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A B S T R A C T   

In the age of digitalization and globalization, an abundance of information is available, and our 
decision environments have become increasingly complex. However, it remains unclear under 
what circumstances complexity affects risk taking. In two experiments with monetary lotteries 
(one with a stratified national sample), we investigate behavioral effects and provide a cognitive 
explanation for the impact of complexity on risk taking. Results show that complexity, defined as 
the number of possible outcomes of a risky lottery, decreased the choice probability of an option 
but had a smaller and less consistent effect when evaluating lotteries independently. Importantly, 
choices of participants who spent more time looking at the complex option were less affected by 
complexity. A tendency to avoid cognitive effort can explain these effects, as the effort associated 
with evaluating the complex option can be sidestepped in choice tasks, but less so in valuation 
tasks. Further, the effect of complexity on valuations was influenced by individual differences in 
cognitive ability, such that people with higher cognitive ability showed less complexity aversion. 
Together, the results show that the impact of complexity on risk taking depends on both, decision 
format and individual differences and we discuss cognitive processes that could give rise to these 
effects.   

1. Introduction 

In the age of globalization and digitalization, the complexity of our decision environments is ever increasing. Think—for exam
ple—of investment decisions, where a large variety of financial products is available that are highly detailed and typically come with 
several pages of explanations of the payoff structure. Similarly, in consumer choices such as buying a new notebook, consumers have to 
consider numerous technical attributes that determine the notebook’s processing power, comfort of use, battery life and so on. 
Whereas complexity might be engaging and informative for some individuals, others might struggle to keep up with the flood of 
information. In any case, to help people make better decisions, it is important to understand how complexity affects their behavior. In 
our study, we contribute to this understanding by investigating the influence of complexity on decision making by means of risky 
lotteries, which allow for simple and clean manipulation of complexity based on number of attributes (outcomes). 

Previous research has suggested that complexity can lead to deference or deflection of choice (Dhar, 1997a, 1997b; Tversky & 
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Shafir, 1992), increased preference for the status quo (Boxall et al., 2009; Frank & Lamiraud, 2009), or decreasing engagement with 
the decision problem (Blaufus & Ortlieb, 2009). While most of these effects are widely known, the effects on choice deferral have 
proven difficult to replicate (Evangelidis et al., 2022). Beyond this, studies on valuations and choices under risk and uncertainty have 
reported that more complex risky gambles, those with higher numbers of outcomes, were chosen less often or were valued less than 
simple ones (Huck & Weizsäcker, 1999; Mador et al., 2000; Sonsino et al., 2002). This behavior has been explained by the notion of 
complexity aversion (see Mador et al., 2000; Sonsino et al., 2002). Recently, complexity aversion has also been part of an axiomatized 
theory of choice (Puri, 2018). Yet, in the framework of expected utility theory, such complexity aversion can lead to suboptimal 
decisions because people would be willing to choose options with lower expected utility to avoid complexity. Other researchers, 
however, found complexity neutrality in risky valuations (Bruce & Johnson, 1996). Yet other findings suggest that complexity aversion 
occurs only in some of the population because of individual differences (Moffatt et al., 2015). 

In addition to questions regarding the existence of complexity aversion, little is known about the underlying reasons and the 
cognitive mechanisms that could explain when and why people avoid or undervalue complex risky options. The goal of this article is to 
investigate this. In the following, we review the existing literature on this question and then derive predictions from it. In particular, we 
focus on differences between valuation and choices and on individual differences in motivation and cognitive ability. 

1.1. Differences between valuation and choice 

Complexity aversion has been observed mostly in pairwise choices between simple and complex options (e.g., Huck & Weizsäcker, 
1999; Moffatt et al., 2015; Sonsino et al., 2002). There is less evidence, in contrast, for a systematic negative effect of complexity in 
valuation tasks: Whereas individual differences in valuations of simple and complex options have been reported for intertemporal risky 
gambles (Mador et al., 2000), no such effect has been found for pure (not intertemporal) risky gambles (Bruce & Johnson, 1996). 
Qualitative differences in preferences due to presentation formats or elicitation methods in general and between valuations and 
choices in particular are well documented in the literature (e.g., Grether & Plott, 1979; Slovic & Lichtenstein, 1983). They have been 
explained through a failure of procedural invariance and a tendency to overweight attributes that match with the response scale 
(Tversky et al., 1990). In addition, Butler & Loomes (2007) argued that these preference reversals can be explained by some amount of 
preference imprecision or variability. In the following, we will outline possible reasons to expect that there could also be differences 
between valuation and choice with respect to the effect of complexity. 

First, when choosing among options that differ in complexity, selecting the simpler alternative could be a strategy to avoid the 
exertion of cognitive effort needed to evaluate the more numerous outcomes of the complex option in the first place. This explanation is 
corroborated by previous research showing that people tend to avoid activities that demand the investment of cognitive effort (e.g., 
Inzlicht et al., 2018; Kool et al., 2010; Stanovich, 2018). In line with this “cognitive miser” account, participants in an experiment by 
Westbrook et al. (2013) willingly forwent a monetary reward if they had the option to perform a task that was less cognitively 
demanding than another, a behavior called cognitive effort discounting. In the context of complexity aversion, this explanation applies 
to choice tasks more than to valuation tasks because the evaluation of an option is much harder to avoid in a valuation task. Hence it 
predicts more pronounced effects of complexity aversion for choice tasks. However, complexity aversion in valuation is still plausible if 
people discount options because they dislike the cognitive effort associated with them. 

Second, complexity aversion in choices could also be driven by preference variability (Butler & Loomes, 2007; Mador et al., 2000; 
Sonsino et al., 2002): If people have difficulties evaluating complex gambles, their evaluations will be noisier and more error prone. If 
this noise is unsystematic, it will not translate to systematically lower valuations directly, but it can trigger less consistent (i.e., less 
utility-maximizing) behavior. In the extreme case, excessive noise will lead to choice proportions approaching 50:50 for pairwise 
choices. In situations where the complex gamble is more attractive in terms of expected value or variance (as, for example, in Huck & 
Weizsäcker, 1999; Sonsino et al., 2002), a complexity-induced decrease in consistency could hence be interpreted as complexity 
aversion (see also Olschewski et al., 2018; Mechera-Ostrovsky et al., 2022). We refer to this as the noise hypothesis. 

1.2. Influence of numerical cognition 

Evaluating risky gambles typically requires the perception and integration of numerical information to grasp payoffs and proba
bilities. As mentioned above, this process will be more error prone for complex lotteries. Presumably, decision makers do not like this 
imprecision in the first place (Burks et al., 2009). The resulting errors also depict an additional (epistemic) risk above and beyond the 
(aleatory) risk due to the variance of the gamble (Fox & Ülkümen, 2011; Olschewski & Scheibehenne, 2023). Namely, the risk that the 
estimates of potential outcomes are imprecise and thus do not perfectly represent the true underlying reward structure. To the extent 
that risk-averse decision makers are aware of their increased error probability, complex gambles should receive lower valuations (see 
also Andersson et al., 2016). 

Besides this second-order risk aversion, research on numerical cognition has further suggested that humans’ number sense maps 
onto a compressed scale (e.g., Dehaene, 1992, 2011; Schley & Peters, 2014). This compression has been observed predominantly in 
non-symbolic number perception, but it has been hypothesized that compression also applies to symbolic numbers (e.g., Dehaene, 
1992). In line with this, previous research found that summary statistics of number sequences (i.e., sum or mean) are systematically 
underestimated in decisions from experience (Olschewski et al., 2021; Scheibehenne, 2019). Presumably, these findings would 
generalize to decisions from description in which there is also numerical information that needs to be processed. Additionally, it has 
been hypothesized that there are two representations of symbolic numbers, one intuitive and compressed (logarithmic or power- 
function based) and the other learned and linear (e.g., Izard & Dehaene, 2008; Siegler & Opfer, 2003). To the extent that decision 
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makers adopt the more compressed intuitive representation to mitigate complexity, complex gambles would be valued less because 
their expected value is underestimated. 

1.3. Cognitive ability as a moderator 

Irrespective of possible differences between valuation and choice, the perceived complexity of an option eventually is subjective 
and hence may differ between individuals. In line with this, past research found that complexity aversion is subject to individual 
differences (e.g., Moffatt et al., 2015; Westbrook et al., 2013; Zilker et al., 2020). One reason for these individual differences could be 
that people with higher cognitive abilities are less affected by complexity in the first place because they can still assess these gambles 
with reasonable accuracy. Likewise, if people with high cognitive ability do not need to exert as much effort to assess complex lotteries, 
they might discount them less than people with low cognitive ability. In support of this, past research found individual differences in 
the above-mentioned tendency to avoid cognitive effort (e.g., Inzlicht et al., 2018; Sandra & Otto, 2018). Furthermore, Westbrook et al. 
(2013) found more discounting of cognitive effort in older compared to younger adults. This age effect could be due to age-specific 
changes, such as recruiting of more neural resources at lower levels of cognitive load as a compensation mechanism (e.g., Grady, 
2012; Schneider-Garces et al., 2010) or a decline of fluid intelligence (e.g., Bopp & Verhaeghen, 2005; Horn & Cattell, 1967). Taken 
together, this suggests that cognitive ability moderates complexity aversion in risky choices and possibly also in valuations. 

1.4. The current study 

To investigate the predictions of the different theoretical accounts and cognitive mechanisms behind complexity aversion we 
conducted two behavioral experiments (see Table 1 for an overview). 

In the first experiment, we investigated the effect of complexity on valuations of risky lotteries, the format for which previous 
results were least consistent. We further employed a mean estimation task. Because preferences for complexity or risk should not affect 
mean estimations, this task allowed us to examine the interplay between complexity and numerical cognition. To increase general
izability, we employed a broad range of stimuli while controlling for lottery variance, skewness, and expected value. Following-up on 
this first experiment, we conducted a second experiment to examine whether complexity has a stronger effect on binary choices than 
on valuations. To examine whether a possible difference between the elicitation formats could be due to the avoidance of cognitive 
effort in binary choices, we further implemented two process measures of cognitive effort, looking time proportion (i.e., time spent 
looking at the complex option divided by time spent looking at the simple option) and decision speed. To examine cognitive ability as a 
potential moderator, we assessed participants’ cognitive ability based on a validated matrices task and recruited a stratified national 
sample (age, gender, and ethnicity) of the U.S. population. As in Experiment 1, we again employed a broad range of stimuli while 
controlling for lottery variance, skewness, and expected value. Taken together, the two experiments explored the effect of complexity 
aversion in valuation and choice, investigated different underlying cognitive mechanisms, and assessed the moderating role of 
cognitive ability on the effect. 

2. Experiment 1 

2.1. Method 

2.1.1. Material 
Participants in the experiment were asked to evaluate 24 two-outcome lotteries presented on a computer screen. To each simple 

lottery, we matched a complex lottery with seven outcomes that had the same expected value, standard deviation, and skewness. We 
included two levels of expected value (low: 70–90, and high: 110–130), two levels of variance (SD: low: 5–20, and high: 35–50), and 
three levels of skewness (left: − 2.25 to (− 0.75), none: − 0.75 to 0.75, and right: 0.75–2.25). The currency of the outcomes (e.g., £75 or 

Table 1 
Research Questions Addressed in the Two Experiments.  

Research Question Addressed 
in 

Findings 

Is there a behavioral effect of complexity 
aversion? 

Exp 1 & 2 Yes, in choices. Dependent on cognitive ability in valuations. 

Is it caused by a systematic bias or by 
unsystematic noise? 

Exp 1 (& 2) Both. Evidence for a systematic and an unsystematic effect. 

Is the systematic effect a pre-ference or a 
perceptual bias? 

Exp 1 Likely a pure preference. No evidence for perceptual bias or dislike of noisy perception. 

Is the preference dependent on the dislike of 
cognitive effort? 

Exp 2 Yes, likely. One process measure of cognitive effort (looking time pro-portion) is a credible 
predictor of the effect, however, another (speed) is not. 

Is individual cognitive ability a moderator of the 
effect of complexity? 

Exp 2 Yes, cognitive ability moderates complexity aversion in valuations and expected value 
sensitivity in choices. 

Note. Exp: Experiment. Regarding the second research question, Experiment 1 was designed to test it and found evidence in support of complexity 
increasing unsystematic noise. While Experiment 2 was not specifically designed to test the question, it also examined the possibility of a systematic 
effect and found evidence in support for it. 
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$75) was not specified to keep the estimation and valuation task comparable. The experiment used a within-subject design with one 
minor adjustment: To avoid a bias due to the changing range and the maximum and minimum outcome associated therewith, we 
implemented two sets of complex lotteries as an additional between-subjects control factor. The range of outcomes needed to be 
implemented as a between-subjects variable because keeping lottery variance and skewness constant while increasing the number of 
outcomes inevitably increases the range. Consequently, in one set, the variance was kept constant but the range increased, and in the 
other set the range was kept constant, but the variance decreased. Participants were randomly assigned to one of the two control 
conditions. 

The experiment consisted of two blocks that were presented in randomized order. In the estimation block, participants had to 
estimate the mean of the presented lotteries. In the valuation block, they had to indicate their minimum selling price for the lotteries 
presented. As an example, Fig. 1 shows a screenshot of the estimation and valuation tasks respectively. Participants indicated their 
answer by entering a number into an input field on the screen. To measure participants’ insights into their estimation uncertainty, we 
asked them about their confidence after each estimation as follows: “How sure are you that your estimate is within 10 % of the actual 
mean?” Answers were recorded on a 7-point Likert scale ranging from not sure at all to completely sure. 

The order of the lotteries within each block and the order of the outcomes within each lottery were randomized for each participant. 
To assess participants’ understanding of the task, we asked them to repeat the goal of the task in their own words after reading the 
instructions (before the task). Additionally, we asked the participants to select which answers were considered “logically valid” in a 
multiple-choice question. In the instructions, we explained that answers below the lowest outcome and answers above the highest 
outcome of a lottery were not considered logically valid, so the question was implemented as an instruction check. Apart from par
ticipants’ answers, we assessed reaction times in all elements of the experiment. At the end of the experiment, we assessed de
mographics (age, gender, and country of origin) and asked participants whether they had completed the experiment in good faith. 
Participants were encouraged to answer this question truthfully and were additionally reminded that their answer would have no 
consequence for them or their probability of winning the study-performance-based raffle of CHF 100. 

To analyze the data, Bayesian methods were used when available. Inferences were drawn on the basis of credible intervals, Bayes 
factors (BFs), confidence intervals, and p values. Bayes factors are useful in particular in cases where frequentist p values indicate non- 
significant results because they can quantify the evidence in favor of the null hypothesis (e.g., Rouder et al., 2009). Following con
ventions, here we interpret Bayes factors larger than 3 as evidence for the more likely hypothesis (see also Rouder et al., 2009). 

The experiment was preregistered and the preregistration, the experiment, the set of lotteries, the data, and the analysis script can 
be found on the Open Science Framework (OSF, https://osf.io/jpsur; https://osf.io/u5an6/). Deviations from the preregistration and 
their respective justifications (e.g., accounting for repeated measures in data) are reported in the text or in Supplementary Section 1. 

Fig. 1. Task Examples for Estimation (Left) and Valuation (Right) in Experiment 2. The participants could enter a number via the keyboard in both the 
estimation (left) and valuation (right) task. In this example, a simple lottery with two outcomes is evaluated in the estimation task and a complex 
lottery with seven outcomes is evaluated in the valuation task. The participants’ answers were saved after clicking on the “Submit” button. There 
was no time limit for the task. 
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2.1.2. Participants and procedure 
On the basis of previous research (Huck & Weizsäcker, 1999; Mador et al., 2000; Sonsino et al., 2002), we estimated the effect of 

complexity aversion to be small to medium. Given this, we conducted a power analysis using the pwr (Champely, 2020) package in R 
(R Core Team, 2020), revealing a target sample size of 147 for a power of 95 % (α = 0.05, d = 0.3, two-sided) based on a paired t test 
intended to compare evaluations of single and complex lotteries. Informed by this, we tested a convenience sample of 131 bachelor’s 
students in economics and management at the University of Geneva who participated in exchange for course credit and the possibility 
to win CHF 100 in a raffle depending on their performance. In particular, the estimation task was incentivized based on accuracy, with 
the students winning more points when their estimate of the mean was accurate. The valuation task was incentivized on the basis of a 
Becker–DeGroot–Marschak (BDM) auction (Becker et al., 1964), with the offer being drawn between the minimum and the maximum 
outcome of the lottery. This procedure guarantees that it is incentive compatible for participants to state the true monetary equivalent 
of their subjective utility for a given lottery. Both incentivization procedures were explained to the participants based on an example 
task in which detailed outcomes were displayed (see https://osf.io/u5an6/). At the end of the study, one lottery for each task was 
drawn for the points calculation. There was no deception involved in the experiment and all information provided to the participants 
was truthful to the authors’ best knowledge. The participants were asked to make an estimate of the mean outcome and to not use a 
calculator or any other external aids (e.g., write anything down). 

Data from 10 participants were excluded for the following (preregistered) reasons: participant requested exclusion (three), not 
following instructions by writing calculations down or restarting the experiment (two), completing the experiment too fast (¼ of mean 
time) or too slow (twice mean time; two), and not understanding the instructions in both tasks (three). Additionally, task-specific data 
were removed for any participant not understanding the instructions in the estimation task (seven) and for any not understanding the 
instructions in the valuation task (14). As the participants took a bit longer than expected to complete the experiment, the exclusion 
criteria for the time spent on the experiment were slightly adjusted from the preregistration, in which we specified that we would set 
the cut-off based on the expected time (25 min). Furthermore, the participants did poorly on the multiple-choice question designed as 
an instruction check, with only seven correctly selecting all three “logically valid” answers of the six alternatives presented. The vast 
majority of the students identified only the most probable outcome that was closest to the expected value instead of selecting all 
possible answers. Therefore, we concluded that the question was not asked clearly and decided not to apply this exclusion criterion as 
preregistered. Instead, we inverted it, excluding the answers of participants who gave an unmistakably wrong answer and chose an 
outcome below the minimum or above the maximum. This led to the exclusion of an additional 13 participants. While this might seem 
to indicate that the data quality was poor, the participants’ answers in the estimation (and valuation) task were highly precise, 
indicating the fault lied with the instruction check and not with participants’ negligence. Additionally, we did not apply the exclusion 
criterion intended to detect calculator use in participants (over 95 % accuracy in estimation or valuation), as we conducted the 
experiment in a laboratory and could therefore control for people using external aids. The remaining data set included data from 108 
participants. 

The experiment was built in the lab.js editor (Henninger et al., 2019) and distributed with JATOS software (Lange et al., 2015). The 
participants completed the experiment in a behavioral laboratory situated at the University of Geneva in April 2019. The average age 
of the final sample was 21.62 years (Mdn = 21 years, SD = 1.79). Fifty-five of the participants were female and 53 were male. The 
experiment lasted 32.1 min on average (Mdn = 29.52 min, SD = 12.27). 

2.2. Results 

From the remaining data, we removed individual data points when participants’ answers were out of bounds (above the maximum 
or below the minimum of the outcomes presented in the lottery), which led to an exclusion of 6 % of the data in the estimation task and 
4 % of the data in the valuation task. Additionally, we removed data points if the participants took longer than 2 SDs to give an answer 
(4 % in the estimation task, 5 % in the valuation task), or if they took less than 2 s to give an answer (0.4 % in valuation task, no data 
points in estimation task) indicating insufficient attention to the task. 

2.2.1. Valuation and estimation 
Fig. 2 shows the individual mean valuations and estimations for simple and complex lotteries (aggregated). A two-sided paired t test 

on this data revealed that participants did not value complex lotteries (Mc = 97.68, SDc = 9.03) less than simple lotteries (Ms = 98.19, 
SDs = 8.56), BF01 = 7.22, t(97) = 0.67, p = 0.51, on average. The Bayes factor represents evidence against a systematic, negative 
influence of complexity on valuations. 

Similarly, participants did not estimate complex lotteries (Mc = 100.11, SDc = 6.98) to have a lower mean than simple lotteries (Ms 
= 99.98, SDs = 6.13), BF01 = 8.80, t(100) = − 0.25, p = .80, on average. The Bayes factor represents evidence against a systematic, 
negative influence of complexity on the perceptual level. These results for valuation and estimation were confirmed by Bayesian 
multilevel models with participant random intercepts and random slopes for each item-specific factor to allow for individual differ
ences using the brms package (Bürkner, 2018) in R (R Core Team, 2020) and default priors (see Table 2 for the model summary).1 In 
the first regression we used valuation as the dependent variable and the lottery complexity, expected value, variance, and skewness as 

1 We preregistered to include the factor estimation (matched) in the regression for valuation. However, as there was high collinearity between the 
factor estimation and expected value, r(2,384) = 0.91, p < .001, we dropped the factor estimation from the model and conducted a separate analysis 
of it instead. 
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predictors. We found that right skewness, low variance, and higher expected value led to higher valuations. Similarly, the second 
regression with estimation as dependent variable confirmed that complexity did not have a systematic, negative effect on estimations 
(see Table 2). Estimations were higher for right skewed and higher expected value lotteries. Noteworthily, a negative effect of variance 
(i.e., risk aversion) was only present in valuations. 

2.2.2. Influence of numerical cognition 
Addressing the correspondence between the perceptual level (estimation) and the preferential level (valuation), the multilevel 

model including the factor estimation only was able to predict the corresponding valuation well. However, this prediction was less 
precise than the prediction of the expected value of the lottery, β = 0.84, 95 % confidence interval (CI) [0.80, 0.87]. Although esti
mation influenced valuation, there was no evidence of a systematic bias from numerical cognition being propagated to valuations 
because we found evidence against a systematic influence of complexity on both the perceptual and the preferential level. 

To investigate if participants perceived their estimations for complex lotteries as less precise, we aggregated confidence ratings 
within participants and conducted a two-sided paired Wilcoxon signed-rank test. The participants indicated higher confidence for their 
estimates of simple lotteries (Mdns = 4.59) compared to complex lotteries (Mdnc = 3.84), V = 4,307, p < .001, on average. This suggests 
that participants were aware of the uncertainty being caused by complexity. However, as there was no systematic difference in val
uations between complex and simple lotteries, this decrease in confidence apparently did not affect valuations. 

While the previously assessed confidence ratings for estimations clearly differed for complex and simple lotteries, a two-sided 

Fig. 2. Lottery Valuations and Estimations in Experiment 1 (Panel A and B) and Valuations in Experiment 2 (Panel C) Averaged Within Participants. The 
dashed lines indicate the overall mean of the experienced sequences for valuations (Mv1 = 101.55) estimations (Me1 = 101.53) in Experiment 1 and 
Valuations in Experiment 2 (MV2 = 99.62). Error bars denote 95 % confidence intervals based on standard errors. Panel A and B show no aggregated 
effect of complexity in either task in Experiment 1, except slightly higher variance in the estimation of complex lotteries. Panel C shows that simple 
lotteries were valued slightly higher than complex lotteries on average based on the participant aggregated data in Experiment 2. 

Table 2 
Beta Estimates for DVs Estimation and Valuation in Experiment 1.  

Factor Estimation Valuation 

Intercept 0.37  
(1.04) 

2.05  
(1.28) 

Complexity 0.12  
(0.49) 

− 0.89  
(0.63) 

Skewness 1.19a  

(0.32) 
2.62a  

(0.43) 
SD 0.01  

(0.02) 
− 0.14a  

(0.03) 
EV 0.98a  

(0.01) 
0.98a  

(0.01) 

Note. Standard errors are reported in parentheses. Complexity: Simple = 0 and com
plex = 1. SD = Standard deviation; EV = expected value. 

a Indicates a beta estimate for which zero is not contained in the 95% credible 
interval. 

Y. Oberholzer et al.                                                                                                                                                                                                    



Journal of Economic Psychology 100 (2024) 102681

7

paired t test assessing if participants gave more variable valuations to complex lotteries was non-significant, and the Bayes Factor 
represents evidence for the null (Mc = 26.43, SD = 4.56, Ms = 25.76, SD = 3.94), BF01 = 3.91, t(95) = − 1.30, p = .20. In estimation, the 
test for unsystematic deviation was statistically significant according to the frequentist p value, but the Bayes Factor in favor of the 
alternative hypothesis remained inconclusive (Mc = 25.40, SD = 4.26, Ms = 24.40, SD = 2.91), BF10 = 1.22, t(98) = − 2.05, p = .04. 
These analyses were additionally repeated separately for the between-subject factors of constant variance or constant range leading to 
similar conclusions (see Supplementary Section 2). 

To shed more light on the relationship between complexity and unsystematic noise on the task level, we conducted a (pre-regis
tered) multilevel analysis. For this, absolute deviations from the expected value of the lotteries were analyzed in a Bayesian multilevel 
regression model using default priors, implemented with participant random intercepts and random slopes for each factor to allow for 
individual differences.2 The results, summarized in Table 3, reveal that higher complexity, deviation in estimation (matched), vari
ance, and expected value led to higher deviation in valuations. Similarly, the model for estimations revealed that higher complexity, 
and variance led to higher deviations in estimation. 

To illustrate, all else being equal (and not considering the deviation propagated through the log-transformed absolute estimation of 
the same lottery), the absolute deviation for valuations was exp(0.27) = 31 %, and the absolute deviation for estimations was exp 
(0.43) = 54 % higher for complex lotteries than simple lotteries.3 Relating back to the inconclusive or non-significant findings of the t 
test of individual valuation and estimation variability, the multilevel model was likely more powerful to detect the effect of complexity. 
Additionally, the log-transformed absolute estimation was a valid predictor of the log-absolute valuation, indicating that deviations in 
the estimation task were partially propagated to the valuation task. 

2.3. Discussion Experiment 1 

We found evidence against complexity aversion in valuations according to Bayes Factors. Additionally, we could not find support 
for the potential perceptual mechanisms in estimation tasks through which complexity could affect valuations. While there was a slight 
underestimation bias, this bias was equally present in the evaluation of simple and complex lotteries. Similarly, while there was an 
increase of unsystematic deviation (noisy numerical cognition) in estimation due to complexity, and participants were aware of it 
according to their confidence ratings, this did not lower the valuations of complex lotteries compared to simple lotteries. 

We found partial support for the response noise hypothesis, which assumes that complexity increases unsystematic noise in val
uations. While the effect was inconclusive and non-significant on the participant level, the valuations for the complex lotteries were 
more variable (31 %) than the valuations for the simple lotteries on the trial level. This difference was credible and suggests that 
complexity increases response noise. 

As mentioned in the Introduction, another potential mechanism through which complexity could affect preferences is the avoid
ance of cognitive effort. In this case, one would expect a difference between (binary) choices and valuations because the former allows 
decision makers to avoid the cognitive effort of evaluating the complex option in the first place. Additionally, one would expect a 
weaker effect of complexity on people with high cognitive ability (e.g., university students) because they can still assess complex 
lotteries with reasonable accuracy, and do not need to exert as much cognitive effort than people with lower cognitive ability. To 
investigate the potential mechanism of cognitive effort avoidance, we conducted a second experiment in which participants completed 
a valuation and a choice task along with an assessment of individual cognitive ability and two behavioral process measures of cognitive 
effort (looking time proportion and decision speed). 

3. Experiment 2 

3.1. Method 

3.1.1. Materials 
We created six simple lotteries with two outcomes and matching complex lotteries with seven outcomes. The simple and complex 

lotteries had the same characteristics (expected value, standard deviation, and skewness) except for the number of outcomes. We 
included two levels of variance (SD: low: 5–20, and high: 35–50) and three levels of skewness (left: − 2.0 to (− 1.0), none: − 0.5 to 0.5, 
and right: 1.0–2.0). As in Experiment 1, the unit of the outcomes (e.g., 110) was not specified to keep the experiments comparable. All 
12 lotteries (six simple and six complex) were presented in the valuation task. For the choice task, we added five levels of expected 
value differences (− 15 %, − 7.5 %, 0 %, +7,5%, +15 %), resulting in 30 lottery pairs. 

To assess cognitive ability, we used the short form of the Hagen Matrices Test (Heydasch et al., 2013), a measure previously 
validated against a general measure of intelligence (Intelligence Structure Test: I-S-T 2000R). The test consists of six matrices that 

2 The absolute deviations were non-normally distributed and needed to be log-transformed to reduce heteroscedasticity in the linear model. To 
allow for log transformation, we excluded values at exactly zero deviation (1.1% and 0.75%, negligible). We considered alternative solutions but 
found them to be less suitable. For example, adding a constant leads to substantial heteroscedasticity in the model and a Box–Cox transformation 
hinders interpretability of the results.  

3 To test the robustness of these results, we conducted the same analysis (exploratory) on the percentage absolute deviation in estimation and 
valuation. This analysis yielded qualitatively the same results as the original analysis, indicating the independence of the analysis on the dependent 
variable (absolute deviation or percentage absolute deviation). 
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participants are asked to complete with the correct puzzle piece. In our data, the internal consistency of the measure was sufficiently 
high for a short version of the task (α = 0.65). 

The experiment used a within-subject design, with all participants completing all the tasks and being presented the same lotteries 
and same matrices. The experiment consisted of three blocks. The order of the blocks was counterbalanced such that half of the 

Table 3 
Beta Estimates for Log-Transformed Absolute Estimation and Valuation Deviation in Experiment 1.  

Factor Estimation noise Valuation noise 

Intercept 0.10  
(0.14) 

0.05  
(0.15) 

Complexity 0.43a  

(0.05) 
0.27a  

(0.06) 
LogAbsEst –  

– 
0.14a  

(0.03) 
AbsSkewness 0.07  

(0.06) 
− 0.04  
(0.07) 

SD 0.03a  

(0.002) 
0.03a  

(0.002) 
EV 0.001  

(0.001) 
0.004a  

(0.001) 

Note. Estimation errors are reported in parentheses. Complexity: Simple = 0 and complex = 1. 
LogAbsEst = Log-transformed absolute estimation deviation for the corresponding lottery; Abs
Skewness = absolute skewness; SD = standard deviation; EV = expected value. 

a Indicates a beta estimate for which zero is not contained in the 95% credible interval. 

Fig. 3. Task Examples for Valuation (Left) and Choice (Right) in Experiment 2. Participants could enter a number via the keyboard in the valuation 
(left) task. In this example, a simple lottery is evaluated. In the choice task (right), participants could switch between the options by pressing the “F” 
key on the keyboard. In this example, the complex lottery is presented on the left and its corresponding simple lottery is presented on the right 
(covered). After sampling at least two times, participants could press the “Space” bar to indicate their willingness to answer. On the following page, 
participants were then asked to indicate their choice by pressing the left or right arrow key on the keyboard. There was no time limit for the task. 
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participants would start with the matrices task and the other half with the lottery tasks. The order within the lottery tasks (choice or 
valuation) was randomized too. 

In the valuation task, participants indicated their minimum selling price by entering a number into an input field on the screen. In 
the choice task, participants chose the lottery they preferred out of two options displayed on the left and right side of the screen (simple 
and complex). To measure participants’ attention, only one option was displayed at a time. Participants could press the “F” key on the 
keyboard to switch between the options as often as they liked. After they had accumulated enough information to make their decision, 
participants could press the space bar and advance to the choice screen on which they could indicate their choice by pressing the left or 
right arrow key. This allowed us to measure the time spent evaluating each option. The participants were familiarized to this procedure 
in a practice trial. Fig. 3 shows a screenshot of the valuation and choice task as an example. 

The order of the lotteries within each block and the order of the outcomes within each lottery were randomized for each participant. 
To assess participants’ understanding of the task, we employed an attention check at the beginning of each block right after the in
structions, in which the participants had to indicate what they were supposed to do in the following task according to the instructions 
they had just read (multiple-choice question). 

Besides participants’ valuations and choices, we also measured response times in all elements of the experiment. At the end of the 
experiment, we assessed demographics (age and gender) and asked participants whether they had completed the experiment in good 
faith. Participants were encouraged to answer this question truthfully and were additionally reminded that their answer would have no 
consequence for them or their probability of winning the raffle. 

To analyze the data, Bayesian methods were used when available. Inferences were drawn on the basis of credible intervals, BFs, 
confidence intervals, and p values as in Experiment 1. All materials can be found again on OSF (https://osf.io/p3sb7; https://osf.io/ 
u5an6/) and deviations from the preregistration are reported in Supplementary Section 1. 

3.1.2. Participants and procedure 
Based on a simulation study and pilot data (N = 60) we determined a target sample size of N = 330 (details in Supplementary 

Section 3). To account for attrition, we tested 346 participants from a stratified national U.S. sample provided by Prolific.co. The 
sample was representative in terms of age, sex, and ethnicity (79 % sample accuracy). Data collection lasted several days, and par
ticipants failing attention checks were consecutively excluded from the experiment, allowing for new participants to participate. The 
participants received a base rate payment of £2.50 and a decision-dependent bonus (M = £1.02). Additionally, participants had the 
possibility to earn £30 in a raffle, with their chances of winning depending on the number of correctly solved matrices in the cognitive 
ability task. The valuation task incentivization was similar to that of the first experiment (BDM auction). Incentivization for the choice 
task was based on a single draw of one of the choices made by the participants and the lottery being played out. The values within the 
lotteries were converted such that participants received 0.5 % of the outcome in each task. Both incentivization procedures were 
explained to participants based on an example task in which detailed outcomes were displayed (see https://osf.io/u5an6/). There was 
no deception involved in the experiment and all information provided to the participants was truthful to the authors’ best knowledge. 
The participants were asked to not use a calculator or any external aids (e.g., write anything down). 

Data from 74 participants were excluded due to the following preregistered reasons: participant requested exclusion (eight), not 
understanding the instructions in one or more of the tasks (17), completing the experiment too fast (one quarter of mean time) or too 
slow (2.5 times mean time; five), selecting the option on the same side of the screen over 90 % of the time (six), and providing low 
quality data (more than 10 data points had to be excluded from one person, see below) (38). As participants completed the experiment 
faster than expected, we slightly adjusted the exclusion criteria for the time spent on the experiment from the preregistration, in which 
we specified that we would set the cut-off based on the expected time (30 min). The remaining data set included 272 participants. 

The experiment was built and distributed in the same way as in Experiment 1. The average age of the final sample was 41.76 years 
(Mdn = 40 years, SD = 15.12), and 131 of the participants were female, 138 were male, and three indicated a nonbinary gender 
identity. The experiment lasted 24.24 min on average (Mdn = 23.03 min, SD = 10.25). 

3.2. Results 

3.2.1. Valuation 
From the remaining data, we removed individual valuation trials when they were above the maximum or below the minimum of 

the outcomes presented in the lottery (14 % of valuation trials). To visualize the effect of complexity on valuations, we aggregated the 
data on the participant level and plotted the valuations (simple and complex) for every participant in Fig. 2 Panel C. The figure reveals 
a preference for simple lotteries: On average, participants indicated higher values for simple lotteries (Ms = 91.92, SDs = 17.29, 95 % 
CIs [89.88, 93.95]) than for complex lotteries (Mc = 87.76, SDc = 23.50, 95 % CIc [85.12, 90.40]). 

Employing a Bayesian multilevel regression analogous to Experiment 1, with the inclusion of cognitive ability and the interaction 
between cognitive ability and complexity, confirmed that complexity led to lower valuations for complex compared to simple gambles 
(see Table 4, first column). To illustrate, all else being equal, a simple lottery evaluated by a participant with median cognitive ability 
(Mdn = 4) would be valued 2.7 % higher than a complex lottery according to the model. 

Additionally, there was an interaction between complexity and cognitive ability, indicating that people with higher cognitive 
ability showed less undervaluation of the complex compared to the simple lottery. As can be seen in Fig. 4, the disparity between 
valuations of simple and complex lotteries decreased with higher cognitive ability and became undetectable at a cognitive ability level 
of 4 (out of 6). Note that this interaction is dependent on the scale of cognitive ability and complexity. 

Finally, the multilevel model revealed that right skewness, low variance, and higher expected value led to higher valuations, 
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replicating similar effects in Experiment 1. Since there was a systematic effect of complexity on valuation, we could not conduct an 
analysis of absolute deviation in valuation as in Experiment 1 (as originally planned) because such an analysis would be confounded by 
this systematic effect. 

3.2.2. Choice 
From the remaining data, we removed individual choice trials when the participants took longer than one minute or less than one 

second to look at a lottery in the choice task (3 % of data), indicating insufficient attention to the task. To visualize the effect of 
complexity on choice, we aggregated the data on the participant level and plotted the frequencies of complex choice proportions per 
individual in Fig. 5. As can be seen in the figure, some individuals were clearly complexity averse, as they never chose the complex 
option. The opposite (people always choosing the complex option) was observed in only one of 272 participants. 

A multilevel Bayesian regression with choice as dependent variable (right-side option = 1, left-side option = 0; to test the influence 
of complexity outside the intercept), participant random intercepts and random slopes for each item-specific factor, and default priors 
confirmed that complex gambles were chosen less often than simple gambles (see Table 4, second column). To illustrate, all else being 
equal, complexity aversion in an exemplary participant with median cognitive ability (Mdn = 4) was offset if a complex option had a 
7.4 % higher expected value than the simple lottery according to the model. Furthermore, the analysis showed that there was an 
interaction effect of cognitive ability and expected value difference, indicating that participants with higher cognitive ability were 
more sensitive to expected value differences between the options. This interaction is visualized in Fig. 6. However, there was no 
credible interaction effect of cognitive ability and complexity, indicating that participants with higher cognitive ability were not less 
complexity averse beyond being more sensitive to expected value differences. Finally, the intercept of the model was credibly positive, 
indicating that participants chose the right-side option more often regardless of content. Because we counterbalanced the position of 
the options on the screen, this preference for options on the right did not bias any of the results reported above. 

3.2.3. Cognitive effort 
To test the influence of cognitive effort on the dislike of complexity, we included two additional interactions in the model: looking 

time proportion (LTP), defined as LTP =
looking time complex
looking time simple and decision speed, defined as 60

decision time = choices per minute. As decision 
speed (i.e., reverse of response time) is an important measure to better understand cognitive processes in preferential choice (see 
Clithero, 2018), we report some descriptive statistics first. On average participants made 10.11 decision per minute (Med = 8.18, SD =

Table 4 
Beta Estimates of Valuation and Right-Side Option Choice in Experiment 2.  

Factor Valuation Choice Choice (CE) 

Intercept 8.30a  

(2.75) 
1.23a  

(0.29) 
2.34a  

(0.31) 
Complexity − 7.32a  

(1.53) 
− 2.39a  

(0.53) 
− 4.85a  

(0.55) 
CogA − 0.44  

(0.33) 
− 0.11  
(0.08) 

− 0.07  
(0.08) 

EV 0.94a  

(0.02) 
–  
– 

–  
– 

dEV –  
– 

1.64  
(1.31) 

1.79  
(1.38) 

Skewness 1.90a  

(0.32) 
–  
– 

–  
– 

SD − 0.22a  

(0.04) 
–  
– 

–  
– 

Complexity × CogA 1.17a  

(0.40) 
0.22  
(0.14) 

0.13  
(0.14) 

dEV × CogA –  
– 

2.10a  

(0.36) 
2.18a  

(0.37) 
LTP –  

– 
–  
– 

− 0.65a  

(0.05) 
Speed –  

– 
–  
– 

− 0.01  
(0.01) 

Complexity × LTP –  
– 

–  
– 

1.47a  

(0.07) 
Complexity ×

Speed 
–  
– 

–  
– 

0.02  
(0.01) 

Note. Estimation errors are reported in parentheses. Choice (CE) = Choice model including process measures of cognitive effort; 
Complexity: Simple = 0 and complex = 1 in valuations, simple option right-side = 0 and complex option right-side = 1 in choices. 
CogA = cognitive ability; EV = expected value; dEV = expected value difference right–left; SD = standard deviation; LTP =
looking time proportion complex/simple; speed = number of decisions per minute. 

a Indicates a beta estimate for which zero is not contained in the 95% credible interval. 
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6.21). When choosing the simpler option, participants were able to make 9.35 decision per minute (Med = 7.81, SD = 5.59) and when 
choosing the more complex option 8.84 decision per minute (Med = 6.84, SD = 5.86) per minute.4 

The extended regression model to predict choices revealed an interaction between LTP and complexity, indicating that the complex 
gamble was chosen more often when participants paid more attention to it (see Table 4, third column, and Fig. 7). Interestingly, at an 
LTP around 3.5, which would equal the proportion of information presented (two vs. seven outcomes), the bias disappears or even 

Fig. 4. Difference in Valuation Between Simple and Complex Lotteries for Participants with Different Levels of Cognitive Ability based on Descriptives 
(Aggregated) in Experiment 2. The data show that the difference decreases as cognitive ability increases. The difference disappears at a cognitive 
ability level of 4. Error bars denote 95 % confidence intervals based on standard errors. C = complex; S = simple. 

Fig. 5. Individual Choice Proportions of the Complex Option (Panel A) and of the Complex Option Split by Expected Value (EV) Difference (Panel B) in 
Experiment 2. The dashed lines indicate an unbiased choice proportion of 50 %. Dots below the dashed lines indicate complexity aversion. Error bars 
denote 95 % confidence intervals based on standard errors. C = Complex; S = simple. The data is aggregated within participants. 

4 In this analysis we only used average decision speed for participants who made at least one choice for the simpler and at least one choice for the 
more complex option (241 participants). 
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inverts, as people eventually preferred the complex option. In contrast, there was no credible interaction between complexity and 
decision speed, indicating that complex gambles were not chosen less often during fast decisions. 

3.3. Discussion Experiment 2 

In a stratified national sample (79 % accuracy), we found evidence of complexity aversion in valuations and choice. In the valuation 
task, complex options were valued 2.7 % less than simple lotteries on average. In contrast, in the choice task, a complex option needed 
an expected value 7.4 % higher than the simple option to be equally attractive on average (see Fig. 6). This suggests that the effect of 
complexity was stronger in choices than in valuations, a valuation–choice gap. Furthermore, participants with higher cognitive ability 
showed less complexity aversion in valuations and more expected value sensitivity in choices. While this supports the general 
moderating role of individual cognitive ability, it does not support our hypothesis that cognitive ability decreases complexity aversion 
in choices beyond increasing expected value sensitivity. Lastly, the LTP measure of cognitive effort was a strong and credible predictor 
of complexity averse choice. Taken together, the observed valuation–choice gap, the partially moderating influence of cognitive 
ability, and the predictive quality of one of the process measures for cognitive effort are most in line with the hypothesis that complex 
options are chosen less often because the necessary cognitive effort to evaluate them is disliked and avoided. 

4. General Discussion 

Based on two experiments (one with a stratified national sample) we found that complexity affects risk taking in both, choices 
between two lotteries and valuations of single lotteries. Importantly, the effect of complexity was stronger in the choice than in the 
valuation task. In the choice task, complexity affected choice proportions only in trials where participants presumably avoided to 
process the complex lottery. As focusing on the easier lottery was not possible in the single valuation task, we propose the avoidance of 
cognitive effort as a cognitive mechanism to explain the difference between choices and valuations. Finally, to explain why the evi
dence for complexity aversion in valuations were ambiguous, we examined individual differences in cognitive ability. In Experiment 2, 
we found that only participants with lower cognitive ability discounted the complex options compared to easy ones. As Experiment 1 
consisted of a student sample, we assume that cognitive ability was high in this participant pool, that way showing no effect of 
complexity on valuations. 

4.1. The cognitive processes of complexity aversion 

Furthermore, cognitive ability also affected choices. However, the moderating effect in choices was restricted to increasing ex
pected value sensitivity. This indicates that the effect might not be as straightforward as expected. Future research could shed light on 
the details of this effect. 

We also examined decision speed as a process measure and found that it was not a valid predictor of complexity aversion. In 

Fig. 6. Interaction Plots for Cognitive Ability and Complexity in Choices in Experiment 2. Higher cognitive ability leads to higher expected value (EV) 
sensitivity (steeper decision curve). EV differences in the experiment had a range of ±15 %. The x axis of the plots was extended to ±40 % to 
increase clarity and visibility. 
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general, decision speed (or response time) is an important measure of cognitive processes in economic decision making. For example, 
decision makers usually take longer to make decisions between options that are similar in their values compared to decisions between 
options with vastly different values (Clithero, 2018). Assuming that slower decision speed (or longer response time) indicates a more 
considerate decision process, the observed lack of a relation between decision speed and choices for complex lotteries indicates that 
complexity aversion should not be interpreted as general carelessness or sloppiness on the part of the study participants. This is in line 
with related findings showing that time pressure did not systematically affect the propensity to choose simpler options (Olschewski & 
Rieskamp, 2021). 

We also found support for the hypothesis that complexity aversion is partly driven by response noise. More specifically, we found an 
increase in preference variability for complex options in the first experiment in which complexity led to substantially noisier valuations 
(31 %). This increase could have amplified the effect of complexity aversion reported in previous studies in which the higher expected 
value was predominantly assigned to the complex option and a choice of the option with lower expected value was interpreted as a 
potential dislike of complexity (Huck & Weizsäcker, 1999; Sonsino et al., 2002; see also Olschewski et al., 2018). Apart from that, we 
found no evidence in support of the hypothesis that complexity aversion results from a (perceptual) underestimation, as there was no 
difference in the mean estimation between complex and simple lotteries in Experiment 1. 

Concerning the metacognitive awareness of noisy perception, participants indeed perceived their estimates to be less precise when 
evaluating complex lotteries in Experiment 1, as indicated by their confidence ratings. Hence, the complexity of lotteries can induce 
epistemic uncertainty about the true mean of the outcome distribution of a lottery. Epistemic uncertainty about the outcome distri
bution could also explain why splitting single outcomes of a lottery into two very similar outcomes can decrease its valuation compared 
to lotteries without split outcomes (Bernheim & Sprenger, 2020). Moreover, this uncertainty could induce a similar cognitive process 
as the uncertainty introduced in studies about ambiguity attitude, in which, for example, the distribution of colored balls in an urn is 
concealed and the participants’ task is to bet on drawing a ball with a certain color (e.g., Armantier & Treich, 2016; Kovářík et al., 
2016). However, in our study the participants’ lower confidence in their estimates for complex lotteries did not translate to a dislike (i. 
e., lower valuations) for complex gambles. To the extent that decision makers are risk or ambiguity averse, this can be interpreted as 
maladaptive, because the confidence should reflect the degree of uncertainty about their own estimate (see also Olschewski & 
Scheibehenne, 2023). As a limitation, it has to be considered that the hypotheses concerning the perceptual effects could only be tested 
in Experiment 1, which was based on a sample of university students. It is possible that perceptual influences might be more relevant in 
a more heterogeneous sample. 

Finally, because we controlled for skewness and variance in our lottery stimuli, we could assess the influence of these factors on 
valuations and estimations (see also Supplementary Section 4). Participants’ risk-taking behavior was generally in line with previous 
findings in the literature. Participants were overall risk averse (e.g., Holt & Laury, 2002) and they preferred options with a high rare 
outcome (i.e., right-skewed options) over options with a low rare outcome (i.e., left-skewed options; Becker, Ert, Trautmann, & Van De 
Kuilen, 2021; Ebert & Wiesen, 2011; Spiliopoulos & Hertwig, 2019; Trautmann & van de Kuilen, 2018; Tversky & Kahneman, 1992). 
Unlike in studies in decisions from experience (Olschewski et al., 2021), the effect of variance on mean estimations was not credible. 
Hence, avoiding high-variance lotteries in decisions from description cannot be explained by an estimation bias. In contrast, participants 
estimated lotteries with high rare outcomes to have higher expected values than lotteries with low rare outcomes. Thus, part of the 
supposed preference for right-skewed lotteries could be explained by perceiving right-skewed lotteries to have the higher expected value. 

Fig. 7. Descriptive Plot of Looking Time Proportion and the Complex Choice Proportion in Experiment 2. Looking time proportion (LTP) was binned in 
nine symmetrical bins denoted by their upper limit and one summary bin (>5) and then aggregated within and eventually over all participants. 
Higher LTP for the complex option led to less or even an inversion of the complexity bias according to the interaction effect. Error bars denote 95 % 
confidence intervals based on standard errors. 
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4.2. Implications 

Response noise in valuations and estimations was substantially higher for complex lotteries compared to their simpler counterparts. 
As this noise effect was already present on the estimation level, this implies that it was most likely caused by errors during information 
integration because more information has to be integrated for complex lotteries. An increase of unsystematic noise is something that 
future experiment designs should account for. To avoid inferring bias when there is only noise, experimental designs with symmetrical 
stimuli variation should be employed. Likewise, deviations from a decision proportion of 100 % should be interpreted cautiously 
because a decision process with maximum noise will lead to a choice proportion of 50:50. 

Biased preferences for complex lotteries were especially prevalent in choices, but less robust in valuations. We explained the 
difference between the elicitation formats with a dislike of cognitive effort. This implies that future experimental designs should take 
complexity into account because eliciting risk preferences from stimuli that differ in complexity can lead to unintentionally biased 
data. Moreover, the moderating influence of cognitive ability suggests that individual differences play an important role in how people 
cope with complexity. This is in line with previous research on individual differences (Moffatt et al., 2015) and age effects (Zilker et al., 
2020) in complexity aversion. Hence, complexity aversion is not universally observed for all participants in all situations. Also in our 
study some participants expressed robust preferences for complex lotteries both in valuation and choice (see Supplementary Section 3), 
and complexity aversion in choice was influenced by participants’ age (see Supplementary Section 5). Individual heterogeneity also 
relates to research examining how higher levels of education or quantitative sophistication affect attitudes towards ambiguity and 
compound risk (Abdellaoui et al., 2015; Aydogan et al., 2023; Chew et al., 2018). 

Finally, the observed quantitative valuation–choice gap in the dislike of complexity suggests that the bias can be reduced by 
presenting alternatives one at a time (valuation). Presumably, this is because this format requires participants to engage with every 
option and makes the differences in complexity less salient (for similar observations for ambiguity attitudes see Du & Budescu, 2005; 
Fox & Tversky, 1995). In other words, valuations were less biased by complexity than choices and might be the preferable paradigm to 
measure risk preferences if differing complexity between target options cannot be avoided. 

4.3. Limitations and future research 

One could have expected an effect of cognitive ability on complexity aversion also in choice, assuming that cognitive ability reduces 
cognitive effort in choices the same way as in valuations. While we did not find a direct significant interaction, we found a moderating 
influence of cognitive ability on expected value sensitivity. In our experimental design, a decision maker who is more sensitive to 
expected value will be less affected by complexity. This interaction provides indirect evidence for reduced complexity aversion 
(stemming from an unsystematic effect in asymmetrical experimental designs) in choices for people with high cognitive abilities. 
Moreover, it is possible that there is an interaction between cognitive ability and cognitive effort, meaning that cognitive ability might 
have lost its predictive validity because cognitive effort was the stronger predictor in the model. However, more research is necessary 
to confirm these relations. 

Further, we interpreted the time spent evaluating each option (LTP) as a measure of attention and reported a disappearance or 
inversion of the bias at sufficient attention in the choice task. However, the causal direction could also be reversed. Assuming the bias is 
a plain preference (not dependent on the avoidance of cognitive effort), the LTP could be an expression of preference, as it has been 
shown that people look longer at options they prefer (e.g., Shimojo et al., 2003). We find both directions plausible; the effect is likely 
bidirectional (Krajbich et al., 2010; Smith & Krajbich, 2019). Interestingly, Zilker and Pachur (2020) did not find that option 
complexity contributes to age effects in framing, loss aversion, or delay discounting. These findings conflict with our assumption of a 
relatively general mechanism (avoidance of cognitive effort) as the most probable explanation of complexity aversion. 

Our results are subject to our implementation of the two experiments and the chosen analyses. First, we used the number of 
outcomes as a manipulation of complexity, but there are many different ways in which complexity can be introduced in decisions 
under risk (e.g., Armantier & Treich, 2016). Future research can reveal whether different (e.g., text-based complexity) or more extreme 
(e.g., more than seven outcomes in a lottery) manipulations of complexity lead to the same pattern of results. Second, the participants’ 
incentives differed between Experiment 1 and 2. Whereas the outcomes in Experiment 1 were translated into tombola tickets for an 
additional lottery, in Experiment 2 they were directly transferred to a monetary bonus. This difference should be taken into account in 
particular when comparing valuations of complex lotteries between the two experiments. In general, the monetary incentives in our 
experiments were relatively small and complexity aversion might reduce if incentives increase (but see, Armantier & Treich, 2016). 
Third, as we excluded participants that took much longer (or shorter) to complete the experiment as the average participant in our 
samples, this could potentially lead to a biased sample excluding participants, who thoroughly try to process information for complex 
lotteries. However, as the number of participants excluded according to their time spent on the experiment was small (two in 
Experiment 1 and five in Experiment 2), this was not a practical concern, and the conclusions we drew from the main analyses all 
remained unchanged when we included these participants. 

Finally, future research should investigate how dislike of cognitive effort shapes behavior beyond controlled lab experiments, for 
example, in investment decisions, consumer choice, and potentially also more general learning contexts in which cognitive effort plays 
a central role. To the degree that individual differences in dislike of cognitive effort are partially learned through the association of 
invested effort and received reward (e.g., Inzlicht et al., 2018), complexity preferences might be malleable. Moreover, this would 
suggest that complexity aversion can be unlearned. Future experiments could explore this possibility, as it could inform intervention 
designs intended to reduce complexity aversion. 
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4.4. Conclusion 

In daily life, people face ever-increasing complexity in many domains such as financial and consumer decisions. We showed that 
differences in complexity systematically impact risk taking and that individuals with low cognitive abilities dislike complex options in 
particular. On a societal level, this mechanism has the potential to increase income and wealth inequality, as people with low cognitive 
abilities might shy away from complex, but highly rewarding options such as investing in stocks. We also showed that the impact of 
complexity on risk taking can be mitigated when presenting options sequentially, rather than simultaneously. Thus, it is important for 
researchers to understand and model the effect of complexity on preferential decisions and for choice architects to take option 
complexity into account when designing choice environments to guarantee a level playing field for all individuals. 
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