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Supplementary Materials 1 
 

Deviations from the preregistrations for the COVID-19 Preprint Replication Project 
 
Replicators produced a final report summarizing the methods and results of their study, a section 
of which documents the deviations between their preregistration and the study they conducted. 
Those sections are included below and organized by level of deviation. The text of each entry is 
drawn directly from the final reports, which are linked in Table SM1. 
 
No deviations from the preregistration 
 
Abouk & Heydari, 2020 
Carrillo-Vega et al., 2020 
de la Vega et al., 2020 
Du et al., 2020 
Erceg et al., 2020 
Flesia et al., 2020 
Gerhold, 2020 (analysis a) 
Gerhold, 2020 (analysis b) 
González-Marrón & Martínez-Sánchez, 2020 
Hossain, 2020 
Imhoff & Lamberty, 2020 
Kuratani, 2020 
Messner & Payson, 2020 
Muto et al., 2020 
Pennycook et al., 2020 (b) 
Pfattheicher et al., 2020 
Sala & Miyakawa, 2020 
Seale et al., 2020 
Šrol et al., 2020 
Sternisko et al., 2020 
Teovanović et al., 2020 
 
Gerhold, 2020 (focal) [no preregistration] 
Goh, 2020 (NA – deviations were not referenced in the final report) 
 
Minor or superficial deviations from the preregistration 
 
Bertin et al., 2020 
None. Minor changes were made in relation to the pre-registered analysis script. This included 
correcting an error in the code for removing attention check fails and adding a section for 
generating a codebook. 
 
Kachanoff et al., 2020 
The preregistration code was updated with the following: 

● Deidentification to ensure Prolific IDs were not shared. 
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● Code to help with the reproducibility (i.e., information on operating systems and 
versions). 

● Excluded all test data because this is part of the raw data download. 
● Excluded duplicates from participants taking the survey twice or opening and closing the 

survey several times within the same week. 
● Matching participants when IDs were not recorded. 
● Originally, we planned to hand score the attention check dog item. We did do that during 

the running of the study to know who to pay/keep track of participants.  However, we 
updated the code in the analysis document to reflect our scoring using regular expressions 
to be clear and reproducible on what we thought reflected a correct answer.  

● The section on allowable missing data was not included in the original code, as it was 
created with complete data. The section from our preregistration was pasted into the 
analysis section and code for those rules was added/updated to reflect our plan.  

No deviations were made for the study delivery.  
 
Kavanagh et al., 2020 
There were no deviations from the preregistration plan, or changes to the preregistered script 
(except to remove the line limiting analysis to a random 5% subset of the data, and the 
aforementioned missing observation). 
 
Malik et al., 2020 
None. We commented out one line in the analysis script (“sample 5”) which was responsible for 
randomly sampling 5% of the data for the preregistration, thus we performed the analysis on all 
of the data as planned. 
 
Rothgerber et al., 2020 
None. Minor changes were made to the pre-registered analysis script. This included correcting an 
error in the transformation of the social distancing variable (inverting scores prior to 
transformation, as reported by the authors of the original study) and adding code for creating a 
codebook for the final data. 
 
Simione & Gnagnarella, 2020 
The preregistration defined the demhealthcare as 1 for health care workers and 2 [not 0!] for non-
health care workers. Hence, health care workers became the base category, which is the opposite 
of the original paper. Hence, this would change the ‘expected’ sign of the effect. In the script for 
this final report, I therefore recode demhealthcare to be consistent with the original paper and 
call it hc. The expected sign for hc is the same as for the health care worker dummy of the 
original paper. Note this changes the sign but not the significance and hence does not change that 
the overall outcome of the replication is unsuccessful. 
 
Stanley et al., 2020 
None. Minor changes were made to the pre-registered analysis script to update the coding of the 
free text entry item of the CRT measure. As noted in the original analysis script, lower case 
spelling and obvious typos of the 6th CRT item were counted as correct. As it states in the 
originally pre-data collection uploaded script, the entire code for correcting spelling errors was 
not shown in the script for the obvious reason that it depends on the exact types of spelling errors 
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in the final data. Therefore, the final analysis script was updated to include the final coding of the 
data for this question. 
 
The updated final analysis script contains the analysis code for both stage 1 data collection, as 
well as stage 2 data (i.e. the combined data set from stage 1 and 2 collection). 
 
Minor changes were also made to the sampling technique. In the pre-registration we had said that 
we would sample an additional 10% to account for attrition due to failing the attention check. 
When we ran data collection we implemented a ‘real time sampling technique’ which allowed us 
to automatically check whether a participant completed the attention check correctly. 
 
Hence, the target analytic sample of 949 participants in stage 1 and the target analytic sample of 
1191 in stage 2 data collection included only those participants who did not fail the attention 
check, as per the pre-registration. The only ‘deviation’ from the pre-registration therefore is that 
any excess sampling was not a mere estimation (the 10% indicated in the pre-registration) but an 
exact figure determined by the exact amount of participants who actually failed the attention 
check. As noted in the final analysis script, the target analytic sample data can be extracted from 
the data file subsetting to the ‘end’ variable value “complete”. See further details in the analysis 
R script. 
 
Wise et al., 2020 
None. Minor changes were made to the pre-registered analysis script. This included adding code 
to enable labelling of the Stage 1 and Stage 2 dataset, and to allow appropriate filtering of over-
quota participants as specified in Q15 of the preregistration (12 participants were eliminated 
from the Stage 1 dataset, six participants from Stage 2: in each case the participants were chosen 
on the basis of the quota they were in and the time they completed the survey as per the pre-
registration). 
 
Since Stage 1 failed to replicate and thus we had to proceed to Stage 2 data collection, code was 
also written to allow the combined Stage 1 and 2 dataset to be filtered to just Stage 1 such that 
Stage 1 analyses could be run from the combined dataset, but only on Stage 1 data. 
 
We also added code to allow effect sizes (Cohen’s f2  and standardised Beta) to be extracted, 
exact p-values (and other statistics e.g. t, SE, unstandardised beta) to be extracted and to allow 
the regression outputs to be tabulated and plotted. 
 
Finally, we added code for creating a codebook for the final data and for outputting this final 
data to be uploaded publicly on OSF. 
 
Wissmath et al., 2020 
There was one deviation in the analysis script as the package to calculate the effect size 
associated with the ANOVA analysis (sjstats) was not installed.The new version of the script has 
been uploaded to the OSF project folder on 28 October 2020. 
 
 
Substantive deviations from the preregistration 
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Al-Tammemi et al., 2020 
The analyses were incorrectly coded in the preregistration, as it was unclear which variables 
were categorized from reviewing the paper. The motivation scale is presented as categorical, but 
was treated as continuous for purposes of analysis, which became clear after the analysis was 
examined. Additionally, the Kessler scale was made categorical. These were switched in the 
preregistered analysis, which was fixed in the updated analysis.  
 
Other additions to the code include: 

● Deidentification  
● Addition of information provided by prolific participants 
● Exclusion of test surveys that are included in the full data download 
● Added a few clarifying lines to follow the code procedure (i.e., showed the number of 

values changing) 
● Added a line determining final sample size 

 
No deviations were made for the study delivery. 
 
Bischetti et al., 2020 
No deviations were made for the study delivery; however, we did make a few deviations for the 
payment during the study. As noted in our analysis script, the server we were running the study 
on crashed while many participants were taking the study. We paused the study immediately. We 
then went through the data to see what we had and notified participants they could finish the 
study if they desired (once the server was back up). We paid participants who completed at least 
half the study with half the incentive ($3.00) to account for the server crash. We then opened the 
rest of the slots back up to new participants on Prolific based on the money we had left to 
complete the study. Therefore, we recruited more than 1000 participants, but several only 
completed half the study. We used all data points in our analyses, as mixed models can account 
for this type of missing data. 
 
Our analyses scripts were also updated: 

● Reproducibility information about packages was added to the top of the script.  
● We deidentified the data, as Prolific IDs may not be anonymous.  
● We excluded data points from testers, as these rows are part of the raw data download 

from formr.  
● We removed duplicates from the server crash. 
● We added a state that a participant emailed us to add. 
● We rescaled age from year of birth to age by subtracting 2021 – age.  
● When writing the original code, we did not put the labels in the right order to get the 

COVID-verbal versus non-COVID-verbal. These levels were reordered. 
 

A notable change from preregistration involves the model formula. We originally tried using the 
same model formula as the online provided script, albeit this model formula is not well described 
in the paper (i.e., it does not mention age). This model would not converge properly. We tried 
several different optimizers, which also would not converge. Therefore, we created a model with 
only one parameter and slowly added parameters until the model stopped working. It was 
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determined that the age random slopes were the problematic parameter, and it was removed. 
Otherwise, the random slopes and intercepts were included. Further, the paper reports what we 
think are marginal means from the model, but this code was not included in the original script 
(ours or theirs). We added emmeans to calculate these values. 
 
Blagov, 2020 
The additional collection was not pre-registered so this was a deviation from the pre-registration. 
However, this additional data collection was necessary in order to meet the target analytic 
sample size for Stage 1. 
 
Columbus, 2020 
One deviation in the analysis was that, due to confusion during the pre-registration process, the 
pre-registered analysis and dependent variable did not match the focal score claim. Therefore, 
prior to running the analysis, a decision was made to run the analysis instead using the Q9_1 
dependent variable which actually measures future intentions to stockpile rather than past 
stockpiling behavior (which is what the pre-registered variable was measuring). As this variable 
was not binary, a binary logistic regression was not the correct form of analysis to use. Instead, a 
linear regression was used instead. 
 
Pennycook et al., 2020 (a) 
It turned out not to be possible to record the time elapsed between the start of the sharing task 
and the moment participants were shown a particular headline, as this function is not supported 
by Qualtrics. Instead, we therefore exported the viewing order of the randomised headlines, 
using the “Export viewing order data for randomized surveys” function. Third, we were unable 
to control for whether the treatment interacts with the nearest distance to the epicentre of a 
COVID-19 outbreak. Fourth, we conducted our analyses in STATA instead of R, following the 
original paper’s analysis. Fifth, due to an error in the survey implementation, we were unable to 
include the pre-registered numeracy measures and rational versus intuitive style decision-making 
as correlates. Sixth, in the second stage of data collection, we recruited one more participant than 
necessary (1,583 versus the pre-registered 1,582). 
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Table SM1: Replication supplemental information 

Paper Project Prereg Report Materials Power Data Analysis 

Abouk & Heydari, 2020 osf.io/nmzbh  osf.io/yma2c osf.io/xk9rg osf.io/vqa2y osf.io/bq8g4 osf.io/tpd3j osf.io/k3wbj 

Al-Tammemi et al., 2020 osf.io/mqvyf osf.io/mcrx3 osf.io/dmq92 osf.io/c3hzb osf.io/w278s osf.io/h7wd5 osf.io/38wku 

Bertin et al., 2020 osf.io/y5kbe osf.io/cuh8g osf.io/w5edk osf.io/92wku osf.io/qejb3 osf.io/tgkwf osf.io/up26w 

Bischetti et al., 2020 osf.io/n2dhg osf.io/xem4p osf.io/aern6 osf.io/pcu9g osf.io/qx59c osf.io/shd6r osf.io/u7evb 

Blagov, 2020 osf.io/uzmtn osf.io/w67pd osf.io/92ujr osf.io/5g27d osf.io/9ev2t osf.io/76ywq osf.io/74eb8 

Carrillo-Vega et al., 2020 osf.io/hpgvj osf.io/k57gv osf.io/8f2eg osf.io/mj2qv osf.io/qyr24 osf.io/jtqpn osf.io/qrz6j 

Columbus, 2020 osf.io/8f5by osf.io/sk64a osf.io/9ucsy osf.io/8xe5r osf.io/6h3zd osf.io/7cz4j osf.io/p67uy 

de la Vega et al., 2020 osf.io/dy52c osf.io/p354f osf.io/8myjr osf.io/29stx osf.io/a5rhw osf.io/btgcj osf.io/2cs3a 

Du et al., 2020 osf.io/da26y osf.io/a6dev osf.io/jz3ey osf.io/m47tj osf.io/vm6gs osf.io/cfh7v osf.io/6gjnz 

Erceg et al., 2020 osf.io/z6mkt osf.io/ydg9f osf.io/9dr3g osf.io/qjezn osf.io/862an osf.io/mn8rx osf.io/r2qms 

Flesia et al., 2020 osf.io/2px95 osf.io/6xk2q osf.io/ux3sk osf.io/8pqa6 osf.io/sf5t4 osf.io/vcwpq osf.io/w48vf 

Gerhold, 2020 (focal)** osf.io/4rxgz  osf.io/qvrw3 osf.io/mxd5g  osf.io/rf65g osf.io/dxey9 

Gerhold, 2020 (analysis a)** osf.io/a7h9n osf.io/fbn9y osf.io/7hn85 osf.io/x4sbm osf.io/7ur2v osf.io/6tckw osf.io/fam8x 

Gerhold, 2020 (analysis b)** osf.io/2zre3 osf.io/c847x osf.io/xkn7r osf.io/42wmg osf.io/mfe6t osf.io/qch6a osf.io/k8u75/ 

Goh, 2020 osf.io/3czus osf.io/7qnw8 osf.io/gwz6s osf.io/xdb72 osf.io/jmy7f osf.io/vm7kw osf.io/edqz9 
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González-Marrón & Martínez-
Sánchez, 2020 osf.io/pr5jm osf.io/wa8ux osf.io/m7u5j osf.io/29bep osf.io/ju78w osf.io/pdfbv osf.io/twn7d 

Hossain, 2020 osf.io/h6wg9 osf.io/jnhbz osf.io/gt73n osf.io/5tnqy osf.io/anesy osf.io/8gh6c osf.io/emk2t 

Imhoff & Lamberty, 2020 osf.io/9beuv osf.io/ypfn3 osf.io/fmce6 osf.io/4cgh6 osf.io/q6k5r osf.io/bkpcj osf.io/vhd7k 

Kachanoff et al., 2020 osf.io/ytuk9 osf.io/smcxg osf.io/xpz8v osf.io/y2qv5 osf.io/y6c57 osf.io/3cavs osf.io/xshv6 

Kavanagh et al., 2020 osf.io/gdv4x osf.io/3uvyk osf.io/4kmc6 osf.io/vhgc2 osf.io/zvdyr osf.io/u94x3 osf.io/zx7dn 

Kuratani, 2020 osf.io/kbm46 osf.io/5zk9v osf.io/9v4ka osf.io/bzkes osf.io/wjuh5 osf.io/xf2b9 osf.io/3qg8a 

Malik et al., 2020 osf.io/zd2uq osf.io/u5z7m osf.io/xr9mn osf.io/wbxka osf.io/asz97 osf.io/ebgqz osf.io/t4qh5 

Messner & Payson, 2020 osf.io/4589g osf.io/qmxwh osf.io/rc5ez osf.io/5cg96 osf.io/jrfz2 osf.io/dnbzr osf.io/dch27 

Muto et al., 2020 osf.io/8uex5 osf.io/ywphm osf.io/ub42t osf.io/ew3f7 osf.io/ceag3 osf.io/j36ch osf.io/7utmx 

Pennycook et al., 2020 (a) osf.io/rkfq5 
osf.io/yp6dc, 
osf.io/btkwp osf.io/upydg osf.io/akv68 osf.io/rhvb9 osf.io/9jxnc osf.io/abr62 

Pennycook et al., 2020 (b) osf.io/6ewha osf.io/vra45 osf.io/37hmp osf.io/u5qv9 osf.io/nydmu osf.io/whjg5 osf.io/wsy63 

Pfattheicher et al., 2020 osf.io/nv6a3 osf.io/6zxh8 osf.io/vk4br osf.io/uhm5d osf.io/sfyzd osf.io/ef58n osf.io/vn6wp 

Rothgerber et al., 2020 osf.io/ky2wm osf.io/kehx7 osf.io/xrqc2 osf.io/9m26p osf.io/k8rqn osf.io/qrasz osf.io/sdjrz 

Sala & Miyakawa, 2020 osf.io/6zjdh osf.io/rwxs9 osf.io/rkd75 osf.io/5qj4d osf.io/b2ndp osf.io/qtwvd osf.io/xsyu2 
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Seale et al., 2020 osf.io/xr8gz osf.io/3gdhp osf.io/mxvc3 osf.io/3kx8r osf.io/me65h osf.io/p5dqt osf.io/58rzn 

Simione & Gnagnarella, 2020 osf.io/md5pu osf.io/jn67f osf.io/muezk osf.io/tkz38 osf.io/7ejn8 osf.io/ty5b6 osf.io/cp3fn 

Šrol et al., 2020 osf.io/cqxyh osf.io/8xn5b osf.io/pyb8z osf.io/3nr7x osf.io/guekr osf.io/8zb9d osf.io/7z8pk 

Stanley et al., 2020 osf.io/cbknq osf.io/6c5g9 osf.io/m7x3r osf.io/4c9ua osf.io/4eh7d osf.io/tfvqs osf.io/nvpeh 

Sternisko et al., 2020 osf.io/uscaj osf.io/cr5xv osf.io/abu46 osf.io/ex2d7 osf.io/gua49 osf.io/r8kgt osf.io/cgeju 

Teovanović et al., 2020 osf.io/5vgjw osf.io/dnqwy osf.io/8ghzj osf.io/zyc8e osf.io/dmuy7 osf.io/h7kge osf.io/dp8xw 

Wise et al., 2020 osf.io/fypm4 osf.io/2qmh5 osf.io/j4s6p osf.io/b2x4v osf.io/z6nmg osf.io/q5g3r osf.io/kq4vj 

Wissmath et al., 2020 osf.io/fjbvp osf.io/d9ekr osf.io/g8jnk osf.io/yxfdh osf.io/zksb9 osf.io/25m8q osf.io/prn9e 

The OSF columns are the main study page; preregistration; final report; study materials; power analysis; study data; and code. 
**Gerhold, 2020 was replicated in two independent studies relying on different secondary data sources, represented by ‘analysis a’ and ‘analysis b’. 
A combined analysis drawing on both studies’ data represents the single replication outcome for this paper (‘Gerhhold focal’) that was used for 
determining prediction accuracy with results reported in Table 1. 
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Supplementary Materials 2 
 

Replication outcomes and participants’ predictions for the 35 replication studies 
 
These analyses include 6 additional secondary data replications which were deemed 
underpowered and excluded from the main text of the paper. Among the 19 (total number of 
secondary data replication studies), 9 were replicated (47%), which produced an overall 
replication rate of 57% when including the 11 out of 16 new data replications (69%). Taken 
together, experienced participants predicted a replication rate of 62.6% in Round 1 and 62.4% 
in Round 2. Beginners predicted a replication rate of 66.5% in Round 1 and a slightly higher 
rate of 68.5% in Round 2 (Figure SM1).  
 

 
Figure SM1: Smoothed distribution of participants’ best estimates for each of the 35 known-

outcome research claims, organised by type of replication (new or secondary data) and 
success (did or did not replicate). Experienced participants are shown in yellow and 

beginners in blue. 
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Accuracy on claims with known-replication outcomes 
Both beginners and experienced participants’ judgments are consistent with some predictive 
ability, but prediction accuracy is not significantly better than chance for either group. The 95% 
confidence intervals of both beginners and experienced participants overlap .5 (Figure SM2) 
and participants’ predictions are only weakly correlated to the outcome of the replication (r=.14 
for beginners and r=.17 for experienced participants).  
 
Differences between beginners and experienced participants  
Against our pre-registered hypothesis, we observed no significant difference between the error-
based accuracy of beginner and experienced participants’ initial judgements (Round 1), at 
either the individual (b!=-0.011, SE=0.0174, t(731.000)=-0.63, p=.529, Figure SM2.a), or group 
level (b!=-0.025, SE=0.0265, t(137.000)=-0.935, p=.351, Figure SM2.c). Likewise, error-based 
accuracy after discussion (Round 2) did not differ between them, at either the individual 
(b!=0.0002, SE=0.0167, t(717.000)=0.017, p=.986), or group level (b!=-0.011, SE=0.0307, 
t(137.000)=-0.347, p=.729). There were also no differences between beginners and 
experienced participants in terms of classification accuracy in Round 1 (b!=0.016, SE=0.0358, 
t(351.171)=0.446, p=.656) or in Round 2 (b!=0.060, SE=0.0352, t(341.108)=1.719, p=.087, 
Figure SM2.b). At the group level, experienced participants correctly classified 61% and 
beginners correctly classified 57% of the claims they assessed in Round 1. In Round 2, 
beginners’ classification accuracy increased to 63%, and experienced participants’ decreased 
to 57% of claims.  
  
Despite the similarities between the two groups in overall accuracy, beginners were more likely 
to shift their best estimates in the right direction after discussion, thus improving their accuracy 
more than experienced participants. On error-based accuracy, there was a notable but non-
significant difference between them in the magnitude of the shift at both the individual and 
group level (b!=0.015, SE=0.010, t(718)=1.592, p=.112, and b!=0.014, SE=0.008, t(138)=1.666, 
p=.098, respectively). On classification accuracy, we observed a very small difference between 
beginner and experienced participants’ shifts at the individual level (b!=0.051, SE=0.022, 
t(341.994)=2.344, p=.020).  
 

 
Figure SM2. Average error-based and classification accuracy results and 95% confidence 

intervals for both individuals and groups of beginners and experienced participants 
 
Predictors of accuracy  
None of the participants’ characteristics we tested were reliably correlated with judgement 
accuracy. Correlations were weak between classification accuracy and metaresearch 
experience (r=-0.0553 and r=-0.059 for Round 1 and 2, respectively), experience with 
preregistration (r=-0.021 and r=-0.022), quiz total scores (r=0.078 and r=-0.013), quiz statistic 
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questions (r =0.111 and r=0.004), quiz replication questions (r=-0.007 and r=0.004), quiz 
questions on questionable research practices (r=-0.101 and  r=-0.155).  
 
Accuracy of market prices and comparison between elicitation methods 
As we did for the results of the N=29 replications in the main manuscript, we report on four 
methods for predicting replicability in the prediction markets: the p-value based initial 
prediction market price, the final prediction market price, the survey means, and surrogate-
scoring based aggregated means that only included forecasts of the 5 top-ranked forecasters. 
Average forecast, average error-based accuracy (including 95% CI), classification accuracy 
and the Spearman correlation between forecast and outcome (including p-value) are shown in 
Table SM2.   

 
Table SM2. Results from the replication markets project 

Assessment Method Average 
Forecast 

Average error-
based accuracy 

[95% CI]  

Average 
classification 

accuracy 

Correlation 
between 

forecast and 
outcome 

p-
value 

P-value based .60 .61 [.53-.69] .71 0.42 0.013 

Final market price .62 .57 [.5-.64] .60 0.34 0.047 

Survey means .65 .58 [.51-.65] .63 0.51 0.002 

Surveys, SSR aggregated .66 .60 [.51-.69] .66 0.44 0.008 

 
All other results reported in the main text of the paper remain the same.  
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Supplementary Materials 3 
 

Replication outcomes and participants’ predictions for research claims with ≥0.8 power 
with an alpha of 0.025 

 
These analyses exclude 5 replications which were deemed to be underpowered at an alpha level 
of 0.025. Of the 24 included replications, 14 were based on new data collection by the 
replication team (‘new data replications’) and 10 were replications based on a secondary data 
source different from the original data (‘secondary data replications’; see Methods). Among 
the former, 10 were successfully replicated (71%), while among the latter, 6 replicated (60%), 
for an overall replication rate of 67%. Experienced participants predicted a replication rate of 
64.3% in Round 1 and 64.2% in Round 2. Beginners predicted a replication rate of 66.4% in 
Round 1 and a slightly higher rate of 69.1% in Round 2 (Figure SM3).  
 

 
Figure SM3: Smoothed distribution of participants’ best estimates for each of the 24 known-outcome research 
claims with ≥0.8 power with an alpha of 0.025, organised by type of replication (new or secondary data) and 

success (did or did not replicate). Experienced participants are shown in yellow and beginners in blue.   
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4. Accuracy on claims with known-replication outcomes 
 
We used two measures of accuracy in this study: error-based accuracy and classification 
accuracy. We calculated error-based accuracy as 1 minus the absolute difference between an 
estimate (0-1) and the replication outcome (0 for failed replications, 1 for successful 
replications). Classification accuracy was calculated as the proportion of estimates on the 
correct side of .5 (estimate ⩾ .5 for successful replications, estimate < .5 for failed replications) 
for a paper’s replication outcome. Error-based accuracy was calculated at the individual and 
group level (i.e. based on the pooled estimates within a given group).  
 
The judgments of both beginners and more experienced participants are consistent with some 
predictive ability, with both groups performing better than chance (i.e., their 95% confidence 
intervals do not overlap .5) on most accuracy measures (Figure SM4). However, participants’ 
predictions are only weakly correlated to the outcome of the replication (r=.29 for beginners 
and r=.38 for experienced participants). All models used are described in the Methods section 
(Table M4). 
 
Differences between beginners and experienced participants  
Against our pre-registered hypothesis, we observed no significant difference between the error-
based accuracy of beginners’ and more experienced participants’ initial judgements (Round 1), 
at either the individual (b"=-0.004, SE=0.021, t(496.00)=-0.202, p=0.840, Figure SM4.a), or 
group level (b"=-0.038, SE=0.030, t(94)=-1.235, p=0.22, Figure SM4.c). Likewise, error-based 
accuracy after discussion (Round 2) did not differ between the two samples, at either the 
individual (b"=0.011, SE=0.020, t(486)=0.556, p=0.579), or group level (b"=-0.026, SE=0.036, 
t(94)=-0.736, p=0.463). There were also no differences between beginners and more 
experienced participants in terms of classification accuracy in Round 1 (b"=0.050, SE=0.044, 
t(305.91)=1.135, p=0.257) or Round 2 (b"=0.082, SE=0.044, t(298.37)=1.862, p=0.064, Figure 
SM4.b).  
 
At the group level, experienced participants correctly classified 71% and beginners correctly 
classified 58% of the claims they assessed in Round 1. Both performed better on the new-data 
replications (75% for experienced participants, 64% for beginners), compared to the secondary-
data replications (65% for experienced participants, 50% for beginners). In Round 2, 
classification accuracy was near-identical among experienced (69%) and beginner participants 
(67%), which represented a decrease for the former, but an increase for the latter.  The 
experienced participants’ classification accuracy was unchanged in Round 2 for new-data 
replications (75%), but lower for secondary-data replications (60%), whereas the beginners’ 
classification accuracy improved for secondary-data replications (70%) in Round 2 and 
remained the same for new-data replications (64%). 
 
On classification accuracy, beginners did not shift their best estimates in the right direction 
after discussion at a higher rate than experienced participants (b"=0.040, SE=0.028, 
t(298.94)=1.436, p=0.152).  On error-based accuracy, the difference between beginners and 
more experienced participants in the magnitude of the shift at both the individual and group 
level was also not significant (b"=0.018, SE=0.012, t(487)=1.497, p=0.135, and b"=0.011, 
SE=0.011, t(94)=1.008, p=0.316, respectively).  
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Figure SM4. Average error-based and classification accuracy results and 95% confidence intervals for both 

individuals and groups of beginners and experienced participants 
 
Predictors of accuracy  
None of the participants’ characteristics we tested were reliably correlated with judgement 
accuracy in this study. We did not detect any notable correlations between classification 
accuracy and metaresearch experience (r=-0.037 and r=-0.066 for Round 1 and 2, respectively), 
experience with preregistration (r=-0.041 and r=-0.068), quiz total scores (r=0.063 and r=-
0.047), quiz statistic questions (r =0.093 and r=-0.032), quiz replication questions (r=0.003 and 
r=-0.003), quiz questions on questionable research practices (r=-0.082 and  r= -0.143).  
 
Accuracy of market prices and comparison between elicitation methods 
As we did for the results of the N=29 replications in the main manuscript, we report on four 
methods for predicting replicability in the prediction markets: the p-value based initial 
prediction market price, the final prediction market price, the survey means, and surrogate-
scoring based aggregated means that only included forecasts of the 5 top-ranked forecasters. 
Average forecast, average error-based accuracy (including 95% CI), classification accuracy 
and the Spearman correlation between forecast and outcome (including p-value) are shown in 
Table SM3.   

 
Table SM3. Results from the replication markets project. 

Assessment Method Average 
Forecast 

Average error-based 
accuracy [95% CI]  

Average 
classification 

accuracy 

Correlation 
between forecast 

and outcome 

p-
value 

P-value based .60 .68 [.59-.77] .83 0.63 0.001 

Final market price .62 .63 [.55-.71] .71 0.56 0.004 

Survey means .65 .63 [.55-.71] .75 0.63 0.001 

Surveys, SSR 
aggregated .66 .67 [.57-.77] .79 0.56 0.005 

 
All other results reported in the main text of the paper remain the same. 
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Supplementary Materials 4 
 

Figure SM5: Participants’ best estimates. Smoothed distribution of participants’ best 
estimates for all 100 research claims. Experienced participants are shown in yellow, and 

beginners in blue. 
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Supplementary Materials 6 

Questions used in the repliCATS process for eliciting judgements about replicability 

 

Table SM6. Questions used in the repliCATS process for eliciting judgements about replicability 

 

Round 1 elicitation questions 

 

Question 

Response format Platform guidance 

(tooltip) 

1 How well do you 

understand this claim? 

7-point scale with a free-text box 

for comments [You can restate the 

claim in clearer terms here. You 

could also highlight terms or 

concepts that you didn’t 

understand. You have limited 

space to do this here, but don’t 

worry, in question 4 below you 

can tell us any other thoughts you 

may have.] 

We know the clarity and 

comprehensibility of 

scientific papers varies. 

We are interested in your 

honest account of how 

well you understand this 

claim. 

2 What’s your initial 

reaction: is the underlying 

effect or relationship 

plausible? 

Binary Yes/No We know this is a broad 

question. We’re trying to 

get a sense of your 

intuition about whether 

the effect or relationship 

underlying the claim is 

real, regardless of its exact 

operationalisation in this 

study. For example, would 

you give it a high prior 

probability? 

3 What is the probability that 

direct replications of this 

study would find a 

statistically significant 

effect in the same direction 

as the original claim (0-

100%)? 0 means that you 

think that a direct 

replication would never 

succeed, even by chance. 

100 means that you think 

Three-point elicitation with a 

free-text box for comments [What 

factors influenced your 

judgement? What, if anything, 

made you think that it might 

successfully replicate? What, if 

anything, made you think that it 

might not successfully replicate?] 

To answer this question 

imagine 100 replications 

of the original study, 

combined to produce a 

single, overall replication 

estimate (e.g., a meta-

analysis with no 

publication bias). How 

likely is it that the overall 

estimate will be similar to 

the original? Note that all 
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that a direct replication 

would never fail, even by 

chance. 

replication studies are 

‘direct’ replications, i.e., 

they constitute reasonable 

tests of the original claim, 

despite minor changes that 

may have occurred in 

methods or procedure. 

And all replication studies 

have high power (90% 

power to detect an effect 

50-75% of the original 

effect size with 

alpha=0.05, two-sided). 

For your lower bound, 

think of factors that make 

successful replications 

unlikely. For your upper 

bound, think of factors 

that make successful 

replications likely. For 

your best estimate, 

consider the balance of 

factors. 

4 Considering the major 

factors that influenced 

your thinking in making 

these judgements, please 

describe any important 

aspects that you have not 

covered above. 

Free-text box for comments [You 

should answer this freely. You 

might consider describing your 

initial impressions of the article, 

any personal experience you have 

with such claims, why you found 

the claim plausible/implausible, 

how familiar you are with similar 

studies, or unusual terms or 

concepts.] 

We are interested in 

identifying what aspects 

most influenced your 

decision making 

processes. Please share 

any aspects that were 

important, but which were 

not included in the 

comments above.  

5 Were you involved in the 

writing, data collection, or 

analysis of the original 

study? 

Binary Yes/No Were you an author of, or 

involved in any aspect of 

the writing, data collection 

or analysis, for this 

original study? 

 

Round 2 elicitation questions 

1 Now that you’ve discussed 

this claim with your group, 

how well do you 

7-point scale with a free-text box 

for comments [If the discussion 

has changed your understanding 

Same as Round 1 
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understand it? of what this claim means, please 

briefly state what your new 

understanding is.] 

2 Now that you’ve discussed 

this claim with your group, 

do you consider the 

underlying effect or 

relationship to be 

plausible? 

 

Binary Yes/No Same as Round 1 

3 What is the probability that 

direct replications of this 

study would find a 

statistically significant 

effect in the same direction 

as the original claim (0-

100%)? 0 means that you 

think that a direct 

replication would never 

succeed, even by chance. 

100 means that you think 

that a direct replication 

would never fail, even by 

chance. 

Three-point elicitation with a 

free-text box for comments [What 

factors influenced your 

judgement? What, if anything, 

made you think that it might 

successfully replicate? What, if 

anything, made you think that it 

might not successfully replicate?] 

Same as Round 1 

4 What factors were 

important in rethinking 

your judgements? 

Free-text box for comments [You 

should answer this freely. You 

might describe the most relevant, 

important or interesting aspects of 

the discussion, and how these 

influenced your Round 2 

judgements. This comment will 

not be displayed. If you have 

information or thoughts about this 

claim that you were not 

comfortable sharing with the 

group, this is an opportunity to 

include them.] 

We are interested in which 

aspects of the discussion 

most influenced your 

perspective or level of 

uncertainty, particularly 

those that may have 

changed your initial 

judgements. 
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