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Abstract 

Meder et al. (2019) found differences in risk aversion under additive (D+) and multiplicative 

(Dx) gamble dynamics. Challenges to their results included that differences might just reflect 

ignorance under Dx. Present study examined differences in learning and accuracy in sensory 

cue discrimination under D+ and Dx. A pre-registered within-subject experiment with repeated 

measures was used. Participants (N = 30, Mage = 40.4, SD = 10.4 years) from a convenience 

sample were exposed to a conditioning program, which was followed by a sensory cue 

discrimination task (for each dynamic), with “no-brainer” (e.g., discriminating between 

positive and negative cues) and “some-brainer” (e.g., discriminating within positive or 

negative cues) trials. Hypotheses were that (H1) participants would significantly outperform 

chance in both D+ and Dx, but (H2) the performance was expected to be significantly better in 

the D+ condition compared Dx. In regards to H1, data showed very strong to extreme evidence 

that participants performed significantly above chance, in every case except for “some-

brainer” trials in Dx (anecdotal). In regards to H2, data showed no conclusive evidence, in any 

condition, that participants in the sample performed worse in Dx compared to D+ (no evidence 

in total, anecdotal evidence for “some-brainer” trials, and moderate evidence for the opposite 

of H2 [Dx > D+] in “no-brainer” trials). The robustness, implications and limitations of these 

findings and future research is discussed. 

Keywords: ergodicity economics, sensory cue, dynamics, decision theory, cognition, 

learning, judgement, heuristics  
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Accuracy in sensory cue discrimination under additive and multiplicative dynamics 

 The search for an operational currency, which can be used to evaluate costs and 

benefits of any given decision, is a major challenge towards theory integration within decision 

theory research (Mishra, 2014). Expected Utility Theory (EUT) has been considered one of 

the most important developments (Muhammad, Gökhan, & Hussain, 2019). EUT merged the 

concepts of utility and expectation values to claim that people seek to maximize expected 

utility of wealth. However, research which focused on how people actually behaved showed 

that predictions made by EUT often were wrong in many real life situations, subsequently 

making it an inefficient operational currency (Mishra, 2014), and lead to numerous 

adaptations of EUT (Peters & Gell-Mann, 2016). Some of the issues with EUT have been 

related to (1) utility being an individual psychological characteristic with low predictive value 

(in general), and (2) expectation values only being meaningful in regards to ensembles or 

ergodic systems. These issues was addressed in the theory of Ergodicity Economics (EE), 

which claims that people optimize time-average growth of wealth instead (Peters, 2019; 

Peters & Adamou, 2018; Peters & Gell-Mann, 2016). However, experimental research on EE 

has been scarce, but theoretical papers in regards to cooperation (Peters & Adamou, 2019) 

and discounting (Adamou, Berman, Mavroyiannis, & Peters, 2019) were under review at the 

time of writing.  

 In 2018 an experiment was conducted by Meder et al. (2019, pre-print), which showed 

the first indications in support of EE based on behavior in an experimental setting. 

Participants (N = 20) started with a passive session which was designed as a 50 minute 

conditioning program, where they observed how a number of different arbitrary sensory cues 

affected an initial sum of 1000 DKK over time. This was followed by a 50 minute active 

session where participants were exposed to gambles presented as different pairs of previously 

learned sensory cues to choose from, with a 50/50 probability outcome within each gamble. 
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So-called “no-brainer” trials was also used (e.g., one of the cues in each pair was identical, 

and the other was either a positive or negative cue). This procedure was performed under 

additive (D+) and multiplicative (Dx) dynamics. A dynamic in this context is a specification of 

how a gamble is repeated over time (e.g., D+ through additive repetition, and Dx through 

multiplicative repetition). Endowment was payed out to each participant, which was based on 

their actual performance. In order to optimize their wealth over time, they should adapt their 

utility function depending on which dynamic they faced. Since, over time, a linear utility 

function (𝛿𝑢 = 𝛿𝑥) is more optimal in D+ and logarithmic utility function (𝛿𝑢 = 𝛿𝑙𝑛(𝑥)) in 

Dx (Meder et al., 2019). Meder et al. (2019) found that risk aversion increased during Dx, and 

that most of the participants followed a pattern of utility adaptation, which were in accordance 

with the time-average optimization decision criterion of EE. They also concluded that the 

increase in risk aversion under Dx could not be fully explained by other prominent utility 

models. 

 An interesting challenge to these results were later put forward: “People are more risk 

averse under multiplicative dynamics: perhaps that's because multiplicative dynamics are 

harder to learn, and it just reflects their ignorance.” (Peters, 2019, September 17). The focus 

of this study was to investigate these claims by specifically looking at differences in learning 

and accuracy in sensory cue discrimination between dynamics (D+ and Dx). 

 People have been found to learn additive dynamics more rapidly in other experimental 

settings (Juslin, Karlsson, & Olsson, 2008), and analytical or intuitive judgement could be 

relevant for cue discrimination. Analytical judgement would be to apply controlled thought 

with analytic rules, such as doing mathematics (Juslin, Nilsson, Winman, & Lindskog, 2011). 

However, without any aid of artefacts this process would be constrained by storage capacity 

in working memory (Cowan, 2001; Jonides, Lewis, Nee, Lustig, Berman, & Moore, 2008). 

As seen in Meder et al. (2019), declarative facts were hidden from participants and task 
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complexity was relatively high (e.g., due to time constraints in each decision and no aid of 

artefacts). Under these circumstances, participants would have to rely on other processes than 

analytical judgment in order to make decisions (Juslin et al., 2011). Intuitive judgements are 

both controlled (e.g., level of attention to cues and constrained by working memory) and 

intuitive (e.g., unguided by analytical rules). This might, at first glance, have similar 

characteristics as a large set of different approaches found in the heuristics and bias research 

(Gigenrenzer & Gaismaier, 2011; Gilovich, Griffin, & Kahneman, 2002; Slovic, 2010; 

Tversky & Kahneman, 1974). However, intuitive judgement should not be seen as a general 

heuristic, but rather a last resort were individuals use “flexible linear weightings of different 

information, depending on causal models, contextual information, or on the previous 

feedback” (Juslin et al., 2011, p. 252). Intuitive judgement have also have been found to be 

biased toward linear additive cue integration (Juslin et al., 2011), and a prior analysis of the 

open data in Meder et al. (2019) also showed a medium sized difference (d = .54) between D+ 

(M = .91, SD = .11) and Dx (M = .83, SD = .16) in “no-brainer” trials (for N = 18). 

 Meder et al. (2019) stated that “no-brainer” trials offered a way of testing how well 

participants could discriminate between sensory cues, and they used the results from these 

trials as a data inclusion criterion. The purpose of the present study was to replicate findings 

of differences between dynamics, in regards to accuracy in sensory cue discrimination, with 

less time spent in the passive phase. However, present study also wanted to explore further 

details in discriminatory ability, and investigate how well participants would be able to 

discriminate between sensory cues within each category (positive and negative), which had 

not been done before. This was done by adding “some-brainer” trials to the mix, which 

included choices between either two positives (one better than the other), or two negatives 

(one less worse than the other).  
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 Since prior data from Meder et al. (2019) showed how participants performed in “no-

brainer” trials when given 50 minutes of training, present study examined if 10 minutes in the 

passive phase would be sufficient to reproduce previously observed effects. If the learning 

curve in D+ is steeper compared to Dx it could have a greater impact on results, from and up to 

a certain point. Thus, less time spent in passive phase would affect Dx more than D+, and the 

potential difference between dynamics could therefor be slightly amplified (e.g., increased 

effect size), compared to Meder et al. (2019), see Figure 1. 

 

Figure 1. Theoretical learning curve and effect on results for both dynamics over time. 

 Hypotheses were that (H1) it was expected that the total proportion of correct 

responses would significantly outperform chance in both conditions (D+ and Dx), and that 

(H2) the performance was expected to be significantly better in the D+ condition compared to 

the Dx condition.  

 Findings from this study could contribute to experimental efficiency in similar 

experiments, for instance by reducing total session time for each participant. Which 

potentially could (1) minimize inconvenience and effort for participants and (2) overall cost of 

the experiment. Finding could also help (3) progress within this specific area of research by 

replicating any potential differences between dynamics.  

 A within-subject experimental design with repeated measures of trials choosing 

between two sensory cues was used.  
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Method 

Participants 

 A convenience sample of 30 participants between 21-64 years old (n = 16 women, 

Mage = 40.4, SD = 10.4 years) were recruited through social media. Participants in the sample 

had different educational background (n = 12 high school, n = 7 up to 3 years of college, and 

n = 11 > 3 years of college education), and mostly consisted of family, friends, colleagues and 

acquaintances available to the researcher. Sample-size was estimated based on , power 

(1 − 𝛽) = .95 and a hypothesized effect size of d = .60 and in G*Power 3 (Faul, Erdfelder, 

Lang, & Buchner, 2007). Inclusion criteria were being over 18 years old and proficient in the 

Swedish language. Data was acquired at 12 different locations in two nearby cities in Sweden. 

A total of 26 participants conducted the entire experiment (between 21-54 years old, n = 14 

women, Mage = 38.88, SD = 9.01 years). Four participants were excluded (two from each 

group), one due to not being able to reschedule within a reasonable timeframe after stoppage 

time (#29), and three who chose to abort during/after the first passive phase due to being too 

tired and/or uncomfortable (#2, #5, #17). Endowment of 1000 SEK were payed out to the 

participant (n = 1) with the highest proportion of correct responses in the experiment. 

Material 

 Participants were seated in front of a 15.4-inch laptop computer screen (1440 x 900 

resolution). A Microsoft ™ PowerPoint presentation were presented against a white 

background in full screen mode (16:9) during the entire experiment. During the active phases, 

answers from participants were made vocally and was manually registered by the researcher 

on a piece of A4 paper. The questionnaire with demographic information and informed 

consent was also presented on two A4 papers. Data analysis was performed using JASP 

version 0.11 (JASP Team, 2019) and R version 3.6.1 (R Core Team, 2019) with the ggplot2 
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package (Wickham, 2016). A true random number generator (www.random.org) was used for 

all randomizations in this study.  

 Images (original resolution 601 x 477 pixels) of grayscale fractals acted as arbitrary 

sensory cues which were produced in XoaS version 3.6 (XoaS, 2016), see Figure 2.  

 

Figure 2. Sets of fractals (A and B, eight fractals in each) was used as arbitrary sensory cues.  

Design 

 The present study was pre-registered using As Predicted (aspredicted.org) and 

documentation (including data and analysis) was uploaded to the Open Science Framework 

(https://osf.io/5xjpe/). A within-subject experimental design with repeated measures was 

used. Participants were randomly assigned into two groups (counterbalanced by sex) starting 

with different dynamics in order to test for any potential carryover effects between dynamics. 

Incentives were used since they have been found to improve performance and reduce the 

variance in experimental judgement tasks that are dependent on effort (Camerer & Hogharth, 

1999). As the dependent variable, the proportion of correct responses served as a measure of 

accuracy. Decision dynamic (D+ or Dx) acted as the independent variable, see Figure 3.  

 

Figure 3. General experimental procedure.  
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Procedure 

 Introduction. Participants were seated at a desk and asked to read the instructions 

given on a computer screen in front of them. The first set of instructions given were 

information about: who was conducting the research, the purpose of the study, approximately 

how much time they would have to invest in order to participate. A non-detailed picture 

containing a schematic of the experimental layout was also attached to these instructions. 

Then they were given a brief explanation of each phase (e.g., how to respond in the active 

phase, time-frame of each decision), including three examples of the active and passive 

procedure with neutral images and factors. At last, participants were informed that their 

participation were voluntary, how data from the study were handled confidentially and how to 

take part of the results from the study. They could ask questions and a letter of informed 

consent were signed before the experiment started. Demographical information (age, sex, and 

education) was also collected, see Appendix A. 

 Passive session. An initial sum of 1000 SEK were presented on screen, after two 

seconds, a fractal image was presented and the initial sum of 1000 SEK changed in 

accordance to the hidden growth factor of that fractal. Present study applied the same positive 

and negative growth factors (excluding the neutral) as in Meder et al. (2019). For Dx [0.45, 

0.55, 0.67, 0.82, 1.22, 1.50, 1.83, 2,24], and D+ [-428, -321, -214, -107, 107, 214, 321, 428]. 

Growth factors had a randomized corresponding fractal, D+ from Set A and Dx from Set B, 

see Figure 2. Wealth change trajectories in each dynamic followed the same bounds as in 

Meder et al. (2019), meaning that partial sums never exceeded 5000 SEK or went below 0 

SEK. A randomized order of the presentation was produced until these criteria were met. 

Each factor, (with the associated fractal) was presented 10 times (six seconds each time) over 

the course of 10 minutes, see Figure 4 and 5 for an example.  

 The researcher stayed in the background during this session. 
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Figure 4. Overview of an example from passive session in Dx. White squares represent what 

the participants saw on the screen, grey and black boxes underlying mechanisms for timings 

and change in wealth. 

 

Figure 5. Wealth change trajectories for each dynamic in the passive phase. 

 Rest between passive and active session. The participants were reminded of the 

instructions given in the introduction regarding their objective, how to respond and the 

consequences of not making a decision in time during the decision phase. Also, the researcher 

manually kept track of time and controlled the presentation at all times. 

 Active session. Each trial started with an empty screen with just the letters “A” or “B” 

visible, two images of fractals were loaded simultaneously after one second. The response 

window started one second after that and a countdown clock (from 5 to 0 seconds) appeared 

on screen. A sound cue was played at the end of each countdown to mark the auditory end of 

each response window, see Figure 6 for an example. The researcher was seated beside the 

participants and manually recorded their answers on a piece of paper. 
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Figure 6. Active session layout. White squares represent what the participants saw on the 

screen, no actual growth factor numbers or feedback on wealth change from each decision 

were presented.  

 Trial types. In “no-brainer” trials participants had to be able to discriminate between 

positive or negative cue-effects (e.g., 1.22 vs. 0.82 and so forth). In “some-brainer” trials 

participants had to be able to discriminate within positive (e.g., 1.22 vs. 1.50) and negative 

(e.g., 0.82 vs. 0.67) cue-effects for each dynamic, in order to make the correct decision. The 

order in which factors occurred under each dynamic was randomized. In which order “A” or 

“B” was the correct answer in each dynamic was also randomized. There were 16 

combinations of “no-brainer” trials and 12 combinations of “some-brainer” trials. 64 trials (1 

x 16 “no-brainer” and 4 x 12 “some-brainer” trials) were presented over 8 minutes for each 

participant and dynamic. 

 Debriefing.  Participants were given the opportunity to ask further questions and the 

underlying factors were explained. Each participant also received personal communication in 

regards to their own results and how to get a hold of the results from the study afterwards.  

Deviations from protocol 

 After pre-registration there was a decision made to use the first four participants as a 

pilot for the experimental procedure, their data was later added to the sample. One descriptive 

data-analysis was performed in order to control for any potential unknown bias in material 
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(none was found), and instructions regarding consequences if participants failed to answer 

within the given timeframe was simplified.  

 A data registration quality procedure, which involved recording the voices of 

participants during the active phase was deleted. This was due to some participants being 

hesitant about having their voice recorded. Difficulties in getting access to a single location 

with suitable premises to conduct experiments resulted in the decision to use multiple 

locations.  

 In pre-registration there was a stoppage time set at 2019-11-30 and no recruiting was 

made beyond that date. However, one participant had to reschedule beyond that date, and data 

was collected 2019-12-02, which was acceptable.  

Inferential statistics 

 There are several advantages to using Bayesian inference over classical inference (see 

Wagenmakers et al., 2018a), for instance when it comes to parameter estimation (e.g., 

incorporating prior knowledge) and hypothesis testing (e.g., evidence for H0 vs. H1 and less 

bias against H0).  

 There were three different factors involved when choosing prior distribution: (1) the 

objective and informative prior which was found from previous research (e.g., d = .54 

difference between dynamics in “no-brainer” trials, Meder et al, 2019), (2) the subjective 

prior (e.g., the belief of the researcher in regards to finding an effect-size of d = .60), (3) a 

non-informative default prior in accordance with Wagenmakers et al. (2018b). Default prior 

was set at a zero-centered Cauchy distribution with a width parameter 𝑟 =  
1

2
√2 ≈ .707. 

 Bayes factor interpretations and evidence categories (anecdotal to extreme) were 

guided by Wagenmakers et al. (2018b). Factor BF10 > 1 being evidence for H1 compared to 

H0, BF10 = 1 is zero evidence, and BF10 < 1 is evidence for H0 compared to H1 Results above 

BF10 = 100 and below 1/100 will say > 100 or < 1/100.  
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Results 

Descriptive statistics  

 All participants (N = 26) succeeded in meeting the data inclusion criteria of a total 

proportion of correct responses ≥ .5 in “no-brainer” trials (M = .84, SD = .11), see Table 1, 

Figure 7, and Figure 8 for more details. 

Figure 7. Participants on or above the dotted red line in “no-brainer” trials were included in 

the data analysis. The image were produced in R version 3.6.1 (R Core Team, 2019) with the 

ggplot2 package (Wickham, 2016). 

 

Figure 8. Density and boxplot including scattered datapoints for each participant for both 

dynamics (D+ and Dx) and trial type:  a) in total, b) “no-brainer, and c) “some-brainer”. 

Images were produced in R version 3.6.1 (R Core Team, 2019) with the ggplot2 package 

(Wickham, 2016). 
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Table 1. 

Proportion of correct responses in regards to dynamic and trial type for N = 26. 

 D+  Dx 

Trial type M SD 95 % CI  M SD 95 % CI 

No-brainer 0.83 0.13 [.780,.884]  0.84 0.11 [.799,.886] 

Some-brainer 0.63 0.18 [.558,.706]  0.60 0.17 [.553,.667] 

In total 0.68 0.15 [.619,.743]  0.64 0.15 [.579,.704] 

 

 Total proportion of correct responses compared to chance. In regards to proportion 

of correct responses (for each trial type) and dynamic, there were several one-sample 

Bayesian t-tests performed in order to test performance above chance (H1), see Table 2. 

Table 2. 

Bayesian one sample t-tests for each dynamic and trial type. 

  Additive (D+)  Multiplicative (Dx) 

Trial type  BF+0 error % Evidence  BF+0 error % Evidence 

“No-brainer”  >100 NaNa Extreme  >100 NaNa Extreme 

“Some-brainer”  62.04 3.384e-5 Very strong  1.64 ~.007 Anecdotal 

In total  >100 NaNa Extreme  >100 3.384e-8 Extreme 

Note: For all tests, the default distribution was used and the alternative hypothesis specifies 

that the population mean is greater than .5 (test value).  

a t-value is large. A Savage-Dickey approximation was used to compute the Bayes factor but 

no error estimate can be given. 

 This means that for “no-brainer” trials and in total, the data is extremely more likely to 

occur under H1 compared to H0 under both dynamics. In regards to “some-brainer” trials, the 

data is very strongly more likely to occur under H1 compared to H0 in D+, but only anecdotally 

more likely to occur under H1 compared H0 in Dx. 

  

  



ACCURACY IN SENSORY CUE DISCRIMINATION 

 

15 

 Differences between total proportion of correct responses and dynamics. In 

regards to test for any differences between proportion of correct responses and dynamics 

(H2), Bayesian paired samples t-tests were performed between dynamics and total proportion 

of correct responses (trial types and total): 

 Differences in total. Participants had a higher proportion of correct responses in D+ 

(M = .68, SE = .003) compared to Dx (M = .64, SE = .003). A default zero-centered Cauchy 

distribution with a width parameter of .707 was used since there was no informative prior 

which incorporated both trial types. The associated Bayes factor suggested that the data 

showed no evidence for differences between dynamics and proportion of correct responses in 

total (alt. hypothesis = D+ > Dx), BF10 = 1.03, Mdn = .29, 95% BCI [.023,.642], error % = ~ 

.002. This means that the data is 1.03 times more likely to occur under H1 compared to H0. 

Analysis of robustness over priors showed that over a wide range of different values for the 

prior width (𝑟 = [0,1.5]) the data provided anecdotal evidence in favor of H0 compared to H1, 

as well as anecdotal evidence in favor of H1 compared to H0. Sequential analysis over 

participants showed an upward trend in favor of H1 in the flow of evidence as the sample size 

increased. See Figure 9 for details. 

 

Figure 9. Bayesian paired samples t-test for differences between dynamics in total proportion 

of correct responses, including robustness of priors and sequential analysis over participants. 

Images were produced in JASP (JASP Team, 2019). 
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 Differences in “no-brainer” trials. Participants had a lower proportion of correct 

responses in D+ (M = 0.83, SE = .002) compared to Dx (M = .84, SE = .002). An informative 

prior based on previous research was used (e.g., d = .54 difference between dynamics in “no-

brainer” trials, Meder et al, 2019), and prior distribution was set at a zero-centered Cauchy 

distribution with a width parameter 𝑟 =  
1

2
√0.54 ≈ .367. The associated Bayes factor 

suggested that the data showed moderate evidence for H0 compared to H1 (alt. hypothesis = 

D+ > Dx), BF10 = .21, Mdn = .08, 95% BCI [.003,.290], error % = ~ .002. This means that the 

data is 4.67 times more likely to occur under H0 compared to H1. Analysis of robustness over 

priors showed that over a wide range of different values for the prior width (𝑟 = [0,1.5]), the 

data provided zero to strong evidence in favor of H0 compared to H1. Sequential analysis over 

participants showed a stabilizing trend in favor of H0 in the flow of evidence as the sample 

size increased. See Figure 10 for details. 

 

Figure 10. Bayesian paired samples t-test for differences between dynamics in proportion of 

correct responses in “no-brainer” trials, including robustness of priors and sequential analysis 

over participants. 

 Differences in “some-brainer” trials. Participants had a higher proportion of correct 

responses in D+ (M = 0.63, SE = .004) compared to Dx (M = .60, SE = .004). A default zero-

centered Cauchy distribution with a width parameter of .707 was used, since there was no 

informative prior which incorporated both trial types. The associated Bayes factor suggested 

that the data showed anecdotal evidence for H1 compared to H0 (alt. hypothesis = D+ > Dx), 
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BF10 = 1.82, Mdn = .03, 95% BCI [.046,.712], error % = ~ 3.567e-4. This means that the data 

is 1.82 times more likely to occur under H1 compared to H0. Analysis of robustness over 

priors showed that over a wide range of different values for the prior width (𝑟 = [0,1.5]), the 

data provided anecdotal to no evidence in favor of H1 compared to H0. Sequential analysis 

over participants showed an upward trend in favor of H1 in the flow of evidence as the sample 

size increased. See Figure 11 for details. 

 
Figure 11. Bayesian paired samples t-test for differences between dynamics in proportion of 

correct responses in “some-brainer” trials, including robustness of priors and sequential 

analysis over participants. 

 Data and . 𝑗𝑎𝑠𝑝 files are available at OSF (https://osf.io/5xjpe/). 

Exploration of data beyond prior hypotheses 

 This section contains analyses of data beyond pre-registered hypotheses (e.g., carry-

over effects or fatigue), and some control (e.g., start order effects), which should only be 

viewed as exploration of different observations after the fact, rather than additional post-hoc 

hypotheses testing. 

 Start order. A Bayesian paired samples t-test was used to investigate differences 

between those who started with Dx (Group 1, N = 13, n = 8 women, Mage = 39.20, SD = 8.25 

years) and those who started with D+ (Group 2, N = 13, n = 6 women, Mage = 38.50, SD = 10 

years). Data showed that those who started with Dx had a lower proportion of correct 

responses (M = .63, SD = .11, 95% BCI [.561,.698]) compared to those who started with D+ 

(M = .70, SD = .16, 95% BCI [.597,.789]). A default zero-centered Cauchy distribution with a 
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width parameter of .707 was used, since there was no informative prior which incorporated 

both trial types. The associated Bayes factor suggested that the data showed moderate 

evidence for H1 compared to H0 (alt. hypothesis = Group 2 > Group 1), BF10 = 6.53, Mdn = 

.06, 95% BCI [.130,1.257], error % = ~ 3.252e-4. This means that the data is 6.53 times more 

likely to occur under H1 compared to H0. Analysis of robustness over priors showed that over 

a wide range of different values for the prior width (𝑟 = [0,1.5]), the data provided moderate 

evidence in favor of H1 compared to H0. Sequential analysis over participants showed a stable 

trend within moderate evidence in favor of H1 in the flow of evidence as the sample size 

increased, see Figure 12 for details. 

 

Figure 12. Bayesian paired samples t-test for differences between groups and their start order 

in total proportion of correct responses, including robustness of priors and sequential analysis 

over participants. 

 A boxplot analysis shows that out of n = 5 top performers, n = 4 of them are located in 

Group 2, see Figure 13. 
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Figure 13. Descriptive statistics for groups. Group 1 (Dx1) and Group 2 (D+1) and a boxplot of 

results for each participant per group (for both conditions in total). 

 Fatigue and carry-over effects. A Bayesian paired samples t-test was used to 

investigate differences between first set of trials and second set of trials (regardless of 

dynamic), to see if there might have been any potential carry-over or fatigue effects. Data 

showed that participants (N = 26) performed better in the second set of trials (M = .67, SE = 

.031) compared to the first set of trials (M = .65, SE = .030). A default zero-centered Cauchy 

distribution with a width parameter of .707 was used, since there was no informative prior 

which incorporated both trial types. The associated Bayes factor suggested that the data 

showed anecdotal evidence for H0 compared to H1 (alt. hypothesis = Second set of trials > 

First set of trials), BF10 = .36, Mdn = .18, 95% BCI [.009,.503]. This means that the data is 

2.82 times more likely to occur under H0 compared to H1. Analysis of robustness over priors 

showed that over a wide range of different values for the prior width (𝑟 = [0,1.5]), the data 

provided anecdotal to moderate evidence in favor of H0 compared to H1. Sequential analysis 

over participants showed a stable trend within anecdotal to moderate evidence in favor of H0 

in the flow of evidence as the sample size increased, see Figure 14 for details. 
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Figure 14. Bayesian paired samples t-test for differences between the first and second set of 

trials in total proportion of correct responses, including robustness of priors and sequential 

analysis over participants. 

Discussion 

 In regards to the first hypothesis (H1), it was expected that the total proportion of 

correct responses would significantly outperform chance in both conditions (D+ and Dx). 

Results showed that for “no-brainer” trials and in total, the data was extremely more likely to 

occur under H1 compared to H0 for both dynamics. In regards to “some-brainer” trials, the 

data was very strongly more likely to occur under H1 compared to H0 in D+, but only 

anecdotally under Dx. Meaning, it is very likely that the data supports H1, except in the case 

of “some-brainer” trials under Dx. 

 In regards to the second hypothesis (H2), it was expected that performance was to be 

significantly better in the D+ condition compared to the Dx condition. In total, results showed 

that the data was no more likely to occur under H1 compared to H0. However, over a wide 

range of plausible priors, there were anecdotal evidence in support of both H2 and the null 

hypothesis in total. Results also showed that the data was moderately more likely to occur 

under H0 compared to H1 in regards to “no-brainer” trials. In this case, data showed 

indications that the opposite to H2 is likely to be found (Dx > D+) in “no-brainer” trials. Also, 

over a wide range of plausible priors there were no instances of support of H2 in “no-brainer” 

trials. In regards to “some-brainer” trials, results showed that the data was anecdotally more 
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likely to occur under H1 compared to H0. However, only anecdotal evidence was found to 

support H2 for “some-brainer” trials over a wide range of plausible priors. It is also worth 

noting that there is a general trend in regards to trial type and difference between dynamics 

(see Table 1 and Figure 8). In “no-brainer” trials the trend is pointing towards support of H0, 

but in “some-brainer” it has shifted towards H1. 

 Participants in present study performed equally well in both conditions, with less time 

spent in passive phase, as opposed to results from “no-brainer” trials in Meder et al. (2019), 

see Figure 15. 

 

Figure 15. Density and boxplot for “no-brainers” in a) Meder et al. (2019) and b) present 

study, set at the same range [0,8] on the y-axis. 

 It is plausible that the a priori theory of theoretical learning curves in Figure 1 is either 

(1) wrong, (2), weak and/or (3) optimistic in regards to threshold positions (e.g., 10 minutes 

in the passive phase is closer to the lower bound and that the increase in effect starts 

somewhere after 10 minutes). Also, even if the “no-brainer” trials (in principal) are similar in 

both studies, the context for which they appeared were different in some regards. For 

instance, there might have been motivational differences since all participants in Meder et al. 
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(2019) got endowment based on their performance. There could also be some unknown bias 

(in either study) that accounts for some of the differences seen in Figure 15. 

 However, it would be difficult to predict performance in the type of gambles used to 

estimate risk-aversion in Meder et al. (2019) based only on results in “no-brainer” trials, since 

different processes for each trial type might be at play. For example, it would be one thing to 

discriminate between positive and negative cues (“no-brainer”), and another to choose 

between gambles presented as different pairs of sensory cues with a 50/50 probability 

outcome in each pair (e.g., since the latter has a higher amount of uncertainty about the right 

decision than the former). 

 In regards to exploratory analyses, data showed that there were some indications of 

advantages when starting with D+ (Figure 12). The example that was given to the participants 

in the introduction was presented in D+, which (even if they were not told about the dynamic) 

could have given those who started with D+  a better primer going in to the first set of trials. 

However, as the boxplot in Figure 13 showed, this could also largely be explained by the fact 

that four out of five top performers ended up in Group 2, rather than any real advantages in 

starting with D+. Regardless, data did not show any overall differences that rendered concern, 

since (1) data indicated the opposite (1st > 2nd) and (2) within non-convincing effect-sizes 

depending on prior (Figure 14). 

Limitations 

 Apart from a convenience sample, which makes generalizations to a broader 

population difficult, data were also collected at multiple different locations and environments, 

which could introduce numerous situational variables (e.g., variance in time of day, 

background noise levels [the researcher observed huge variance in this regard], lightning, air 

in the room etc). Even if within-subject design limits the consequences of these situational 

variables (e.g., having the same effect on results in both conditions), there was some instances 
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of major variance, for example in background noise levels (e.g., high noise during the first 

and lower noise level during the other), which might have affected the ability to concentrate, 

and therefor also affected the results. 

 Sample size was determined based on an optimistic effect size estimate, which raises 

doubts about the ability this design had in regards to power and finding any effects of interest. 

In hindsight it should have been more appropriate to estimate sample size based on both a 

potential presence and absence of an effect, as well as a minimum effect-size of interest 

(Lakens, Scheel, & Isager, 2018). For instance, taking a minimum effect of interest into 

consideration during planning, could have resulted in this design never leaving the drawing 

board in favor of something more scientifically appropriate. For example, even a small 

decrease in effect size under the same parameters (, 1 − 𝛽= .95) would mean a 

significant increase in sample size, beyond what would have been deemed plausible to do 

within the given timeframe of this project. In this case, consequences include an increased 

risk of making a Type-II error (e.g., believing there is no differences between dynamics when 

there actually is one). 

 Bayes factor interpretations at these lower levels should be viewed with some healthy 

skepticism, just as any default level of justification for evidence (e.g., in comparison to the 

common frequentist default of how to interpret p-values as well as the different thresholds for 

Cohen’s d). For reference, another expression for anecdotal could be stated as “worth no more 

than a bare mention” or “inconclusive” (Wagenmakers et al., 2018b, p.67). Also, the default 

prior should be viewed as “good enough” if there are no other data or expertise to take into 

consideration (Wagenmakers et al., 2018a). However, the informative prior used in present 

study was (also) weak, due to the low amount of data available from previous research. 

 In regards to demand characteristics, participants might have felt pressured in to 

performing and/or being scared of failure in front of someone they knew (e.g., in this case the 
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researcher). Potential positive effects from endowment (Camerer & Hogharth, 1999) might 

therefore also have been limited, since participants in the sample was familiar with the 

experimenter to different extents, and their willingness to help out might have been a primary 

motivation rather than any potential endowment. Also, even though not being a part of this 

study purpose, it is worth noting that comments from participants ranged from “being the 

most boring thing I’ve ever done”, to “I love these kinds of tests”. Meder et al. (2019) 

reported having excluded one participant who fell asleep during the experiment. Even if 

present study had a much shorter session-time, compared to Meder et al. (2019), there were 

some instances of participants showing signs of at least drifting away during the passive 

phase (e.g., eyelids seemingly getting heavier, and head movement going down and then 

rapidly up again while watching the computer screen).  

Future research 

 There are a lot of variables to manipulate (e.g., time spent in passive, task complexity 

[e.g., number of factors] etc.), but perhaps the most important variables to consider going 

forward would be (1) letting dynamics run free and (2) making the experiment more 

enjoyable for the participants. For instance, the granularity between the different factors in 

both conditions (e.g., their SD) was relatively small, which, together with the upper (5000 

SEK) and lower (0 SEK) bound made very little room for both dynamics to show more of 

their true nature (e.g., D+ going below zero but not likely to give huge numbers, and Dx never 

going below [but infinitesimally close to] zero and likely to produce some huge numbers). In 

regards to making the experiment more enjoyable, some kind of gamification of the procedure 

might mitigate repetitiveness and help participants stay focused. The main problem would be 

how to motivate participants in doing so, if there is real money involved for each participant 

(e.g., as in Meder et al. [2019]), there would be two issues to maneuver, (1) the ethics of 

potentially placing participants under in any kind of debt, and (2) a substantial budget in order 
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to potentially pay out very large amounts of money. Which explains the upper and lower 

bound used in Meder et al. (2019).  

 Future research should also focus on trying to answer which process(es) might be at 

play during the task by, for instance , using biometrics (e.g., eye-movement) or neurometrics 

(e.g., fMRI). It is worth noting that Meder et al. (2019) collected fMRI data from their 

participants in order to investigate the role of phasic dopamine signaling in the mid-brain, but 

the results were not published in any form at the time of writing.  

 It would also be interesting to look at participants own perception of task performance 

afterwards (in both conditions). For example, if they thought D+ or Dx were easier or harder, 

and then compare it to their results (e.g., “subjective” versus “objective” ignorance). 

In conclusion 

  Since data showed no conclusive evidence that participants in the sample performed 

worse in Dx compared to D+, in any condition, present study failed to replicate previous 

findings, or find any compelling support for the challenges made towards risk-aversion effects 

found in Meder et al. (2019). Data did however show that the 10 minutes given in the passive 

phase was very likely to be sufficient for participants to perform significantly above chance, 

in every case except for “some-brainer” trials in Dx. This might be used as input towards 

experimental efficiency, when investigating differences between dynamics in “no-brainer” 

trials is of primary interest. 
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Appendix - Tables and Figures 

Table 1. 

Proportion of correct responses in regards to dynamic and trial type for N = 26. 

 D+  Dx 

Trial type M SD 95 % CI  M SD 95 % CI 

No-brainer 0.83 0.13 [.780,.884]  0.84 0.11 [.799,.886] 

Some-brainer 0.63 0.18 [.558,.706]  0.60 0.17 [.553,.667] 

In total 0.68 0.15 [.619,.743]  0.64 0.15 [.579,.704] 

 

Table 2. 

Bayesian one sample t-tests for each dynamic and trial type. 

  Additive (D+)  Multiplicative (Dx) 

Trial type  BF+0 error % Evidence  BF+0 error % Evidence 

“No-brainer”  >100 NaNa Extreme  >100 NaNa Extreme 

“Some-brainer”  62.04 3.384e-5 Very strong  1.64 ~.007 Anecdotal 

In total  >100 NaNa Extreme  >100 3.384e-8 Extreme 

Note: For all tests, the default distribution was used and the alternative hypothesis specifies 

that the population mean is greater than .5 (test value).  

a t-value is large. A Savage-Dickey approximation was used to compute the Bayes factor but 

no error estimate can be given. 
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Figure 1. Theoretical learning curve and effect on results for both dynamics over time. 

 

Figure 2. Sets of fractals (A and B, eight fractals in each) was used as arbitrary sensory cues.  

 

Figure 3. General experimental procedure. 
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Figure 4. Overview of an example from passive session in Dx. White squares represent what 

the participants saw on the screen, grey and black boxes underlying mechanisms for timings 

and change in wealth. 

 

Figure 5. Wealth change trajectories for each dynamic in the passive phase. 

 

Figure 6. Active session layout. White squares represent what the participants saw on the 

screen, no actual growth factor numbers or feedback on wealth change from each decision 

were presented.  
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Figure 7. Participants on or above the dotted red line in “no-brainer” trials were included in 

the data analysis. The image were produced in R version 3.6.1 (R Core Team, 2019) with the 

ggplot2 package (Wickham, 2016). 

 

Figure 8. Density and boxplot including scattered datapoints for each participant for both 

dynamics (D+ and Dx) and trial type:  a) in total, b) “no-brainer, and c) “some-brainer”. 

Images were produced in R version 3.6.1 (R Core Team, 2019) with the ggplot2 package 

(Wickham, 2016). 
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Figure 9. Bayesian paired samples t-test for differences between dynamics in total proportion 

of correct responses, including robustness of priors and sequential analysis over participants. 

Images were produced in JASP (JASP Team, 2019). 

 

Figure 10. Bayesian paired samples t-test for differences between dynamics in proportion of 

correct responses in “no-brainer” trials, including robustness of priors and sequential analysis 

over participants. 

 
Figure 11. Bayesian paired samples t-test for differences between dynamics in proportion of 

correct responses in “some-brainer” trials, including robustness of priors and sequential 

analysis over participants. 
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Figure 12. Bayesian paired samples t-test for differences between groups and their start order 

in total proportion of correct responses, including robustness of priors and sequential analysis 

over participants. 

 

Figure 13. Descriptive statistics for groups. Group 1 (Dx1) and Group 2 (D+1) and a boxplot of 

results for each participant per group (for both conditions in total). 
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Figure 14. Bayesian paired samples t-test for differences between the first and second set of 

trials in total proportion of correct responses, including robustness of priors and sequential 

analysis over participants. 

 

Figure 15. Density and boxplot for “no-brainers” in a) Meder et al. (2019) and b) present 

study, set at the same range [0,8] on the y-axis. 
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  Appendix A - Informed consent (Swedish) 

 

Jag heter Jesper Hjortsberg och är student vid avdelningen för psykologi vid Mittuniversitetet. 

Jag genomför en studie som syftar till att undersöka faktorer som påverkar inlärningen och 

förmågan att göra skillnad mellan olika stimuli. Du kommer att närvara vid ett tillfälle genom 

ett experiment som pågår i 45-60 minuter. Först kommer du få lära dig hur olika godtyckliga 

bilder påverkar en summa pengar över tid, för att sedan använda dig av denna kunskap genom 

att göra en mängd aktiva val mellan olika bilder. Den deltagare som lyckas fatta flest korrekta 

beslut kommer belönas med 1000 SEK i kontanter efter studien är genomförd. För att delta 

behöver du vara över 18 år och behärska det svenska språket. 

 

Följande data kommer samlas in och hanteras: 

 Dina svarsalternativ under beslutsdelarna av experimentet. Detta kan komma att 

publiceras som öppet data. Ingen del av ditt resultat går att härleda till dig. 

 Demografisk information i form av ålder, kön och utbildning. Dessa uppgifter 

redovisas på ett sätt som omöjliggör identifiering av enskilda personer. 

 Ditt namn, dina kontaktuppgifter och underskriften av denna samtyckesblankett. 

Dessa tas bort permanent efter kursen är betygsatt (preliminärt i början av 2020). 

 

Om du skulle uppleva obehag eller av någon annan anledning skulle vilja avbryta ditt 

deltagande kan du när som helst under studien, utan särskild förklaring, avbryta. I samband 

med detta har du även rätt att dra tillbaka dina insamlade data. Ditt deltagande är alltså helt 

frivilligt. Resultaten kan komma att presenteras i vetenskapliga sammanhang så som rapporter 

eller presentationer.  

 

Vid övriga frågor kan du maila Jesper Hjortsberg (jehj1800@student.miun.se). Du kan även 

kontakta min handledare Billy Jansson (billy.jansson@miun.se). 

 

Jag samtycker till att delta i den här studien: 

 Jag har läst och förstått information om studien ovan 

 Jag förstår målet och proceduren med studien. 

 Jag förstår vad det innebär för mig att delta i studien. 

 

 

 

Namnunderskrift och datum 
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Demografisk information 

Fyll i och sätt ett kryss vid det alternativ som passar in på dig bäst. 

Kön:   [  ] Man 

   [  ] Kvinna 

 

Ålder: 

 

Utbildning:   [  ] Grundskola eller gymnasium 

   [  ] Upp till 3 år vid högskola eller universitet. 

   [  ] Över 3 år vid högskola eller universitet. 

   [  ] Annat, nämligen: 

 

Kontaktuppgifter (e-post eller telefonnummer):  

 

 

 


