into absolute higher attractiveness of the
higher outcome. The finding suggests that graphical outcomes can reduce risk aversion, but K.
Fiedler and Unkelbach pointed to an asymmetry between format effects of probabilities and
outcomes. They claimed that the comprehension advantage of a graphed compared to a
numerical format is larger for probabilities than for outcomes, and experiencing outcomes as
graphical quantities might even have detrimental effects if they increase cognitive demands.
Yet, these conjectures have hardly been empirically tested such that knowledge about
the impact of graphical outcomes on risk aversion is sparse. Evidence that graphs can enhance
the relative importance of information has been predominantly shown for probabilities, but it
is not established how risk aversion changes when the same graphical representations reflect
outcomes.
Present study
The present study aimed at further examining format effects and focused on the impact
of graphical and numerical information on risk aversion. We conducted three experiments, in
which participants repeatedly selected one of two simultaneously presented lotteries A and B.
Since strong risk aversion has been observed under non-negative prospects (Holt & Laury,
2002; Tversky & Kahneman, 1992), both lotteries offered positive and zero outcomes with
certain probabilities. Probabilities and outcomes were presented in numerical or graphical
formats. Graphical probabilities and outcomes were presented as pie charts (Exp. 1) or icon
arrays (Exp. 2 and 3). To assess the influence of format on choices under different payoff
combinations, lottery pairs A and B corresponded to one of four expected value (EV)
conditions, in which either (a) the higher win probability (pro-prob), (b) the higher outcome
(pro-out), (c) both constituents (congruent), or (d) neither of them (neutral) were indicative for
the lottery with the higher EV.
Importantly, our procedure advances previous experimental protocols on format effects
in two points. First, probabilities and outcomes across our conditions were represented by the
same graphs. Consequently, we largely eliminate potential confounds due to low level visual
differences, whereas K. Fiedler and Unkelbach (2011) used different graphical formats for
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probabilities and outcomes. Second, we assessed choice proportions as well as RTs, since both
measures together inform about preference strength and choice difficulty. For instance, it is
well established that higher choice proportions usually come with shorter RTs (Busemeyer &
Townsend, 1993; Jamieson & Petrusic, 1977; Petrusic & Jamieson, 1978). Further, analyses of
RT distributions (i.e., conditional choice functions, see below) enabled us to examine format
effects on the dynamics of risk aversion, which goes beyond a static characterization of risk
preferences.
In all experiments, we expected a marked tendency of risk aversion, which should show
up as larger choice proportions and shorter RTs for the option with the higher win probability
(i.e., lottery A) 11. Moreover, decisions should be guided by gamble profitability, such that
choice proportions increase with EV.
Besides these general predictions, we pursued two related questions: The first was,
whether graphical lottery outcomes can reduce risk aversion, similarly as graphical
probabilities can foster risk aversion. As a possible pattern, we considered that graphical
information may attract attention and hence increase the subjective importance of the graphical
component. Graphical outcomes should then result in a relative increase of choices and a
decrease of RTs for the riskier options (i.e., the lotteries with the higher outcomes).
Alternatively, graphical displays may be particularly beneficial for the presentation of
probabilities, so that graphed-outcome formats have no effect or, in case of detrimental
influences (K. Fiedler & Unkelbach, 2011), even enhance risk aversion.
The second question was, how format affects the dynamics of risk aversion – that is,
the relative change of choice proportions across the RT distribution. Specifically, rapid
accessibility of graphical probabilities may promote risk aversive choices particularly in fast
responses. Such a pattern – if it exists – might be inverted or at least less pronounced with
graphical outcomes.
EXPERIMENT 1
In Experiment 1, numbers and pie charts were used to display the lottery constituents.
In the graphed-probability format, probabilities were presented as pie charts and outcomes were

By convention, we call the gamble with the higher win probability lottery A, irrespective of outcome magnitude.
In contrast, lottery B refers to the gamble with the higher outcome magnitude in all EV-conditions, except for the
congruent condition, where win probability as well as outcome was higher in lottery A. The terms lottery A and
lottery B serve only as labels for the choice options in this paper, they are no confound in our experimental design.
Participants were unaware of the lottery labels, and screen positions (left or right of the fixation cross) as well as
colors (yellow or blue) varied randomly between lotteries A and B.

11
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shown as numbers; this is a common format for lotteries that has been used in various gambling
studies (Alós-Ferrer, Granić, Kern, & Wagner, 2016; Grether & Plott, 1979; Hey & Orme,
1994; Rieskamp, 2008; Smith et al., 2009). Conversely, the graphed-outcome format displayed
outcomes as pie charts and probabilities as numbers (Figure 5).
Methods
Participants
A total of 19 voluntary participants in the graphed-probability (11 female, mean age:
25.1 y; SD: 6.0 y) and another 18 participants in the graphed-outcome format (13 female, mean
age: 22.3 y; SD: 3.5 y) were recruited at the Universität Konstanz. Data from one further
participant in the graphed-probability format was excluded because of insufficient task
compliance.
Task and stimuli
In both presentation formats, participants performed a computerized gambling task with
a total of 1200 choices between two lotteries A and B, which were presented to the left and
right of a central fixation cross on the screen (Figure 5). Each lottery comprised a probability
p of winning a positive amount of x points, and the counter-probability 1-p of winning zero
points. Win probabilities as well as outcomes of each lottery pair summed up to 100 percent
and 100 points, respectively. A detailed description of the lottery characteristics is given in the
following (see also Table 4 and Table 5).
Table 4
Overview of EV-conditions and presentation formats in Experiments 1 and 2. In the congruent EV-condition,
win probabilities as well as outcomes, and therefore expected values, were higher in lottery A than in lottery B.
In neutral, pro-prob, and pro-out EV-conditions, win probabilities were higher in lottery A and outcomes were
higher in lottery B. Expected values were equal for both lotteries in the neutral, higher for lottery A in the proprob, and higher for lottery B in the pro-out EV-condition. EV-conditions were identical in the graphedprobability and the graphed-outcome presentation format. A and B refer to lottery A and lottery B, respectively.
EV-condition

Lottery components
Win probability

Outcome

congruent

A>B

A>B

neutral

A>B

pro-prob
pro-out

Expected
value

Number of trials per participant
Graphed-probability

Graphed-outcome

A>B

320

320

A<B

A=B

240

240

A>B

A<B

A>B

320

320

A>B

A<B

A<B

320

320

Note: A and B refer to lottery A and lottery B, respectively.
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In lottery A the chance of winning was either 60%, 70%, or 80%, whereas the counterprobability of 40%, 30%, or 20%, respectively, was associated with a zero-gain. Lottery B
reflected the inverse pattern, i.e., probabilities of non-zero gains of 40%, 30%, or 20%, and
corresponding zero-gain probabilities of 60%, 70%, or 80%. Lottery pairs comprised non-zero
outcomes of one of the following sets: either 85/15, 80/20, 75/25, 70/30, 65/35, 60/40, or 55/45
points.
Selected combinations of probabilities and outcomes set up four experimental EVconditions (Table 4 and Table 5), which varied the predictive power of the two lottery
constituents with respect to the expected value (EV): (1) In the congruent EV-condition, lottery
A exhibited both a higher win probability and a higher outcome than lottery B; accordingly EV
was higher in lottery A. (2) In the neutral EV-condition, both lotteries had the same EV, but
lottery A had the higher win probability while lottery B had the higher outcome. (3) In the proprob EV-condition, the higher EV was linked to lottery A, which had a higher win probability
but a lower outcome than lottery B. (4) In the pro-out EV-condition, the higher EV was held
by lottery B, which had a higher outcome but a lower win probability than lottery A.

Figure 5. Stimulus example of Experiment 1. Participants chose between two lotteries presented to the left and
right of a central fixation cross via clicks on the left or right mouse button. Colored pie chart areas reflect (A) win
probabilities (graphed-probability format) or (B) non-zero outcomes (graphed-outcome format) of each lottery.
Numbers above each chart reflect (A) non-zero outcomes (graphed-probability format) or (B) win probabilities
(graphed-outcome format). Probabilities and outcomes of a lottery pair added to 100 percent and 100 points in
each trial, respectively. Presentation format was manipulated between participants.

Across all EV-conditions, presentation format was varied between participants. In the
graphed-probability format, probabilities were displayed as pie charts, whereas non-zero
outcomes were shown as numbers above each chart. This format is relatively common in
gambling studies. The reverse mapping was used for the graphed-outcome format, with
outcomes as pie charts and win probabilities as numbers above each chart. In both formats,
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numerical lottery constituents were randomly jittered by ±2 points in order to reduce
recognition effects; an exception was the neutral EV-condition, where the absence of a jitter
granted equal EVs between lotteries A and B.
In all lotteries, characters had a visual angle of approximately 0.46˚ horizontally and
0.69˚ vertically. The diameter of each pie chart extended to a visual angle of approximately
5.27˚. The distance from the center of each pie chart to the fixation cross was 3.55˚. Pie chart
areas reflecting win probabilities (i.e., graphed-probability) or outcomes (i.e., graphedoutcome) were colored blue in one and yellow in the other lottery; colors as well as screen
positions (i.e., left or right) were randomly assigned to lotteries A and B in each trial.
All stimuli were presented on a white background on an 18’’ color-monitor with a
resolution of 1280 × 1024 pixels and a refresh rate of 60 Hz. A computer mouse served as
response device. Stimulus presentation and response collection were controlled by the software
Presentation (version 16.3, Neurobehavioral Systems).
Table 5
Combinations of win probabilities and outcomes set up a total of 15 lottery pairs in four EV-conditions.
Win probabilities (in %)
EV-condition

Outcomes (in points)

Expected values

Lottery A

Lottery B

Lottery A

Lottery B

Lottery A

Lottery B

1

pro-out

80

20

15

85

12.0

17.0

2

pro-prob

80

20

45

55

36.0

11.0

3

neutral

80

20

20

80

16.0

16.0

4

pro-prob

80

20

25

75

20.0

15.0

5

congruent

80

20

75

25

60.0

5.0

6

pro-out

70

30

25

75

17.5

22.5

7

congruent

70

30

75

25

52.5

7.5

8

neutral

70

30

30

70

21.0

21.0

9

pro-prob

70

30

35

65

24.5

19.5

10

congruent

70

30

65

35

45.5

10.5

11

pro-out

60

40

35

65

21.0

26.0

12

congruent

60

40

65

35

39.0

14.0

13

neutral

60

40

40

60

24.0

24.0

14

pro-prob

60

40

45

55

27.0

22.0

15

pro-out

60

40

15

85

9.0

34.0
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Procedure
Participants were seated approximately 50 cm away from the monitor. Their task was
to select one of two lotteries by pressing the corresponding mouse button with the index (left
lottery) or the middle finger (right lottery) of their right hand.
A trial started with a central fixation cross for a random interval between 250 and 750
ms. Then a lottery pair appeared and stayed on the screen until participant’s response. In the
practice trials, a feedback screen for 1000 ms displayed the result of the chosen gamble (i.e.,
either the non-zero outcome or zero points) with the purpose to familiarize participants with
the consequences of their decisions. No feedback was given in the main trials in order to
prevent strategy changes over the course of the experiment. The result of each selected lottery
was calculated by the computer and stored for later payment.
Participants received course credits or a base payment of 8 EUR. In addition, the points
made through their lottery choices were converted into a monetary amount of up to 8 EUR,
depending on the proportion of earned relative to the possible maximum points in the
experiment.
Overall, the experiment comprised one practice block and 20 main blocks à 60 trials
and took around one hour. Thereafter, participants were presented with a questionnaire on risk
behavior, which is not further reported here.
Analyses
Trials with RTs faster than 100 ms or slower than 2000 ms (4.4% in graphed-probability
and 5.8% in graphed-outcome) as well as data from the practice block were excluded from
analyses. We additionally dropped data from one participant in the graphed-probability format
because 38% suboptimal choices in the congruent EV-condition (compared to an average of
2.74% in the graphed-probability and 7.47% in the graphed-outcome format) pointed to
insufficient task compliance.
The remaining data (i.e., 21,798 lottery choices in graphed-probability and 20,346
choices in graphed-outcome) entered statistical analyses. We examined effects of EVconditions and display formats on mean choice proportions and RTs. Further, we analyzed
conditional choice functions (CCFs), a quantile-based representation of choice proportions and
corresponding RTs across the response time distribution. Analogous to vincentized conditional
accuracy functions (CAFs, e.g., Dambacher & Hübner, 2015), CCFs were calculated by sorting
the data (according to RTs) into ﬁve 20% bins. For each bin, mean RT and mean choice
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proportions were computed separately for each participant and condition. The data points were
then averaged across participants and plotted as choice proportions over RT bins. Thus, CCFs
show changes of choice proportions across the duration of decisions and therefore provide
information about the variability of risk aversion over RTs. Whereas CAFs are quite common
tools to examine RT distributions, this is, to our knowledge, one of the first gambling studies
that takes advantage from the joint consideration of RTs and choice proportions in the form of
CCFs (cf., Haffke & Hübner, 2015). We analyzed the CCFs in repeated-measures regressions
using the lmList function of the lme4 package (version 1.1-8; Bates, Machler, Bolker, &
Walker, 2015) and determined the difference of subject-based regression coefficients from zero
via t-tests. The package ggplot2 (Wickham, 2009) was used to visualize the data. Both
packages are embedded in the R environment for statistical computing (R Development Core
Team, 2016).
Results
Choice proportions
Overall, participants chose the safer lottery A (i.e., the lottery with the higher win
probability) more often than lottery B in both the graphed-probability (75%) and the graphedoutcome format (85%), confirming risk aversive preferences in prospect of positive outcomes
(Tversky & Kahneman, 1992). Figure 2A displays mean choice proportions across EVconditions and presentation formats.
Mean choice proportions were analyzed in a two-way ANOVA with EV-condition
(congruent, neutral, pro-prob, pro-out) as within-subject and presentation format (graphedprobability, graphed-outcome) as between-subject factors. A significant effect of EVcondition, F(3,105) = 45.63, p < .001, revealed that – despite the overall tendency to avoid risk
– choice proportions followed EV differences (see Table 6). The proportion of lottery A choices
gradually decreased from the congruent over the pro-prob and the neutral EV-condition to the
pro-out EV-condition (pairwise comparisons: all ps < .001).
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Table 6
Mean choice proportions of lottery A and RTs (lottery A and B choices combined) across EV-conditions and
presentation formats in Experiment 1.
Choice proportions
EV-condition

RTs (ms)

graphed-probability

graphed-outcome

graphed-probability

graphed-outcome

congruent

0.97 (0.01)

0.95 (0.01)

663 (30)

771 (42)

neutral

0.70 (0.06)

0.84 (0.05)

791 (42)

832 (48)

pro-prob

0.82 (0.05)

0.87 (0.03)

772 (46)

831 (46)

pro-out

0.52 (0.06)

0.72 (0.05)

815 (40)

887 (51)

mean

0.75 (0.04)

0.85 (0.04)

760 (40)

830 (47)

Note: Numbers in parentheses reflect standard errors of means.

Further, a trend of presentation format, F(1,35) = 3.10, p = .087, was qualified by an
interaction of EV-condition × presentation format, F(3,105) = 5.46, p = .002. Post-hoc tests
revealed that the pro-out EV-condition exhibited more choices of the greater win probability
(lottery A) in the graphed-outcome compared to the graphed-probability format (p = .018). The
neutral EV-condition yielded a trend in the same direction (p = .084). Thus, participants were
more risk averse, when outcomes rather than probabilities were shown as pie chart. This result
is at odds with the idea that attentional capture enhances the impact of graphed information, as
this would have yielded fewer instead of more lottery A choices in the graphed-outcome
format. Format effects in the congruent and the pro-prob EV-condition were not significant (ps
> .10).
On average, participants received a bonus of EUR 3.30. The difference of earned points
in the graphed-probability vs. the graphed-outcome format was not significant (p = .15).
RTs
Mean RTs (Table 6) were analyzed in a two-way ANOVA with EV-condition as withinsubject and presentation format as between-subject factor. Against the visual impression in
Figure 2B, the main effect of presentation format was not reliable F(1,35) = 1.37, p = .250.
However, a marginally significant interaction of EV-condition × presentation format, F(3,105)
= 2.60, p < .056, pointed to faster RTs for the graphed-probability than for the graphed-outcome
format in congruent trials (p = .042). No other EV-condition showed a reliable format effect
(all ps > .25).
The main effect of EV-condition, F(3,105) = 40.92, p < .001, revealed an increase of
RTs from congruent to pro-out trials, with RTs to neutral and pro-prob trials in between (Figure
6B). RTs were faster for trials in which probability and outcome jointly pointed to the higher
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EV option relative to trials in which magnitudes for win probability and outcome were crossed
over the lotteries (congruent vs. neutral and congruent vs. pro-prob: ps < .001). Whereas the
difference between the neutral and the pro-prob EV-condition was not significant (p = .164),
decisions in the pro-out condition entailed the slowest RTs (pro-out vs. neutral and pro-out vs.
pro-prob: ps < .001). The pattern suggests that outcome-oriented decisions took additional time
in both the graphed-probability and the graphed-outcome format.

Figure 6. Empirical means in Experiment 1. (A) Choice proportions and (B) RTs across EV-conditions and
presentation formats. (C) RTs for lottery A and B choices are averaged across EV-conditions. (D) Conditional
choice functions across five quantiles of RT distributions. Error bars reflect standard errors of means.

This was further supported in a separate analysis of RTs to lottery A and B choices
(Figure 6C). A two-way ANOVA 12 on the within-subject factor choice (lottery A or B) and the
between-subject factor presentation format (graphed-probability, graphed-outcome) yielded
slower responses for lottery B than for lottery A choices, F(1,35) = 32.33, p < .001. Decisions
favoring the high outcome of lottery B required more time than those opting for the high
probability of lottery A. Presentation format had no reliable influence, neither as main effect
nor in interaction with lottery choice, Fs < 1.

We restricted the ANOVA to the two factors choice and presentation mode because the inclusion of the third
factor EV-condition led to empty cells in the congruent EV-condition. This is because choice of lottery A or B is
no experimental factor and is unequally distributed across conditions.
12
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Conditional choice functions (CCFs)
We examined RT distributions in conditional choice functions (CCFs), which visualize
decision dynamics as choice proportions over RTs (Figure 6D). In the graphed-probability
format, repeated-measures regressions with choice proportions as criterion and EV-condition
together with mean RT of each bin as predictors revealed no reliable differences between the
intercept (congruent) and the main effects of the other EV-conditions (Table 7). This indicates
that a general preference of the greater win probability is expressed in fast decisions, regardless
of the EV. Further, the variation of choice proportions over RTs was not significantly different
from zero in the congruent (intercept) and the neutral EV-condition. However, reliable
interactions with RT revealed that the proportion of lottery A choices decreased with longer
RTs in the pro-prob as well as in the pro-out EV-condition. This suggests that lottery outcomes
had a greater impact in slower decisions. Such a trend is reasonable in the pro-out condition
where the greater outcome of lottery B grants the higher EV. In the pro-prob condition, though,
a decrease of lottery A choices also decreases profitability. Reduced risk aversion in slower
responses therefore did not necessarily optimize choices.
Table 7
Repeated-measures regressions of lottery A choice proportions over EV-conditions and RTs in the two formats
of Experiment 1. Boldface marks significant predictors.
graphed-probability

graphed-outcome

Estimate

SE

t-value

p

Estimate

SE

t-value

p

(Intercept)

0.96253

0.01799

53.50

<0.01

0.96945

0.01564

62.00

<0.01

RT

0.00002

0.00002

0.97

0.35

-0.00002

0.00003

-0.81

0.43

pro-prob

-0.07028

0.08019

-0.88

0.39

-0.08517

0.07013

-1.21

0.24

neutral

-0.20022

0.10944

-1.83

0.08

-0.11250

0.08154

-1.38

0.19

pro-out

-0.21156

0.12279

-1.72

0.10

-0.17883

0.09545

-1.87

0.08

RT × pro-prob

-0.00016

0.00007

-2.29

0.03

0.00004

0.00007

0.55

0.59

RT × neutral

-0.00015

0.00009

-1.71

0.10

0.00003

0.00008

0.41

0.69

RT × pro-out

-0.00035

0.00010

-3.49

<0.01

-0.00002

0.00007

-0.36

0.72

Analogous analyses in the graphed-outcome format revealed no significant differences
between the intercept and the other predictors. Accordingly, Figure 2D illustrates high choice
proportions of lottery A across all EV-conditions and across RTs. Thus, in Experiment 1, a
high and persisting level of risk aversion in the graphed-outcome format suggests only
negligible influences of outcome-oriented information in the decision.
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Discussion
In line with previous studies, participants in Experiment 1 showed risk aversive
preferences. Choice proportions were larger and RTs shorter for the option with the higher win
probability. The data therefore confirm the finding that preferences show up in both choice
proportions and RTs (Busemeyer & Townsend, 1993; Petrusic & Jamieson, 1978).
Further, decisions were modulated by EV-differences between lottery pairs. Risk
aversion in choice proportions gradually decreased as the riskier lottery B became more
profitable relative to the safer lottery A. Likewise, RTs were slower when the riskier lottery B
was chosen. Apparently, deviations from the risk aversive preference were associated with
additional processing and thus longer decision times in both the graphed-probability and the
graphed-outcome format.
Critically, the results also revealed effects of presentation format. Risk aversion was
stronger in the graphed-outcome compared to the more common graphed-probability format.
This pattern is surprising, because it contradicts the idea that graphs enhance attentional
processing and therefore augment the impact of associated information (Smerecnik et al.,
2010). Instead, the graphical format reduced the relevance of outcomes and compelled
participants to rely on the numerical probability information. Notably, this effect was reliable
in the pro-out EV-condition, where outcome – and not probability – is indicative for the more
profitable option. This suggests that participants had difficulties in making use of the graphical
outcome information, in line with K. Fiedler and Unkelbach’s (2011) assumption that outcome
graphs may have detrimental effects, when they come with increased cognitive demands. In
fact, the pie charts used in Experiment 1 are well established as representation of probabilities,
but are uncommon as visualizations of monetary values. Consequently, pie chart outcomes may
have been of poor comprehensibility and impaired the evaluation of the lottery. Participants
thus chose a strategy that focuses on reliable and easily accessible information, numerical
probabilities.
Analyses of CCFs additionally supported this view. In the graphed-outcome format, we
observed no variations of choice proportions over RTs. Risk aversion was comparably strong
over the entire RT distribution, suggesting that increasing decision time was not related to
additional evaluation that affected decisions. In contrast, the graphed-probability format was
characterized by a marked risk aversion across all EV-conditions particularly in fast responses.
Risk aversion decreased for slower decisions in the pro-out and pro-prob EV-condition,
suggesting that outcome information was considered more strongly.
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EXPERIMENT 2
The results of Experiment 1 demonstrate that presentation format is a reliable factor for
risk attitudes. However, against the prediction that graphs capture attention and enhance the
impact of information, risk aversion increased rather than decreased with graphical outcomes.
We suggested that pie charts are little intuitive to convey lottery outcomes. Another variant of
graphical representation, though, may yield a different pattern.
We tested this possibility in Experiment 2 by using icon arrays to represent lottery
probabilities in the graphed-probability format and lottery outcomes in the graphed-outcome
format (Figure 7). Otherwise, Experiment 2 closely resembled Experiment 1.
Methods
Participants
Data were assessed at the Universität Konstanz from 21 voluntary participants in the
graphed-probability (13 female, mean age: 24.4 y; SD: 4.7 y) and from another 20 participants
in the graphed-outcome format (10 female, mean age: 24.6 y; SD: 4.8 y).
Stimuli, task and procedure
Lottery characteristics, task and procedure were adopted from Experiment 1 (see Table
4 and Table 5). Participants made again a total of 1200 choices between lottery pairs A and B.
However, graphical information was presented as icon arrays of colored points (Figure 7).
Because the maximum number of points within each lottery option amounted to 100, the
number of colored points was equivalent to the absolute gain probability in the graphedprobability format and to the absolute outcome magnitude in the graphed-outcome format.
Non-graphical lottery constituents were presented as numbers. Outcomes were always shown
above probabilities, independent from format. Additional labels next to the lotteries guarded
against confusion of the constituents.
In all lotteries, characters had a visual angle of approximately 0.46˚ horizontally and
0.69˚ vertically. Each icon array had a visual angle of 12.03˚. The distance from the array center
to the fixation cross was 9.17˚.
Feedback of the chosen lottery outcome familiarized participants with the results of
their decisions in one practice block. No feedback was given in the 20 main blocks à 60 trials.
Participants received course credits or a base payment of 8 EUR, together with a proportional
monetary compensation of their earned points.
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Figure 7. Stimulus example of Experiment 2. Colored points reflect (A) win probabilities (graphed-probability
format) or (B) non-zero outcomes (graphed-outcome format) of each lottery. Numbers above each graph reflect
(A) non-zero outcomes (graphed-probability format) or (B) win probabilities (graphed-outcome format).
Probabilities and outcomes of a lottery pair added to 100 percent and 100 points in each trial, respectively.
Presentation format was manipulated between participants.

Table 8
Mean choice proportions of lottery A and RTs (lottery A and B choices combined) across EV-conditions and
presentation formats in Experiment 2.
Choice proportions
EV-condition

RTs (ms)

graphed-probability

graphed-outcome

graphed-probability

graphed-outcome

congruent

0.97 (0.01)

0.97 (0.01)

651 (28)

670 (37)

neutral

0.77 (0.06)

0.75 (0.06)

717 (38)

755 (46)

pro-prob

0.86 (0.04)

0.83 (0.05)

735 (46)

760 (47)

pro-out

0.62 (0.06)

0.60 (0.06)

797 (47)

793 (53)

mean

0.80 (0.03)

0.79 (0.03)

723 (38)

743 (45)

Note: Numbers in parentheses reflect standard errors of means.

Analyses
Excluding trials with RTs faster than 100 ms or slower than 2000 ms resulted in a total
of 24,374 lottery choices in the graphed-probability format (i.e., drop of 3.3 %) and 23,152
choices in the graphed-outcome format (i.e., drop of 3.5%). Analogous to Experiment 1, we
examined effects of presentation format and EV-conditions on mean choice proportions, RTs
and conditional choice functions (CCFs).
Results
Choice proportions
In line with risk aversive preferences, participants selected lottery A more often than
lottery B in both the graphed-probability (80%) and the graphed-outcome format (79%).
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Choice proportions across EV-conditions and presentation formats are shown in Figure 4A and
Table 8.
A two-way ANOVA on choice proportions with EV-condition (congruent, neutral, proprob, pro-out) as within-subject and presentation format (graphed-probability, graphedoutcome) as between-subject factors revealed a significant effect of EV-condition, F(3,117) =
44.41, p < .001. Choice proportions of lottery A decreased with the relative increase of EVs in
lottery B (Table 8): the proportion of lottery A choices was higher in the congruent than in the
pro-prob EV-condition, in the pro-prob compared to the neutral EV-condition, as well as in the
neutral compared to the pro-out EV-condition (ps < .001).
Neither presentation format nor the interaction of format × EV-condition yielded
reliable differences in choice proportions (Fs < 1). Thus, the finding of Experiment 1, that
outcome graphs (pie charts) enhance risk aversion, did not generalize to icon arrays.
On average, participants earned 3.33 EUR in Experiment 2. The difference between the
format conditions was not significant (p = .52).
RTs
Mean RTs (Table 8 and Figure 8B) were analyzed in a two-way ANOVA with EVcondition as within-subject and presentation format as between-subject factor. Presentation
format had no reliable influence on RTs, neither as main effect (F < 1) nor in interaction with
EV-condition, F(3,117) = 1.20, p = .311. However, a strong effect of EV-condition, F(3,117)
= 46.81, p < .001, attested an increase in RTs as the EV of lottery A relative to lottery B
decreased (Figure 8B). Accordingly, RTs were fastest in congruent trials (congruent vs. proprob and congruent vs. neutral: ps < .001) and slowest in pro-out trials (pro-out vs. pro-prob
and pro-out vs. neutral: ps < .001). The difference between the neutral and the pro-prob EVcondition was not significant (p = .101). This pattern confirms our previous finding that an
increase of outcome-oriented choices comes with additional time costs.
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Figure 8. Empirical means in Experiment 2. (A) Choice proportions and (B) RTs across EV-conditions and
presentation formats. (C) Separate choice RTs for lottery A and B are averaged across EV-conditions. (D)
Conditional choice functions across five quantiles of RT distributions. Error bars reflect standard errors of means.

The result was substantiated in a separate two-way ANOVA on RTs with the withinsubject factor choice (lottery A or B) and the between-subject factor presentation format
(graphed-probability, graphed-outcome; see Figure 8C). The main effect of choice, F(1,39) =
24.35, p < .001, revealed slower RTs for lottery B than for lottery A choices. Notably, this
pattern was qualified by a significant choice × format interaction, F(1,39) = 24.35, p < .001,
which showed that the RT advantage of lottery A choices was smaller when outcomes rather
than probabilities were presented graphically. The main effect of format was not significant (F
< 1).
Conditional choice functions (CCFs)
CCFs were scrutinized in repeated-measures regressions with mean RTs of the bins and
EV-conditions as predictors. In the graphed-probability format, coefficients for the EVconditions did not reliably differ from the intercept (congruent; see Table 9). Thus, all EVconditions revealed a strong preference of the lottery with the greater win probability in fast
decisions (Figure 8D). Further, the main effect of RT was not reliable, indicating that choice
proportions for congruent items did not substantially vary across RTs. However, significantly
negative slopes in the interaction terms revealed a decrease of lottery A choices with longer
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RTs in all other EV-conditions. This is compatible with the results of Experiment 1, where risk
aversion in the graphed-probability format was particularly strong in fast responses and
dropped for slower decisions. The pattern holds for pro-out and neutral trials, as well as for
pro-prob trials, where the decrease of lottery A choices comes at the cost of profitability.
Table 9
Repeated-measures regressions of lottery A choice proportions over EV-conditions and RTs in the two formats
of Experiment 2. Boldface marks significant predictors.
graphed-probability

graphed-outcome

Estimate

SE

t-value

p

Estimate

SE

t-value

p

(Intercept)

0.98263

0.00989

99.36

<0.01

0.93408

0.03175

29.42

<0.01

RT

-0.00001

0.00002

-0.33

0.74

0.00007

0.00004

1.63

0.12

pro-prob

0.03521

0.04733

0.74

0.47

-0.18269

0.08710

-2.10

0.05

neutral

-0.02907

0.07636

-0.38

0.71

-0.22080

0.07952

-2.78

0.01

pro-out

-0.03116

0.09041

-0.34

0.73

-0.25856

0.09936

-2.60

0.02

RT × pro-prob

-0.00024

0.00005

-4.40

<0.01

0.00008

0.00008

0.99

0.34

RT × neutral

-0.00026

0.00006

-4.04

<0.01

-0.00001

0.00004

-0.28

0.78

RT × pro-out

-0.00043

0.00007

-6.09

<0.01

-0.00012

0.00008

-1.45

0.16

CCFs in the graphed-outcome format yielded a different pattern. Here, differences
between the Intercept and the coefficients of the other EV-conditions revealed a reduced
propensity towards higher win probability: compared to the congruent intercept, regression
coefficients were significantly smaller in the pro-out, the neutral, as well as the pro-prob EVcondition. Thus, in line with our hypotheses, the graphical lottery outcome reduced risk
aversion in fast decisions. Notably, variations of choice proportions over time are visually small
(Figure 8D, right panel), and interactions with RTs are not reliable.
Discussion
With icon arrays as graphical lottery components, we again found strong risk aversive
preferences that showed up as larger choice proportions and faster responses for the option
with the higher win probability. Participants were also sensitive to the EV of lottery pairs.
Choice proportions of the safer lottery A dropped as the relative EV of the riskier lottery B
increased. Analogously, RTs increased as lottery A became less profitable across EVconditions. This confirms the finding of Experiment 1 that a deviation from risk aversive
preferences comes with longer decision times.
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Concerning format effects, choice proportions yielded no effect. Thus, we did not
replicate the finding of Experiment 1, where graphical outcomes enhanced risk aversion. This
supports our assumption that the effect resulted from comprehension difficulties of the
uncommon representation of outcome as pie charts. We therefore conclude that graphical
outcomes do not generally increase risk aversion. Notably, though, displaying outcomes as icon
arrays also did not show a reduction of risk aversion in choice proportions, which would be
expected if graphs increased the impact of outcomes.
Yet, the pattern of RT results indicates some format-driven modulations of risk
attitudes. The RT advantage for choices of the safer option was smaller when outcomes were
presented graphically. It appears that graphical outcomes facilitated choices of the riskier highoutcome lottery, suggesting reduced risk aversion in parts of the decision process.
The finding was corroborated in CCF analyses. As in Experiment 1, the graphedprobability format revealed strong risk aversion across all EV-conditions in fast responses. At
slower decisions, risk aversion decreased in the pro-out, neutral, as well as the pro-prob EVcondition. In contrast, the pattern was different for CCFs in the graphed-outcome format. Here,
significant main effects of the pro-out, neutral, as well as the pro-prob EV-conditions revealed
reduced risk aversion relative to the intercept at the fastest decisions, and the absence of
interactions with RT shows that this effect was relatively stable over the entire response time
distribution. Thus, RTs and CCFs in Experiment 2 together point to some reduction of risk
aversion in response to graphical outcomes.
EXPERIMENT 3
The previous two experiments varied presentation formats between participants.
Advantageously, this prevents decision makers from transferring response strategies from one
format to another, which might blur specific effects. As a flipside, it remains unclear whether
and how preferences change when the same participants are faced with different formats. Two
open questions therefore are: Would graphical outcomes reduce risk aversion when participants
have experience with other graphical and numerical constellations? And does the dominance
of risk aversion in rapid decisions generalize across formats that are exposed to the same
participants?
We addressed these questions in Experiment 3, where we manipulated presentation
formats within participants. Further, we increased the number of formats by fully crossing
lottery components (probability, outcome) and presentation format (numerical, graphical).
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Thus, in addition to the graphed-probability and the graphed-outcome format of the previous
experiments, we introduced an all-numeric and an all-graphed format, in which both
probabilities and outcomes were presented as numbers and graphs, respectively. Graphical
components were again represented by icon arrays (cf., Exp. 2), but due to the higher number
of formats, we implemented only two EV-conditions (pro-prob and pro-out).
Despite these changes, we expected (1) overall risk aversive preferences in choice
proportions and RTs, (2) reduced risk aversion in the graphed-outcome format, and (3) at least
in the graphed-probability format, stronger risk aversion in fast compared to slower decisions.
Methods
Participants
A total of 52 voluntary participants were recruited at the Universität Konstanz. Data
from four participants were excluded, because they did not comply with task instructions or
did not wear their vision aids during the experiment. Hence, data from 48 participants (33
female, mean age: 23.4 y; SD: 5.9 y) entered statistical analyses.
Task and stimuli
The task closely resembled Experiment 2. Participants made a total of 1056 choices
between pairs of lotteries A and B. Different from the previous presentation formats, graphed
(i.e., icon arrays) and numerical probabilities and outcomes were fully crossed within
participants. In particular, participants administered 264 lottery choices in each of four
presentation formats (Figure 9): all-numeric (i.e., numerical probability and outcome),
graphed-probability (together with numerical outcome), graphed-outcome (together with
numerical probability), and all-graphed (i.e., graphical probability and outcome). The graphedprobability and the graphed-outcome format were therefore very similar to those of Experiment
2, but now varied within the same participants. Presentation formats were blocked and their
sequence was counterbalanced across the 48 participants.
As in the previous experiments, probabilities as well as outcomes of lottery A and B in
each pair summed up to 100 percent and points (Euro cents), respectively. As a difference,
though, probabilities and outcomes now featured a greater variability. In lottery A, gain
probabilities took values between 59% and 91%, and outcome magnitudes between 49 points
and 1 point. Accordingly, probabilities in lottery B varied between 41% and 9%, and outcomes
between 51 and 99 points. Lottery A and B pairs set up two EV-conditions: in the pro-prob
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condition, EVs were higher in lottery A, whereas in the pro-out condition, they were higher in
lottery B. Additionally, the difference between EVs in lottery A and B was manipulated in two
levels (low, high). However, this factor revealed no interactions with presentation format and
is therefore not further pursued here.
Lottery characters had a visual angle of 0.46˚ horizontally and 0.69˚ vertically. Icon
arrays extended to a visual angle of 12.03˚. The distance from the array center to the fixation
cross was 9.17˚.

Figure 9. Stimulus example of Experiment 3. Lottery pairs in the presentation formats (A) all-numeric, (B) allgraphed, (C) graphed-probability, and (D) graphed-outcome. Presentation format was manipulated within
participants.

Procedure
The experiment was divided into four blocks, in which the lotteries were sequentially
presented in the four formats. At the beginning of each block, 13 practice trials familiarized
participants with the new format, and feedback informed about the outcome of the selected
lottery. In the following 264 main trials of each block, no feedback was given. Participants
took a short break between blocks and after half of the trials in each block.
Participants received course credits or a base payment of five Euros, and in addition,
the summed outcome of 24 randomly selected trials. Accordingly, lottery outcomes in
Experiment 3 symbolized Euro cents.
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Analyses
Compared to the previous experiments, RTs were slower in Experiment 3. Outlier
criteria were therefore adjusted, so that RTs faster than 100 ms or slower than 4000 ms were
excluded. This resulted in a total of 48,524 lottery choices with a drop of 5.6% in the allnumeric, 2.2% in the graphed-probability, 3.5% in the graphed-outcome format, and 5.8% in
the all-graphed format. We examined effects of presentation formats and EV-conditions on
choice proportions, RTs and conditional choice functions (CCFs).
Results
Choice proportions
Overall greater choice proportions of the lottery with the higher win probability (68 %
lottery A choices) confirmed risk aversive preferences. Choice proportions across EVconditions and presentation formats are listed in Table 10 (see also Figure 10A).
Table 10
Mean choice proportions of lottery A and RTs (lottery A and B choices combined) across EV-conditions and
presentation formats in Experiment 3.
Choice proportions

RTs (ms)

Format

pro-prob

pro-out

pro-prob

pro-out

all-numeric

0.83 (0.03)

0.55 (0.05)

1282 (82)

1302 (85)

graphed-probability

0.83 (0.03)

0.60 (0.05)

1047 (67)

1069 (69)

graphed-outcome

0.73 (0.04)

0.48 (0.05)

1213 (66)

1217 (67)

all-graphed

0.83 (0.03)

0.57 (0.05)

1238 (95)

1241 (90)

mean

0.80 (0.02)

0.55 (0.02)

1179 (62)

1189 (61)

Note: Numbers in parentheses reflect standard errors of means.

A two-way ANOVA on choice proportions with EV-condition (pro-prob, pro-out) and
presentation format (all-numeric, all-graphed, graphed-probability, graphed-outcome) as
within-subject factors yielded a significant effect of EV-condition, F(1,47) = 39.64, p < .001.
Higher choice proportions of lottery A in the pro-prob than in the pro-out EV-condition (Table
10) showed that participants were sensitive to the EV manipulation.
There was no interaction of EV-condition and presentation format, F(3,141) = 1.53, p
= .209. However, the main effect of presentation format was significant, F(3,141) = 5.56, p =
.001. Pairwise comparisons of the four formats revealed that choice proportions of lottery A
were lower in the graphed-outcome relative to the remaining formats (all ps < .01). Differences
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of choice proportions between all other formats (all-numeric, graphed-probability, all-graphed)
were not reliable (all ps > .40). Thus, graphical lottery outcomes together with numerical
probabilities was the only format that reduced risk aversion in choice proportions. This
reduction was independent from EV-condition, although fewer choices of lottery A were only
profitable in pro-out, but not in pro-prob trials.
Notably, the graphed-outcome format also yielded the highest gain (Euro cents) across
all trials (i.e., not the actual payoff, where only a subset of trials was selected). On average, the
overall gain per participant in the graphed-outcome format amounted to 48.44 EUR, which was
significantly higher than the gain in the graphed-probability (46.67 EUR, p = .037) and the allgraphed (45.74 EUR, p = .002) format. The difference to the all-numeric (47.16 EUR, p = .248)
format as well as differences between the other formats were not reliable (ps > .19).
RTs
Mean RTs (Table 10 and Figure 10C) were analyzed in a two-way ANOVA with EVcondition and presentation format as within-subject factors. EV-condition had no reliable
influence, neither as main effect nor in interaction with presentation format (Fs < 1). However,
a significant main effect of presentation format, F(3,117) = 3.92, p = .010, revealed that RTs
were faster in the graphed-probability than in all other formats (pairwise comparisons: all ps <
0.01). RT differences between the all-numeric, the graphed-outcome, and the all-graphed
format were not significant (pairwise comparisons: all ps > 0.34). Thus, the within-subject
design of Experiment 3 augments the results from Experiments 1 and 2 where RT advantages
of the graphed-probability format showed only up in numerical trends. This suggests that
graphic probabilities together with numerical outcomes reflect a highly intuitive format for
risky decision making.
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Figure 10. Empirical means in Experiment 3. (A) Choice proportions and (B) RTs across EV-conditions and
presentation formats. (C) Separate choice RTs for lottery A and B are averaged across EV-conditions. (D)
Conditional choice functions across five quantiles of RT distributions. Error bars reflect standard errors of means.

RTs for choices of lottery A and B were further examined in a separate two-way
ANOVA with the within-subject factors choice (lottery A or B) and presentation format (allnumeric, graphed-probability, graphed-outcome, all-graphed) (Figure 10B). The main effect of
choice, F(1,47) = 11.99, p = .001, revealed slower RTs for lottery B than for lottery A choices.
Further, a significant effect of presentation format confirmed the result of fastest RTs in the
graphed-probability format, F(3,141) = 4.082, p = .008. The interaction of choice ×
presentation format was not significant, F(3,141) = 1.88, p = .137, but exploratory post-hoc
tests within each presentation format confirmed the visual impression of Figure 10B that the
marked RT advantage of lottery A in the all-numeric (p = .001), the graphed-probability (p <
.001), and the all-graphed format (p = .012), is somewhat attenuated in the graphed-outcome
format (p = .072).
Conditional choice functions (CCFs)
CCFs were analyzed in repeated-measures regressions with mean RTs in the bins, EVconditions, and presentation format as within-subject predictors (Figure 10D). Relative to the
intercept (i.e., pro-prob EV-condition in the all-numeric format), Table 11 reveals three
significant effects. First, the pro-out EV-condition exhibits less lottery A choices. Second, a
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format-related decrease of risk-aversive choices is present only in the graphed-outcome format,
whereas effects of the graphed-probability and the all-graphed format are not significant. Third,
the RT × pro-out interaction reveals that lottery A choices in the pro-out condition decrease
with longer decision times across all formats, whereas the RT-dependent variation in the proprob EV-condition was not reliable and yielded only a trend for the interaction of RT x graphedprobability format.
Table 11
Repeated-measures regressions of lottery A choice proportions over EV-conditions and RTs in the four formats
of Experiment 3. Boldface marks significant predictors.
Estimate

SE

t-value

p

(Intercept)

0.86700

0.04870

17.80

<0.01

RT

-0.00005

0.00004

-1.45

0.15

pro-out

-0.16100

0.05960

-2.71

0.01

graphed-probability

0.04770

0.05360

0.89

0.38

graphed-outcome

-0.13900

0.04020

-3.47

<0.01

all-graphed

-0.00405

0.03780

-0.11

0.92

RT × pro-out

-0.00010

0.00003

-3.56

<0.01

RT × graphed-probability

-0.00008

0.00005

-1.71

0.09

RT × graphed-outcome

0.00005

0.00004

1.45

0.15

RT × all-graphed

0.00002

0.00004

0.55

0.59

pro-out × graphed-probability

0.03680

0.04030

0.91

0.37

pro-out × graphed-outcome

0.02480

0.04860

0.51

0.61

pro-out × all-graphed

-0.01810

0.03280

-0.55

0.58

RT × pro-out × graphed-probability

-0.00004

0.00003

-1.13

0.27

RT × pro-out × graphed-outcome

0.00001

0.00004

0.38

0.71

RT × pro-out × all-graphed

0.00001

0.00003

0.46

0.65

Discussion
Similar to the previous experiments, we observed risk aversive preferences in choice
proportions and RTs. Overall, the safer lottery A was chosen more often and more rapidly than
the riskier lottery B. Yet, choice proportions were not independent from profitability: the riskier
lottery B was selected more frequently in the pro-out than in the pro-prob EV-condition,
indicating that participants took lottery outcome into account in all presentation formats. The
safer lottery A also yielded faster RTs than lottery B, but compared to Experiments 1 and 2,
RTs were overall considerably slower. We speculate that this was a consequence of the within-
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subject design in Experiment 3, where changes of presentation formats may have reduced
response routines and encouraged participants to spend more time on decisions.
Importantly, we also found clear format effects. Relative to all other presentation
formats, choice proportions of the riskier lottery B were higher in the graphed-outcome format.
This is in line with the hypothesis that graphs can enhance the impact of outcomes and hence
increase risk taking. Indeed, presenting outcomes as icon arrays together with probabilities as
numbers was the only format that reduced risk aversion in choice proportions. This effect was
observed across EV-conditions, despite the fact that an increase of lottery B choices was only
profitable in pro-out, but not in pro-prob trials. We therefore suggest that the reduction of risk
aversion is due to the higher visual salience, and hence an attentional advantage of graphical
outcomes relative to numerical probabilities (Smerecnik et al., 2010). In addition to salience,
though, icon arrays hold the necessary accessibility to reflect outcomes (in contrast to piecharts in Exp. 1). Although the increase of risk taking in the pro-prob EV-condition reduced
profitability, the graphed-outcome format yielded the highest overall gain compared to the
other formats. This supports our claim that the reduction of risk aversion through an adequate
presentation format can optimize the profit of risky decisions.
The effects on choice proportions are neatly summarized in the CCF regressions.
Significant main effects attested reduced risk aversion across EV-conditions in the graphedoutcome format, as well as across all formats in the pro-out EV-condition. In addition, the
interaction of RT with the pro-out EV-condition demonstrates a decrease of risk aversion with
increasing decision time. Risk aversion is again dominant in fast decisions and declines with
RT. Interestingly, however, this effect now generalized across all presentation formats, whereas
similar dynamics of risk aversion in Experiments 1 and 2 only showed up in the graphedprobability format. We assume that the repeated exposure to different formats in the withinsubject design of Experiment 3 has caused strategy transfers and training effects between the
formats. Yet, over all three experiments our CCF analyses consistently show that risk attitudes
can change with RTs, attesting the value of examining decision dynamics.
Finally, presentation format also affected RTs, which were fastest in the graphedprobability format. This effect substantiates analogous numerical trends in Experiments 1 and
2. Together, the patterns indicate that deciding between risky options is easiest when
probabilities are shown as graphs, and outcomes as numbers. A plausible reason is that this
format is a common visualization of risky choices, such that its familiarity facilitates decisions.
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GENERAL DISCUSSION
Risk aversion – the preference of the safer choice option despite a more lucrative riskier
alternative – is a well-established phenomenon in decision making (K. Fiedler & Unkelbach,
2011; Holt & Laury, 2002; Kahneman & Tversky, 1984), which can lead to over-conservative
choices that are suboptimal for the maximization of decision outcomes. Because of potential
benefits from more risk taking, the identification of factors influencing individual risk
preferences without manipulating the content of the choice options is of great interest. One
plausible idea to reduce risk aversion is to modulate the format of risky information in a way
that increases the impact of outcomes relative to that of probabilities.
The present study addressed this issue and investigated effects of presentation format
on risk aversion in three gambling experiments. Participants repeatedly chose between two
lotteries with non-negative prospects, and we varied whether either probabilities or outcomes
(Exp. 1-3), or both (Exp. 3) were presented in a numerical or a graphical format. The rationale
was that increased attention to salient graphical outcomes may encourage decisions towards
riskier options with higher outcomes.
Despite a marked risk aversion with higher choice proportions and shorter RTs for the
safer lottery in all experiments, the results of Experiment 3 confirmed that graphical outcomes
can decrease risk aversion. Yet, not all graphs are suitable in this respect, and the choice of
non-intuitive graphs can even lead to the opposite effect (Exp. 1). Further, concerning decision
dynamics, we found strongest risk aversive preferences in fast responses, especially when risk
information was presented graphically (Exp. 1 and 2); at slower responses, risk aversion
declined. We discuss these results in more detail in the following.
Graphs vs. numbers
Prior research indicated that the format, with which information is presented, can
influence choices between risky options. Particularly, presenting probabilities as graphs instead
of numbers enhanced risk aversion, an effect that has been attributed to the higher salience of
graphs, which attracts attention. The resulting processing advantage increases the influence of
graphical information on the decision (cf., Chua et al., 2006; K. Fiedler & Unkelbach, 2011;
Smerecnik et al., 2010).
It is therefore tempting to assume that the direction of this effect can be reversed.
Presenting outcomes instead of probabilities as graphs should then enhance attention towards
outcomes and therefore increase choices of riskier options. However, K. Fiedler and Unkelbach
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(2011) reasoned that the advantage of graphed outcomes is weak and can even turn into a
disadvantage as graphical outcomes may increase cognitive demands.
Indeed, this is what we observed in Experiment 1. While pie chart probabilities yielded
strong risk aversion, presenting outcomes as pie charts enhanced rather than reduced risk
aversion. In line with K. Fiedler and Unkelbach’s prediction, we reasoned that pie charts are
uncommon and non-intuitive outcome representations and are therefore hard to evaluate. As a
consequence, decision makers relied on the accessible – and in this case numerical – probability
information, which resulted in preferences for the safer options. However, the increase of risk
aversion through pie-chart outcomes does not necessarily generalize to other graphical formats.
We therefore used icon arrays as graphs in two additional experiments. The results in
Experiment 2 were mixed. Choice proportions did not reveal a format effect, but a reduced RT
advantage for safer lotteries suggested some facilitation of risky choices when outcomes were
presented as graphs. Yet, clear evidence for reduced risk aversion was found in Experiment 3
where risky choices were more frequent in the graphed-outcome compared to three other
formats. Notably, choice proportions did not differ when both outcomes and probabilities were
shown graphically or numerically, so that the reduction of risk aversion was driven by the
specific combination of graphical outcomes with less salient numerical probabilities.
Thus, our results confirm that certain graphical outcomes can attenuate, albeit not
eliminate, risk aversion. This finding is not trivial considering previous reports of choice
insensitivity to different formats (Birnbaum, 2004, 2006; Birnbaum et al., 2008) as well as the
increase of risk aversion due to graphical outcomes in Experiment 1. The present study
therefore unveils possibilities and limits of format-related modulations of risk attitudes. We
used pie charts and icon arrays as two common graphical formats for risky decisions.
Obviously, though, there are countless other formats, some of which may well be better suited
to reduce risk aversion. Consequently, a systematic investigation of the visual features of
graphical formats would be a desirable next step to further guide this research. For instance,
psychophysical methods could help to assess how distinct salience parameters of graphs
translate into subjective representations of outcomes and probabilities 13. The usage of eye
tracking could additionally inform about attentional processes. The resulting evidence about
the role of stimulus format may eventually advance models of decision making.

13

We thank a reviewer for suggesting this point.
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Correlates of risk aversion
In addition to the demonstration of format effects, our study enriches the landscape of
correlates of risk preferences. Risk aversion, usually assessed via choice proportions, is
reflected in more choices of the safer option (Holt & Laury, 2002; Kahneman & Tversky,
1984). Also in our experiments we observed a marked risk aversion in choice proportions
across all conditions. Overall, participants selected the safer lottery in around 75% of the trials,
and even in trials featuring a higher EV for the riskier lottery (i.e., pro-out EV-condition),
participants opted for the safer alternative in 58% of all choices. Risk aversive preferences were
also reflected in RTs. Faster responses for the safer lottery indicated that decisions following
the higher win probability were easier than those relying on the higher outcomes of the riskier
lottery (cf., Rubinstein, 2013). This observation is in line with previous findings of shorter RTs
for preferred choice options (Busemeyer & Townsend, 1993; Jamieson & Petrusic, 1977;
Petrusic & Jamieson, 1978).
Going beyond the separate examination of RTs and choice proportions, we considered
the two measures jointly in conditional choice functions (CCFs; Haffke & Hübner, 2015).
Clearly, CCFs permit no inferences about causal relationships between RTs and choice
proportions, but they inform about the dynamics of risk preferences and, in the present study,
revealed that risk aversion varies with RTs. When probabilities were presented graphically in
Experiments 1 and 2, choice preferences for the safer option were particularly expressed in fast
responses, irrespective of lottery EVs, whereas risk aversion was lower for slower decisions.
This decline was not restricted to the pro-out condition, where the riskier lottery offered the
higher EV. The same trend was observed in the pro-prob condition, where profitability was
actually reduced when risk aversion dropped. Thus, slower decisions in Experiments 1 and 2
did not necessarily increase profitability.
This may seem surprising, because longer RTs are often associated with controlled
information processing and hence expected to result in better decisions. However, this
conclusion is problematic since slower responses can also result from low preferences or low
discriminability between options (Krajbich et al., 2015). Nevertheless, the dynamics in the
CCFs are informative, and decision theories may capture the expressed risk aversion at fast
RTs as a response bias that leads to a selection advantage of the safer option. For instance,
models of evidence accumulation assume that, for binary choices, stimulus information is
accumulated over time until one of two response criteria (i.e., one for each option) is reached
and the associated response is initiated (e.g., Ratcliff, 1978; Ratcliff & McKoon, 2008).
Response biases occur if one of the criteria is closer to the initial level of evidence at the
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beginning of the accumulation process (e.g., through a shift of the starting point of evidence
accumulation or through asymmetric response criteria). In risky decisions, such a bias towards
the criterion for the safer option would lead to a greater proportion of safe lottery choices
especially at fast RTs – i.e., the pattern we observed in the graphed-probability format of
Experiments 1 and 2 (cf., Mulder, Wagenmakers, Ratcliff, Boekel, & Forstmann, 2012).
Response biases may therefore contribute to the impression of sometimes automatic-intuitive
characteristics of risky decisions (cf., S. Fiedler & Glöckner, 2012).
Interestingly, in the graphed-outcome format of Experiments 1 and 2, the CCFs
revealed no variation of choice proportions over RTs. With pie charts (Exp. 1), risk aversion
remained high even for slow responses. With icon arrays in (Exp. 2), risk aversion was reduced
already at fast decisions. The graphed-outcome format therefore yielded rather stable
preferences across RTs, consistent with a reduced response bias in the context of evidence
accumulation.
In comparison, CCFs in Experiment 3 revealed a decrease of risk aversion with longer
RTs in all presentation formats within the pro-out EV-condition. Thus, also the graphedoutcome format showed expressed – and perhaps biased – risk aversion under rapid responses.
Yet, this fast trend was absent in the pro-prob EV-condition. Overall, decisions in Experiment
3 therefore became more profitable with increasing RTs. A potential reason for this difference
to Experiments 1 and 2 is that repeated exposure to different presentation formats in the withinsubject design of Experiment 3 enabled participants to gain experience with the formats and to
transfer response strategies that supported the optimization of decisions. Indeed, the reduction
of risk aversion in the graphed-outcome format increased the overall gains of participants.
In summary, this study shows that choice proportions and RTs as well as their
combination (CCFs) reflect useful correlates of risk preferences, which provide unique
information. So far, psycho-economic studies often base their conclusions on choice
proportions and provide no or only superficial RT analyses (e.g., Demaree, Burns, DeDonno,
Agarwala, & Everhart, 2012; Dong, Lin, Zhou, & Du, 2014; Glöckner et al., 2012; Hertwig et
al., 2004; Holt & Laury, 2002; Pachur et al., 2013; Payne & Braunstein, 1978). One plausible
reason is, of course, that RT recording is not always practical, as for instance in paper-pencil
experiments. However, RT measures may sometimes also be omitted because they seem not to
be of interest. Our results argue against this view as they show that RTs and CCFs can augment
the understanding decision dynamics.
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CONCLUSIONS
The present results demonstrate that graphical representations of lottery outcomes can
reduce risk aversion. We propose that this effect is due to the greater salience of graphs, which
attracts attention to larger outcomes and therefore increases the readiness to opt for riskier
choices. Non-intuitive formats, though, can yield the opposite effect. Thus, our findings support
the view that information format in risky decisions is a non-trivial factor, which deserves
further investigation.
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ABSTRACT
In this study, we examined whether analytical methods from perceptual decision
making research and fits of a Ratcliff diffusion model to lottery gambling data can help to
further understand choice preferences under risk. In separate gain and loss sessions,
participants were first presented with a sure monetary outcome followed by a simple lottery
(Exp. 1), which offered a higher outcome with a certain probability (or nothing otherwise). In
another experiment, this order was reversed and the lottery was followed by a sure monetary
outcome (Exp. 2). The lotteries varied in their expected value (EV; 80%, 100%, or 120%)
relative to the sure outcome. As a result, in the gain domain, participants’ sure outcome choices
increased with decreasing EV of the lottery, whereas for the loss domain, the pattern was
reversed, and more lotteries were chosen as their EV decreased. Furthermore, choice
preferences varied with response times. We scrutinized these dynamics with diffusion models
of varying complexity (Voss & Voss, 2007). The results can be summarized as follows: (I) A
simple model successfully accounted for a large portion of the choice behavior. Parameters
indicated (II) changes in the drift rate in accordance to the lottery’s EV. When the sure outcome
and the lottery’s EV were about the same, the drift rate was close to zero indicating indifference
between choice options. With decreasing EV, evidence accumulated towards the sure-outcome
boundary in the gain domain or towards the lottery boundary in the loss domain. (III) A higher
decision boundary in loss gambles pointed to a more conservative response strategy compared
to gain gambles. (IV) When the sure outcome was presented first (Exp. 1), a shift of the starting
point of the diffusion process towards sure outcomes in the gain compared to the loss domain
supports the notion of a response bias in differently framed monetary gambles. When the lottery
was presented first (Exp. 2), there was no overall shift of the starting point as fast choice were
relatively indifferent. For Exp. 2, however, a Ratcliff diffusion model could not account for
this particular pattern. Taken together, our study shows that risky decision making is
characterized by an interplay of several mechanisms and that diffusion models – within certain
limitations – are a feasible tool for analyzing choice performance in risky choices.
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INTRODUCTION
Formal theories of decision making under risk show that the calculation of expected
values permits the most profitable choice in the long run. However, individuals rarely adhere
to such normative choice rules, but mostly apply a mixture of heuristics and integrative decision
strategies. Up to now, research has revealed many facts about which heuristics and strategies
are applied under given circumstances. Yet, little is known about the underlying mental
processes and their dynamics. To reduce this deficit, there has been an increasing interest in
process-tracing techniques (e.g., Johnson, Schulte-Mecklenbeck, & Willemsen, 2008; SchulteMecklenbeck, Kühberger, & Ranyard, 2011), such as active information search (e.g., Huber et
al., 2011), eye-tracking (e.g., S. Fiedler & Glöckner, 2012; Glöckner & Herbold, 2011), or
mouse-tracking (e.g., Koop & Johnson, 2011). With these tools researchers are able to observe
the order in which of the provided information is considered by the decision maker at a certain
time, or whether pieces of information are ignored.
As an alternative to process-tracing techniques, one can also apply dynamic models to
investigate mental processes and their dynamics. For example, instead of just relying on the
proportions of the possible decisions, which is the usual in research of economic decision
making, one can also register the decision (response) times. By means of dynamic decision
models, e.g. evidence accumulation models, the involved mental processing can then be
inferred from the behavioral data (e.g., Hübner et al., 2010). Especially informative in this
respect are cumulative response time distributions and conditional accuracy functions. For
instance, in studies of decision making under conflict with the flanker task (Eriksen & Eriksen,
1974), researchers uncovered that, under conflict, wrong choices occurred more frequently for
faster compared to slower decision (e.g., Gratton et al., 1988; Hübner & Töbel, 2012). Although
these analysis and modeling methods have also been suggested as promising for research on
economic decision making (Gaissmaier, Fifić, & Rieskamp, 2011; Jamieson & Petrusic, 1977),
they have mainly been applied in the field of perceptual decision making research.
The aim of the present study was to examine to what extent the analysis of response
times and the application of dynamic models are appropriate for modeling economic decisions
under risk. For this objective we used simple monetary gambles in which participants had to
choose between a sure outcome and a lottery. We varied two factors of which we assumed that
they modulate the time course of information processing and integration.
One factor was the choice domain, i.e., the gambles could lead to gains or losses. It is
well known that people are risk averse. That is, in the gain domain they tend to prefer the less
risky option, even if the riskier option has a higher expected value. In contrast, when losses are
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involved, people tend to be risk seeking and prefer the riskier lottery (e.g., Kühberger, 1998;
Kühberger, Schulte-Mecklenbeck, & Perner, 1999; Tversky & Kahneman, 1981). At the level
of choice proportions, current theories can successfully account for the observed asymmetry
(e.g., Prospect Theory; Kahneman & Tversky, 1979; Tversky & Kahneman, 1992). Regarding
decision times, however, theories remain largely silent or relatively unspecific. Moreover,
available results are rather inconclusive. Whereas some researchers found faster choices in gain
compared to loss trials (e.g., Wegier & Spaniol, 2015), others found no differences in decision
times between gambles framed as gains or losses (e.g., De Martino, Kumaran, Seymour, &
Dolan, 2006). The preference for sure outcomes in the gain domain can be thought of as a
response bias towards the sure outcome, while a bias towards the lottery option can explain
choice preferences in the loss domain. Furthermore, faster decisions in the gain compared to
the loss domain may be the result of a more liberal response style. Accordingly, preferences
for one or the other option should also be distinctly expressed by RTs in the choice domains,
as well as by the parameter values of fitted dynamic models.
The other factor that was varied in the present study was the order in which the sure
outcome and the lottery occurred. Usually, information about the choice options is presented
simultaneously on the display (Kühberger, 1998). In this case, several processing strategies are
possible: For instance, the option that is processed first produces a choice bias that
predetermines the choice of a specific option. Accordingly, the response times should be
relatively short and the choice proportions should reveal a preference for one or the other
option. Alternatively, it is possible that a decision is based on information integrated from both
options. If this is the case, then the response times should be longer. Finally, it is conceivable
that there is a mixture of both strategies. In any case, each strategy should produce a specific
dynamic pattern of choice proportions and response times (Evans & Stanovich, 2013; Haffke
& Hübner, 2015). To have some control of the chronological order in which the options are
processed, we varied the presentation order between our experiments. In Experiment 1, the sure
outcome was presented before the lottery, whereas in Experiment 2 the order was reversed.
The performance observed in our experiments should be modeled by evidence
accumulation models, specifically drift diffusion models (DDMs) (Ratcliff, 1978). For the twooption choice task applied in the present study the main idea of a DDM is that evidence for one
or the other option is accumulated over time until a threshold is reached that determines which
option is chosen. DDMs comprise parameters that offer a psychologically meaningful
interpretation, which can provide a better understanding of the processes underlying decisions
under risk. Whereas DDMs have successfully been applied in various areas, they were barely
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used for modeling risky choices, of which a notable exception is decision field theory (DFT;
Busemeyer & Townsend, 1993). Although there is an increase of the applications of DFT and
its adaptations to decision making under risk, in particular to so-called decision from
experience (e.g., Markant et al., 2015; Zeigenfuse et al., 2014), parameters estimates have
rarely been subjected to a comparative analysis between different types of risky gambles and
choices domains. Thus, testing the extent to which the Ratcliff’s DDM can be applied to such
tasks, and how choice preferences could manifest themselves in terms of diffusion model
parameters is another objective of the present work.
We expected that the drift rate – a parameter that represents the strength of evidence
accumulation – will vary with the difference between the options’ expected values (EVs).
Usually, choices are slower and less confident if the two options have a similar EV (e.g., Ayal
& Hochman, 2009). Accordingly, the drift rate should be very small in such cases. With
increasing EV-differences, the drift rate should reliably reflect the attractiveness of one or the
other option. That is, if in the gain domain a lottery has a higher or lower EV than the sure
outcome, then evidence accumulation should proceed in favor of the lottery or of the sure
outcome, respectively. Therefore, both the magnitude of the drift rate, was well as its sign can
provide useful information of how information in risky choice problems is represented. The
starting point parameter of the DDM, on the other hand, could indicate a choice bias for a
specific option.
EXPERIMENT 1
In our first experiment the participants had to choose between a sure outcome that was
presented first and a subsequent lottery, where the expected value of the lottery could be lower,
equal, or higher than the magnitude of the sure outcome. Gain and loss conditions were realized
in separate sessions. We hoped that the analyses of both choice proportions and response times
will reveal the dynamics of information integration in risky decision making. Moreover, to
evaluate our findings, we also fitted DDMs to our data that varied in the number of free
parameters.
Methods
Participants
Twenty participants (13 female) between the age of 19 and 25 years (M = 21.7; SD =
1.58) were recruited via our online system (Greiner, 2015) for two consecutive sessions, with
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the second session on the next day. 14 The participants received base payment of €7 per session.
In addition, seven trials were randomly drawn in each session and corresponding gambles were
played by the computer. The outcome was either added to the base payment (gain session) or
subtracted from a €6 start-up capital, which was added to the base payment (loss session).
Material and procedure
The experiments were programmed and conducted using the software Presentation®
(Version 14.7 Build 11.10.10, www.neurobs.com), the analyses were conducted with R (R
Development Core Team, 2016), and visualized using the package ggplot2 (Wickham, 2009).
The experimental procedure of the monetary gamble was as follows (see also Figure
11). In separate gain and loss sessions, participants were first presented with a sure monetary
outcome in the center of the screen for one second. Then a fixation appeared, shortly after
which a lottery was presented. Participants had to choose between the sure gain [loss] and the
lottery offering a potential gain [loss] by clicking the corresponding left or right mouse button.
Each choice was followed by information about the decision speed in milliseconds, after which
participants had to rate their choice confidence (“How sure were you during your choice?”) on
a 4-point Likert scale ranging from very unsure (1) to very sure (4).
The probabilities in each lottery were presented as pie chart in the center of the screen,
with the corresponding outcome opportunity positioned in the center of the pie chart. Gain or
loss probabilities were either 25% or 75%, illustrated as colored portion of the pie chart. The
lotteries’ values were either 50 (euro) cents or 100 cents. Both probabilities and outcomes were
jittered with a range of ± 5 % or cents. Jittering substantially increased the variability of
lotteries, thus decreased boredom during the task, without affecting the main manipulation:
The lotteries’ EVs were either 80% (lower), 100% (equal), or 120% (higher) of the sure
outcome, resulting in an outcome range of 7 to 100 cents. While all numbers were positive in
the gain domain, a negative algebraic sign was added for the loss domain.
Participants were seated approximately 55 cm away from the monitor that had a
resolution of 1280 × 1024 pixels. All pie chart graphics had a visual angle of approximately
10.7° both horizontally and vertically. Lottery values as well as sure monetary outcomes were
presented with a text size of approximately 1.4° × 0.9°.

The experiment was performed in accordance with the ethical standards laid down in the 1964 Declaration of
Helsinki and its later amendments. In agreement with the ethics and safety guidelines at the Universität Konstanz,
we obtained a verbal informed consent statement from all individuals prior to their participation in the study.
Potential participants were informed of their right to abstain from participation in the study or to withdraw consent
to participate at any time without reprisal.
14
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In sum, the experiment comprised a 2 (50 cents vs. 100 cents) × 2 (25% vs. 75%) × 3
(lower vs. equal vs. higher EV) design, tested with 24 trials in each of the 14 blocks per session.
For both analysis and modeling, however, we focused on the EV-conditions.

Figure 11. Experiment procedure of Experiment 1.

Behavioral results
For each participant, RTs smaller than 100 ms and those outside the range of +/– 2 SDs
were considered as outliers and excluded from analysis.
The general idea of our analytical approach was to perform analyses that are similar to
those used in perceptual decision making research, in order to get a full picture of the behavioral
data. Firstly, we computed mean choice proportions as well as mean response times across the
three EV-conditions and separately for the gain and loss domain, in order to reexamine the
extent to which these measures are related to changes in the attractiveness of the lottery and
the sure outcome, respectively. Secondly, the behavioral data was thoroughly analyzed using
conditional choice functions (CCFs). CCFs were constructed for every participant and each of
the three EV-conditions by sorting the corresponding data (according to RTs) into five 20%
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bins. We then computed the proportion of sure outcome choices and the mean RT for each bin.
The resulting values were then averaged across participants in order to obtain a group
distribution. In previous studies on decisions between lottery pairs, we found that the
preference for high-probability options was strongest for fast responses (Haffke & Hübner,
2015), in particular when probabilities were represented graphically (Dambacher et al., 2016).
Here, we examined whether similar dynamics can be observed for preferences between lotteries
and sure outcomes.
Choice proportions
A 2 (choice domain: gain vs. loss) × 3 (lottery-EV: lower vs. equal vs. higher) repeatedmeasures ANOVA of participants’ proportion for choosing the sure outcome over the lottery
revealed a significant interaction effect, F(2, 38) = 49.20, p < .001, ηG² = 0.352. No other effects
were found.
Figure 12A shows the proportions of sure outcome choices in the gain and the loss
domain. In detail, participants’ choices of the sure outcome in the gain domain were
particularly high for lotteries with a low EV (M = 70.0%; SD = 20.2%), further decreased to
chance level when sure gains and lotteries had the same EV (M = 55.9%; SD = 18.1%), and
were the lowest when the lottery EV was high (M = 37.7%; SD = 16.9%). The differences
between the three conditions in the gain domain were significant, ts > 5.30, ps <. 001, and
Cohen’s ds > 1.19.
For the loss domain, the pattern was reversed. Fewer sure losses were chosen in the
lower-EV condition (M = 31.4%; SD = 19.4%). This proportion increased to chance level when
the EV of the potential loss was the same as the sure loss (M = 50.7%, SD = 20.6%), and was
the highest when the lottery had a higher EV (M = 68.5%; SD = 22.6%), ts > 4.37, ps <. 001,
and Cohen’s ds > 0.77.
Response time
We submitted the RTs to a 2 (response: sure outcome vs. lottery) × 2 (choice domain)
× 3 (lottery-EV) repeated measures ANOVA. We obtained a significant main effect of choice
domain, F(1, 19) = 8.40, p < .01, ηG² = 0.047. Choices were faster in the gain domain (M =
1024 ms, SD = 509 ms) than in the loss domain (M = 1237 ms, SD = 512 ms). As we also
obtained a two-way interaction of choice domain × response, F(1, 19) = 6.31, p < .05, ηG² =
0.006, and a three-way interaction, F(2, 38) = 4.57, p < .05, ηG² = 0.004, we abstain from
reporting more details of this ANOVA here. Instead, we examine the interactive pattern using
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post-hoc ANOVAs on the factors response and lottery-EV separately for the gain and the loss
domain.
In the gain domain, a significant effect of the response was obtained, F(1, 19) = 4.57, p
< .05, ηG² = 0.014. Participants’ lottery choices (M = 1073 ms, SD = 581 ms) were slower
compared to choices of the sure gain (M = 955 ms, SD = 421 ms). No other effects emerged.
In the loss domain, we found a significant interaction of participants’ responses and the
lottery-EV, F(2, 38) = 3.83, p < .05, ηG² = 0.006. Figure 12B shows that lottery choices (M =
1164 ms, SD = 453 ms) were faster than choices for the sure loss (M = 1275 ms, SD = 549 ms)
when the lotteries’ expected value was lower. For equal EVs, lottery choices were still faster
(M = 1209 ms, SD = 527 ms) than sure outcome choice (M = 1269 ms, SD = 555 ms), but the
differences in decision speed was reduced. The opposite pattern was found for higher-EV
lotteries, for which participants chose the sure loss (M = 1216 ms, SD = 483 ms) quicker than
the lottery option (M = 1286 ms, SD = 549 ms).

106

Figure 12. Choice proportions and response times for Experiment 1. Error bars indicate 95% confidence intervals.
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Figure 13. Conditional Choice Functions for Experiment 1. Points show empirical data and lines show simulated
data using parameters of Model #1.

Conditional Choice Functions
We analyzed the CCFs separately for the gain and the loss domain. In each analysis,
we submitted the proportions for sure outcome choices to a 5 (bin) × 3 (lottery-EV) repeated
measures ANOVA.
We found a significant main effect of bin in the gain domain, F(4, 76) = 5.69, p < .001,
ηG² = 0.067, indicating that the proportion of sure gain choices changed with RT. Participants’
proportions of sure outcome choice declined from fast responses (first bin: M = 65.4%, SD =
35.7%) to slow responses (fifth bin: M = 48.1%, SD = 21.6%). In addition, a significant main
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effect of the lotteries’ EV was obtained, which we already reported in an above section, F(2,
38) = 47.70, p < .001, ηG² = 0.257. There was no statistically meaningful interaction.
For the loss domain, we again obtained a significant main effect of the factor lotteryEV as already reported above, F(2, 38) = 41.21, p < .001, ηG² = 0.281. No other effects
emerged.
In Experiment 1, participants repeatedly chose between a sure monetary outcome and
a competing lottery, with the sure outcome being presented first. Effects of how choices were
presented in terms of gains or losses have not been found on the level of aggregated choice
proportions. Rather, choices were guided by the lottery’s expected values in the respective
domain. This holds particularly for cases where the lotteries’ EV was higher or lower than the
sure outcome, whereas choice behavior was indifferent when lottery EV and sure outcome were
the same.
In addition, preferences were observed as differences in response times between choice
options. In the gain domain, sure outcomes were chosen faster than the lottery alternatives. In
the loss domain, lottery choices for higher- and equal-EV lotteries were faster compared to sure
outcome choices.
We also considered the dynamics of choice preferences by taking into account joint
effects on response times and choice proportions. Based on previous findings (Dambacher et
al., 2016; Haffke & Hübner, 2015), we expected that choice preferences (e.g., for sure
outcomes in the gain and for lotteries in the loss domain) are particularly expressed in fast
responses. The prediction was confirmed for the gain domain, where more sure gain choices
were made for fast compared to slow responses. The choice pattern in the loss domain, in
contrast, was rather invariant since flat CCFs indicated no change in choice proportions as a
function of RT.
We now turn to DDMs in order to obtain complementary insights as to how the
differences in the CCFs patterns can be explained, by taking a closer look at the differences of
fitted parameters.
Diffusion modeling
In the simplest version introduced by Ratcliff (1978), the diffusion process is
determined by four parameters: the drift rate (v) represents the speed of information
accumulation, the decision boundary (a) marks the threshold that has to be reached for an
option to be chosen, and the starting point (zr or z) that indicates a response bias towards one
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or the other option. The time for stimulus encoding, response preparation, and motor execution
falls into the non-decisional time (t0 or terr). A more complex version of the diffusion model
also accounts for inter-trial variability of drift rate (sv), starting point (szr), and the nondecisional time (st0), for which freely available software packages (DMAT: Vandekerckhove
& Tuerlinckx, 2008; fast-dm: Voss & Voss, 2007) facilitate its application.
We submitted the data to diffusion models of different complexity using fast-dm-30.2.15
We separately modeled each of the three EV-conditions in the gain and loss domain for every
single participant. The precision level was set to 3. Three estimation procedures are
implemented in fast-dm, of which we decided to use the Kolmogorov-Smirnov (KS) procedure.
This method is efficient, robust, and less sensitive to outliers compared to, for example, the
Maximum-Likelihood method (Voss, Voss, & Lerche, 2015). Most importantly, only the KS
procedure resulted in reasonable estimates for the inter-trial variability parameters (such as szr)
for the most complex model, such that they could be used for data generation. Three different
models were fitted and the obtained parameter sets were then analyzed.
Model #1 consisted of six parameters. The starting point (zr), the decision boundary
(a), and the non-decisional time (t0) were fixed across EV-conditions, whereas the drift rate (v)
varied freely across the three EV-conditions and hence resulted in three parameters.
Model #2 consisted of twelve parameters. In addition to the drift rate (v), the starting
point (zr), boundary (a), and non-decisional time (t0) were allowed to vary freely across the
three EV-conditions. This allows a more thorough detection of differences as a result of
stimulus (pre-)processing.
In our last model, Model #3, we tested the full Ratcliff diffusion model. That is, the
seven parameters of the RDM were all allowed to vary freely, leaving 21 parameters to be
estimated.
For each model, we analyzed whether the parameters differed significantly across EVconditions (if applicable) using a one-way analysis of variance. We predicted effects of EVconditions on drift rates, whereas the modulation of the starting point or the boundary in Model
#2 and #3 would point to influences on response selection prior to lottery onset. This is not
reasonable in Experiment 1, as the sure value did not inform participants about the EV of the
upcoming lottery. Further, we tested whether the starting points, boundaries and non-decisional
times differed in gain versus loss gambles using paired t-tests.

15

The software fast-dm can be downloaded at http://www.psychologie.uni-heidelberg.de/ae/meth/fast-dm/.
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Fast-dm’s KS estimation procedure does not provide classical fit indices by default,
such as BIC or AIC, to compare the fit of competing models. Model fit was therefore assessed
by comparing the empirical data with simulated data using the estimated parameter sets. To
quantify the observed deviations of empirical and simulated data in the CCFs, we computed G²
statistics (cf. Ratcliff & Smith, 2004):
𝐽𝐽

𝑝𝑝𝑖𝑖
𝐺𝐺 2 = 2 � 𝑁𝑁𝑝𝑝𝑖𝑖 ln � �
𝜋𝜋𝑖𝑖
𝑖𝑖=1

Here, pi is the observed proportion in the ith bin, πi is the proportion in this bin predicted
by the considered model, and N is the average number of all observations. Because the three
EV-conditions were fit separately for the two choice domains (gain/loss), G² was computed for
each of these cases based on J = 10 bins (with five RT bins for sure outcome choices and five
for lottery choices). In order to penalize for model complexity, a BIC was derived from G².
The overall means of these fit indices are reported in Table 12.
Table 12
Fit indices for the three tested models across the two experiments.

Experiment 1

Experiment 2

Model

Number of
parameters

G²

BIC

#1

6

78.0

116.8

#2

12

61.0

138.6

#3

21

49.7

185.5

#1

6

82.4

121.2

#2

12

61.2

138.8

#3

21

52.1

187.9

Notes. BIC: Bayesian Information Criterion

1.636
·

1.554
*

1.597
.112

-0.050

-0.528

***

0.458

-0.025

-0.441

***

0.479

-0.028

-0.590

***

equal

higher

p

lower

equal

higher

p

lower

equal

higher

p

1.636

0.321

1.623

1.710

1.596

1.711

1.636

a

v

LotteryEV
lower

.879

0.541

0.554

0.547

0.699

0.515

0.541

0.521

·

0.543

0.543

0.543

zr

.082

0.488

0.446

0.377

*

0.466

0.412

0.333

·

0.362

0.362

0.362

t0

.244

0.525

0.615

0.553

·

·

·

·

·

·

·

·

sv

.412

0.302

0.252

0.285

·

·

·

·

·

·

·

·

szr

.648

0.258

0.299

0.289

·

·

·

·

·

·

·

·

st0

***

0.637

0.068

-0.515

***

0.608

0.095

-0.428

***

0.517

0.068

-0.396

v

.129

1.948

1.798

1.866

.081

1.946

1.769

1.839

·

1.903

1.903

1.903

a

.383

0.473

0.487

0.507

.245

0.451

0.475

0.495

·

0.471

0.471

0.471

zr

.139

0.514

0.562

0.481

.202

0.447

0.510

0.440

·

0.430

0.430

0.430

t0

Loss domain

.514

0.504

0.538

0.464

·

·

·

·

·

·

·

·

sv

.950

0.326

0.314

0.319

·

·

·

·

·

·

·

·

szr

.408

0.326

0.347

0.279

·

·

·

·

·

·

·

·

st0

Notes. v: drift rate; a: decision boundary with 0 as lower boundary (lottery choices) and the value in the table as upper boundary (sure outcome choices); zr: relative
starting point (zr = z / a) scaled from 0 to 1; t0: non-decisional time; sv/szr/st0: inter-trial variability of v, zr, and t0; p-values are related to differences across
lottery-EVs.

#3

#2

Model
No.
#1

Gain domain

Diffusion model parameter estimates for Experiment 1
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Analysis of estimated parameters
The parameters of the three models that we fitted to the data are presented as overall
averages in Table 13. In order to select the model of which the parameters will be further
analyzed, each model’s deviation of simulated from empirical data in the CCFs was represented
as averaged G² value. As Table 12 indicates, the overall deviation decreased with model
complexity. However, all models substantially underestimated response times in the slowest
CCF bin, for gain gambles in particular. Taking into account both BIC values (which penalize
a high number of model parameters) and between-model consistency of parameter analyses
across lottery-EV conditions, Model #1 was considered as the most suitable model and its
parameters were subjected to further analyses.
Gains vs. losses
To further understand the processes underlying the differences of information
processing between gain and loss gambles, we first compared starting points (zr) of both
domains. Values of around 0.5 indicate no bias for one or the other choice option, zr > 0.5
indicates a response tendency for sure outcomes, and zr < 0.5 points to a bias for lottery
responses. Indeed, we found a significant difference between gain (M = 0.542, SD = 0.092) and
loss (M = 0.471; SD = 0.083) gambles; t(19) = 2.26, p < .05, Cohen's d = 0.51. In addition, zr
tended to differ from 0.5 in the gain domain, t(19) = 2.09, p = .051, Cohen's d = 0.47, but not
in the loss domain, t(19) = -1.59, p = .129, Cohen's d = 0.35.
We also found that the decision boundary (a) differed significantly between gains (M
= 1.636; SD = 0.568) and losses (M = 1.903; SD = 0.559), indicating more conservative choices
when gambles were framed as losses, t(19) = -3.30, p < .01, Cohen's d = 0.74.
No differences were found for the non-decisional time (t0), t(21) = -1.48, p = .155,
Cohen's d = 0.33.
Lottery EVs
As Model #1 allowed the drift rate (v) to vary across the three lottery-EV conditions,
we tested for differences across these groups and found varying drift rates depending on the
lottery-EV in both the gain and the loss domain, Fs > 41.62; ps < .001, ηG² > 0.268. Yet, the
pattern of evidence accumulation was different for gains and losses. For both domains, when
the lottery’s EV was equal to the sure outcome, the drift rate was close to zero signaling high
choice difficulty through indifference between the response options. In the gain domain,
evidence was sampled in favor of the lottery for higher-EV lotteries (negative v), but in favor
of the sure outcome when lower-EV lotteries were involved (positive v). Signs changed in the

113
loss domain, that is the drift rate was positive for higher-EV lotteries and negative for lowerEV lotteries, yet the magnitude of the drift rate was similar across both domains.
These results remained consistent with more complex models, since highly similar
results were found for Model #2 and Model #3. Differences were as follows: For Model #2,
the starting points in the gain domain did not differ from 0.5 (p = .132) and the boundary varied
across lotteries’ EV. This did not hold for Model #3, for which the difference of starting points
between gains and loss was only marginally significant (p = .073), but the starting points in the
gain domain differed significantly from 0.5 (p < .05).
Interim discussion of Experiment 1
The analysis of the behavioral data using CCFs already suggested a stronger tendency
for sure outcome choices in gain but not in loss gambles. Further support for the notion of a
domain-dependent response bias came from the analysis of diffusion model parameters. In
particular, a shift of the starting point parameter indicated a response bias towards sure outcome
choices for gain gambles and towards lottery choices for loss gambles. This, however, was
largely driven by the starting point shift in gain gambles, for which values differed also from
0.5. This is important as a relative starting point of 0.5 results in flat CCFs, such as the ones
obtained when participants were presented with loss gambles. Deviations from 0.5, on the other
hand, lead to a curvilinear pattern in the CCFs as observed for gain gambles.
Furthermore, a higher decision boundary in the loss domain indicated a more
conservative response strategy compared to the gain domain. This is in line with faster
responses observed for gain gambles (e.g., Wegier & Spaniol, 2015). As predicted, the drift
rate that represents the speed of information acquisition was sensitive to differences in the
lottery’s EV. When the EV of the lottery and the sure outcome were about the same,
information acquisition was slower than for larger EV-differences. This corresponds well to
behavioral observations of quicker and more confident choices when two options are
characterized by dissimilar EVs (e.g., Ayal & Hochman, 2009). Moreover, the direction of the
information accumulation was related to both the domain of the gambles and the attractiveness
of the lotteries. In gain gambles with lower-EV lotteries for which the alternative sure outcome
was the more attractive choice, the drift rate was positive. This pointed to information
accumulation towards the sure outcome boundary. In the loss domain, on the other hand, lowerEV lotteries were more attractive as they may result in a smaller loss in the long run.
Accordingly, a negative drift rate suggested that information was accumulated towards lottery
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choices. For higher-EV lotteries, the pattern was reversed, i.e. they were related to a negative
drift rate in the gain domain and a positive drift rate in the loss domain. These results suggest
that multiple mechanisms come into play to shape behavior in risky choices, such as response
biases as well as a biased evidence accumulation. Despite such complex processes, though, a
relatively simple diffusion model could account well for the dynamic choice pattern and could
successfully account for the choice behavior.
EXPERIMENT 2
The goal of Experiment 2 was to examine the extent to which CCFs and diffusion model
parameters change when the presentation order of gamble constituents is reversed. Does the
evaluation of the lottery, an inherently more ambiguous piece of information, presented prior
to the sure outcome result in the same choice pattern? Or does the later integration of both
pieces of information shape choice preferences? Either way, one might observe changes in the
information processing as well as changes of diffusion model parameters.
Methods
Participants
Twenty-two participants (20 female) between the age of 17 and 30 years (M = 22.9; SD
= 2.9) were tested in two consecutive sessions, with the second session scheduled for the next
day. Payment was the same as in the previous Experiment.
Material and procedure
The experiment was almost exactly like Experiment 1, except that the choice options’
order of presentation was reversed. First, participants were presented with a lottery for two
seconds. Afterwards, a fixation cross followed by a sure monetary outcome was presented and
participants had to choose between the sure outcome and the lottery by clicking the
corresponding mouse button. After each trial, RT feedback was provided before participants’
choice confidence was assessed.
Behavioral results
Choice proportions
We submitted participants’ proportions for choosing the sure outcome to a 2 (choice
domain) × 3 (lottery-EV) repeated-measures ANOVA. The analysis revealed a significant
interaction effect, F(2, 38) = 53.13, p < .001, ηG² = 0.269. No other effects were found.
Figure 14A shows the choice proportions in the gain and the loss domain. In detail,
participants’ choices of the sure outcome in the gain domain were particularly high for lotteries
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with a lower EV (M = 65.3%; SD = 21.8%), further decreased to chance level when sure gains
and lotteries had the same EV (M = 53.5%; SD = 20.0%), and were the lowest when the
lotteries’ EVs were high (M = 39.6%; SD = 19.8%). The differences between three conditions
in the gain domain were significant, ts > 4.05, ps <. 001, and Cohen’s ds > 0.86.
For the loss domain, the pattern was reversed. Fewer sure losses were chosen in the
lower-EV condition (M = 30.7%; SD = 18.6%), this proportion increased to chance level when
the EV of the lottery was the same as the sure loss (M = 47.4%, SD = 19.3%). Lottery choices
were the highest when the lottery had a higher EV (M = 63.8%; SD = 21.9%), ts > 5.97, ps <.
001, and Cohen’s ds > 0.83.
Response time
Response time were submitted to a 2 (response) × 2 (choice domain) × 3 (lottery-EV)
repeated measures ANOVA. One participant was excluded from this particular analysis due to
little to no sure outcome choices in the loss domain, resulting in empty cells for the combination
of the factors choice and EV-condition. A significant main effect of choice domain was found,
F(1, 19) = 8.98, p < .01, ηG² = 0.060. Choices were generally faster in the gain (M = 750 ms,
SD = 289 ms) than in the loss domain (M = 903 ms, SD = 322 ms). No other effects emerged
(see also Figure 14B).
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Figure 14. Choice proportions and response times for Experiment 2. Error bars indicate 95% confidence intervals.

Conditional Choice Functions
CCFs were analyzed separately for the gain and the loss domain. Participants’ choice
proportions for sure outcomes were submitted to a 5 (bin) × 3 (lottery-EV) repeated measures
ANOVA.
In the gain domain, we found a significant main effect of lottery-EV, F(2, 42) = 23.37,
p < .001, ηG² = 0.151, as well as a significant interaction of the factors bin × lottery-EV, F(8,
168) = 2.27, p < .05, ηG² = 0.012. Figure 15 (upper panels) shows that the proportion of sure
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gain choices largely varied across RTs. For very fast decisions (first RT bin), choice behavior
was rather indifferent (i.e., around 50%) across all EV-conditions. For slower responses, the
pattern tended to diverge. The proportion of sure gain choices increased for lower-EV lotteries,
decreased for higher-EV lotteries as responses were slower, and remained stable for equal EVs.
In the loss domain, we also found a significant main effect of lottery EV, F(2, 42) =
50.85, p < .001, ηG² = 0.240, and a significant interaction of the factors bin × lottery-EV, F(8,
168) = 2.83, p < .01, ηG² = 0.013. Regarding EVs, Figure 15 (lower panels) shows a reversed
pattern as compared to the gain domain. The proportions of sure loss choice decreased over
time for lower-EV lotteries, remained constant for equal-EV lotteries and slightly increased for
higher-EV lotteries.

Figure 15. Conditional Choice Functions for Experiment 2. Points show empirical data and lines show simulated
data using parameters of Model #1 (left) and Model #3 (right).
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Table 14
Diffusion model parameter estimates for Experiment 2

0.632
0.151
-0.356
***

v

1.426
1.364
1.369
.274

1.395
1.395
1.395
·

a

0.484
0.529
0.542
*

0.443
0.494
0.538
***

0.497
0.497
0.497
·

zr

0.331
0.340
0.332
.837

0.277
0.288
0.287
.806

0.280
0.280
0.280
·

t0

0.528
0.565
0.664
.203

·
·
·
·

·
·
·
·

sv

0.313
0.279
0.297
.760

·
·
·
·

·
·
·
·

szr

0.248
0.287
0.280
.377

·
·
·
·

·
·
·
·

st0

-0.891
-0.130
0.565
***

-0.769
-0.149
0.546
***

-0.700
-0.146
0.345
***

v

1.523
1.489
1.515
.672

1.514
1.528
1.507
.871

1.535
1.535
1.535
·

a

0.543
0.508
0.494
.070

0.553
0.507
0.460
**

0.519
0.519
0.519
·

zr

0.405
0.397
0.380
.303

0.368
0.349
0.342
.335

0.359
0.359
0.359
·

t0

0.452
0.576
0.667
.030

·
·
·
·

·
·
·
·

sv

0.261
0.273
0.283
.871

·
·
·
·

·
·
·
·

szr

0.331
0.345
0.239
.018

·
·
·
·

·
·
·
·

st0

Loss domain

LotteryEV
lower
equal
higher
p
0.816
0.173
-0.469
***
1.386
1.326
1.361
.376

Gain domain

#2

lower
equal
higher
p
0.817
0.059
-0.552
***

Model
No.
#1

#3

lower
equal
higher
p

Notes. v: drift rate; a: decision boundary with 0 as lower boundary (lottery choices) and the value in the table as upper boundary (sure outcome choices); zr:
relative starting point (zr = z / a) scaled from 0 to 1; t0: non-decisional time; sv/szr/st0: inter-trial variability of v, zr, and t0; p-values are related to differences
across lottery-EVs.
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Diffusion modeling
Parameter analysis of Model #1
In terms of the deviation of empirical and simulated data in the CCFs (see also Figure
15), Model #3 was superior to the two simpler models. After taking model complexity into
consideration, though, Model #1 revealed the lowest BIC values and was therefore identified
as best fitting model. Furthermore, some parameter estimates of the more complex models – in
particular for changes in the starting point as a function of the lottery-EV – yielded
psychologically unreasonable values. Therefore, we subjected the parameters of Model #1 to
further analyses. For an overview of parameters averages, see Table 14.
Gains vs. losses
Comparing starting points of gain and loss gambles yielded no significant difference,
t(21) = -0.73, p = .472, Cohen's d = 0.16. Furthermore, overall values of zr did not differ from
0.5 for both gain (M = 0.497; SD = 0.081) and loss (M = 0.519; SD = 0.106) gambles, ts < 0.83,
ps > 0.419, Cohen’s ds < 0.18.
There was only a marginal differences of boundaries (a) between gain and loss gambles,
t(21) = -1.87, p = .075, Cohen's d = 0.40. The decision boundary was higher in loss gambles
(M = 1.535; SD = 0.400) compared to gain gambles (M = 1.395; SD = 0.311).
Furthermore, significant differences of the non-decisional time (t0) between the gain
and the loss frame were found, t(21) = -2.66, p < 0.5, Cohen's d = 0.57. More time was spent
on information encoding or response preparation in loss gambles (M = 0.359; SD = 0.158)
compared to gain gambles (M = 0.280; SD = 0.154).
Lottery EVs
As in Experiment 1, we found differences in the drift rates across EV-conditions in both
the gain and the loss domain, Fs > 32.45; ps < .001, ηG² > 0.213. In the gain domain, v was
positive for lower-EV and equal-EV lotteries, indicating sampling in favor of the sure outcome.
For higher-EV lotteries, a negative v pointed towards an accumulation of evidence for lottery
choices. In the loss domain, on the other hand, evidence was sampled for the lottery choice
when participants were presented with lower-EV and equal-EV lotteries (i.e., negative v). Only
for higher EVs, v was positive.
Parameters differences of more complex models
Although the parameter analyses of more complex models largely revealed the same
pattern as reported for Model #1, one major difference emerged as a result of allowing zr to
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vary freely across EV-conditions. The differences were consistent for Model #2 and Model #3.
For gambles in which lottery-EV and sure outcome were the same, values of zr were close to
0.5 (for gains and losses). Yet counterintuitively, for attractive higher-EV lotteries in the gain
domain, the starting point shifted towards the sure outcome (zr > 0.5). In the loss domain, a
higher-EV lottery reflects a potentially high loss. Yet, responses tended to be biased towards
the lottery option (zr < 0.5). For lower-EV lotteries, this pattern is reversed. Less attractive
lotteries in the gain domain resulted in the shift towards lottery choices and towards sure
outcome choice in the loss domain. Such adjustment of zr, though psychologically
unreasonable, resulted in a better fit for the fastest responses, as shown in Figure 15 (right).
Interim discussion of Experiment 2
In this experiment lottery choices were presented before the sure outcome. At the level
of choice proportions, behavior was largely the same as in Experiment 1, showing that choices
were mostly guided by the lottery’s EV across gain and loss gambles. Furthermore, preferences
for sure outcomes manifested as faster choices in the gain domain compared to the loss domain,
yet, quicker responses for a particular option were not found. Apart from generally faster
choices in this experiment, which were most likely due to a less effortful processing of the sure
monetary outcome after it was presented, reversing the processing order did not drastically alter
choice behavior on the aggregated level.
Yet, the CCFs revealed a different pattern of the choice dynamics compared to
Experiment 1. In particular, for the gain domain, very fast chance-level decisions were
presumably often the result of inconsistent initial choice preferences or fast guesses. A more
data-driven pattern emerged for slower responses. An informed decision could only be
established when the sure outcome (that followed the lottery) was also processed. In fact, it
might be a core characteristic of the present task and similar paradigms that the evaluation of
a lottery’s attractiveness depends on the magnitude of the sure outcome.
Accordingly, the diffusion model parameters did not indicate an overall response bias
depending on the domain. However, the EV-related differences of drift rates were similar to
those observed in the previous experiment. When the lottery’s EV was the same as the sure
outcome, drift rates were close to zero indicating choice indifference. With differences in the
EV, information accumulation was in line with the expected choice behavior. When lotteries
had a low expected value, i.e. were unattractive in the gain domain, evidence accumulated
towards the sure outcome boundary. For higher-EV lotteries, on the contrary, evidence
accumulated towards the lottery boundary. As previously found, this pattern was reversed for
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gambles in the loss domain. Lastly, a higher decision boundary for loss gambles as well as
longer non-decisional times indicate a more cautious choice tendency.
Surprisingly, starting point parameters in the more complex Models #2 and #3 differed
across EV-conditions in a psychologically implausible way. Processing attractive higher-EV
lotteries in the gain domain, for example, resulted in a shift towards the sure outcome, which
contradicts observed choice behavior. As the lotteries’ expected values were not predictive for
the actual EV-condition – a one-way ANOVA yielded no significant difference of lottery-EVs
across the three conditions – we believe that this pattern was technically rather than
psychologically driven. In order to fit the steep in- and decrease from very fast to slow
responses in the CCFs, the fast-dm model shifted the starting points. However, because such a
shift is implausible, this result indicates that a single-process diffusion model might not be
appropriate to fully account for the observed choice behavior in this particular experiment.
Instead, a diffusion model that incorporates strategy switches across time might be better suited
to explain choice behavior in Experiment 2.
GENERAL DISCUSSION
Studies of decisions under risk predominantly focus on choice proportions, they rarely
take response times into account, and much less consider a joint analysis of the two. The present
studies aimed to address the latter by applying analytical approaches of perceptual decision
making research to repeated monetary gambles. Using conditional choice functions, we aimed
to study changes of choice proportions as a function of response time, and furthermore applied
a drift diffusion model analysis to obtain further insight into the processes underlying risky
choices. We focused on repeated monetary gambles in both the gain and the loss domain, while
we also experimentally manipulated the order in which gambles constituents were present.
Effects of presenting risky decisions in terms of gains or losses are a very well-studied
(e.g., Kühberger, 1998; Tversky & Kahneman, 1981). When outcomes are presented as gains
participants are risk averse (i.e., prefer safer options), and when outcomes are framed as losses,
choices tend to be more risk seeking. In our experiments, no reliable differences in sure
outcome and lottery choices between gains and losses were found on the level of overall choice
proportions. Rather, choice preferences manifested as faster choices in the gain domain
compared to the loss domain, and – at least in Experiment 1 – in faster choices for a specific
option depending on how the choice problem was framed. Sure outcomes were chosen quicker
in the gain domain, whereas lotteries were chosen quicker in the loss domain. Although the
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stakes in the present study were relatively low and higher payoffs might have yielded stronger
effects as a result of how gambles were framed (Kühberger et al., 1999), our results clearly
demonstrate that phenomena of decision making under risk are not only reflected in choice
proportions.
Based on previous work (Dambacher et al., 2016; Haffke & Hübner, 2015), we assumed
that the preference for a specific outcome is particularly strong for fast responses. This was not
observed in all conditions, since flat CCFs in the loss domain suggested a relatively stable
choice pattern over time. In the gain domain, however, fast choices were different from slower
choices, and in addition, followed a different pattern as the presentation order of the choice
options was varied. While a larger proportion of fast sure outcome choices was observed when
they were presented first (Exp. 1), quick decisions were relatively indifferent when the lottery
was the first information to be processed (Exp. 2). This is an interesting aspect, as the order of
information processing is rarely taken into account when dealing with only behavioral data.
Typically, both choice alternatives are presented at the same time. However, the sure outcome
often (visually) precedes the lottery alternative, as it is presented above or to the left of the
lottery. Such setup may foster initial processing of sure outcomes. In fact, our results suggest
that in choices between lotteries and sure outcomes, the presentation of the latter already results
in the formation of a choice preference. The lottery’s attractiveness, on the contrary, seems to
be judged relative to the sure outcome rather than on its own.
From our attempts to use drift diffusion models to complement the analyses of
behavioral data we can conclude that a simple diffusion model, within certain limits, can
successfully account for the choice behavior in risky choices. While some models remain silent
regarding decision times (e.g., Prospect Theory or the majority of the decision heuristics), and
other models only partially account for observed RTs (e.g., the priority heuristic; Brandstätter
et al., 2006), diffusion models could also reproduce the dynamics involved in decisions under
risk. Whereas many decision theories only explain how the interplay of gamble elements guides
choice behavior, the analysis of diffusion model parameters supports the notion that risky
choice behavior can be also characterized by an interplay of several cognitive mechanisms.
Across experiments, we could show that slower responses in the loss domain compared to the
gain domain were largely due to a more conservative response style (i.e., higher decision
boundaries), rather than a lower speed of information acquisition. Drift rates reflected choice
difficulty as well as preferences for a specific option in relation to the attractiveness of a lottery.
Furthermore, the non-decisional time component captured different processing demands
between the two experiments (i.e., higher t0 in Experiment 1 in which the more complex lottery
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had to be processed). A response bias could only be found in Experiment 1, but as mentioned
above, fast chance decisions when the lottery was presented first (Exp. 2) do not justify a bias
for a specific option.
Yet there are limits to applicability of Ratcliff’s DDM to monetary gambles. In order
to estimate parameters using fast-dm or similar tools, a very large number of trials is required.
Lumping together different monetary gambles comes at the cost of losing track of the influence
of the lottery composition (i.e., magnitude of outcomes or probabilities). This disadvantage can
be overcome by using, for example, decision field theory (DFT; Busemeyer & Townsend,
1993) that directly incorporates the gamble information (e.g., differences in the subjective
values) into drift rates. A more important aspect in the light of our results, in particular for
Experiment 2, is the limit of a diffusion model with a single process of evidence accumulation.
In Experiment 2, the mixed curvilinear CCF-pattern across EV-conditions could represented
best with a shift of starting points prior to the onset of the last piece of information. As such
models was psychologically unreasonable, it was deemed inappropriate although it fitted the
data very well. However, in order to obtain such a pattern one could also turn to more complex
diffusion models that share the same core characteristics but allow the drift rate to change
during a trial. There are models that propose, for example, two distinct stages of stimulus and
response selection (Hübner et al., 2010), or different sampling processes for each attribute of
two competing options (Diederich, 1997; Diederich & Oswald, 2014). In both cases, drift rate
changes may allow to capture indifferent choices (low drift) for fast responses, followed by
specific drift rates that are in accordance to what we have shown in our experiments.
Accordingly, such models might be better suited to properly account for all the dynamics
involved in risky decision making, yet currently, no easy-to-use software packages have been
made available. Nonetheless, it will be worthwhile to test the applicability of more complex
diffusion models, because, as we have shown, they are a useful addition to the analyses of
choice proportions and/or response times in the domain of risky choices.
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