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Materials and Methods 

Here we provide further details on the replications (Section 1), the estimation of 

standardized effect sizes and meta-analysis (Section 2), the implementation of the 

prediction markets and survey (Section 3), the prediction markets performance (Section 

4), the comparison of prediction market beliefs and survey beliefs (Section 5), the 

comparison of reproducibility indicators between experimental economics and 

psychological sciences (Section 6), and additional results and data for the individual 

studies/markets (Section 7). 

 

1. Replications 

We replicate 18 experimental studies published between 2011 and 2014 in the high-

impact general interest journals the American Economic Review (AER) and the Quarterly 

Journal of Economics (QJE). (33–50) The deadline for inclusion in the study was that the 

paper should be published or posted as accepted/in press at the website of the journal at 

August 1, 2014. 

There are a number of different possible experimental designs. The most “classical” 

design is the randomized controlled trial (RCT) design, where participants are randomly 

allocated to two or more treatments and the outcome is compared between treatments. 

This design is for instance the gold standard in medicine in comparing different medical 

treatments. The RCT is a between subjects treatment comparison, and this design is also 

commonly used in experimental economics (although it is not always the case that 

participants are strictly randomly allocated to treatments). Another commonly used 

design is a within subject treatment comparison where the same participants are exposed 

to two or more treatments and the outcome is compared between the treatments. A within 

subject design is typically considered a somewhat weaker identification of treatment 

effects as being exposed to the first treatment may affect behavior in the second 

treatment. A third common design in experimental economics is to compare the behavior 

of a group of participants with a theoretical prediction (e.g. to test if behavior in the 

dictator game is consistent with money maximizing behavior). 

In this study we decided to include all between subject treatment comparison studies 

for replication. To be part of the study a published paper needed to report at least one 

significant between subject treatment effect that was referred to as statistically significant 

in the paper, and was emphasized as an important finding by the authors of the paper (e.g. 

highlighted in the Abstract or the Introduction). If a paper reported more than one 

significant between subject treatment effects, we used the following 4 criteria in 

descending order to determine which treatment effect to replicate. 

1. The most central result in the paper (among the between subject treatment 

comparisons) based on to what extent the results were emphasized in the 

published papers. 

2. If more than one equally central result, we picked the result (if any) related 

to efficiency, as efficiency is central to economics. 

3. If several results still remained and they were from different separate 

experiments we followed the procedure used in the Reproducibility Project 

Psychology (19) and picked the last experiment. 
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4. In case several results still remained we randomly selected one of those 

results for the replication. This happened for five studies (38-40,49,50). 

If an original study included more than two within subject treatments we only 

replicated the two treatments used for the result selected for replication. We excluded 

papers that already included a replication in another subject population; one paper was 

excluded for this reason (51). We also excluded papers that were replications of previous 

studies; one study was excluded for this reason (11). We furthermore excluded studies 

focusing on interaction effects with treatments; two studies were excluded for this reason 

(52,53) and studies where participants were selected into treatments based on 

performance in the experiment (one study (54) was excluded for this reason). 

There were some borderline cases. The study by Fehr et al. (42) was included, 

despite mainly being a within subject treatment study (but it also included a between 

subjects treatment comparison emphasized by the authors). The Kuziemko et al. (50) 

study was included although the treatment effect was estimated based on both between 

and within subject treatment variation. 

There were four replication teams: a team at Stockholm School of Economics 

(responsible for 5 replications); a team at University of Innsbruck (responsible for 5 

replications), at team at CalTech (responsible for 4 replications), and a team at University 

of California Berkeley/National University of Singapore (responsible for 4 replications). 

Replications were not always conducted at the universities of the teams (other labs were 

also used). Five out of the 18 original experiments were conducted in German, and the 

remaining ones in English. The 5 original experiments in German were replicated in 

German speaking populations. Eleven out of the 13 original experiments in English were 

replicated in English and the remaining two studies were replicated in German. The same 

software and computer programs as in the original experiments were used to conduct the 

replications, with the exception of the replication of Kogan et al. (49) where the 

replication was conducted with z-Tree (55) and GIMS (56) instead of the original 

software (as the software used by Kogan et al. (49) was an online application, which was 

no longer maintained and therefore impossible to use). 

The replication team responsible for each replication wrote a Replication Report 

detailing the planned replication (with the following sections: Hypothesis to bet on, 

Power analysis, Sample, Materials, Procedure, Analysis, Differences from original 

study). A draft of the Replication Report was sent to the original authors for comments, 

and the Replication Reports were revised based on the comments and then posted at 

www.experimentaleconreplications.com (we also saved all communications between the 

original authors and the replication teams on a special e-mail account). After the 

replications had been conducted the Replication Reports were updated with the results of 

the replication (the following three sections were added to the reports: Results, 

Unplanned protocol deviations, Discussion). After all replications had been completed, 

the Replication Reports were again sent to the original authors for comments. After a 

revision the final versions were then posted at www.experimentaleconreplications.com 

(both the versions prior to the replications and the final versions are posted and publicly 

available). 

Everyone involved with carrying out the replications did not receive any information 

about the prediction markets results or the survey results until all replications had been 

conducted. Only three members of the research team (Eskil Forsell and Thomas Pfeiffer, 
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and programmer Taizan Chan) had access to information about the prediction market 

results prior to the completion of the replications. Those three people were not involved 

in any replication data collections. Everyone involved with carrying out the replications 

were also instructed not to discuss the prediction market with any of the individuals who 

participated in the prediction market. This was done to rule out that the persons 

conducting the experiments were affected by the prediction market results in carrying out 

the replications. 

All replications were carried out with at least 90% statistical power. In some cases 

the statistical power was larger than 90% depending on the group sizes used in the 

experiments. For example, if a group size of 8 subjects was used in the original 

experiment, and with randomization to two treatments within each session, the total 

sample size used in the replication needed to be evenly divisible by 16. Subjects were 

randomly allocated to the two treatments in all replications (even if this was not done in 

the original experiment; in the original experiments it is sometimes unclear if participants 

were randomly allocated to treatments or not). If possible we randomly allocated subjects 

to the two treatments within each session to control for any session/experimenter/time of 

day effects. In some cases this was not possible due to restrictions on the number of 

participants in the lab at the same time. 

The sample size needed for 90% statistical power to detect the same effect size as in 

the original study was estimated in the same way for all the replications. We estimated 

the fraction of the original sample size needed to get 90% power based on the standard 

power formula of a z-test. This fraction is given by: (3.242/z)
2
; where z is the z-value in 

the original study. This formula was used also for studies not using a z-test. In these cases 

the reported p-value in the study was converted to the corresponding z-value and then the 

above formula was applied. The power estimation for these studies is thus an 

approximation. 

 

2. Estimation of standardized effect sizes and meta-analysis 

To compare the effect size between the original study and the replication study we 

transformed effect sizes into correlation coefficients (r) in the same way as done for the 

RPP project (19). Apart from being a well known and bounded effect size measure, the 

standard errors of the correlation coefficients are very easy to calculate by applying the 

Fisher transformation and depend only on the sample size of the study (with the sample 

size here defined as the number of sessions rather than the number of participants if the 

test is based on session averages, and the number of clusters rather than the number of 

participants if the test is based on regressions with clustered standard errors). We coded 

the correlation coefficient to be positive for the original study regardless of the actual 

sign to allow negative coefficients from the replication studies to be interpreted as going 

in the opposite direction from the original. The relationship between the original and 

replication standardized effect sizes (r) can be seen in Fig. S3. 

For each study-pair we also computed a fixed-effect weighted meta-analytic effect 

size measure as also done for the RPP project (19). This meta-analytic effect size treats 

original and replicated studies equally (except for sample size) and represents the best 

inference of effect size when the studies are taken together. More details about these 

calculations and the code can be found at www.experimentaleconreplications.com. 
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We also used the estimated standardized effect sizes to carry out an estimation of 

replicability with a “small telescopes” approach recently proposed (23). The approach 

entails testing if the replication obtains an effect that is significantly smaller (with a one-

sided test at the 5% level) than a “small effect” in the original study, where a small effect 

is defined as the effect size the original study would have had 33% power to detect. We 

use an adaptation of the R-package “pwr” (available at 

www.experimentaleconreplications.com) to calculate these “small effects”. If the 

replication obtains an effect that is significantly smaller than a “small effect” with this 

definition it is considered a failed replication. For our study this approach yields identical 

results to the meta-analyses (with the same four studies failing to replicate as in the meta-

analyses). 

Another approach recently proposed by Leek, Patil & Peng (24), is to estimate a 

95% prediction interval for the original estimate and test how many of the replications 

that fall within this prediction interval. We did this estimation as well and 15 replications 

(83.3%) are within the 95% prediction intervals (Fig. S2); if we also include the 

replication with an effect size larger than the upper bound of the prediction interval this 

increases to 16 replications (88.9%). This can be compared to the estimations for RPP by 

Leek, Patil & Peng (24); they found that 75% of the replications were within the 

prediction intervals and 77% if they included the two replications with effect sizes larger 

than the upper bound of the prediction intervals. 

We use the standardized effect sizes (r) to compare results between the original and 

the replication study and to estimate a measure of the relative effect size of the 

replication. However, it should be noted that caution has to be exercised in comparing the 

levels of the standardized effect sizes (r) between the 18 studies. The reason for this is 

that the aggregation level used in the statistical tests in the original studies varies between 

studies. Several studies carry out the tests based on session averages (so that one session 

average becomes one observation in the statistical test), and aggregating the data on the 

session level reduces the variance of the data (i.e. the variance between individuals is 

larger than the variance between session averages). A higher degree of aggregation of the 

data and thus lower variance generally increases the standardized effect size (i.e. the 

same treatment difference will result in different standardized effect sizes depending on if 

the statistical test is carried out at the individual level or the session level). A similar 

issue arises for studies clustering the standard error on, for instance, the session level 

(where the number of degrees of freedoms will then be based on the number of clusters 

rather than the number of individuals included in the analysis). For comparing the 

standardized effect size between the original study and the replication these concerns 

about sensitivity of how effect sizes are computed is not a problem for inference about 

replicability, because the statistical tests are carried out in an identical way (the same 

level of aggregation) in both the original study and the replication. 

Due to the limited comparability of the standardized effect sizes between the 18 

studies, we present the replication results after normalizing the original effect size to 1 in 

Fig. 1 (i.e. the upper and lower bound of the 95% CI of the standardized effect (r) in the 

replication is divided by the standardized effect size (r) in the original study). For this 

reason we also refrain from analysing the correlation between the original effect size and 

the reproducibility indicators (although this correlation was reported in the RPP project 

(19). In Fig. S1 we include a non-normalized version of Fig. 1. 
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In Table S1 we also include an estimate of the relative effect size based on 

unstandardized effect sizes. This measure is created by dividing the absolute treatment 

difference in the replication study by the absolute treatment difference in the original 

study (see the Replication Reports for more details). This relative effect size measure is 

highly correlated with the relative effect size measure based on standardized effect sizes 

(the Spearman correlation between the two measures is 0.90 (P<0.001)). 

 

3. Implementation of prediction markets and surveys 

Prediction markets can aggregate private information on reproducibility, and can generate 

and disseminate a consensus among market participants. Hanson (57) first suggested that 

prediction markets could be a potentially important tool for assessing scientific 

hypotheses. Almenberg et al. (58) conducted a lab-based test. More recently a prediction 

market study on replications in psychology has yielded promising results (26), in the 

sense that predictions revealed by market prices are correlated with actual replication 

outcomes (and are more strongly correlated than surveyed beliefs). Prediction markets 

have also been successfully used in several other fields such as sports, entertainment, and 

politics (25,59-62). 

For each of the 18 replication studies we implemented a prediction market where 

shares whose value was determined by the outcome of the replication could be traded. To 

be able to relate the performance of the markets to more traditional belief elicitation we 

also implemented two surveys, one before the markets opened and one after they had 

closed.  

Invitations to participate in the prediction markets were sent to the Economic 

Science Association mailing list and members of the Editorial Board of the following 

economics journals: American Economic Review, Quarterly Journal of Economics, 

Review of Economic Studies, Econometrica, Journal of Political Economy, Experimental 

Economics, Journal of Economic Behavior and Organization, and Games and Economic 

Behavior. Authors of the 18 original studies to be replicated were excluded from 

participating, as was anyone studying at a masters level or lower. The invitation email 

contained a link to a form where participants could sign up using their university email 

address. 

The number of participants at each stage was as follows: 177 individuals originally 

signed up to participate; 140 of these filled in the pre-market survey; 97 participated on 

the prediction markets; and 79 participated in a post-market survey. The number of 

traders active in each of the markets ranged from 31 to 68. The two largest groups of 

participants were PhD students and PostDocs (34.4% and 19.8% respectively) and a 

substantial share held a professor’s title of some sort (40.2%). Of the latter group, just 

under half held a full professor’s title (46.2%). Among those participants who stated the 

time spent in academia (77.3% did so), the average was 7 years (SD=0.853). A majority 

of participants resided in Europe (54.6%) and the second largest group resided in North 

America (30.9%). 

Invitations to participate were e-mailed on April 2nd 2015, the pre-market survey 

had to be completed before the 20th for the participant to be invited to the markets, the 

markets opened on the 22nd, the markets closed on May 3d and the post-market survey 

had no completion deadline. 
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The pre- and post-market surveys (available at 

www.experimentaleconreplications.com) were designed to elicit the same type of 

information as the prediction markets. In the pre-market survey participants were for each 

replication study asked to assess: 1) the likelihood that the hypothesis would be 

replicated; 2) the final trading price in the markets; 3) their stated expertise for the study 

the hypothesis was taken from; and 4) their confidence of their answer for the first two 

questions. Participants could also optionally answer a few demographic questions. In the 

post-market survey participants were again asked to answer questions 1) and 4). The 

survey questions were not incentivized. 

To implement the prediction markets we designed our own web based trading 

platform. The trading interface contained two main views: 1) the market overview and 2) 

the trading page. The market overview showed the 18 markets along with some summary 

information and a trade button for each market (see Fig. S4). Clicking the trade button for 

a market showed the trading page where the participant could make investment decisions 

and view more detailed information about the market (see Fig. S4). 

Participants were endowed with 100 Tokens when the markets opened. These 

Tokens could be used to trade shares in the markets. If a study replicated (according to 

the criteria of a significant effect in the same direction as in the original study) shares in 

the market corresponding to that study were worth one Token each, zero otherwise. This 

type of contract can under some conditions be interpreted as the average predicted 

probability of the outcome occurring (27,63); see Sonneman et al (64) for lab evidence 

that averaged beliefs are close to prediction market prices. All markets opened at a price 

of 0.50 Tokens per share and were thereafter determined by a market-maker 

implementing a logarithmic market scoring rule (65). The market maker calculates the 

price of a share for each infinitesimal transaction and updates the price according to the 

scoring rule. This ensures both that trades are always possible even when there is no other 

participant with whom to trade and that participants have incentives to invest according 

to their beliefs (66). 

The logarithmic scoring rule uses the net sales (shares held - shares borrowed) the 

market maker has done so far in a market to determine the price for an (infinitesimally 

small) trade as p=e
s/b

/(e
s/b

+1). Parameter b determines the liquidity and the maximal 

subsidies provided by the market maker and controls how strongly the market price is 

affected by a trade. We set the liquidity parameter to b=100 which meant that by 

investing 10 Tokens (i.e. 1/10 of the initial endowment), traders could move the price of a 

single market from 0.50 to about 0.55; and investing the entire initial endowment into a 

single market moved the price from 0.50 to 0.82. 

Investment decisions for a market were made from the market’s trading page. 

Participants could see the (approximate) price of a new share, the number of shares they 

currently held and the number of Tokens their current position was worth if they 

liquidated their shares. The trading page also contained information about previous price 

and aggregate long and short positions presented as graphs. To make an adjustment to 

their current position participants could choose either to increase or decrease their 

position by a number of Tokens of their choice. Depending on their current position these 

actions could have different outcomes. 

Increasing a position when holding zero or more shares was equivalent to 

purchasing new shares at the current price. Decreasing a position when having shorted 
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zero or more shares was equivalent to short selling new shares at the current price. The 

repurchasing cost of shorted shares was withheld from the participant’s account to ensure 

that the participant would have enough Tokens to return the shorted shares if the study 

replicated. For example: a share shorted at a market price of 0.60 Tokens immediately 

awarded the participant 0.60 Tokens but also stood the risk of having to be bought back 

at 1 Token if the study replicated. To make sure that the participant could buy back the 

share in this worst-case scenario, 1 Token was withheld from the participant’s account 

resulting in a deduction of 0.40 Tokens (0.60 Tokens - 1 Token). This setup did not 

disproportionately discourage short selling as the deducted amount is analogous to the 

price paid when going long. 

Decreasing a position by a moderate amount when already holding shares was 

equivalent to selling a number of shares. Increasing a position by a moderate amount 

when having shorted shares was equivalent to buying and returning a number of shares 

and receiving the withheld Tokens. 

If the adjustment to a position was large enough one of the last two outcomes 

could be combined with one of the first two. Decreasing a position could result in a 

participant selling all shares they currently held in the market as well as short selling 

additional shares. Increasing a position could similarly result in a participant returning all 

shorted shares in the market as well as buying additional shares. 

The markets were resolved after all replications were finished. If a replication was 

successful, shares held in the corresponding market were worth 1 Token each and the 

Tokens withheld for shorted shares were not returned. If a replication was unsuccessful, 

shares held in the corresponding market were worth nothing and Tokens withheld for 

shorted shares (1 Token / share) were returned. Tokens awarded as a result of holding or 

having shorted shares were converted to USD at a 0.5 rate but Tokens that had not been 

invested in a market were not converted at all. 

To aid their investment decisions all participants had access to the Replication 

Reports for each replication (the version of the Replication Reports before the 

replications were conducted), and the references to the original papers. For each 

replication study participants were informed about the hypothesis to be replicated, the p-

value of the original result and the sample size and statistical power. The statistical power 

was at least 90% to replicate the original effect size at the 5% level. 

Investments were settled in the beginning of 2016 according to actual results of 

the replications.  

The prediction market methodology used in this study is similar to the one used in 

Dreber et al. (26). Dreber et al. (26) presented prediction market results for 44 studies in 

RPP. The trading platforms and the participant pool differed between the two prediction 

market studies (a sample of psychologists participated in the Dreber et al. (26) study and 

a sample of economists, see above, participated in this study). 

 

4. Prediction market performance 

The mean trading volume on the prediction markets in terms of traded shares was 

1541.1 (median=1458.0) with a range between 733.9 and 2849.4, and in terms of tokens 

the mean was 507.1 (median=473.0) and the range was 254.7-946.5. 

We can distinguish between 6 types of investments; only buying shares, only selling 

shares, only shorting shares, only returning shares, returning and buying shares, and 
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selling and shorting shares. The total number of transactions was 1073 for “buy only”, 

120 for “sell only”, 427 for “short only”, 387 for “return only”, 36 for “return and buy”, 

and 37 for “sell and short”. 

Fig. S5 shows an overview of market thickness, trader diversification and general 

trends in shares held and borrowed across all markets and participants. 

 

5. Comparison of prediction market beliefs and survey beliefs 

To compare the survey results to the prediction markets results we base the pre-

market survey measure on the sample of individuals who participated on the prediction 

markets (n=97). This is the measure referred to as “survey beliefs” in the main text. But 

for completeness we also include data for all 140 individuals who completed the pre-

market survey in Table S3 (below we also briefly mention how using survey data for all 

these 140 individuals affect the survey results). The pre-market survey and prediction 

markets results are quite strongly related (Fig. 2). The Spearman correlation between the 

prediction market beliefs (final market prices) and the pre-market survey is 0.79 

(P<0.001, n=18). The range of predictions in the markets is 59%-94% with a mean of 

75.2% as compared to the survey range of 54% to 86% and a mean of 71.1%. This is 

higher than the observed replication rate of 61%, but this difference is not significant for 

the prediction market beliefs (Wilcoxon signed-ranks test, n=18, z=0.85, P=0.396) or the 

survey beliefs (Wilcoxon signed-rank test, n=18, z=0.85, P=0.396); note that both these 

tests produce the same test statistics in spite of the somewhat higher mean prediction 

market beliefs as they are based on ranks. 

One way of evaluating how well the prediction market beliefs and survey beliefs 

predict the replication outcomes is to interpret a market belief (survey belief) larger than 

50% as predicting successful replication and a market belief (survey average) below 50% 

as predicting failed replication (a successful replication is here and in the analyses below 

defined as a statistically significant (at the 5% level) effect in the same direction as in the 

original study; but in Table S5 we also provide the correlations between market and 

survey beliefs and the other replication indicators). Informative markets are expected to 

correctly predict more than 50% of the replications. However, as all market beliefs and 

all survey beliefs are above 50% in this study, the correct prediction rate with this criteria 

will simply be the replication rate of 61.1% [95% CI =(36.2%, 86.1%)]. This can be 

compared to the expected replication rate of 75% for the prediction market and 71% for 

the survey. 

The Spearman (rank-order) correlation coefficient between the market beliefs and 

the outcome of the replication is 0.30, but it is not significant (P=0.232, n=18). The 

Spearman correlation coefficient between the pre-market survey beliefs and the outcome 

of the replication is 0.52 (P=0.028, n=18). The absolute prediction error does not differ 

significantly between the prediction market (Mean=0.414) and the pre-market survey 

(Mean=0.409) (Wilcoxon signed-rank test, n=18, z=0.33, P=0.744). Contrary to a recent 

prediction market study on a subset of the studies (n=44) included in the RPP project 

(26), the prediction market thus does not predict replication outcomes better than the 

survey. However, the sample size of replications is small with only 18 observations. If we 

average the market beliefs and the pre-market survey beliefs the Spearman correlation 

with the outcome of the replication is 0.41 (P=0.094, n=18). In Table S5 the correlations 

between market and survey beliefs and the other reproducibility indicators are also 
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shown, and Fig. S6 plots the relationship between beliefs and the relative effect size of 

the replications. The Spearman correlation coefficient between the market beliefs and the 

relative effect size is 0.28, but it is not significant (P=0.268, n=18). The Spearman 

correlation coefficient between the the pre-market survey beliefs and the relative effect 

size is 0.51 (P=0.030, n=18). 

We also included a post-market survey to test if participating in the market affected 

the beliefs about reproducibility elicited in the survey. The post-market survey responses 

are very similar to the pre-market responses with a range of predictions from 57% to 83% 

and a mean of 70%. The Spearman correlation between the pre-market and the post-

market survey is 0.96 (P<0.001, n=18), and the Spearman correlation between the post-

market survey and the outcome of the replication is 0.58 (P=0.011, n=18). The absolute 

prediction error does not differ significantly between the pre-market survey and the post-

market survey (Mean=0.418) (Wilcoxon signed-rank test, n=18, z=-1.55, P=0.122) or 

between the prediction market and the post market survey (Wilcoxon signed-rank test, 

n=18, z=-0.37, P=0.711). 

The Spearman correlation between the pre-survey beliefs based on all the 140 

individuals who filled out the survey and the 97 individuals who participated in the 

prediction markets is very high (0.99, P<0.001). The mean expected replication rate 

based on the survey beliefs for the sample of 140 individuals is 71% [range 54% to 87%, 

95% CI =(66%, 76%)], and the Spearman correlation coefficient between the pre-market 

survey beliefs (n=140) and the outcome of the replication is 0.56 (P=0.016, n=18). 

The relationship between the prediction market beliefs and survey beliefs and the 

replication outcomes can also be compared to a recent prediction market study on a 

subset of the studies (n=44) included in the RPP project (26). That study found a 

significant Pearson correlation between the prediction market beliefs and the replication 

outcomes of 0.42, compared to the non-significant Spearman correlation of 0.30 in this 

study (the Pearson correlation is 0.29 (P=0.247)). For the survey the Pearson correlation 

to the replication outcomes was 0.27 and non-significant in the RPP prediction markets, 

compared to the significant Spearman correlation of 0.52 in this study (the Pearson 

correlation is 0.49 (P=0.037)). Based on the point estimates the survey thus performs 

relatively better in this study compared to the RPP prediction markets.  

But in comparing the results across the two prediction markets studies and in 

interpreting the non-significant positive association between the market beliefs and the 

replication outcomes in this study, it is important to bear in mind that the statistical power 

to find a significant correlation is limited in this sample due to the small sample size 

(n=18) and the relatively small variation in the prediction markets beliefs. To estimate 

this power we perform a simulation drawing 10,000 independent samples (n=18 in each 

draw) from our 18 observations where the actual replication probability for each study is 

exactly its prediction market belief and then we calculate the Spearman correlation 

coefficient and its p-value in each draw. With this method we estimate a power of around 

15% to detect a significant correlation. The average correlation is around 0.25 in the 

10,000 draws. 

 

6. Comparison of reproducibility indicators between experimental economics and 

psychological sciences 
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We compared the results for the six reproducibility indicators included in the study 

to the results for psychological sciences in the RPP project (reported in Fig. 4). To test if 

the fraction of studies that “Replicated with P<0.05 in original direction” differed 

between the studies (61.1% (11/18) versus 36.1% (35/97)) we used a chi-square test that 

was significant (
2
=3.96; P=0.047). To test if the “Original effect size within replication 

95% CI” differed between the studies (66.7% (12/18) versus 47.4% (45/95)) we used the 

same test, but this was not significant (
2
=2.25; P=0.133). The same test was also used to 

test if the “Meta-analytic estimate significant in the original direction” differed between 

the studies (77.8% (14/18) versus 68.0% (51/75)), but this difference was not significant 

(
2
=0.66; P=0.417). The difference in “Replication effect-size (% of original effect size)” 

was compared using a Mann-Whitney U test, but this difference (65.7% (n=18) versus 

44.5% (n=94)) was not significant (z=1.39, P=0.166). The same test was used to compare 

“Prediction market beliefs” between the studies, and this difference (75.1% (n=18) versus 

55.1% (n=44)) was significant (z=3.21, P=0.001). Also for “Survey beliefs” the same test 

was used, and this difference (71.1% (n=18) versus 53.7% (n=43)) was also significant 

(z=4.89, P<0.001). 

Note that one drawback of the reproducibility indicator “Original effect size within 

replication 95% CI” is that it does not include studies where the original estimate is 

below the 95% CI of the replication. We had one such replication that is counted as a 

successful replication with the indicator “Replicated with P<0.05 in original direction”, 

but not with the indicator “Original effect size within replication 95% CI”. But for 

comparability with the RPP results we still include the reproducibility indicator “Original 

effect size within replication 95% CI”.  

The results for the RPP study are taken from the published replication results (19) 

and the published prediction markets and survey results (26). The RPP project did not 

directly report the relative effect size of the replication, but instead used the “effect size 

difference” as a reproducibility indicator. The “effect size difference” was estimated as 

the absolute difference in the standardized effect size (r) between the original study and 

the replication study. We prefer to use the relative effect size (the ratio between the 

standardized effect size (r) of the replication and the standardized effect size (r) of the 

original study). The reason for this is the lack of comparability of the standardized effect 

sizes between our 18 studies discussed in section 2 above; caused by the difference in the 

level of aggregation of individual observations between the studies. To estimate the 

relative effect size from the RPP study we downloaded their posted effect size data and 

estimated the relative replication effect of each study. The original studies reporting null 

results in the RPP study (n=3) were excluded from this estimation; as we only included 

original results reporting positive results in our replication project. 

 

7. Results and data for the individual studies/markets 

Detailed replication results for the 18 studies are shown in Table S1. The hypotheses 

as described to the participants on the prediction markets in each of the 18 studies are 

shown in Table S2. In Table S3 we present the market belief, the statistical power of the 

replication, and the survey results for each of the 18 studies. Additional prediction market 

data are shown in Table S4. In Table S5 we also provide a correlation matrix for the six 

reproducibility indicators and the two original study characteristics included in the 

analyses.  
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To test the robustness of the correlations between the two original study 

characteristics (the p-value and the sample size) and the six reproducibility indicators we 

also estimated these correlations after sequentially excluding each study (n=17 in all 

these correlations); i.e. we run the correlations again after removing one of the 18 

observations (studies) and we do this for all the 18 observations (i.e. 18 robustness tests 

of the correlations). In these robustness tests the Spearman correlation (p-values) between 

the original p-value and the reproducibility indicators ranged between: -0.70 – -0.52 

(0.002–0.034) for “Replicated P<0.05”, -0.36 – -0.16 (0.161–0.544) for “Original within 

95% CI”, -0.55 – -0.36 (0.021–0.153) for “Meta-estimate P<0.05”, -0.64 – -0.48 (0.006–

0.052) for “Relative effect size (r)”, -0.79 – -0.68 (<0.001–0.003) for “Market belief”, -

0.90 – -0.86 (<0.001–<0.001) for “Survey belief”. The Spearman correlation (p-values) 

between the sample size and the reproducibility indicators ranged between: 0.58–0.71 

(0.001–0.015) for “Replicated P<0.05”, 0.42–0.63 (0.006–0.091) for “Original within 

95% CI”, 0.63–0.74 (0.001–0.007) for “Meta-estimate P<0.05”, 0.75–0.84 (<0.001–

0.001) for “Relative effect size (r)”, 0.34–0.58 (0.014–0.186) for “Market belief”, 0.67–

0.86 (<0.001–0.004) for “Survey belief”.     
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Fig. S1. A non-normalized version of Fig. 1 (Replication Results). 

(A) 95% CIs of standardized replication effect sizes (correlation coefficient r). 

(B) Meta-analytic estimates of effect sizes combining the original and replication studies. 

95% CIs of standardized effect sizes (correlation coefficient r). 
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Fig. S2. 95% prediction intervals for the standardized original effect sizes 

(correlation coefficient r). 

Fifteen replications (83.3%) are within the 95% prediction intervals; if we also include 

the replication with an effect size larger than the upper bound of the prediction interval 

this increases to 16 replications (88.9%). 
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Fig. S3. Original study effect size versus replication effect size (correlation 

coefficients r). 

The diagonal line represents replication effect size equal to the original effect size and the 

dotted line represents a replication effect size equal to zero. Blue dots are the replications 

that were significant with P<0.05 in the original direction, and red dots are the 

replications that were not significant. The mean standardized effect size (correlation 

coefficient, r) of the replications is 0.279 (SD=0.234), compared to 0.474 (SD=0.239) in 

the original studies. This difference is significant (Wilcoxon signed-ranks test, n=18, 

z=-2.98, P=0.003). The mean relative effect size of the replications is 65.9% [95% 

CI=(37.2%, 94.7%)]. The Spearman correlation between the original effect size and the 

replication effect size is 0.48 (P=0.043).  
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Fig. S4. Trading interface. 

(Top) Market overview. 

(Bottom) Trading page. 
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Fig. S5. Final positions per participant and market. 

Long positions (bets on success) are shown in blue and short positions (bets on failure) 

are shown in red. The participants typically had broad portfolios with positions in several 

markets, and each market attracted a number of traders. The views differ between traders 

at the closing of the markets: in each market, there is at least one trader holding a long 

position, and one trader holding a short position. There are a few “bears” (predominantly 

betting on failure) who invested only in short positions (3/97 traders), and a larger 

fraction of “bulls” (predominantly betting on success) who invested only in long 

positions (40/97 traders). The majority of the participants fall into a wide spectrum 

between these two extremes. 
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Fig. S6. Prediction market and survey beliefs and the relative effect size. 

Both the prediction market beliefs (Spearman correlation coefficient 0.28, P=0.268, 

n=18), and the survey beliefs (Spearman Correlation Coefficient 0.51, P=0.030, n=18) 

are positively correlated with the relative effect size of the replications. 
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Table S1. Replication results. 

 
*
 N is the number of participants in the study. For the replications it is the actual rather 

than the planned number in the four replications where the actual sample size was 

somewhat higher than the planned sample size. 
#
 For completeness we report the relative non-standardized effect sizes in parenthesis. See 

the replication reports for more details.
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Table S2. Hypotheses for the 18 replication studies. 

 
Study Ref. Hypothesis 

Abeler et al. 

(AER 2011) 

33 Subjects exert more effort (leading to higher earnings) in a real effort task if 

the expectationsbased reference point is increased (a comparison of the 

average accumulated earnings in the real effort task between the LO 

treatment and the HI treatment). 

Ambrus and 

Greiner 

(AER 2012) 

34 When there is imperfect monitoring, allowing punishment reduces net 

earnings (i.e., earnings after punishment costs). 

Bartling et al. 

(AER 2012) 

35 Adding a screening opportunity (informing the employer about the effort of 

the worker in the past three periods) for an employer that can offer full or 

limited discretion contracts increases efficiency (a comparison in average 

perperiod total surplus between the base treatment and the screening 

treatment). 

Charness and 

Dufwenberg 

(AER 2011) 

36 Communication is effective in a hiddeninformation game when lowtalent 

agents can participate in a Paretoimproving outcome (a comparison of the 

“Low B’s Don’t rate” for the messages (M) and no messages (NM) 

treatments for the (5,7) hidden information game). 

Chen and Chen 

(AER 2011) 

37 Effort in a minimum effort game is higher for subjects with a salient ingroup 

identity than for subjects with a salient outgroup identity (a comparison of 

mean effort between the “Enhanced Ingroup” treatment and the “Enhanced 

Outgroup” treatment). 

de Clippel et al. 

(AER 2014) 

38 Efficiency (average aggregate payoff) is higher with the social choice 

mechanism Shortlisting (SL) than with the VetoRank (VR) mechanism for 

preference profile Pf2. 

Duffy and 

Puzzello 

(AER 2014) 

39 Efficiency in the LagosWright money model is higher in an environment 

with money than in an environment without money for a population size of 6 

(comparison in efficiency ratio between the money (M6) and the no money6 

(NM6) treatments). 

Dulleck et al. 

(AER 2011) 

40 In a situation with verifiability, liability increases efficiency in a credence 

goods market (a comparison of efficiency between the B/LV treatment 

(liability/verifiability) and the B/V treatment (no liability/verifiability). 

Ericson and 

Fuster 

(QJE 2011) 

41 The willingness to accept (WTA) for a mug is higher for a high probability of 

receiving the mug for free compared to a low probability of receiving the 

mug for free (a comparison of the mean WTA between the treatment MH 

(80% chance of receiving the mug for free at the end of the experiment) and 

the treatment ML (10% chance of receiving the mug for free at the end of the 

experiment) in Experiment 2). 

Fehr et al. 

(AER 2013) 

42 The nonpecuniary disutility of being overruled causes a reluctance to delegate 

authority (a comparison of the average delegation rate between the HIGH 

NOREC and the PHIGH25 treatments). 

Friedman and 

Oprea 

(AER 2012) 

43 Cooperation in the prisoner’s dilemma is higher in continuous time with flow 

payoffs over 60 seconds compared to eight equal subperiods (a comparison in 

the level of cooperation between the Continuous treatment and the Grid8 

treatment). 

Fudenberg et al. 

(AER 2012) 

44 Cooperation in a repeated prisoner’s dilemma with noise (a specific 

probability that an intended move is changed to the opposite move) is higher 

when there are cooperative equilibria (a comparison in the level of overall 

cooperation between the b/c=1.5 and the b/c=2 treatment). 

Huck et al. 

(AER 2011) 

45 The ability to pay future deferred compensation increases worker earnings 

(w2+w3) more when commitment is enforced (FCT) compared to 
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nonenforcement (NCT). 

Ifcher and 

Zarghamee 

(AER 2011) 

46 Showing subjects a film clip inducing positive affect will increase measured 

patience, excluding subjects who do not discount at all (Table 3, column 5). 

Kessler and Roth 

(AER 2012) 

47 An organ donation policy giving priority on waiting lists to those who 

previously registered as donors increase registered organ donors (a 

comparison of the fraction choosing to be a donor between the priority 

condition treatment and the control condition treatment in rounds 115 (the 

rounds for the between subjects comparison)). 

Kirchler et al. 

(AER 2012) 

48 A declining fundamental value (FV) increases mispricing in experimental 

asset markets (a comparison of the mean relative absolute deviation (RAD) 

between treatment 1 (T1) and treatment 2 (T2)). 

Kogan et al. 

(AER 2011) 

49 The presence of a preplay asset market lowers output in a “secondorder 

statistic” coordination game (a comparison of group output of the insider 

groups in the market treatment and the control group in Experiment 2). 

Kuziemko et al. 

(QJE 2014) 

50 Subjects randomly placed in second-tolast place in terms of endowments are 

significantly less likely to allocate money to the person one rank below them 

in a choice of distributing $2 to the person one rank below or the person one 

rank above (a comparison of allocation decisions between subjects randomly 

ranked secondtolast and subjects randomly ranked 24 in the 6 person 

redistribution experiment). 
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Table S3. Prediction market and survey results for the 18 replication studies. 

*
 In a few studies the sample size in the replications was somewhat higher than the 

planned sample size. The planned statistical power is shown in this column, with the 

actual replication power in parentheses for those studies where it differed. 
#
 The average on the survey is shown for the 97 individuals who participated on the 

prediction market, and this is the variable used in the paper (unless stated otherwise). The 

value in parentheses is the average for all 140 individuals who filled in the survey. The 

Spearman correlation between the two pre-market survey variables is 0.99 (P<0.001). 
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Table S4. Additional prediction market data for the 18 replication studies. 
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Table S5. Correlation matrix for the six reproducibility indicators and the two 

original study characteristics included in the analyses. 

Spearman correlations (P-values). 

 



  
 

REFERENCES AND NOTES 
1. M. McNutt, Reproducibility. Science 343, 229 (2014). Medline doi:10.1126/science.1250475 

2. J. P. A. Ioannidis, Why most published research findings are false. PLOS Med. 2, e124 (2005). 
Medline doi:10.1371/journal.pmed.0020124 

3. F. Prinz, T. Schlange, K. Asadullah, Believe it or not: How much can we rely on published 
data on potential drug targets? Nat. Rev. Drug Discov. 10, 712 (2011). Medline 
doi:10.1038/nrd3439-c1 

4. C. G. Begley, L. M. Ellis, Drug development: Raise standards for preclinical cancer research. 
Nature 483, 531–533 (2012). Medline doi:10.1038/483531a 

5. L. P. Freedman, I. M. Cockburn, T. S. Simcoe, The economics of reproducibility in preclinical 
research. PLOS Biol. 13, e1002165 (2015). Medline doi:10.1371/journal.pbio.1002165 

6. K. S. Button, J. P. Ioannidis, C. Mokrysz, B. A. Nosek, J. Flint, E. S. Robinson, M. R. 
Munafò, Power failure: Why small sample size undermines the reliability of 
neuroscience. Nat. Rev. Neurosci. 14, 365–376 (2013). Medline doi:10.1038/nrn3475 

7. J. K. Hewitt, Editorial policy on candidate gene association and candidate gene-by-
environment interaction studies of complex traits. Behav. Genet. 42, 1–2 (2012). Medline 
doi:10.1007/s10519-011-9504-z 

8. M. S. Lawrence, P. Stojanov, P. Polak, G. V. Kryukov, K. Cibulskis, A. Sivachenko, S. L. 
Carter, C. Stewart, C. H. Mermel, S. A. Roberts, A. Kiezun, P. S. Hammerman, A. 
McKenna, Y. Drier, L. Zou, A. H. Ramos, T. J. Pugh, N. Stransky, E. Helman, J. Kim, C. 
Sougnez, L. Ambrogio, E. Nickerson, E. Shefler, M. L. Cortés, D. Auclair, G. Saksena, 
D. Voet, M. Noble, D. DiCara, P. Lin, L. Lichtenstein, D. I. Heiman, T. Fennell, M. 
Imielinski, B. Hernandez, E. Hodis, S. Baca, A. M. Dulak, J. Lohr, D. A. Landau, C. J. 
Wu, J. Melendez-Zajgla, A. Hidalgo-Miranda, A. Koren, S. A. McCarroll, J. Mora, R. S. 
Lee, B. Crompton, R. Onofrio, M. Parkin, W. Winckler, K. Ardlie, S. B. Gabriel, C. W. 
Roberts, J. A. Biegel, K. Stegmaier, A. J. Bass, L. A. Garraway, M. Meyerson, T. R. 
Golub, D. A. Gordenin, S. Sunyaev, E. S. Lander, G. Getz, Mutational heterogeneity in 
cancer and the search for new cancer-associated genes. Nature 499, 214–218 (2013). 
Medline doi:10.1038/nature12213 

9. E. E. Leamer, Let’s take the con out of econometrics. Am. Econ. Rev. 73, 31 (1983). 

10. A. E. Roth, Let’s keep the con out of experimental econ.: A methodological note. Empir. 
Econ. 19, 279–289 (1994). doi:10.1007/BF01175875 

11. Z. Maniadis, F. Tufano, J. A. List, One swallow doesn’t make a summer: New evidence on 
anchoring effects. Am. Econ. Rev. 104, 277–290 (2014). doi:10.1257/aer.104.1.277 

12. J. P. Simmons, L. D. Nelson, U. Simonsohn, False-positive psychology: Undisclosed 
flexibility in data collection and analysis allows presenting anything as significant. 
Psychol. Sci. 22, 1359–1366 (2011). Medline doi:10.1177/0956797611417632 

13. S. Carpenter, Psychology’s bold initiative. Science 335, 1558–1561 (2012). Medline 
doi:10.1126/science.335.6076.1558 

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24436391&dopt=Abstract
http://dx.doi.org/10.1126/science.1250475
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16060722&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16060722&dopt=Abstract
http://dx.doi.org/10.1371/journal.pmed.0020124
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21892149&dopt=Abstract
http://dx.doi.org/10.1038/nrd3439-c1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22460880&dopt=Abstract
http://dx.doi.org/10.1038/483531a
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26057340&dopt=Abstract
http://dx.doi.org/10.1371/journal.pbio.1002165
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23571845&dopt=Abstract
http://dx.doi.org/10.1038/nrn3475
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21928046&dopt=Abstract
http://dx.doi.org/10.1007/s10519-011-9504-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23770567&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23770567&dopt=Abstract
http://dx.doi.org/10.1038/nature12213
http://dx.doi.org/10.1007/BF01175875
http://dx.doi.org/10.1257/aer.104.1.277
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22006061&dopt=Abstract
http://dx.doi.org/10.1177/0956797611417632
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22461583&dopt=Abstract
http://dx.doi.org/10.1126/science.335.6076.1558


14. Open Science Collaboration, An open, large-scale, collaborative effort to estimate the 
reproducibility of psychological science. Perspect. Psychol. Sci. 7, 657–660 (2012). 
Medline doi:10.1177/1745691612462588 

15. J. Bohannon, Replication effort provokes praise—and ‘bullying’ charges. Science 344, 788–
789 (2014). Medline doi:10.1126/science.344.6186.788 

16. S. Doyen, O. Klein, C.-L. Pichon, A. Cleeremans, Behavioral priming: It’s all in the mind, 
but whose mind? PLOS ONE 7, e29081 (2012). Medline 
doi:10.1371/journal.pone.0029081 

17. S. J. Ritchie, R. Wiseman, C. C. French, Failing the future: Three unsuccessful attempts to 
replicate Bem’s ‘retroactive facilitation of recall’ effect. PLOS ONE 7, e33423 (2012). 
Medline doi:10.1371/journal.pone.0033423 

18. B. A. Nosek, G. Alter, G. C. Banks, D. Borsboom, S. D. Bowman, S. J. Breckler, S. Buck, C. 
D. Chambers, G. Chin, G. Christensen, M. Contestabile, A. Dafoe, E. Eich, J. Freese, R. 
Glennerster, D. Goroff, D. P. Green, B. Hesse, M. Humphreys, J. Ishiyama, D. Karlan, A. 
Kraut, A. Lupia, P. Mabry, T. Madon, N. Malhotra, E. Mayo-Wilson, M. McNutt, E. 
Miguel, E. L. Paluck, U. Simonsohn, C. Soderberg, B. A. Spellman, J. Turitto, G. 
VandenBos, S. Vazire, E. J. Wagenmakers, R. Wilson, T. Yarkoni, Promoting an open 
research culture. Science 348, 1422–1425 (2015). Medline doi:10.1126/science.aab2374 

19. Open Science Collaboration, Estimating the reproducibility of psychological science. Science 
349, aac4716 (2015). Medline doi:10.1126/science.aac4716 

20. A. Gelman, H. Stern, The difference between “significant” and “not significant” is not itself 
statistically significant. Am. Stat. 60, 328–331 (2006). doi:10.1198/000313006X152649 

21. G. Cumming, Replication and p intervals: P values predict the future only vaguely, but 
confidence intervals do much better. Perspect. Psychol. Sci. 3, 286–300 (2008). Medline 
doi:10.1111/j.1745-6924.2008.00079.x 

22. J. Verhagen, E.-J. Wagenmakers, Bayesian tests to quantify the result of a replication 
attempt. J. Exp. Psychol. Gen. 143, 1457–1475 (2014). Medline doi:10.1037/a0036731 

23. U. Simonsohn, Small telescopes: Detectability and the evaluation of replication results. 
Psychol. Sci. 26, 559–569 (2015). Medline doi:10.1177/0956797614567341 

24. J. T. Leek, P. Patil, R. D. Peng, http://arxiv.org/abs/1509.08968 (2015). 

25. K. J. Arrow, R. Forsythe, M. Gorham, R. Hahn, R. Hanson, J. O. Ledyard, S. Levmore, R. 
Litan, P. Milgrom, F. D. Nelson, G. R. Neumann, M. Ottaviani, T. C. Schelling, R. J. 
Shiller, V. L. Smith, E. Snowberg, C. R. Sunstein, P. C. Tetlock, P. E. Tetlock, H. R. 
Varian, J. Wolfers, E. Zitzewitz, The promise of prediction markets. Science 320, 877–
878 (2008). Medline doi:10.1126/science.1157679 

26. A. Dreber, T. Pfeiffer, J. Almenberg, S. Isaksson, B. Wilson, Y. Chen, B. A. Nosek, M. 
Johannesson, Using prediction markets to estimate the reproducibility of scientific 
research. Proc. Natl. Acad. Sci. U.S.A. 112, 15343–15347 (2015). Medline 
doi:10.1073/pnas.1516179112 

27. J. Wolfers, E. Zitzewitz, Interpreting Prediction Market Prices as Probabilities (Working 
Paper No. 12200, National Bureau of Economic Research, 2006). 

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26168127&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26168127&dopt=Abstract
http://dx.doi.org/10.1177/1745691612462588
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24855232&dopt=Abstract
http://dx.doi.org/10.1126/science.344.6186.788
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22279526&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0029081
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22432019&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22432019&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0033423
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26113702&dopt=Abstract
http://dx.doi.org/10.1126/science.aab2374
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26315443&dopt=Abstract
http://dx.doi.org/10.1126/science.aac4716
http://dx.doi.org/10.1198/000313006X152649
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26158948&dopt=Abstract
http://dx.doi.org/10.1111/j.1745-6924.2008.00079.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24867486&dopt=Abstract
http://dx.doi.org/10.1037/a0036731
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25800521&dopt=Abstract
http://dx.doi.org/10.1177/0956797614567341
http://arxiv.org/abs/1509.08968
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18487176&dopt=Abstract
http://dx.doi.org/10.1126/science.1157679
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26553988&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1516179112


28. J. P. A. Ioannidis, Why most discovered true associations are inflated. Epidemiology 19, 
640–648 (2008). Medline doi:10.1097/EDE.0b013e31818131e7 

29. B. D. McCullough, H. D. Vinod, Verifying the solution from a nonlinear solver: A case 
study. Am. Econ. Rev. 93, 873–892 (2003). doi:10.1257/000282803322157133 

30. W. G. Dewald, J. G. Thursby, R. G. Anderson, Replication in empirical economics: The 
journal of money, credit and banking project. Am. Econ. Rev. 76, 587 (1986). 

31. B. D. McCullough, K. A. McGeary, T. D. Harrison, Lessons from the JMCB Archive. J. 
Money Credit Bank. 38, 1093–1107 (2006). doi:10.1353/mcb.2006.0061 

32. A. Brodeur, M. Lé, M. Sangnier, Y. Zylberberg, Star Wars: The empirics strike back. AEJ 
Applied 8, 1–32 (2016). 

33. J. Abeler, A. Falk, L. Goette, D. Huffman, Reference points and effort provision. Am. Econ. 
Rev. 101, 470–492 (2011). doi:10.1257/aer.101.2.470 

34. A. Ambrus, B. Greiner, Imperfect public monitoring with costly punishment: An 
experimental study. Am. Econ. Rev. 102, 3317–3332 (2012). doi:10.1257/aer.102.7.3317 

35. B. Bartling, E. Fehr, K. M. Schmidt, Screening, competition, and job design: Economic 
origins of good jobs. Am. Econ. Rev. 102, 834–864 (2012). doi:10.1257/aer.102.2.834 

36. G. Charness, M. Dufwenberg, Participation. Am. Econ. Rev. 101, 1211–1237 (2011). 
doi:10.1257/aer.101.4.1211 

37. R. Chen, Y. Chen, The potential of social identity for equilibrium selection. Am. Econ. Rev. 
101, 2562–2589 (2011). doi:10.1257/aer.101.6.2562 

38. G. de Clippel, K. Eliaz, B. G. Knight, On the selection of arbitrators. Am. Econ. Rev. 104, 
3434–3458 (2014). doi:10.1257/aer.104.11.3434 

39. J. Duffy, D. Puzzello, Gift exchange versus monetary exchange: Theory and evidence. Am. 
Econ. Rev. 104, 1735–1776 (2014). doi:10.1257/aer.104.6.1735 

40. U. Dulleck, R. Kerschbamer, M. Sutter, The economics of credence goods: An experiment 
on the role of liability, verifiability, reputation, and competition. Am. Econ. Rev. 101, 
526–555 (2011). doi:10.1257/aer.101.2.526 

41. K. M. Marzilli Ericson, A. Fuster, Expectations as endowments: Evidence on reference-
dependent preferences from exchange and valuation experiments. Q. J. Econ. 126, 1879–
1907 (2011). doi:10.1093/qje/qjr034 

42. E. Fehr, H. Herz, T. Wilkening, The lure of authority: Motivation and incentive effects of 
power. Am. Econ. Rev. 103, 1325–1359 (2013). doi:10.1257/aer.103.4.1325 

43. D. Friedman, R. Oprea, A continuous dilemma. Am. Econ. Rev. 102, 337–363 (2012). 
doi:10.1257/aer.102.1.337 

44. D. Fudenberg, D. G. Rand, A. Dreber, Slow to anger and fast to forgive: Cooperation in an 
uncertain world. Am. Econ. Rev. 102, 720–749 (2012). doi:10.1257/aer.102.2.720 

45. S. Huck, A. J. Seltzer, B. Wallace, Deferred compensation in multiperiod labor contracts: An 
experimental test of Lazear’s model. Am. Econ. Rev. 101, 819–843 (2011). 
doi:10.1257/aer.101.2.819 

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18633328&dopt=Abstract
http://dx.doi.org/10.1097/EDE.0b013e31818131e7
http://dx.doi.org/10.1257/000282803322157133
http://dx.doi.org/10.1353/mcb.2006.0061
http://dx.doi.org/10.1257/aer.101.2.470
http://dx.doi.org/10.1257/aer.102.7.3317
http://dx.doi.org/10.1257/aer.102.2.834
http://dx.doi.org/10.1257/aer.101.4.1211
http://dx.doi.org/10.1257/aer.101.6.2562
http://dx.doi.org/10.1257/aer.104.11.3434
http://dx.doi.org/10.1257/aer.104.6.1735
http://dx.doi.org/10.1257/aer.101.2.526
http://dx.doi.org/10.1093/qje/qjr034
http://dx.doi.org/10.1257/aer.103.4.1325
http://dx.doi.org/10.1257/aer.102.1.337
http://dx.doi.org/10.1257/aer.102.2.720
http://dx.doi.org/10.1257/aer.101.2.819


46. J. Ifcher, H. Zarghamee, Happiness and time preference: The effect of positive affect in a 
random-assignment experiment. Am. Econ. Rev. 101, 3109–3129 (2011). 
doi:10.1257/aer.101.7.3109 

47. J. B. Kessler, A. E. Roth, Organ allocation policy and the decision to donate. Am. Econ. Rev. 
102, 2018–2047 (2012). doi:10.1257/aer.102.5.2018 

48. M. Kirchler, J. Huber, T. Stöckl, Thar she bursts: Reducing confusion reduces bubbles. Am. 
Econ. Rev. 102, 865–883 (2012). doi:10.1257/aer.102.2.865 

49. S. Kogan, A. M. Kwasnica, R. A. Weber, Coordination in the presence of asset markets. Am. 
Econ. Rev. 101, 927–947 (2011). doi:10.1257/aer.101.2.927 

50. I. Kuziemko, R. W. Buell, T. Reich, M. I. Norton, “Last-place aversion”: Evidence and 
redistributive implications. Q. J. Econ. 129, 105–149 (2014). doi:10.1093/qje/qjt035 

51. B. Merlob, C. R. Plott, Y. Zhang, The CMS auction: Experimental studies of a median-bid 
procurement auction with nonbinding bids. Q. J. Econ. 127, 793–827 (2012). 
doi:10.1093/qje/qjs013 

52. C. C. Eckel, R. Petrie, Face value. Am. Econ. Rev. 101, 1497–1513 (2011). 
doi:10.1257/aer.101.4.1497 

53. D. Gill, V. Prowse, A structural analysis of disappointment aversion in a real effort 
competition. Am. Econ. Rev. 102, 469–503 (2012). doi:10.1257/aer.102.1.469 

54. N. Erkal, L. Gangadharan, N. Nikiforakis, Relative earnings and giving in a real-effort 
experiment. Am. Econ. Rev. 101, 3330–3348 (2011). doi:10.1257/aer.101.7.3330 

55. U. Fischbacher, z-Tree: Zurich toolbox for ready-made economic experiments. Exp. Econ. 
10, 171–178 (2007). doi:10.1007/s10683-006-9159-4 

56. S. Palan, GIMS-Software for asset market experiments. J. Behav. Exp. Finance 5, 1–14 
(2015). Medline doi:10.1016/j.jbef.2015.02.001 

57. R. Hanson, Could gambling save science? Encouraging an honest consensus. Soc. 
Epistemology 9, 3–33 (1995). doi:10.1080/02691729508578768 

58. J. Almenberg, K. Kittlitz, T. Pfeiffer, An experiment on prediction markets in science. PLOS 
ONE 4, e8500 (2009). Medline doi:10.1371/journal.pone.0008500 

59. J. Wolfers, E. Zitzewitz, Prediction markets. J. Econ. Perspect. 18, 107–126 (2004). 
doi:10.1257/0895330041371321 

60. G. Tziralis, I. Tatsiopoulos, Prediction markets: An extended literature review. J. Pred. 
Mark. 1, 75 (2007). 

61. J. Berg, R. Forsythe, F. Nelson, T. Rietz, Results from a dozen years of election futures 
markets research, Handbook of Experimental Economics Results 1, 742 (2008). 

62. C. F. Horn, B. S. Ivens, M. Ohneberg, A. Brem, Prediction markets – a literature review 
2014. J. Pred. Mark. 8, 89 (2014). 

63. C. F. Manski, Interpreting the predictions of prediction markets. Econ. Lett. 91, 425–429 
(2006). doi:10.1016/j.econlet.2006.01.004 

http://dx.doi.org/10.1257/aer.101.7.3109
http://dx.doi.org/10.1257/aer.102.5.2018
http://dx.doi.org/10.1257/aer.102.2.865
http://dx.doi.org/10.1257/aer.101.2.927
http://dx.doi.org/10.1093/qje/qjt035
http://dx.doi.org/10.1093/qje/qjs013
http://dx.doi.org/10.1257/aer.101.4.1497
http://dx.doi.org/10.1257/aer.102.1.469
http://dx.doi.org/10.1257/aer.101.7.3330
http://dx.doi.org/10.1007/s10683-006-9159-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26525085&dopt=Abstract
http://dx.doi.org/10.1016/j.jbef.2015.02.001
http://dx.doi.org/10.1080/02691729508578768
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20041139&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0008500
http://dx.doi.org/10.1257/0895330041371321
http://dx.doi.org/10.1016/j.econlet.2006.01.004


64. U. Sonnemann, C. F. Camerer, C. R. Fox, T. Langer, How psychological framing affects 
economic market prices in the lab and field. Proc. Natl. Acad. Sci. U.S.A. 110, 11779–
11784 (2013). Medline doi:10.1073/pnas.1206326110 

65. R. Hanson, Logarithmic market scoring rules for modular combinatorial information 
aggregation. J. Pred. Mark. 1, 3 (2007). 

66. Y. Chen, “Markets as an information aggregation mechanism for decision support,” thesis, 
The Pennsylvania State University, State College, PA (2005). 

 

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23818628&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1206326110

	aaf0918-Camerer-SM.ref-list.pdf
	REFERENCES AND NOTES


